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Abstract

Deep neural networks (DNNs) have been widely crit-
icized for their overconfidence when dealing with out-of-
distribution (OOD) samples, highlighting the critical need
for effective OOD detection to ensure the safe deployment of
DNNs in real-world settings. Existing post-hoc OOD detec-
tion methods primarily enhance the discriminative power of
logit-based approaches by reshaping sample features, yet
they often neglect critical information inherent in the fea-
tures themselves. In this paper, we propose the Class-Aware
Relative Feature-based method (CARef), which utilizes the
error between a sample’s feature and its class-aware aver-
age feature as a discriminative criterion. To further refine
this approach, we introduce the Class-Aware Decoupled
Relative Feature-based method (CADRef), which decouples
sample features based on the alignment of signs between
the relative feature and corresponding model weights, en-
hancing the discriminative capabilities of CARef. Extensive
experimental results across multiple datasets and models
demonstrate that both proposed methods exhibit effective-
ness and robustness in OOD detection compared to state-of-
the-art methods. Specifically, our two methods outperform
the best baseline by 2.82% and 3.27% in AUROC, with im-
provements of 4.03% and 6.32% in FPR9S, respectively.

1. Introduction

The remarkable progress in DNNs over the past few years
has expanded their application across various domains [9,
20]. However, this success brings an equally significant
challenge in terms of model reliability and safety. When
exposed to out-of-distribution (OOD) samples, DNNs de-
ployed in real-world settings frequently produce confidently
incorrect predictions, failing to recognize when samples fall
outside their classification capabilities [11, 22, 31]. This
vulnerability introduces substantial risks in safety-critical
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Figure 1. Performance of post-hoc OOD detection methods: (a)
shows the average AUROC of various methods tested on the
ImageNet-O and Openlmage-O datasets, where A, O, and ¢ rep-
resent logit-based methods, feature-based methods, and methods
that fuse logits and features, respectively. (b) presents the average
AUROC of our methods compared to three SOTA methods across
different model architectures on the ImageNet-1k benchmark.

fields, such as autonomous driving [13] and medical diag-
nostics [14], where incorrect predictions could lead to se-
vere consequences. A trustworthy DNN model must not
only achieve high accuracy on in-distribution (ID) sam-
ples but also effectively identify and reject OOD samples
[44, 47]. Therefore, the development of robust OOD detec-
tion methods has become an urgent priority for ensuring the
safe deployment of DNNs [17].

Currently, the prevailing approach to OOD detection in-
volves designing a post-hoc score function that assigns con-
fidence scores to samples, where ID samples receive high
scores, and OOD samples receive low scores to enable clear
differentiation [23, 34, 50]. Literature on post-hoc OOD
detection can be categorized into two main types: Logit-
based methods and Feature-based methods [2, 4, 28, 48].
As illustrated in Figure la, feature-based methods gener-
ally outperform logit-based methods to a certain extent, in-
dicating a performance gap. However, Figure 1b shows that
logit-based methods can achieve superior results on a few
specific models. Despite the effectiveness of feature-based
methods, they primarily focus on reshaping features and
subsequently adjusting logits, often neglecting the rich in-



formation embedded within the features. This raises an im-
portant question: Can OOD detection methods be designed
to integrate both features and logits while fully leveraging
the information inherent in sample features?

In this paper, we introduce a novel OOD detection al-
gorithm called Class-Aware Relative Feature Leveraging
(CARef). Unlike other feature-based OOD detection meth-
ods, our approach specifically focuses on the rich informa-
tion embedded within sample features. CARef first aggre-
gates the sample features in the ID training dataset by class
to obtain the average features for each class. For a given
test sample, we then compute the relative error between its
features and the class-specific average features to determine
whether it is an OOD sample. To establish a connection
with logits, we further extend CARef to the Class-Aware
Decoupled Relative Feature (CADRef) method, which de-
couples the sample’s relative features into two components.
This decoupling is based on the sign alignment between the
relative features and corresponding model weights accord-
ing to their contribution to the maximum logit. CADRef
also incorporates advanced logit-based scoring methods to
scale the relative errors of these two components, effec-
tively amplifying the distinction between ID and OOD sam-
ples. In summary, this paper makes the following three key
contributions:

* From the perspective of class-specific feature discrep-
ancy, we propose a simple yet effective OOD detection
method, CARef, which calculates the relative error of a
sample’s features in relation to class-aware features to
determine the OOD score.

By leveraging the association between logits and fea-
tures, we extend CARef to CADRef, decoupling sam-
ple features based on the alignment of signs between
relative features and corresponding model weights.
This extension also integrates logit-based OOD detec-
tion methods to scale positive errors.

Comprehensive experimental results across multiple
datasets and architectures demonstrate that our meth-
ods achieve notable improvements while consistently
exhibiting robustness across different architectures.

2. Preliminaries

Consider a sample classification task with c classes. Given
a DNN model M : & — R trained on an ID training
dataset Dy, the prediction label for any sample x € Diey
is given by 7 = argmax; M(x);. We further define F :
X — R? as the feature extractor, where F(x) represents
the feature vector from the penultimate layer for the input
x. Additionally, let W : R? — R¢and B : R¢ — R¢ denote
the weights and biases of the classifier, respectively. The
logits £ produced by the model for sample x are computed
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as follows:

L=Mz)=W- F(z)+
T = argmax M(x);.

B, (1

2

Let D; denote the ID dataset, while Dy stands for the
OOD dataset. The goal of OOD detection is to determine
whether a given sample originates from the in-distribution
dataset Dy or the out-of-distribution dataset Do, effectively
framing it as a binary classification task. This task is based
on a scoring function SCORE(+; -):

{

where -y is the threshold. According to (3), a sample is clas-
sified as an OOD sample if its score falls below +; other-
wise, it is classified as an ID sample. In real-world appli-
cations, once a sample is identified as an OOD sample, the
DNN should abstain from making any predictions for it.

LL'N’DO7
xNDI?

if SCORE(M; x) < 7,

if SCORE(M; ) > 7, )

3. Related Work

The design of post-hoc OOD score can be categorized into
Logits-based (Siqgit) and Features-based (Steare) methods.

3.1. Logit-based OOD-Detection Method

Method Score Equation

MSP [11] max(SoftMax(L))
MaxLogit [10] | max(L)

ODIN [22] max(SoftMax (L))
Energy [23] T -log > (exp(L/T))
GEN [24] M L - L)

Table 1. Score equations of logit-based OOD-detection methods

Logit-based methods analyze the logits produced by the
model for each sample and design confidence scores such
that in-distribution (ID) samples yield higher scores while
OOD samples yield lower scores [11, 40, 49]. For exam-
ple, Hendrycks et al. propose the classic baseline method,
MSP [11], which uses the maximum value of the logits af-
ter applying the softmax function. Additionally, ODIN [22]
enhances detection by using temperature scaling and adding
small perturbations to the input. Both Energy [23] and GEN
[24] leverage the energy function and generalized entropy,
respectively, to construct OOD scores, achieving notable
improvements. For large-scale anomaly segmentation tasks,
Hendrycks et al. observed that using maximum logits can
yield superior performance [10]. Table | summarizes the
scoring equations for these methods.



Method Score Equation

ReAct [34] | Siogu(W - min(F(z), ) + B)
DICE [35] | Siogi((W O M) - F(z) + B)
VM [39] | —al|lF@)P" |2 + Siegin (L)
ASH-S[7] | Siogit(W - (a5 @ F(z)) + B)
ASH-P[7] | Sigit(W - (ap © F(z)) + B)
ASH-B[7] | Siogit(W - (ap © F(2)) + B)
OptFS [50] | Siogit(W - (0 @ F(x)) + B)

Table 2. Score equations of feature-based OOD-detection methods

3.2. Feature-based OOD-Detection Method

Feature-based methods operate on the feature layer, often
by computing or modifying elements in the feature space
[1, 18, 21, 34]. These approaches are founded on observing
and exploiting the comparative stability of feature behaviors
in ID samples relative to OOD samples, thereby enhancing
the discriminative gap between ID and OOD samples. For
example, ReAct [34] removes outliers by truncating features
that exceed a certain threshold 7. Djurisic et al. [7] intro-
duce a straightforward method that removes most of a sam-
ple’s features while applying adjustments to the remaining
ones. Their method includes three variants, ASH-S, ASH-P,
and ASH-B, which apply different masks to features. These
masks are defined as follows:

g, Qp, Ap = {

where s, and s, denote the sum of features before and after
pruning, and n represents the number of features retained.
Scale [42] makes a slight modification to ASH-S by retain-
ing pruned features. Moving away from heuristic masks,
Zhao et al. reformulate feature-shaping masks as an opti-
mization problem [50], where the objective is to maximize
the highest logit values for training samples. DICE [35]
ranks weights according to their contributions on the ID
training dataset, pruning those with lower values. In con-
trast, ViM [39] captures the deviation of features from the
principal subspace P, making full use of the information
embedded in the features. ViM [39] also includes the logits
associated with ID classes, addressing part of the issues we
identified. Table 2 summarizes these feature-based meth-
ods.

So

mF i F(x); >,

if Fx); <,

exp(2), 1,

4
0. 4

4. Approach

In this section, we first introduce CARef in Subsection 4.1,
which is designed to compute class-aware relative feature
errors. Following this, we extend CARef to CADRef by
introducing two essential modules: Feature Decoupling and
Error Scaling.
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To achieve a fine-grained decoupling, we separate a sam-
ple’s features into positive and negative components based
on their contribution to the maximum logit. By analyz-
ing the two resulting error components, CADRef effectively
mitigates the positive errors of samples with high Siog; val-
ues. Details on these two modules are provided in Subsec-
tions 4.2 and 4.3, respectively.

Relative
Feature

Positive
Feature

Negative
Feature

Figure 2. Example diagram of Feature Decoupling operation of
CADRef. Relative features refer to the gap between sample fea-
tures and class-aware average features. The symbols + and - de-
note the sign of the corresponding values.

4.1. Class-Aware Relative Feature Error

We begin by extracting the features of the training sam-
ples, similar to other feature-based methods [34, 35, 50].
The key difference in our approach is that we group these
features based on the predicted labels of the samples and
compute the average feature vector for each class. For each
ke€{1,2,...,c}, we define

D! (T(a:) = k:) - F(x),

€ Dinain

N ©)

g

where ny, is the number of samples with label & in Dy, and
1(-) is the indicator function.

To measure the deviation of individual sample features
from their class averages, we propose calculating the rela-
tive error between a sample’s feature vector and its corre-
sponding class centroid. Specifically, we compute the nor-
malized /; -distance between the sample feature and the av-
erage feature, with normalization performed by the /;-norm
of the sample feature. The error formula and score function
for CARef are defined as:
. 77—(1}) || )
IF@)

ca) = 17 @)

SCORECAR‘)fZ —8(111‘) (6)

Our experimental results, presented in Table 3 and Table 4,
demonstrate that using class-aware relative feature error as
a score function yields remarkable effectiveness.
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Figure 3. Detection results and score distributions on ImageNet-1k (blue) [6] and SUN (purple) [41] using DenseNet-201 [9].

4.2. Feature Decoupling

As noted in [39], relying solely on sample features limits the
effectiveness of OOD detection methods. To address this,
we explore the relationship between features and logits in
depth and conduct a fine-grained analysis of the features,
which distinguishes CADRef from CARef. Based on an
empirical observation, increasing the maximum logit (i.e.,
max(L)) of a sample tends to improve the performance
of most logits-based methods. Therefore, we focus on the
change in the maximum logit of the sample features relative
to the class-aware average features.

Let W™ denote the weights corresponding to the max-
imum logit. As illustrated in Figure 2, the contribution to
logit values depends on the alignment of signs between the
weights and relative features. Specifically, a positive con-
tribution to the maximum logit occurs only when the signs
of weights and relative features align, while a mismatch in
signs results in an antagonistic effect that diminishes the
logit value. By influencing the maximum logit, these posi-
tive features also affect logit-based detection methods. We
will analyze this relationship further in the next subsection.

Furthermore, the features of each sample can be divided
into two parts: PoS = {i | W"** . (F(x); — ?Z(x)) >0}

and NEG = {i | Wmee . (F(z); — F, ")) < 0}. The
corresponding errors for these two parts are as follows:

—=T (z
S ierosF@)i = FL )

£ 7
o) Fon 7
1 enea(F(@)i = FL )
En = 8
(=) @ ®
4.3. Error Scaling

Decomposing £(z) into £,(x) and &, (x) does not impact
the relative error between samples. To investigate their indi-
vidual contributions, we evaluated these components sepa-
rately as OOD detection scores. Empirical results show that,
compared to CARef, using the positive error as the score
substantially reduces OOD detection performance, while
using the negative error as the score achieves nearly com-
parable performance. As shown in Figure 3, the AUROC
and FPR9S5 of &, are approximately 13% and 15% lower

4971

than those of CARef, respectively. In contrast, £, shows a
2.03% and 7.00% increase. Due to the poor classification
performance of the positive error, we conclude that it plays
a harmful role in CARef’s coupling form, highlighting the

need to focus on enhancing &,,.
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Figure 4. Score and error distribution of ID/OOD samples.

Since &, is closely related to logit-based methods, we
explore the relationship between Sjogi¢ and &, for a sample,
using the Energy [23] and GEN [24] scores as examples.
Results for other methods are provided in the supplemen-
tary materials. As shown in Figure 4a and Figure 4c, we ob-
serve that £, effectively distinguishes between ID and OOD
samples at lower Sjogit values. However, at higher Sjogj val-
ues, &, for ID and OOD samples shows substantial overlap,
which reduces OOD detection performance. To address this
issue, we propose using the ratio of £y to Siogir instead of £,
alone. When ID and OOD samples have similar &, values,
the higher Siq of ID samples reduces this ratio, while for
OOD samples, the effect is reversed. For the negative error,
as shown in Figure 4b and Figure 4d, we observe the op-
posite phenomenon. There is no overlap in &, between ID
and OOD samples at high Sy, while some overlap exists
at low Sjogic. This overlap does not impact the detection per-



Method ResNet RegNet | DenseNet ViT Swin ConvNeXt | MaxViT Average
AUt FP| | AUt FPJ | AUt FP| | AUt FP| | AUt FPJ | AUt FP| |AUt FP| | AUt FPJ
MSP [11] |74.14 70.44|78.34 69.98|77.76 67.63|79.33 66.29|77.81 67.12|76.23 65.24|80.36 63.50|77.71 67.17
MaxLogit [10]]79.64 65.00(81.71 63.75|81.16 61.56|75.68 65.40|70.85 67.68|68.76 72.66|77.18 57.28|76.43 64.76
ODIN [22] |79.28 60.32|80.57 58.66|78.90 60.75|61.45 94.33|55.22 91.02|51.09 89.33|64.60 81.46(67.30 76.55
Energy [23] [79.85 64.53|81.55 64.11{81.09 61.25|71.04 70.23|63.18 75.96(52.91 91.09|73.01 62.46|71.80 69.95
GEN [24] [79.95 66.70(83.41 63.46|82.39 63.01|84.37 59.58|83.72 55.33|82.69 54.90(85.50 51.22|83.15 59.17
ReAct [34] |86.03 44.09(86.62 46.30|78.46 64.18|79.65 69.99(81.91 66.57|78.15 76.87(63.78 78.91|79.23 63.84
DICE [35] |82.48 47.90|77.92 68.89(79.20 59.04|71.65 88.51|45.79 86.76|45.12 89.77|63.20 76.78(66.48 73.95
ASH-S[7] [90.11 35.52|89.37 38.01|87.56 43.80|18.06 99.62[19.18 99.35|20.30 98.23|55.26 86.30(54.26 71.55
OptFS [50] |88.15 42.47(89.30 42.97|88.25 47.88(83.89 65.99|84.71 65.03|85.06 61.17|75.09 70.84|84.92 56.62
ViM [39] [83.96 65.85|88.08 56.13|81.33 72.66|86.72 49.36|83.96 63.63|84.24 58.57|85.34 53.56|84.80 59.97
CARef 89.94 40.91(88.27 50.68|86.55 52.59|86.84 60.48|86.92 58.65|87.95 54.09(87.70 50.75|87.74 52.59
CADRef |89.24 40.68(90.26 42.34|88.64 45.25|86.91 60.05(87.10 57.38|87.48 56.92(87.73 49.49|88.19 50.30

Table 3. Results of OOD detection on ImageNet-1k benchmark. 1 indicates that higher values are better, while | indicates that lower values
are better. All values are percentages, with the best and second-best results being highlighted and underlined, respectively.

formance of the negative error, as low Sjogj values indicate
that distinguishing these samples is challenging for any de-
tection method. Therefore, modifying the negative error is
deemed unnecessary for performance enhancement.

Comparing Figure 3¢ with Figure 3d, we can find that
scaling the positive error significantly enhances the separa-
tion between ID and OOD samples. Finally, we consider a
fusion form of the positive and negative errors. To ensure
consistency in the magnitude of both errors, we also apply a
constant decay to the negative error, with the constant term
set to the average score of all ID training samples:

— 1
Slogit = E : Z Slogil(m)-

TE€Duain

€))

The final score formula of our CADRef is as follows:
_ 5@ |, &)
S]ogit(il?) Slogit

As shown in Figure 3e, the fusion of both errors fur-

ther enhances the distinction between ID and OOD samples
compared to using each error individually.

, SCORECADRefZ —8(1’) (10)

5. Experiments

In this section, we conduct extensive experiments across
multiple datasets and models to evaluate the performance
of our two methods, and compare them with state-of-the-art
OOD detection methods, all of which are implemented by
PyTorch [32] '.

ICode is available at ht t ps://github.com/LingAndZero/CADRef.
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5.1. Setup

Datasets. We conduct experiments on both large-scale and
small-scale benchmarks. For the large-scale benchmark,
we use ImageNet-1k [6] as the in-distribution (ID) dataset
and evaluate performance across six commonly used OOD
datasets: iNaturalist [15], SUN [41], Places [51], Texture
[5], Openlmage-O [39], and ImageNet-O [12]. For the
small-scale benchmark, we use CIFAR-10 [19] and CIFAR-
100 [19] as ID datasets, with performance evaluated on six
widely used OOD datasets: SVHN [30], LSUN-Crop [45],
LSUN-Resize [45], iSUN [43], Texture [5], and Places [51].
All OOD datasets have been resized to match the dimen-
sions of the ID datasets.

Models architectures. To validate the robustness of the
proposed methods, we conduct experiments using several
well-known model architectures, including convolutional
neural networks (CNNs) and vision transformers. For
ImageNet-1k, we use four representative CNN-based mod-
els: ResNet-50 [9], RegNetX-8GF [33], DenseNet-201
[16], and ConvNeXt-B [26], as well as three transformer-
based models: ViT-B/16 [8], Swin-B [25], and MaxViT-T
[37] to ensure a comprehensive evaluation. The pre-trained
model weights are sourced from the PyTorch model zoo
[32]. For experiments on CIFAR-10 and CIFAR-100, we
use DenseNet-101 [16] with pre-trained weights provided
by prior work [35].

Baselines. We evaluate our two proposed methods, with
CADRef leveraging the Energy [23] score as the source for
Error Scaling. For comparison, we implement ten base-



Methods SVHN LSUN-C LSUN-R iSUN Textures Places Average
AUt FP| | AUt FP| | AUt FP| | AUt FP| | AUt FP| | AUt FP| | AUT FPJ|
MSP [11] [93.56 47.19|93.42 47.09 |94.54 42.07|94.49 42.53|88.24 63.88|90.02 60.01|92.38 50.46
MaxLogit [10] | 94.32 37.79(97.22 16.31|98.12 9.41 [98.05 10.08|86.65 56.57|93.61 34.82|94.66 27.50
ODIN [22] 192.88 39.95|96.02 21.34{99.29 3.09 {99.19 3.79 |86.16 53.22192.57 38.81|94.35 26.70
Energy [23] |94.19 38.71]97.29 15.55|98.18 8.70 [98.11 9.42 |86.56 56.66|93.67 33.92|94.67 27.16
o~ GEN[24] [95.19 30.75|96.99 18.29|97.93 11.29|97.87 11.93|88.87 54.00|93.34 36.30|95.03 27.09
E ReAct [34] |66.05 97.18 | 78.03 87.24|84.86 71.13|83.77 73.66|68.08 90.85|75.53 83.72|76.05 83.96
g DICE [35] |94.96 27.74]98.31 8.86 [99.05 4.22 [98.99 5.16 |87.33 45.33|93.86 31.84|9542 20.52
ASH-S[7] |98.73 6.16 |98.13 9.67 |98.91 4.84 |98.87 5.13 |95.29 23.58|93.58 32.32|97.25 13.62
OptFS [50] |96.01 24.35]96.99 18.09 |98.11 9.31 {98.00 10.25|94.29 32.96|92.33 40.15]95.95 22.52
ViM [39] 98.45 8.65 |97.36 15.39|99.28 3.17 {99.12 4.50 |96.18 20.33|89.80 54.48|96.70 17.75
CARef 99.11 4.66 |98.22 9.51 [98.93 5.20 |98.77 6.11 |96.79 16.29 |91.59 41.19|97.23 13.83
CADRef 99.17 4.16 | 98.66 7.02 [99.23 3.61 |99.13 4.34 [96.71 17.52|93.72 32.74|97.77 11.56
MSP[11] [75.19 82.02|78.63 76.44|67.13 87.28|68.49 88.00|71.20 85.19|70.84 85.28|71.91 84.04
MaxLogit [10] | 81.42 86.17 | 87.90 58.91|77.41 76.05|76.54 79.13|71.14 84.45|76.18 79.82|78.43 77.42
ODIN [22] |80.33 86.53|89.10 51.85|86.41 56.66|85.78 59.03 |73.57 80.49|76.83 79.80|82.00 69.06
Energy [23] |81.30 88.03 |88.11 58.19|77.77 75.17|76.79 78.61|70.99 85.00|76.21 79.95|78.53 77.49
S GEN [24] [80.97 78.89|83.72 70.82|71.51 84.11|72.00 85.15|74.26 83.68|73.88 83.36|76.06 81.00
Z ReAct [34] | 69.13 96.75|78.84 77.21|86.44 68.03|82.86 74.78|67.15 92.07|59.99 89.72|74.07 83.09
§ DICE [35] |88.18 60.06|92.98 36.40 | 88.23 55.03 | 88.50 52.49|77.22 61.27 |81.18 73.89|86.05 56.52
© ASH-S[7] |95.79 24.75]94.14 29.98|89.54 54.06|90.93 48.15|92.11 34.60|79.22 76.96|90.29 44.75
OptFS [50] |84.96 73.61|90.01 47.98 |83.61 69.52|84.39 70.56 |85.63 61.64|74.37 80.96 | 83.83 67.38
ViM [39] 93.57 35.05|92.76 40.06 |95.50 24.65|95.63 23.22(95.89 19.75|75.61 83.89|91.49 37.77
CARef 96.83 17.41|90.96 40.74 | 89.25 52.69|91.08 45.32(93.99 25.48|67.92 88.30 | 88.34 44.99
CADRef 96.69 18.28|94.70 27.2290.26 47.45|91.59 42.10|94.13 28.72|7591 78.30|90.55 40.34

Table 4. Results of OOD detection on CIFAR benchmarks. 1 indicates that higher values are better, while | indicates that lower values are
better. All values are percentages, with the best and second-best results being highlighted and underlined, respectively.

line methods for OOD detection, covering both logit-based
and feature-based approaches. The logit-based methods in-
clude MSP [11], MaxLogit [10], ODIN [22], Energy [23]
and GEN [24]. Meanwhile, the feature-based methods com-
prise ReAct [34], DICE [35], ASH-S [7], OptFS [50] and
ViM [39]. Note that all feature-based methods use energy
as the score function. Details of the hyperparameters for
each baseline are provided in the supplementary materials.

Evaluation metrics. We evaluate the OOD detection per-
formance using two standard metrics, consistent with prior
works [11, 36]: area under the receiver operating character-
istic curve (AUROC) and false positive rate at a true posi-
tive rate of 95% (FPR95). Higher AUROC values and lower
FPRY5 values indicate better OOD detection performance.
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5.2. Comparison with SOTA Methods

On ImageNet-1k Benchmark. Table 3 presents the ex-
perimental results on ImageNet-1k. We also provide de-
tailed results for all datasets in the supplementary materials.
From the average results among all models, both CARef and
CADRef remain in the top two positions. Compared to the
best baseline, CADRef improves the AUROC by 3.27% and
reduces the FPR95 by 6.32%, while CARef also improves
the AUROC by 2.82% and reduces the FPR95 by 4.03%.
We group the baselines for detailed analysis:

 vs. feature shaping-based methods: Experimental re-
sults demonstrate that feature shaping-based methods ex-
hibit strong performance on specific architectures, no-
tably ResNet-50, RegNetX-8GF, and DenseNet-201. For
example, ASH-S achieves state-of-the-art performance



on ResNet-50 and reports the lowest FPR95 values on
both RegNetX-8GF and DenseNet-201. However, for
other model architectures, the performance of these meth-
ods significantly declines, with the ASH-S method even
collapsing (AUROC below 50% on ViT-B/16, Swin-B,
and ConvNeXt-B). This observation indicates that feature
shaping-based methods exhibit architecture-specific be-
havior and lack cross-model robustness. In contrast, our
methods demonstrate outstanding performance on indi-
vidual models, almost always ranking in the top two, fur-
ther highlighting the robustness. To address the issue of
performance collapse, OptFS discards the heuristic mask
design based on empirical methods and instead focuses
on automating the optimization of masks across differ-
ent models. While OptFS substantially improves cross-
architecture robustness, as evidenced in Table 3, its per-
formance remains inferior to both CARef and CADRef.

¢ vs. logit-based methods: According to the Table 3, com-
pared to feature shaping-based methods, most logit-based
methods do not perform well, except for GEN. However,
these methods do not suffer from similar collapses on
certain models as feature shaping-based methods, mak-
ing them more generalizable compromise solutions. Ad-
ditionally, logit-based methods do not require extra ID
training data, which gives them an advantage in terms of
computational resources.

e vs. ViM: We focus especially on the comparison with
ViM, since it similarly utilizes feature information and
logit-based scores, making it a method of the same cat-
egory as CADRef. As shown in the Table 3, CADRef out-
performs ViM in all other cases except for the FPR95 on
ViT-B/16. On DenseNet, the fact that the effect of ViM is
closely approximated by Energy (logit-based component)
suggests that ViM does not fully utilize feature informa-
tion. Our method demonstrates that, compared to pro-
jecting into other spaces, ID and OOD samples exhibit
significant separability within the feature space.

On CIFAR Benchmarks. Table 4 also shows the ex-
perimental results on CIFAR-10 and CIFAR-100 bench-
marks. Our proposed CADRef demonstrates superior per-
formance on CIFAR-10, achieving state-of-the-art results,
while maintaining competitive performance on CIFAR-
100 with only marginal differences from the best baseline
method. We also observe a decline in the performance of
CARef on the CIFAR benchmarks. This phenomenon can
be attributed to the reduced feature dimensionality in small-
scale datasets, which potentially compromises the precision
of relative error calculations.

5.3. Impact of various logit-based methods

Figure 5 provides the performance of CADRef on the
ImageNet-1k benchmark, using MSP, Maxlogit, Energy,
and GEN as the logit-based scores, respectively. The re-
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Figure 5. The Impact of various logit-based methods on CADRef

sults demonstrate that CADRef+GEN achieves superior per-
formance in both AUROC and FPR95 metrics among all
logit-based variants, which aligns with the exceptional per-
formance of GEN previously observed in Table 3. Fur-
thermore, the performance of both CADRef+MaxLogit and
CADRef+Energy surpasses all baselines in Table 3. We
also observe an interesting phenomenon in Figure 5 that
deserves exploration in future work. Compared to CARef,
using MaxLogit, Energy, and GEN significantly improves
the performance of CADRef, while using MSP leads to a
substantial decline in its performance. This contrasts with
the trend observed in the Table 3, where MSP demonstrates
superior performance over both MaxLogit and Energy.

5.4. Ablation Study

. l1-Distance  {1-Norm CARef
Architectures

AUT FP| AUT FP| AUt FPJ
ResNet 74.26 78.65 79.69 55.20 89.94 40.91
ViT 85.16 66.11 20.11 99.44 86.84 60.48
Swin 85.83 67.05 15.95 99.75 86.92 58.65
ConvNeXt 87.49 58.54 14.09 99.83 87.95 54.09
DenseNet  69.32 85.54 68.66 75.31 86.55 52.59
RegNet 77.30 76.17 65.36 86.11 88.27 50.68
MaxViT  85.99 64.43 22.12 99.46 87.70 50.75
Average 62.19 80.76 40.85 87.87 87.74 52.59

Table 5. Ablation Study of CARef. {:i-Distance represents the
negative of the ¢; distance between the sample feature and the
class-aware average feature as the score function, while ¢1-Norm
uses the ¢; norm of the sample feature as the score function.

Ablation of CARef. In Table 5, we presents the ablation re-
sults of CARef on the ImageNet-1k benchmark, with all val-
ues averaged across multiple OOD datasets. Experiments
show that using either /1 -Distance or {1-Norm alone results
in a significant performance gap compared to the baseline.
Yu et al. observe on ResNet that ID samples generally ex-
hibit a larger feature norm than OOD samples [46]. The
{1-Norm is similar to their proposed FeatureNorm, with the



main distinction being that FeatureNorm focuses on a spe-
cific feature layer block. However, our experiments reveal
that this phenomenon does not generalize across different
models. Specifically, our experiments with models includ-
ing ViT, Swin, ConvNeXt, and MaxViT demonstrate con-
trary behavior, with ¢;-Norm achieving AUROC scores be-
low 30% and FPR95 values exceeding 99%. This suggests
that the scoring for ID and OOD samples is reversed, mean-
ing that in most cases, the feature norm of OOD samples
is greater than that of ID samples. In contrast, CARef, as a
combination of both, demonstrates significant performance
improvement and robustness across multiple models.

FD | &, | &, | ES | AUT | FP|
X — | — | — 87745259
v v X X | 82526567
v X v X 8770|5182
v v X /| 87.58 | 5243
v v v v/ | 88.19 | 50.30

Table 6. Ablation Study of CADRef. FD and ES represent the
Feature Decoupling and Error Scaling components, respectively.
v and X indicate whether the component is used or not.

Ablation of CADRef. As shown in Table 6, we also con-
duct ablation experiments to verify the effectiveness of each
module of CADRef. The first and fifth rows show the results
for CARef and CADRef, respectively. The experimental re-
sults demonstrate that removing any component results in
a degradation in the performance of CADRef, which vali-
dates that each component plays a crucial role. The second
and third rows of the table clearly show that using the nega-
tive error significantly outperforms using the positive error.
Furthermore, the AUROC result obtained by using the neg-
ative error alone is comparable to that of CARef, with even a
lower FPR95. This suggests that the effect of using the pos-
itive error without Error Scaling can be considered negligi-
ble. However, once Error Scaling is applied to the positive
error (the fourth row), its performance becomes comparable
to that of the negative error. Note that Error Scaling cannot
be applied independently of Feature Decoupling, so we can
only validate their collaborative effectiveness, as reflected
in the performance gap between CADRef and CARef.

5.5. Discussion

In this subsection, we examine the limitations of CADRef’s
logit-based component through experiments on three hard
OOD benchmarks: ImageNet-O [12], SSB-hard [38], and
Ninco [3], which have been empirically shown to be chal-
lenging for logit-based methods. Additionally, we also in-
clude a comparative analysis between ViM and its feature-
only component, Residual [39]. As shown in Table 7, the
performance of Energy on ImageNet-O degrades to an AU-
ROC of approximately 50%, essentially reducing to random
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ImageNet-O | SSB-hard Ninco
Methods
AUt FP| | AUT FP| | AUT FP)
Energy [23] |50.25 92.71 {66.99 83.40|72.41 76.59
Residual [39]]76.37 78.99 |57.06 89.05|70.47 80.18
VIM [39] |74.68 82.14|68.81 85.16 | 81.72 71.51
CARef 78.03 81.73 |72.32 81.04| 83.65 68.27
CADRef |75.29 85.21 |74.58 78.79|85.36 64.89

Table 7. The effect of the logit-based scoring component on
CADRef and ViM on three hard OOD dataset. Both CADRef and
ViM use Energy as their logit-based component.

classification. This degradation is reflected in both CADRef
and ViM, which underperform their respective feature-only
counterparts on this dataset. While SSB-hard and Ninco
are also considered hard OOD datasets, Energy maintains
discriminative capability with AUROC scores above 60%.
In these cases, CADRef demonstrates superior performance
compared to CARef, a pattern similarly observed in the
comparison between ViM and Residual. These empirical
findings lead to two key conclusions: (1) When logit-based
methods encounter catastrophic failure on extremely chal-
lenging OOD datasets, their integration into CADRef be-
comes detrimental to overall performance; (2) However, in
scenarios where logit-based methods maintain even mod-
est discriminative power, they contribute positively to the
effectiveness of CADRef.

6. Conclusion

In this paper, we presented a novel OOD detection frame-
work, CADRef, which leverages class-aware decoupled rel-
ative features to enhance the detection of out-of-distribution
samples. Building on the class-aware relative error ap-
proach of CARef, CADRef incorporates feature decoupling
and error scaling, allowing for a more nuanced separation
of in-distribution and out-of-distribution samples based on
their positive and negative feature contributions. Compre-
hensive experiments across both large-scale and small-scale
benchmarks demonstrate the robustness and effectiveness
of CADRef, particularly when combined with advanced
logit-based scores such as GEN, yielding superior AUROC
and FPR95 metrics compared to state-of-the-art baselines.
Future work may investigate additional decoupling strate-
gies and adaptive scaling techniques to further enhance de-
tection reliability across diverse datasets and architectures.
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