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ABSTRACT

Reliable out-of-distribution detection is pivotal for deploying
deep learning in open-world scenarios. However, existing
methods often rely on a single feature modality, either se-
mantic direction (confidence) or activation intensity (norm),
limiting their robustness against diverse shifts. To bridge this
gap, we propose a unified framework that harmonizes rep-
resentation quality with decision certainty. We introduce the
angular-magnitude likelihood, which jointly evaluates seman-
tic alignment and signal typicality. To ensure the reliabil-
ity of the magnitude component, we integrate convolutional
block attention modules into discriminative layers. This ap-
proach purifies feature norms without diluting low-level tex-
ture information. Experiments demonstrate that our frame-
work achieves state-of-the-art performance.

Index Terms— Out-of-Distribution Detection, Score Fu-
sion, Machine Learning

1. INTRODUCTION

Deep neural networks have demonstrated remarkable success
in closed-set recognition tasks. However, their deployment in
safety-critical applications, such as autonomous driving and
medical diagnosis, is hindered by their inability to handle un-
known data. A reliable system must not only classify known
inputs accurately but also reject samples that deviate from the
training distribution.

Despite recent progress, a fundamental limitation persists
in how current methods interpret latent features. Confidence-
based methods (e.g., MSP [1], ODIN [2]) primarily uti-
lize the angular information of the feature vector relative
to class boundaries. While effective for semantic classifi-
cation, they are prone to the scaling issue, where out-of-
distribution (OOD) samples with correct directions but weak
signals trigger high-confidence false positives. Conversely,
feature-norm-based methods [3, 4] leverage the magnitude
of activations to gauge signal familiarity. However, these
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methods often lack probabilistic interpretation and ignore the
semantic direction, making them susceptible to high-energy
background noise.

To bridge this gap, we propose a framework grounded in
the joint likelihood of the feature space. We argue that a ro-
bust OOD detector must verify both what the object is (angu-
lar alignment) and how typical the signal is (magnitude inten-
sity). To this end, we introduce the angular-magnitude like-
lihood (AML), a novel scoring function that mathematically
fuses calibrated softmax probability and feature norm to re-
construct the full feature likelihood via polar decomposition.
Complementing this theoretical model, we implement an at-
tention refinement strategy. Unlike universal attention appli-
cation, we selectively enhance only the most discriminative
convolutional blocks. This prevents the dilution of discrimi-
native focus and ensures that feature norms serve as a robust
indicator for the AML score.

Experiments verify that synergizing attention-refined fea-
tures with dual-feature likelihood estimation achieves state-
of-the-art performance. Our evaluation spans standard Far-
OOD tasks, challenging Near-OOD scenarios where seman-
tic gaps are minimal, and complex real-world applications in
medical pathology and remote sensing. These results demon-
strate the framework’s robustness and versatility across vary-
ing degrees of distribution shifts.

2. RELATED WORK

Existing OOD detection methods typically derive scoring
functions from the latent representations of a pre-trained
model. These approaches can be broadly categorized based
on the specific signals they exploit: softmax confidence,
feature magnitude, and external semantic priors.

Confidence and Distribution-based Methods. A foun-
dational line of work relies on the output probabilities of
the classifier. [1] proposed the maximum softmax proba-
bility (MSP) baseline, identifying OOD samples based on
low prediction confidence. Subsequent works improved
this by calibrating the distribution; for instance, ODIN [2]
introduced temperature scaling and input perturbations to
amplify the separability between in-distribution (ID) and
out-of-distribution (OOD). Similarly, [5] proposed using the
energy score, which aligns theoretically with the probability



density of the input. Beyond output scores, other methods
focus on rectifying the activation space. Techniques like
ReAct [6] and DICE [7] truncate extreme activations in the
penultimate layer to mitigate the noise caused by OOD in-
puts. While effective, these methods primarily rely on the
angular alignment of features relative to class boundaries,
often overlooking the intensity of the signal.

Feature Norm-based Methods. Recently, the magnitude
(ℓ2 norm) of feature vectors has emerged as a distinct and
powerful OOD signal. [8] established the theoretical founda-
tion, demonstrating that ID samples generally trigger higher
activation norms than OOD samples due to the concentration
of measure phenomenon. Building on this, NAN [3] intro-
duced a negative-aware norm to capture both activation and
deactivation patterns. Block Selection [4] revealed that inter-
mediate layers may contain more discriminative norm infor-
mation than the final layer. However, relying solely on fea-
ture norms can be risky, as high-contrast background noise in
OOD images can occasionally trigger high norms without se-
mantic meaning. Our work aims to bridge this gap by fusing
norm-based typicality with confidence-based semantics.

Methods Utilizing External Information. A stream of
research seeks to enhance detection by incorporating external
resources. Outlier exposure (OE) methods [9, 10] improve
robustness by explicitly training the model with auxiliary
datasets effectively teaching the network what unknown looks
like. More recently, the focus has shifted towards leveraging
the rich semantic priors of vision-language models (VLMs).
Methods like CATEX [11] utilize the joint embedding space
of models like CLIP [12] to perform zero-shot OOD detec-
tion by matching images against text descriptions. While
powerful, these approaches come with limitations: OE re-
quires careful curation of auxiliary data, while VLMs often
suffer from domain shifts in specialized tasks (e.g., medical
imaging) and incur high computational costs. In contrast, our
framework focuses on maximizing the utility of the intrinsic
features within a standard backbone, free from dependencies
on external datasets or large-scale pre-trained priors.

3. METHOD

We jointly assess the semantic direction and activation in-
tensity of the latent representation to distinguish ID samples
from OOD samples. To this end, we introduce an attention
refinement strategy that enhances the discriminative capacity
of the learned representations. The overall training and infer-
ence pipeline is summarized in Algorithm 1.

3.1. Angular-Magnitude Likelihood

Current OOD detection methods often rely on a single modal-
ity of the latent representation: feature-norm methods capture
the intensity of activations but ignore class-relative directions,
while confidence-based methods capture directional align-

Algorithm 1 Training and Inference with CBAM and
Angular-Magnitude Likelihood Score
Require: Training data D = {(xi, yi)}, Jigsaw training data

D′ = {(x′
i, y

′
i)}, model M , total epochs N , cross-entropy

loss LCE, convocational blocks{b1, b2, . . . , B}
Ensure: OOD score sOOD(x) for a test sample x

1: procedure TRAINING
2: Train M on D for 10 epochs using LCE
3: Identify convolutional block b⋆ with highest feature-

norm ratio between D and D′

4: Insert CBAM modules into blocks {b⋆, . . . , B} to
form MCBAM

5: Train MCBAM for N epochs using LCE
6: end procedure
7: procedure INFERENCE(Sample x)
8: Compute Norm(x) at block b⋆

9: Compute MSP(x).
10: Compute OOD score sOOD(x) using Eq 1.
11: Classify x as OOD if sOOD(x) < threshold.
12: end procedure

ment but overlook the magnitude of the signal. To bridge this
gap, we propose the angular-magnitude likelihood (AML).

3.1.1. A Joint Likelihood Perspective

To theoretically ground our approach, we formulate OOD de-
tection as a density estimation problem within the deep fea-
ture space. Let z ∈ Rd denote the feature vector from the
penultimate layer. Our objective is to design a scoring func-
tion S(x) that approximates the log-likelihood of a sample
belonging to the ID manifold, i.e., logP (z|ID).

By applying polar decomposition, we express the feature
vector z in terms of its magnitude r = ∥z∥2 and direction
ẑ = z/∥z∥2. Assuming that the magnitude and angular com-
ponents are asymptotically independent in high-dimensional
spaces, the joint probability density can be factorized as:

P (z|ID) ≈ P (ẑ|ID) · P (r|ID)

Taking the logarithm of both sides, we derive that our tar-
get OOD score S(x) should naturally consist of two additive
components:

S(x) ∝ logP (z|ID) ≈ logP (ẑ|ID)︸ ︷︷ ︸
Angular Component

+ logP (r|ID)︸ ︷︷ ︸
Magnitude Component

This decomposition reveals that a robust OOD detector must
jointly evaluate whether a sample is aligned with ID seman-
tic directions (ẑ) and whether it possesses a typical activation
magnitude (r).

The Angular Component via MSP. The first term,
logP (ẑ), represents the semantic alignment of the feature
with known class concepts. Recent theoretical findings on



the neural collapse phenomenon [13] demonstrate that during
the terminal phase of training, classifier weights wk converge
to an equiangular tight frame structure, where their norms
become approximately equal (∥wk∥ ≈ C). Under this con-
dition, the logit fk(x) = wT

k z becomes proportional to the
cosine similarity:

fk(x) = wT
k z = ∥wk∥∥z∥ cos(θk) ≈ C · r · cos(θk),

where θk is the angle between wk and z. Since the softmax
operation normalizes the logits, namely,

MSP (x) = max
k

eC·r·cos θk∑
j e

C·r·cos θj

the resulting MSP effectively captures the relative directional
probability P (ẑ|Classes), invariant to the absolute scale of r.
Therefore, we posit that logMSP (x) ∝ logP (ẑ|ID).

It is worth noting that standard networks are often over-
confident, producing sharp softmax distributions for both ID
and OOD samples, which renders the angular component
(i.e., MSP) indistinguishable. To address this, we adopt the
strategy proposed in ODIN [2] to apply temperature scaling
(i.e., τ = 5) during the inference phase. This calibration dis-
proportionately affects OOD samples (pushing them towards
a uniform distribution) while preserving the relative confi-
dence of ID samples, thereby restoring the discriminative
power of the angular component in our fusion score.

The Magnitude Component via Feature Norm. Rely-
ing solely on the angular component leads to overconfidence,
as OOD samples may share a direction with ID classes but
lack the requisite signal strength. Following the insight dis-
cussed in [3], ID feature representations are optimized to elicit
strong activations, whereas OOD samples typically induce
smaller norms. Thus, we obtain logFN(x) ∝ logP (r|ID).
In our implementation, FN(x) is the l2 norm of the feature
vector extracted from the most discriminative block b∗ [4].

3.1.2. Score Fusion

Based on the derivation above, a robust OOD detector must
jointly constrain both class direction and feature magnitude.
However, simply summing the two terms is suboptimal due
to the discrepancy in dynamic ranges between the bounded
probability MSP ∈ [0, 1] and the unbounded feature norm
FN ∈ [0,∞). To fuse these modalities effectively, we define
the fused score S(x) as:

S(x) = α · log
(
MSP (x) + ϵ

)
+ (1−α) · log

(
FN(x) + ϵ

)
,

(1)
where α ∈ [0, 1] is a balancing coefficient that controls the
contribution of the angular and magnitude components, ϵ is a
small scalar (e.g., 10−6) to prevent numerical instability. By
combining the feature norm with this calibrated probability,
AML reconstructs the full feature likelihood, ensuring that
samples are identified as ID only if they possess both the cor-
rect semantic direction and the typical activation magnitude.

ID CBAM(NA) CBAM(1-8) CBAM(7-8)

OOD CBAM(NA) CBAM(1-8) CBAM(7-8)

Fig. 1. Visualization of the activation maps demonstrates that
CBAM is most effective when applied on blocks 7 and 8.

3.2. Feature Refinement

To maximize the efficacy of the proposed AML score, it is
crucial that the magnitude component (feature norm) accu-
rately reflects the semantic typicality of ID samples. Stan-
dard norm-based methods rely on identifying discriminative
blocks by computing the norm ratio between features from
the ID dataset D and a pseudo-OOD dataset D′, generated
via patch-wise jigsaw transformations [4]. However, as visu-
alized in Figure 1, the baseline model suffers from diffused
focus. It fails to concentrate high-norm activations on the se-
mantic objects of ID samples and frequently activates irrele-
vant background regions in OOD samples.

To mitigate this, we propose a attention refinement strat-
egy by integrating the convolutional block attention mod-
ule (CBAM) [14]. While CBAM, comprising channel and
spatial attention sub-modules, is traditionally inserted after
every convolutional block, our empirical analysis reveals that
such universal application yields diminishing returns (see
CBAM(1-8) in Figure 1). We posit that applying attention
mechanisms to early layers disrupts the extraction of se-
mantic features from low-level textures. Instead, we adopt
a two-stage training protocol to precisely locate and refine
semantic features. (1) Block Identification: We first train the
backbone for a warm-up period (e.g., 10 epochs) using the
cross-entropy loss LCE. We then compute the norm ratio for
all blocks to identify the most discriminative block b⋆. (2)
Targeted Integration: We insert CBAM modules exclusively
after b⋆ and its subsequent blocks. The model is then trained
for the remaining epochs.

4. EXPERIMENTS

Following the standard protocol established in [4], we evalu-
ate performance by mixing the ID test set with samples from
specific OOD datasets. We adopt a parameter-free evalua-
tion strategy, quantifying performance using the area under



Far OOD Near OOD

Method Venue SVHN Textures LSUN-C LSUN-R iSUN Places365 Average CIFAR-100

FPR AUC FPR AUC FPR AUC FPR AUC FPR AUC FPR AUC FPR AUC FPR AUC

MSP [1] ICLR’17 52.12 92.20 59.47 89.56 32.83 95.62 48.35 93.07 50.30 92.58 60.70 88.42 50.63 91.91 54.83 85.49
ODIN [2] ICLR’18 33.83 93.03 45.49 90.01 7.29 98.62 20.05 96.56 23.09 96.01 45.06 89.86 29.14 94.02 88.27 72.06
EN [5] NeurIPS’20 30.47 94.05 45.83 90.37 7.21 98.63 23.62 95.93 27.14 95.34 43.67 90.29 29.66 94.10 43.58 89.18
FN [4] CVPR’23 7.13 98.65 31.18 92.31 0.07 99.96 27.08 95.25 26.02 95.38 62.54 84.62 25.67 94.36 48.94 87.62
RFW [15] TPAMI’24 54.81 87.67 48.81 87.50 15.89 96.75 36.58 92.59 36.31 92.70 47.19 87.75 39.93 90.83 45.94 90.22
OTOD [16] ICASSP’25 22.87 91.25 41.59 88.92 5.89 97.48 30.72 94.64 32.74 94.30 41.34 89.51 29.19 92.68 45.66 86.83
PRO [17] CVPR’25 19.82 94.28 35.48 90.65 0.56 99.85 29.97 95.78 14.55 97.56 32.49 90.43 22.15 94.76 43.44 90.88

Ours (CBAM) 2.95 99.40 18.85 96.28 0.21 99.92 15.35 97.23 11.57 97.87 56.77 88.31 17.62 96.50 43.18 91.25
Ours (CBAM+AML) 2.22 99.54 12.57 97.82 0.15 99.94 5.99 98.66 4.49 98.92 38.22 92.80 10.61 97.95 41.73 92.49

Table 1. OOD detection results on ResNet-18 with CIFAR-10 as the ID dataset. The best and second-best results are highlighted
in bold and underlined, respectively.

CIFAR-100 CIFAR-10

Method ResNet18 WRN-28-10 VGG11

FPR AUC FPR AUC FPR AUC

MSP [1] 73.02 82.43 41.49 91.84 64.77 88.73
ODIN [2] 63.87 85.94 29.22 90.95 47.52 91.56
EN [5] 71.45 84.96 28.65 91.99 46.46 91.67
FN [4] 60.27 84.09 13.53 97.33 39.34 91.18
RFW [15] 77.55 77.18 23.86 93.82 48.31 89.45
OTOD [16] 60.44 78.69 27.17 94.93 48.21 87.08
PRO [17] 60.03 85.43 17.64 96.28 46.40 89.81

Ours (CBAM + AML) 39.72 89.79 7.56 98.43 33.16 93.25

Table 2. Our method is evaluated on multiple network archi-
tectures using CIFAR-10 and CIFAR-100 as ID datasets.

the receiver operating characteristic curve (AUROC) and the
false positive rate at 95% true positive rate (FPR95). To dis-
sect the contribution of each component, we denote the model
trained with our attention strategy alone as CBAM, while the
dual-feature scoring is referred to as AML. For comprehen-
sive training details, including backbone specifications, opti-
mization settings, and hyperparameter configurations, please
refer to the Appendix.

4.1. Evaluation on Benchmarks

Far-OOD Performance. We initially follow the standard
protocol, using the CIFAR-10 and CIFAR-100 datasets as the
ID set and diverse datasets (e.g., SVHN, LSUN, Textures)
as the OOD set. As detailed in Table 1, employing CBAM
alone improves detection accuracy over the baseline. This
confirms that refining features in discriminative blocks ef-
fectively suppresses spurious background activations. While
improvements on LSUN-Crop are moderate due to the lack
of background context, our method demonstrates significant
gains across the majority of datasets. Crucially, integrating
the AML scoring function further boosts performance by fus-
ing classification confidence with feature typicality.

Near-OOD Robustness. To further stress-test our model,

Method iNaturalist SUN PLACES Open-O Avg

FPR AUC FPR AUC FPR AUC FPR AUC FPR AUC

MSP [1] 55.0 87.7 70.8 80.9 74.0 79.8 95.3 50.0 73.8 74.6
EN [5] 55.7 90.0 59.3 85.9 64.9 82.9 95.6 50.3 68.9 77.2
RFW [15] 69.5 85.8 73.5 80.7 76.6 78.5 88.0 59.5 76.9 76.1
ODIN [2] 47.7 89.7 60.2 84.6 67.9 81.8 94.9 49.3 67.7 76.3
FN [4] 22.0 95.8 42.9 90.2 56.8 85.0 88.1 58.1 52.5 82.3
PRO [17] 45.3 90.0 61.7 85.2 62.8 83.3 94.2 50.7 66.0 77.3

Ours (CBAM) 17.7 96.4 35.4 91.7 47.3 87.3 87.9 56.4 47.0 82.9
Ours (CBAM
+ AML) 12.4 97.6 29.4 93.5 39.6 90.6 85.6 62.0 41.7 85.9

Table 3. Comparison of OOD detection performance on the
ImageNet dataset.

we evaluate it on the Near-OOD scenario, where the semantic
gap between CIFAR-10 and CIFAR-100 is minimal. This set-
ting requires the model to distinguish fine-grained semantic
differences rather than relying on low-level statistical shifts.
As shown in Table 1, our approach achieves the highest per-
formance across both FPR95 and AUROC metrics compared
to baselines. This indicates the robustness of our method even
when the OOD samples share similar visual structures with
the ID classes.

Generalization across Backbones. We also evaluate
our method across varying architectures, including VGG-11,
WRN-28-10, and ResNet-18. Table 2 summarizes the perfor-
mance. As indicated, our approach consistently outperforms
existing methods across all backbones, demonstrating its ver-
satility and robustness independent of the underlying network
depth or width.

Large-Scale Scalability. Finally, to validate the scala-
bility of our approach, we conduct experiments on the more
challenging ImageNet benchmark using ResNet-50. As pre-
sented in Table 3, the proposed framework exhibits superior
performance in high-dimensional semantic spaces. This sub-
stantial margin underscores the effectiveness of checking
both angular alignment and magnitude typicality when deal-
ing with large-scale, semantically complex data.



Method Venue MIDOG SpaceNet-8

Avg.
FPR

Avg.
AUC FPR AUC

CATEX (CLIP) [11] NeurIPS’23 64.57 75.90 29.33 82.19
SCALE (RNet50) [18] ICLR’24 58.48 76.44 25.29 86.68
NAC-UE (RNet50) [19] ICLR’24 54.84 77.26 25.74 86.25
OTOD (RNet50) [16] ICASSP’25 56.51 73.90 30.57 83.81

Ours (CBAM+AML) (RNet50) 47.76 81.97 23.15 89.58

Table 4. OOD detection results on the MIDOG and
SpaceNet-8 datasets. For MIDOG, we report the average per-
formance across OOD subsets.

4.2. Evaluation on Real-World Domains

Standard OOD benchmarks often rely on semantic shifts be-
tween natural images (e.g., Dog vs. Truck). To assess ap-
plicability in specialized, safety-critical domains, we evalu-
ate our method on two real-world datasets: MIDOG [20] and
SpaceNet-8 [21]. MIDOG is a pathology dataset for mitosis
detection. We treat images from a specific acquisition center
as ID, while samples from different scanners, staining proto-
cols, or species are treated as OOD. SpaceNet-8 is a remote
sensing dataset. We designate non-flooded regions as ID and
flooded regions as OOD, testing the model’s ability to detect
environmental anomalies.

In these experiments, distinct from the CIFAR/ImageNet
evaluations, we extend our comparison to include CATEX
[11], a recent OOD detection method based on the CLIP
vision-language model. To adapt CATEX to these tasks, we
followed its original protocol by constructing domain-specific
textual prompts and finetuning the model to explicitly detect
visual patterns that deviate from the expected data distribu-
tion, such as unfamiliar cellular textures in MIDOG or unseen
terrain domains in SpaceNet-8. However, as reported in Ta-
ble 4, even with task-specific finetuning, this VLM-based
approach performs sub-optimally compared to ResNet-50
baselines. We attribute this degradation to the persistent se-
mantic gap: CLIP’s representations, pre-trained on internet-
scale natural images, are optimized for object-level semantics
rather than the fine-grained, repetitive textural cues required
for medical histology or aerial topography. In contrast, by
learning the intrinsic feature norms and angular distributions
of the specific ID domain (e.g., specific tissue textures), our
framework effectively identifies domain shifts, outperforming
baselines in these challenging real-world scenarios.

5. ABLATION STUDY

5.1. Sensitivity Analysis of Hyperparameters

We investigate the impact of two critical hyperparameters in
our framework: the balancing coefficient α in the AML scor-
ing function and the temperature scaling parameter τ . Table 5
summarizes the results. As indicated, the detection perfor-
mance remains consistently high across a broad range of α

Effect of α Effect of τ

α FPR AUC τ FPR AUC

0.0 17.50 96.55 1 14.41 97.20
0.1 15.51 96.70 2 14.29 97.32
0.2 14.41 97.20 5 10.60 97.94
0.3 14.43 97.16 6 10.68 97.16
0.4 14.90 97.06 10 11.66 97.71

Table 5. The effect of varying trade-off α and temperature τ
on OOD detection performance.

and τ , indicating that the proposed AML score is insensitive
to minor fluctuations in these hyperparameters.

CBAM Convolution Blocks

Block FPR AUC Block FPR AUC

NA 25.67 94.36 1 - 8 18.32 96.49
7 21.94 95.99 8 18.80 96.44
7,8 17.50 96.55 6,7,8 20.11 96.27

Table 6. Ablation study of CBAM applied to convolutional
blocks (1–8). “NA” indicates CBAM not applied.

5.2. Impact of Attention Placement Strategy

Table 6 compares the performance of integrating CBAM into
different stages of the backbone network. Our empirical re-
sults align with the hypothesis that attention should be applied
selectively. Inserting CBAM exclusively after the most dis-
criminative block (b⋆, Block 7) and its successors yields the
best OOD detection performance. This configuration refines
high-level semantic features where the separation between ID
and OOD is most distinct. In contrast, applying CBAM uni-
versally (Blocks 1-8) or to earlier layers leads to a notable
performance drop. We attribute this to feature dispersion: ap-
plying strong attention mechanisms to early layers interferes
with the extraction of low-level textures and edges, which dis-
rupts the foundational representations required for the final
feature norm calculation.

6. CONCLUSION

In this study, we addressed the fundamental limitations of
existing OOD detection methods, which typically rely on a
single modality of the latent representation. We proposed a
unified framework grounded in the polar decomposition of
feature space, introducing the angular-magnitude likelihood
to jointly evaluate semantic direction and activation intensity.
Complementing this scoring function, we developed an atten-
tion refinement strategy that selectively enhances discrimina-
tive blocks to purify feature norms. Extensive experiments on
standard benchmarks and real-world datasets demonstrate the
effectiveness of our method.
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