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Abstract

Out-of-distribution (OOD) detection is essential for the safe
deployment of machine learning models. While extensive
work has focused on designing effective scoring functions
for OOD detection, relatively few studies explore train-
ing neural networks with calibration-oriented objectives,
which often compromise predictive accuracy and restrict
the choice of scoring functions. In this work, we first iden-
tify feature collapse in Logit Normalization (LogitNorm),
and then propose a novel hyperparameter-free training for-
mulation that significantly improves a wide range of post-
hoc detection methods. Specifically, we introduce a fea-
ture distance-aware normalization objective, termed ELog-
itNorm, which enhances both OOD detection performance
and in-distribution (ID) confidence calibration. Extensive
experiments on standard benchmarks demonstrate that our
approach outperforms state-of-the-art training-time meth-
ods in OOD detection while preserving strong ID classifi-
cation performance. Our code is available at: https:
//github.com/limchaos/ElogitNorm.

1. Introduction

The reliability of learning-based systems is a cornerstone
for their successful deployment in safety critical and so-
cially impactful applications. Despite their remarkable per-
formance, deep networks often assume that the training and
test data share the same underlying distribution. In real
world scenarios, however, this assumption rarely holds true.
Models frequently encounter samples that differ from the
training distribution, leading to unreliable predictions and
degraded performance. Thus, a large body of research has
been dedicated to developing methods for solving this prob-
lem by means of out-of-distribution (OOD) detection [7, 8,
15, 17, 18, 23, 27, 28, 30, 42, 49, 51]. Many previous works
develop post-hoc OOD scoring methods using information
from the feature space, logit space, or probability space of
the trained model [15, 17, 27, 28]. Some approaches re-
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Figure 1. Effectiveness of ELogitNorm applied with 4 Baseline
OOD Methods. The OOD performance, as measured by AU-
ROC % (higher is better) and FPR95 % (lower is better). The
in-distribution dataset is CIFAR-10 and the scores have been
averaged over four far-OOD datasets in the OpenOOD bench-
mark [56].

quire access to training data statistics [17, 23, 48], while
others focus on reshaping feature representations to enhance
the separation between in-distribution (ID) and OOD fea-
tures [7, 41, 42, 51]. Most of these methods assume that the
classifier is trained solely with Cross-Entropy loss, yet their
performance remains suboptimal. To address these limi-
tations, several studies have proposed synthesizing outlier
features and images from ID features [8, 9, 30, 45, 49],
or reformulating classification as a deep metric learning
task [30]. While these approaches improve OOD detection
compared to post-hoc methods, they often rely on external
generative models such as Stable Diffusion [39], require
two-stage training [8, 9, 45], impose restrictions on OOD
scoring methods, or suffer from a trade-off between classi-
fication accuracy and OOD detection performance.

LogitNorm [49] dives into the training dynamics of cross-
entropy loss and enforces a normalization on the logit vec-
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tor to mitigate the overconfidence of predictions. How-
ever, it improves OOD performance as a compromise of
ID classification performance and limited post-hoc scor-
ing functions. In this work, we diagnose the limitations
of LogitNorm and reveal that the learned features tend to
collapse toward the origin while being compressed into a
few dominant directions. To address this issue, we intro-
duce a novel training objective that accounts for the dis-
tances to class-specific decision boundaries within Logit-
Norm. We refer to this approach as Extended Logit Nor-
malization (ELogitNorm) and demonstrate that it effec-
tively prevents feature collapse while improving OOD de-
tection performance. Moreover, models trained with our
proposed loss can be seamlessly integrated with most post-
hoc OOD scoring functions, whereas LogitNorm may ex-
hibit degraded OOD performance under certain post-hoc
scoring methods (see Fig. 3). In addition, our method
achieves better confidence calibration (see Tab. 4). It has
also been consistently observed that no single method dom-
inates across all benchmarks [56]. For instance, approaches
such as SCALE [51] perform strongly on ImageNet-1K but
struggle on CIFAR-10. As shown in Fig. 1, SCALE [51] is
outperformed by alternative methods. After applying cal-
ibrated training with our proposed ELogitNorm, all post-
hoc OOD detection methods cluster around a similar level
of OOD detection accuracy.

In summary, our approach offers several key contributions
and advantages:
• We identify a feature collapse phenomenon in Logit-

Norm, which restricts its applicability to a wider range
of post-hoc OOD scoring functions and leads to reduced
classification accuracy.

• ElogitNorm improves OOD detection performance
across diverse post-hoc OOD scoring methods. In con-
trast to existing training approaches, our method main-
tains classification accuracy while ensuring broader com-
patibility with various OOD scoring functions, cf. Fig. 5.

• The proposed method is simple, hyperparameter-free, and
consistently achieves superior OOD performance on both
near-OOD and far-OOD benchmarks. Moreover, it pro-
duces better-calibrated classifiers, as reflected by lower
expected calibration error (ECE) values, cf. Table 4.

2. Preliminaries
2.1. Out-of-distribution Detection
In image classification, ID samples are defined by a fixed
set of semantic categories YID with joint distribution DID,
where ∀(x, y) ∼ DID, y ∈ YID. In open-world scenarios,
additional unseen categories naturally emerge, forming the
OOD space DOOD. In this setting, OOD detection aims to
achieve two primary objectives [56]. The first is to develop
a discriminative model that accurately classifies ID samples

drawn from DID. The second objective is to construct a
confidence score S that effectively distinguishes between
ID and OOD samples. Formally, given an input sample x
and a neural network parametrized by θ, the OOD detection
is defined as follows:

x ∈

{
XID, if Sθ(x) ≥ λ

XOOD, if Sθ(x) < λ,
(1)

where λ is a predefined threshold, and Sθ(·) is an OOD
scoring function such as [15, 17, 27, 28].

2.2. Logit Normalization
Logit Normalization (LogitNorm) [49] is a technique used
to stabilize the output logits of a neural network by con-
straining their norm. In classification models, raw logits are
typically unbounded, which can lead to overconfident pre-
dictions and suboptimal generalization, particularly in the
presence of OOD samples. To address this, LogitNorm
ensures that the logits maintain a controlled magnitude,
improving robustness and calibration. Mathematically, let
f = f(x; θ) be the logit vector corresponding to an input x
and neural network f parametrized by θ. LogitNorm nor-
malizes the logits to produce a unit logit vector:

f̃ =
f

||f ||
, (2)

where ||f || denotes the ℓ2-norm of the logit vector. This
operation projects the logits onto a unit sphere, preventing
excessive scaling and enforcing a uniform logit distribution.
The corresponding loss function for LogitNorm is given by:

LLogitNorm(f(x; θ), y) = − log
efy/τ ||f ||∑c
i=1 e

fi/τ ||f ||
, (3)

where c is the number of classes, fy represents the logit
corresponding to the correct class, and τ is a temperature
hyperparameter. Replacing the standard cross-entropy ob-
jective, the LogitNorm training objective is optimizing:

min
θ

EPXYLLogitNorm(f(x; θ), y). (4)

3. Method: Extended Logit Normalization
In the following, we first identify two types of feature col-
lapse in LogitNorm, and then demonstrate that they can be
overcome by our proposed method.

Notation. To analyze the limitations of LogitNorm, we
consider the feature space of the classifier. To this end, let
f = W⊤z + b be the logits of a neural network classifier,
where W ∈ Rm×c is the weight matrix, z ∈ Rm is the
feature vector before the final layer, and b ∈ Rc is the bias
term.



(a) Singular value spectrum ΣID
cov (b) CIFAR-10 v.s. SVHN (c) ||f || v.s. ||z|| (d) D(z, b) v.s. ||z||

Figure 2. (a): The singular value spectrum (log scale for better visualization) of the covariance of training ID embedding z under different
training losses including Cross-Entropy, LogitNorm [49], and ELogitNorm (Ours). The ID data is CIFAR-10 trained on ResNet-18. (b):
We train a ResNet18 on CIFAR-10 and set feature z ∈ R2 before the last penultimate layer for visualization. (c) ||z|| and ||f || denote
the feature norm and logit norm, respectively. (d): Distance to origin ||z|| and distance to decision boundary D(z, b), where b is the
corresponding decision boundary.

3.1. Motivating Observation
Although LogitNorm aims to mitigate overconfidence by
enforcing normalization on logits f during training, we find
that it inadvertently induces feature dimension collapse. In
addition, even when trained solely with cross-entropy loss,
OOD feature representations tend to cluster near the origin
rather than being distributed across other low-likelihood re-
gions (e.g. decision boundaries). We summarize these find-
ings through two key observations:

(a) Dimensional collapse. As illustrated in Fig. 2a, the
singular value spectrum of the learned features under Log-
itNorm exhibits several small singular values approaching
zero, indicating a collapse of feature variance along many
dimensions. This suggests that LogitNorm may cause a po-
tential loss of representational information, as features be-
come concentrated in a few dominant directions. Such re-
duction in the effective feature dimensionality not only lim-
its the expressiveness of the learned representation, but may
also hinder downstream tasks that rely on rich feature di-
versity [19]. In extreme cases, the network may overfit to
a low-dimensional subspace, making it less robust to vari-
ations in the input and less capable of separating complex
decision boundaries.

(b) Origin collapse. We further observe that OOD data
tend to reside closer to the origin in the feature space com-
pared to ID data, implying that neural networks inherently
produce lower-norm embeddings for OOD samples. To
confirm this, we train a classifier with a feature dimension-
ality of m = 2, i.e. z ∈ R2, to allow direct visualization. We
prefer this approach over non-linear dimensionality reduc-
tion methods such as t-SNE [47] or UMAP [29], which are
highly sensitive to hyperparameters and often difficult to in-

terpret. As shown in Fig. 2b, when CIFAR-10 is used as the
ID dataset and SVHN as the OOD dataset, the OOD sam-
ples are observed to collapse near the origin. We demon-
strate how LogitNorm encourage this types of collapse in
Section 3.2.

3.2. LogitNorm Further Encourages Collapse
Building on the observations from the previous section,
we aim to analyze the collapsing behavior of LogitNorm
through its normalization factor, τ ||f ||, in Eq. (3). To this
end, we examine the phenomenon in the feature space,
z ∈ Rm, rather than directly normalizing the logits f . This
is justified by the proportional relationship between ||f ||
and ||z||, indicating that normalization in logit space cor-
responds to an equivalent operation in the feature space.

Proposition 1. The norm of the logits ||f || is approximately
proportional to the feature norm ||z||, up to an additive
noise term, such that ||f || ≈ σ̄||z|| + η, where σ̄ is the
weighted mean of the singular values. More formally, the
following bound holds:

σmin||z|| − ||b|| ≤ ||f || ≤ σmax||z||+ ||b||,

where σmin and σmax denote the smallest and largest sin-
gular values of the weight matrix W, respectively.

The proof of Proposition 1 is provided in Appendix A. It
shows that the LogitNorm objective can be approximated
as,

LLogitNorm(f(x; θ), y) ≈ − log
efy/τ̂ ||z||∑c
i=1 e

fi/τ̂ ||z||
, (5)

where τ̂ is a new hyperparameter. We evaluate the pro-
portionality between ||f || and ||z|| through experiments on



ImageNet-1K, ImageNet-200, CIFAR-100, and CIFAR-10
using ResNet18 and ResNet50. Empirical results show that
the norm ||b|| lies within the range [0.05, 0.35], and the rel-
ative magnitude ||b||

σmax
remains around 2%–4%. This indi-

cates that the additive term ||b|| introduces only a marginal
shift in ||f ||, with the observed proportionality primarily
governed by singular values, confirming the tightness of the
bound. As shown in Fig. 2c, there exists a proportional rela-
tionship between ||f || and ||z||. ||z|| represents the distance
to the origin, which implies that LogitNorm implicitly en-
forces the network based on feature distance from the ori-
gin, thereby encouraging feature collapse toward the origin.

3.3. Extended Logit Normalization
We have empirically and theoretically shown that Logit-
Norm implicitly constrains feature representations based on
their distance from the origin ||z||, which can lead to fea-
ture collapse. Alternatively, this notion of distance can be
generalized from the origin to the decision boundaries. In-
tuitively, samples closer to a boundary exhibit higher uncer-
tainty, while those farther away are classified with greater
confidence. Therefore, a well-calibrated feature representa-
tion should capture each sample’s proximity to the decision
boundaries rather than collapsing toward the origin.
To this end, we replace the scaling factor based on the dis-
tance to a singular point (the origin) with one based on the
distance to the decision boundaries, introducing a new scal-
ing mechanism. This extends LogitNorm into a more gen-
eral formulation, which we refer to as ELogitNorm. Let
fmax denote the index of the maximum entry in the logit
vector W⊤z+ b, defined as:

fmax = arg max
i∈{1,...,c}

(
W⊤z+ b

)
i
. (6)

Then, the average distance to decision boundaries for a
given feature vector z, whose predicted class corresponds
to fmax, is defined as a point to a plane equation:

D(z) :=
1

c− 1

c∑
i̸=fmax

∣∣(wfmax −wi)
T z+ (bfmax − bi)

∣∣
∥wfmax −wi∥2

,

(7)
where fmax is the predicted class index, and the summa-
tion excludes the term corresponding to fmax. We replace
the scaling factor in Eq. (3) with s = D(z), leading to our
training objective:

LELogitNorm(f(x; θ), y) = − log
efy/D(z)∑k
i=1 e

fi/D(z)
. (8)

LogitNorm implicitly uses ||z|| as a proxy for margin, we
replace it with the actual multi-class margin, computed via
average point-to-plane distances to all competing classes.

Proposition 2. (Dimension of Minimum Scaling Fac-
tor Space) If m ≥ c − 1, the minimum distance to
decision boundaries Dmin(z) = 0 is attained when
z ∈

⋂
i̸=fmax

Hi fmax
, where Hi fmax

denotes the deci-
sion boundary between the predicted class fmax and class
i. This intersection forms an affine subspace of dimension
m− c+ 1.

From Proposition 2 (see proof in Appendix B), the mini-
mum scaling factor space in ELogitNorm exhibits a sub-
stantially higher dimensionality compared to that of Log-
itNorm. For instance, in a ResNet-18 model trained on
CIFAR-10, where the feature dimension is m = 512 and the
number of classes is c = 10, the resulting affine subspace
has a dimension of 503. In contrast, LogitNorm enforces a
minimum norm constraint ||z||min = 0, which corresponds
to a singular point at the origin. Since the minimum scaling
factor space represents the optimal region for neural net-
work optimization, our method effectively prevents collapse
to a singular point. As illustrated in Fig. 2a, the singular
value spectrum in ELogitNorm is more evenly distributed,
avoiding the dominance of a few singular vectors. Further-
more, as demonstrated in Section 4 and Fig. 3, our pro-
posed hyperparameter-free ELogitNorm consistently im-
proves multiple post-hoc OOD scoring methods, whereas
LogitNorm often underperforms or fails to generalize ef-
fectively.

4. Experiments

In this section, we describe the experimental setup in detail
and evaluate our method on several standard benchmarks,
including small-scale OOD benchmarks (i.e. CIFAR-10
and CIFAR-100), and a large-scale OOD benchmark (i.e.
ImageNet-200 and ImageNet-1k). We closely follow the
OpenOOD evaluation1 [56]. All experiments are repeated
three times with different random seeds, and we report
the average performance. We run our experiments on an
NVIDIA A100.

4.1. Experiment settings
Benchmark. We evaluate ELogitNorm using OpenOOD
[56], which includes four vision benchmarks: CIFAR-10
[22], CIFAR-100 [22], ImageNet-200 [40], and ImageNet-
1k [40] for training-based OOD detection methods. Each
benchmark consists of an in-distribution dataset DID and
multiple out-of-distribution (OOD) datasets DOOD, further
categorized into Near-OOD and Far-OOD datasets. The
distinction between ”near” and ”far” is based on the simi-
larity of OOD samples to ID samples, with Near-OOD sam-
ples posing a greater challenge for separation. OpenOOD
also provides pre-trained model checkpoints for CIFAR-10,

1The codebase is: https://github.com/Jingkang50/OpenOOD

https://github.com/Jingkang50/OpenOOD


Table 1. Per-Dataset Performance of OOD Detection Methods and Their ELogitNorm-Enhanced Variants (denoted with ∗). The image
encoder is ResNet18. The ID dataset is CIFAR-10. Blue indicates improvement, and orange indicates degradation.

Method CIFAR-100 TIN Near-OOD MNIST SVHN Textures Places365 Far-OOD
AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR

MSP [15] 87.19 53.08 88.87 43.27 88.03 48.17 92.63 23.64 91.46 25.82 89.89 34.96 88.92 42.47 90.73 31.72
MSP* 91.05 33.27 93.77 23.99 92.89 (↑4.86) 26.49(↓21.68) 99.12 3.96 98.31 7.66 94.61 23.21 94.22 22.81 96.68 (↑5.95) 13.73 (↓17.99)

ReAct [42] 85.93 67.40 88.29 59.71 87.11 63.56 92.81 33.77 89.12 50.23 89.38 51.42 90.35 44.20 90.42 44.90
ReAct* 90.79 33.97 93.83 23.74 92.31 (↑5.20) 28.86 (↓34.70) 99.44 2.53 98.45 7.13 94.79 22.77 94.43 22.54 96.78 (↑6.36) 13.74 (↓31.16)

KNN [43] 89.73 37.64 91.56 30.37 90.64 34.01 94.26 20.05 92.67 22.60 93.16 24.06 91.77 30.38 92.96 24.27
KNN* 90.96 33.23 93.29 25.88 92.56 (↑1.92) 28.06 (↓5.95) 98.53 7.20 97.81 11.44 95.74 19.82 93.96 24.07 96.60 (↑3.64) 15.19 (↓9.08)

GEN [28] 87.21 58.75 89.20 48.59 88.20 53.67 93.83 23.00 91.97 28.14 90.14 40.74 89.46 47.03 91.35 34.73
GEN* 90.96 33.58 93.88 23.83 92.42 (↑4.22) 28.70 (↓24.97) 99.41 2.74 98.41 7.29 94.67 23.48 94.44 22.50 96.73 (↑5.38) 14.00 (↓20.73)

fDBD [26] 89.56 39.61 91.65 30.57 90.61 35.09 94.71 19.33 92.93 22.50 93.13 24.35 92.01 29.15 93.19 23.84
fDBD* 90.31 36.28 93.44 24.72 91.87 (↑1.26) 30.50 (↓4.59) 99.28 3.31 98.67 6.05 95.78 17.93 93.94 23.23 96.92 (↑3.73) 12.63 (↓11.21)

SCALE [51] 81.27 81.78 83.98 78.87 82.62 80.32 90.58 48.69 84.91 70.17 83.93 80.54 86.41 70.57 86.46 67.49
SCALE* 90.86 34.17 93.86 23.75 92.36 (↑9.74) 28.96 (↓51.36) 99.54 2.09 98.78 5.79 95.23 21.63 94.19 23.22 96.94 (↑10.48) 13.18 (↓54.31)

Method SSB-hard NINCO Near-OOD iNaturalist Textures OpenImage-O Far-OOD
AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR

Cross-Entropy 72.09 74.49 79.95 56.88 76.02 65.68 88.41 43.34 82.43 60.87 84.86 50.13 85.23 51.45
LogitNorm [49] 67.50 82.08 81.73 55.04 74.62 68.56 94.57 20.75 89.30 40.82 90.75 32.38 91.54 31.32
ELogitNorm 70.52 76.85 83.24 52.22 76.88 64.54 96.15 16.56 91.46 36.58 91.97 30.07 93.19 27.74

Table 2. Per-Dataset Performance of OOD Detection Training Methods including Cross-Entropy, LogitNorm [49], and ELogitNorm
(Ours). The image encoders is ResNet50. The ID dataset is ImageNet1K. MSP [15] is used for OOD score.

CIFAR-100, ImageNet-200, and ImageNet-1k trained us-
ing standard Cross-Entropy loss. We primarily evaluate the
improvements achieved by our training method over Cross-
Entropy, while also comparing against alternative train-
ing methods under the same fixed post-hoc detection tech-
niques.

Metric. We employ two conventional metrics to evalu-
ate OOD detection performance. The first is a threshold-
independent metric: Area Under the Receiver Operating
Characteristic Curve (AUROC), where higher percentages
indicate better performance. The second metric is the False
Positive Rate at 95% True Positive Rate (FPR95), where
lower percentages reflect better performance.

Implementation Details. We train ResNet-18 on CIFAR-
10/100 for 100 epochs and on ImageNet-200 for 90 epochs
using SGD with momentum 0.9, weight decay 5 × 10−4,
batch size 128, and an initial learning rate of 0.1 with stan-
dard scheduling. For ImageNet-1K, we finetune a ResNet-
50 for 30 epochs with a learning rate of 0.001. Our method
is hyperparameter-free and adds only minimal computa-
tional overhead, with an efficient implementation that scales
well even for large numbers of classes c = 1000 (see Ap-
pendix).

4.2. Main results
In this section, we demonstrate the effectiveness of our
method from three perspectives: (a) OOD detection, where
we evaluate its ability to enhance post-hoc methods and

compare it with other training-based approaches, (b) model
calibration, measured by the expected calibration error and
(c) in-distribution data classification accuracy.

ELogitNorm enhances post-hoc OOD detection. The
baseline post-hoc methods include OOD scoring techniques
such as MSP [15], GEN [28], KNN [43], ReAct [42] and
SCALE [51]. Table 1 demonstrates that ELogitNorm sig-
nificantly improves OOD detection performance in both
AUROC and FPR95 across all methods. A notable obser-
vation is that ELogitNorm leads to substantial improve-
ments in far-OOD detection compared to near-OOD detec-
tion. For instance, in SCALE [51], the AUROC for far-
OOD datasets improves by +10.48%, while the FPR95 is
reduced by 54.31%. This pattern is consistent across other
methods, where enhancements are more pronounced in far-
OOD scenarios. Results for CIFAR-100 and ImageNet-200
show that the improvements are particularly noticeable in
far-OOD datasets and MSP [15] shows minor performance
trade-offs on some near-OOD datasets, details can be found
in the supplementary material.

ELogitNorm enables better enhancement than Logit-
Norm and alternatives. As shown in Table 2, ELogit-
Norm consistently improves OOD detection on ImageNet-
1K, with especially strong gains in far-OOD (FPR95 re-
duced from 51.45% to 27.74%), exceeding the improve-
ment of LogitNorm. For near-OOD, ELogitNorm remains
stable even when LogitNorm degrades. Similar trends ap-
pear on CIFAR-10/100, where both methods offer improve-



Figure 3. Average far-OOD and near-OOD performance with 4 post-hoc methods MSP [15], ReAct [42], GEN [28] and SCALE [51].
ResNet18 are trained by Cross-Entropy, LogitNorm [49], and ELogitNorm (Ours), respectively. ID data are CIFAR-10 and CIFAR-100.

(a) CIFAR-10, near-OOD (b) CIFAR-10, far-OOD (c) CIFAR-100, near-OOD (d) CIFAR-100, far-OOD

Method

CIFAR10 CIFAR100 ImageNet-200

Method Near-OOD Far-OOD Near-OOD Far-OOD Near-OOD Far-OOD
AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR AUROC FPR

MSP [15]

Cross-Entropy 88.03 48.17 90.73 31.72 80.27 54.80 77.76 58.70 83.34 54.82 90.13 35.43
LogitNorm [49] 92.33 29.34 96.74 13.81 78.47 62.89 81.53 53.61 82.66 56.46 93.04 26.11
ELogitNorm (Our) 92.89 26.49 96.68 13.73 79.68 59.48 84.51 46.86 83.06 54.99 93.58 25.08

KNN [43]

Cross-Entropy 90.64 34.01 92.96 24.27 80.18 61.22 82.40 53.65 81.57 60.18 93.16 27.27
CIDER [31] 90.71 32.11 94.71 20.72 73.10 72.02 80.49 54.22 80.58 60.10 90.66 30.17
NPOS [45] 89.78 32.64 94.07 20.59 78.35 63.35 82.29 51.13 84.37 62.09 94.83 21.76
ELogitNorm (Our) 92.56 28.06 96.60 15.19 80.12 58.10 82.84 54.23 82.73 56.65 96.08 18.04

Table 3. Far-OOD and near-OOD performance from different training methods with fixed OOD scoring function. The image encoders is
ResNet18. The ID datasets are CIFAR-10, CIFAR-100, and ImageNet-200. KNN [43] and MSP [15] used as post-hoc methods.

ments, but ELogitNorm delivers stronger and more reli-
able performance, avoiding the severe degradation Logit-
Norm encounters when combined with ReAct [42] (Sec-
tion 3). Results on ImageNet-200 further confirm this ro-
bustness. As summarized in Table 2 and Fig. 3, ELog-
itNorm provides broader compatibility and stronger over-
all enhancement across post-hoc methods. When com-
paring with other training-based approaches under fixed
post-hoc scoring (MSP [15], KNN [43]; Table 3), ELogit-
Norm again achieves superior results. Despite CIDER [31]
and NPOS [45] being designed for KNN [43], our method
attains higher performance—for example, an AUROC of
96.08 on ImageNet-200, surpassing CIDER [31] (90.66)
and NPOS [45] (94.83). Although minor drops on near-
OOD are observed, such degradation is common for all
training-time methods [56]. Notably, ELogitNorm main-
tains more stable near-OOD performance than alternatives,
representing a modest but meaningful step toward narrow-
ing this long-standing performance gap.

Calibration performance. Expected calibration error
(ECE) is a standard and widely adopted metric for quanti-
fying confidence calibration in multi-class classifiers. Ta-
ble 4 reports ECE under various training objectives and
logit-scaling strategies, allowing a controlled and compre-

Method f f
τ ||f ||

f
D(z)

Cross-Entropy 3.3 4.8 23.3
LogitNorm [49] 58.7 4.1 52.3
ELogitNorm (Ours) 26.7 4.7 1.8

Table 4. Expected Calibration Error (ECE) (%). The binning size
is set to be 15. The model is ResNet18 trained on CIFAR-10.

hensive comparison. We consider three forms of scaled
logits: the raw prediction vector f , the normalized logits

f
τ∥f∥ derived from LogitNorm with a learned temperature τ ,
and the boundary-aware scaling f

D(z) , where D(z) mea-
sures the average distance from input z to nearby decision
boundaries. This setup highlights how calibration quality
depends jointly on the training loss and the normalization
applied at inference. For instance, cross-entropy achieves
its best calibration performance when evaluated with un-
scaled logits, while LogitNorm attains its lowest ECE when
logits are normalized by the product of the learned tem-
perature and their magnitude. Across all settings, however,
our method demonstrates consistently superior calibration,
achieving the lowest ECE regardless of the loss function
or scaling strategy, thereby indicating improved robustness
and stability in calibration performance.



Figure 4. Validation accuracy during training. ResNet18 trained
on ImageNet-200 over 200 training epochs. The proposed ELog-
itNorm (Ours) achieves a stable training curve compared to Logit-
Norm [49], while maintaining competitive final accuracy as Cross-
Entropy.

Method CIFAR-10 CIFAR-100 ImageNet200

100 Epochs / 90 Epoch for ImageNet200

Cross-Entropy 95.06 77.25 86.37
LogitNorm [49] 94.30 76.34 86.04
ELogitNorm (Ours) 94.47 76.67 86.39

200 Epochs

Cross-Entropy 95.10 77.47 86.58
LogitNorm [49] 94.83 76.06 86.41
ELogitNorm (Ours) 95.11 77.37 87.12

Table 5. ID Accuracy. Comparison of Cross-Entropy, Logit-
Norm [49] and ELogitNorm (Ours) on CIFAR-10, CIFAR-100
and ImageNet-200 datasets.

Classification accuracy. A reliable classifier should not
only detect OOD samples but also maintain strong ID per-
formance. Table 5 reports accuracy on CIFAR-10, CIFAR-
100, and ImageNet-200. The model trained with Log-
itNorm shows a clear degradation in accuracy compared
to the standard cross-entropy baseline across all datasets.
In contrast, ELogitNorm attains the highest accuracy on
CIFAR-10 and ImageNet-200. As illustrated in Fig. 4, Log-
itNorm also displays unstable training behavior and inferior
classification performance relative to the other two meth-
ods. Additional results for the remaining datasets are pro-
vided in the Appendix.

5. Discussion

Distance Awareness. Distance awareness has been exten-
sively studied in OOD detection. KNN [43] estimates OOD
likelihood based on the distance to the nearest neighbor,
while fDBD [26], closely related to our approach, assumes
that OOD samples lie near decision boundaries and designs
its scoring function accordingly. CIDER [31] also incorpo-
rates distance awareness by optimizing feature representa-
tions to maximize inter-class separation and enforce intra-
class compactness. Inspired by these approaches, we extend
the formulation of LogitNorm by incorporating distances to
decision boundaries, leading to our proposed method, EL-
ogitNorm. By amplifying distance awareness during train-
ing, ELogitNorm significantly enhances distance-based
OOD scoring techniques such as KNN [43] and fDBD [26].
This perspective opens a broader direction for refining fea-
ture representations through alternative distance metrics to
further improve OOD detection. By examining the relation-
ship between ID and OOD data in the classifier’s represen-
tation space, we advocate for a deeper understanding of rep-
resentation geometry and distance-based separation within
learned feature spaces.

Adaptive temperature scaling Temperature scaling [13]
applies a fixed scaling factor to all logits, whereas both
LogitNorm and ELogitNorm adopt an adaptive temperature
scaling mechanism, where the scaling factor varies for each
sample. We define this adaptive scaling in a general form:

Ls(f(x; θ), y) = − log
efy/s∑c
i=1 e

fi/s
, (9)

where s = τ ||f || in Eq. (3) and s = D(z) in Eq. (8). The
training of both objectives can thus be interpreted as a form
of dynamic calibration governed by the sample-dependent
scaling factor s. Notably, in LogitNorm, s = τ ||f || depends
solely on the logits f , whereas in ELogitNorm, s = D(z) in-
corporates information from the feature space. This allows
ELogitNorm to achieve better calibration by explicitly ac-
counting for each sample’s relative position within the fea-
ture space. By aligning scaling with decision boundaries,
ELogitNorm improves OOD separation while preserving
strong ID discrimination. This is closely related to uncer-
tainty estimation, where confidence scores should reflect
epistemic uncertainty. Moreover, the definition of adaptive
temperature scaling s suggests alternative strategies for fur-
ther improving OOD detection and confidence calibration,
potentially through uncertainty-aware representations [33].

6. Related work

OOD Detection OOD detection has been extensively
studied from three perspectives: 1) designing OOD scor-
ing functions using information available at different stages
of a pre-trained classifier. Maximum softmax probabil-
ity (MSP) [15] and GEN [28] operate in the probabil-
ity space (i.e., after the Softmax layer). Max-Logit [17],
energy score [27], and NN-guide [35] utilize informa-
tion from logits. Other methods operate in the feature



space and commonly require access to training data statis-
tics [1, 2, 6, 17, 21, 26], which restricts their applicability.
ViM [48] combines information from both feature and logit
spaces. 2) reshaping the extracted features to enhance OOD
performance. These methods typically work in a post-hoc
manner and do not interfere with training [7, 25, 41, 42, 51].
In particular, ReAct [42] observes that OOD features tend
to have unusually large activations in the feature space
(i.e., features extracted before the penultimate layer). To
bring activations into a “normal” range, ReAct clips fea-
tures whose magnitude exceeds the p-th percentile esti-
mated on ID data. ASH [7] and SCALE [51] apply sim-
ilar rescaling strategies to penultimate-layer features, and
both require training data statistics to set the rescaling fac-
tor. ASH only rescales a specified portion of the features,
whereas SCALE does not. SCALE can also be incorporated
during training, but shows limited performance on small-
scale OOD benchmarks, as in Fig. 1. Our method not only
improves baseline OOD scoring methods, but also further
boosts enhancement methods. 3) new training objectives.
Such methods either add a regularization loss to the cross-
entropy loss [8, 9, 16, 44] or reformulate the problem as
a deep metric learning problem [30, 45]. The regulariza-
tion loss often relies on real OOD samples [16] or synthe-
sized OOD samples/features [8, 9]. However, these meth-
ods commonly involve multiple training stages or additional
hyperparameters [37, 38], which makes them less favorable
in practice. Our method falls into this category and is com-
pletely hyperparameter-free. Compared to LogitNorm [49],
our method does not require a held-out dataset to select a
proper temperature value. Moreover, it works well with a
wide range of OOD scoring methods, including MSP [15],
KNN [43], GEN [28], and fDBD [26], as well as enhance-
ment methods such as ReAct [42] and SCALE [51]. Feature
normalization has also been explored as a post-hoc strategy
in [34, 52]. Beyond these approaches, several works address
broader problems such as OOD generalization and detec-
tion, including Scone [4], AHA [5], and InfoBound [57].

Confidence Calibration Modern neural networks trained
with trained with cross-entropy loss are prone to be over-
confident [12]. Later work [50] empirically shows that
models tend to be under-confident for lower proximity sam-
ples and over-confident for higher proximity samples. To
mitigate the issue of miscalibration, there are roughly two
types of methods consisting of 1) post hoc methods and
2) training loss modification. Post hoc methods includes
parameterized temperature scaling [46], Mix-n-Match [55]
and binning-based methods such as classic histogram bin-
ning [53], mutual information maximization-based bin-
ning [36], and isotonic regression [54]. Another line of
work requires training with additional loss such as [37] and
logit-norm [49].

Feature collapse. Feature collapse occurs when learned
representations degenerate into a low-diversity, low-rank
subspace that fails to distinguish samples from different
classes. In self-supervised learning, [19] showed that
whitening batch normalization can mitigate collapse. [20]
provided a theoretical analysis of dimensional collapse in
contrastive methods, and several subsequent works linked
this phenomenon to performance degradation [10, 11, 14,
24]. Related issues also arise in generative modeling:
GANs are well known to exhibit mode collapse [3, 32], and
vector-quantized models can similarly suffer from feature
collapse that reduces generative quality [58]. Overall, pre-
venting collapse requires balancing representation compact-
ness and expressiveness so that embeddings retain mean-
ingful semantic structure rather than converging to trivial
solutions. This balance is also critical for OOD detection,
where overly uniform or over-regularized features reduce
inter-class separation and degrade sensitivity.

7. Conclusion

In this paper, we introduced ELogitNorm, a generalized
and hyperparameter-free extension of LogitNorm that lever-
ages distances to decision boundaries in the feature space of
neural network classifiers. Our approach effectively miti-
gates the feature collapse issue inherent in LogitNorm, lead-
ing to improved OOD detection, better confidence calibra-
tion, and preserved classification accuracy. Extensive ex-
periments demonstrate that ELogitNorm consistently en-
hances the OOD detection capability of post-hoc meth-
ods and achieves superior performance compared to prior
training-based approaches, particularly on far-OOD bench-
marks. While the improvements on near-OOD settings are
more modest, the results remain robust and stable across ar-
chitectures and datasets. Beyond performance gains, this
work underscores the importance of understanding the geo-
metric structure of feature representations in deep networks.
We hope that ELogitNorm will serve as a foundation for fu-
ture research exploring boundary-aware calibration, adap-
tive scaling mechanisms, and more principled ways to align
feature geometry for reliable open-world recognition.
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