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Abstract

Out-of-distribution (OOD) detection is essential for deploying machine learning models in open-world and safety-critical scenarios, where test
inputs may deviate from the training distribution and overconfident predictions on unknown samples can lead to unreliable decisions. Outlier
Exposure (OE) has emerged as a promising OOD detection paradigm by introducing auxiliary outliers during training to enlarge the margin
between in-distribution (ID) and OOD samples. Existing OE-based methods typically enlarge this margin by employing uniform labels to
maximize the entropy of OOD samples over ID categories. However, we theoretically show that uniform labels inevitably disregard the relations
between OOD samples and ID categories, termed the over-softening effect, leading to a suboptimal margin bound. Our theoretical analysis
further reveals that explicitly exploiting such relations can instead yield improved OOD detection performance. Motivated by this insight,
we propose Adaptive Confidence OE (AOE), a simple yet effective method that leverages temperature scaling to recalibrate outlier labels.
Specifically, AOE generates adaptive soft targets from temperature-scaled model predictions for OOD samples, where the learnable temperature
smooths the prediction distribution without fully erasing class-wise relational information. By supervising OOD samples with these adaptive
soft targets, AOE preserves the semantic proximity between OOD samples and ID categories while encouraging the softened targets to approach
a high-entropy distribution, thereby suppressing overconfident OOD predictions and enlarging the separation margin. Extensive experiments
across diverse benchmarks demonstrate the effectiveness of AOE. Compared with OE, AOE consistently lowers FPR95 by 2.40% and 2.51%
on CIFAR-10, 0.64% and 9.11% on CIFAR-100, and 2.02% and 2.10% on ImageNet-200 under near-OOD and far-OOD settings, respectively.
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N 1 Introduction auxiliary data, outlier exposure (OE)-based methods [5, 14, 15], e.g.

Machine learning models are typically predicated on the assumption ~ OE [14] and DOE[5], facilitate the learning of more robust and general-

that the test distribution coincides with that of the training distribu- izable decision boundaries. Among existing OOD detection methods,

tion. However, this assumption often fails in real-world settings, where OE-based methods stand out as the most effective approach and con-
sistently achieve superior performance as it leverages surrogate OOD
samples during training to help the model distinguish between ID and

OOD distributions.

models are exposed to out-of-distribution (OOD) samples and sufter
significant performance degradation, particularly in safety-critical ap-
plications [1-4]. To address this challenge, OOD detection [1,5,5-7]
has emerged as an effective solution. It aims to accurately recognize Despite the effectiveness of OE-based methods, they inevitably

in-distribution (ID) samples while identifying OOD samples [8-10].  gisregard the relations of OOD samples with respect to different ID

Pioneering works like MSP [1] and Energy [7] are designed to de-
velop score functions that can effectively distinguish OOD samples
from ID data.
impose a significant constraint on their adaptability and overall per-

Nevertheless, the fixed parameters of these models

formance. To tackle this issue, a variety of training-time regulariza-
tion methods [11-13] such as LogitNorm [12] have been introduced.
Training-time regularization methods aim to modify learning strategies
so as to enhance the discriminative capacity of learned representations
for improved OOD detection. Meanwhile, with the aid of additional

categories, which degrades OOD detection performance. We use a toy
experiment to illustrate this issue. As shown in Fig. 1(a), where ID
categories comprise cat, dog, and truck, while the OOD category is the
school bus. To enlarge the margin between ID and OOD samples, OE-
based methods assign uniform labels to OOD samples [14, 16], which
inevitably gives rise to an over-softening effect, resulting in nearly uni-
form distances between the model predictions of OOD samples and
those of different ID samples. In particular, OOD samples maintain a
smaller distance to semantically irrelevant categories (e.g., Cat) than
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Fig. 1 (a) z-SNE visualization comparing the baseline (uniform labels) and our method
(preserving relations) for the OOD category and ID categories. Compared with the
baseline, our method exhibits a larger separation margin between ID and OOD samples.
(b) The over-softening effect is consistently observed on CIFAR-10, CIFAR-100, and
ImageNet, where our method leads to improved OOD detection performance.

to the most relevant one (e.g., Truck), as shown in Fig. 1(a) (left).
Meanwhile, as shown in Theorem 1, disregarding such relations leads
to a suboptimal separation bound, thereby degrading OOD detection
performance. Intuitively, OOD samples often contain semantic infor-
mation with certain ID categories [17-19]. A desirable model behavior
is therefore to maintain relatively lower distance to the most seman-
tically similar ID category compared with others [12]. Theorem 2
further shows that preserving relations mitigates the over-softening ef-
fect, as shown in Fig. 1(a) (right) and improves OOD detection, which
is also observed empirically in Fig. 1(b).

Building on this insight, we propose Adaptive Confidence OE
(AOE), a simple yet effective method that adaptively refines outlier
labels via temperature scaling. Specifically, AOE employs a learnable
temperature to smooth the model predictions for OOD samples and
uses the resulting soft targets to supervise OOD training, thereby pre-
serving the relations between OOD samples and ID categories; mean-
while, optimizing the temperature drives these smoothed targets toward
a high-entropy distribution. To ensure robust convergence, AOE sup-
ports both joint optimization of model parameters and temperatures,
as well as an alternating optimization strategy that decouples their
respective update dynamics.
benchmarks demonstrate that AOE consistently outperforms existing

Extensive experiments across diverse

state-of-the-art methods and can be seamlessly integrated with them.
The contributions of this work are summarized as follows:

* We provide a theoretical analysis showing that the commonly
used uniform labeling strategy in OE induces an over-softening
effect, which overlooks the intrinsic relationships between OOD
samples and ID categories, leading to a suboptimal separation
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margin. We further demonstrate that introducing a temperature
parameter T can effectively alleviate this issue.

* Motivated by this analysis, we propose AOE, a simple yet ef-
fective method that recalibrates outlier labels via temperature
scaling. By leveraging temperature-scaled model predictions
as soft targets, AOE preserves semantic relationships with ID
classes while promoting high-entropy distributions, thereby im-
proving margin separation.

* We conduct extensive experiments on multiple OOD detec-
tion benchmarks, demonstrating that AOE consistently improve-
ments over corresponding OE-based methods and achieves ro-
bust gains across diverse datasets and model architectures.

H 2 Related Work
2.1 OOD Detection
OOD detection plays a vital role in open-world machine learning by
accurately classifying ID samples while identifying OOD samples [1,
20]. Early post-hoc OOD detection methods [21,22] primarily focus on
designing discriminative scoring functions to separate OOD samples at
inference time. In contrast, training-time regularization methods [12,
23-26] aim to improve OOD detection by designing training strategies
that encourage the learning of more discriminative representations.
Unlike the aforementioned methods, OE-based methods [14] in-
corporate realistic outliers into OOD detection models to enhance
the robustness of decision boundaries. OE encourages OOD samples
to exhibit a more uniform response during training, thereby reduc-
ing model overconfidence [14]. Building on this idea, MixOE [27]
leverages MixUp between ID and OOD samples to synthesize more
diverse OOD samples. DOE [5] further enhances robustness by gen-
erating hard OOD samples through model-driven transformations, en-
abling more reliable detection. DAL [16] synthesizes OOD samples by
searching for the worst case within a Wasserstein ball around the OOD
distribution, thereby reducing distribution discrepancy. OCL [28] ex-
plicitly assigns OOD samples to an additional (K +1)-th outlier class.
By introducing outliers during training, these methods significantly
improve OOD detection performance. However, these methods typ-
ically supervise OOD samples with uniform labels, which inevitably
leads to the over-softening effect.

2.2 Temperature Scaling

Since the temperature coefficient controls the sharpness of the softmax
output distribution, temperature scaling [29-31] has attracted signifi-
cant attention. As a post-processing calibration technique, temperature
scaling is first popularized for model calibration [29]. Temperature
scaling [29] proposes an effective method to rescale the logits using a
shared temperature parameter. T-CIL [32] optimizes the temperature
by minimizing the calibration loss on adversarially perturbed samples,
where perturbations are guided by feature-space distances. Addition-
ally, temperature scaling has been widely applied in knowledge distil-
lation [30] and contrastive learning [33]. Inspired by these practices,
we incorporate temperature scaling to recalibrate outlier labels.
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Table 1 Frequently used notations and their mathematical meanings.

Notation Meaning
X Input space.
Y ={y1,.--, Yk} Label set of K ID categories.
Dip, Doop ID and OOD distributions.
Xi» Xo ID and OOD samples.
f(;0) Classification model with parameters 6.
s(+) Softmax function.

S(x;8) OOD confidence score.

A(O) Separation margin between ID and OOD samples.

U Uniform distribution over ID categories.
m(f(x;0)) Prediction difference between the top two logits.
Uiy Ho» V2 Statistics of ID/OOD prediction differences.
T Learnable temperature for outlier-label recalibration.
qr = s(f(x0;0)/T) Temperature-scaled outlier target.

B 3 Methodology

In this section, we first introduce the preliminaries of OOD detection.
We then provide a theoretical analysis showing that uniform outlier
labels cause the over-softening effect and lead to a suboptimal separa-
tion margin. Motivated by this, we propose Adaptive Confidence OE
to recalibrate outlier labels via temperature scaling, followed by the
optimization strategy and its extension to different OE-based methods.
The frequently used notations are summarized in Table 1.

3.1 Preliminary
, Yk } the label set of K
classes. The goal of OOD detection is to determine whether a sample

Let X denote the input space and Y = {y1,...

x € X originates from Dp or Doop. Given a model f(-; ) trained
on ID and OOD samples, an OOD score function S(x;6) assigns a
confidence value to x. In general, the OOD detector g, (x) is given by:

D, if S(x;0) > 4,
ga(x) = . (D
OOD, otherwise.

where A is a threshold typically chosen to correctly classify the majority
of ID samples (e.g., 95%). A sample is thus regarded as ID only if its
confidence exceeds the threshold.

3.2 Theoretical Analysis in Outlier Exposure

OE-based methods improve OOD detection by introducing auxiliary
outliers into the standard ID training. During training, these outliers are
explicitly supervised with uniform labels to maximize entropy, thereby
regularizing the decision boundary in regions beyond the support of
the ID distribution [14]. Specifically, the training objective can be
expressed as:

mein Loe(s(f(xi30)) + aLrL (U] s(f(x030))), )

where U = (%,

hyperparameter balancing the contributions of ID samples x; and OOD

R %) denotes the uniform distribution, and « is a

samples x,,. Here, s(-) represents the softmax function [1].

To analyze the impact of outliers on OOD detection performance,
we introduce a definition to characterize the separability margin of ID
samples and OOD samples.

Definition 1 (Separability Margin). Separation between the Dyp and
the Doop is quantified by the discrepancy between their induced con-
fidence distributions. Specifically, the separation is defined as

A(a) = EXLWDID [S(Xi; 0)] - EX¢;~DOOD [S(Xo; 9)] > (3)
where S(-; @) denotes an OOD score from the model.

Based on Definition 1, effective OOD detection requires maintain-
ing a sufficiently large separation margin between the confidence score
distributions of ID and OOD samples [5,28]. However, the uniform su-
pervision in Eq. (2) induces an inherent over-softening effect on model
predictions for OOD samples. Since the relations between OOD sam-
ples and ID categories are reflected in the differences among their
prediction scores [34,35], we can characterize the effect at the logits
level as follows.

Proposition 1. Let z = f(x; 6) denote the logits of x and z* denote
the logits with uniform supervision. The prediction differences across
ID categories are contracted:

k=l s fimalvije O K it @

Proposition 1 shows that uniform supervision systematically con-
tracts prediction differences across ID categories, driving OOD pre-
dictions toward a uniform configuration.

Theorem 1. For any x, k*(x) = arg maxy, zx, and define the prediction
differences m(f(x;0)) 2 fiox (x) (x; 6) —max () fj(x; 6). Then the
separation margin admits the following explicit upper bound:
1
1 +exp(— ) 1+ (K- D exp(— o)
~ (K = 1)exp(— o)
2(1+ (K —-1)exp(- ,uo))2

where exp(-) denotes the exponential function, R collects higher-order

A(9) <

)]
v+ R

o

remainder terms, and y; and y,, denote the means of the corresponding
prediction differences, respectively, with vg representing the variance.

Theorem 1 reveals an explicit trade-off in the separation margin.
Specifically, a moderate reduction of the prediction differences of
OOD samples enlarges the separation margin via the first-order ef-
fect, whereas excessive contraction introduces a negative quadratic
correction that diminishes the separation. This analysis highlights that
effective OOD detection requires balanced regulation of prediction
differences rather than their aggressive suppression.

Theorem 2. Consider the scaled labels g7 = s(f(x,;0)/T) with
T > 1 for outlier x,,. Let z* denote the logits after training with scaled

supervision. Then the induced update of the differences satisfies

(&) = m(2) it
Nem@ v 1+ 2kza,b €XP(Zk — 2p)
N g

Cem@IT 4 1+ Skzap exp((zk —2p)/T) |

where a = arg maxy zx and b = argmax 4, ;.
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Fig. 2 Illustration of model training with AOE. During training, the model leverages a
learned temperature to smooth its outputs on OOD samples and uses the resulting softened
predictions as outlier labels. The model parameters and the temperature are optimized to
achieve a self-evolving calibration of the decision boundary.

Corollary 1. Let Amy 2 m(z) —m(z") denote the contraction. Under
the conditions of Theorem 2, the contraction induced by temperature
scaling at an optimal finite temperature 7* € (1, c0) is strictly smaller
than that induced by uniform outlier exposure as 7' — co.

Corollary 1 indicates that OE-based methods, corresponding to the
extreme case T — oo, induces the strongest contraction. In contrast, a
properly chosen finite temperature can smooth OOD predictions while
preserving stronger relations. This observation motivates an adaptive
mechanism for selecting the temperature to recalibrate outlier labels.
Detailed proofs are provided in Appendix. Additionally, Appendix
presents a theoretical analysis from the perspective of generalization
bounds, substantiating the improved OOD detection capability.

3.3 Adaptive Confidence Outlier Exposure

Based on the above analysis, there exists an optimal temperature 7™ that
balances the trade-off between smoothing OOD predictions and pre-
serving the prediction differences across ID categories. However, this
optimal temperature cannot be computed explicitly during training. To
this end, we treat the temperature coefficient as a learnable parameter
within the OOD detection model. Fig. 2 illustrates the training frame-
work of our proposal. During inference, the learned temperature T is
not used to calibrate the model outputs.

Optimization Objective. Temperature 7 is optimized to regulate the
model’s prediction on OOD samples, encouraging the temperature-
scaled predictions to align with a uniform distribution while aligning
the model outputs with these softened targets so as to preserve the
relation of OOD samples with respect to ID categories. Accordingly,
the optimization objective is formulated as:

m]iIl Lalign (s(f(xo; 9)/T)’ (L()
+ Lalign (s(f(xo; ), s(f (x0; 9)/T))’

where Lyjign(-) denotes a distribution alignment loss, such as the

O]

Kullback-Leibler divergence [36]. In this formulation, the optimal
temperature 7~ is estimated from the current model predictions, while
the learned temperature simultaneously influences the model outputs
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Algorithm 1 Training procedure of AOE

Require: ID dataset Dip, OOD dataset Doop, model f(+;0), tem-
perature 7', trade-off parameter «

Ensure: Trained model parameter 6
1: for each training iteration do
Sample an ID mini-batch (x;, y;) from Dip
Sample an OOD mini-batch x,, from Doop

Compute OOD prediction p, = s(f(x,;6))
: Compute temperature-scaled target g7 = s(f(x0;6)/T)
7: Update 6 and T by Eq. (8) or Eq. (9)
8: end for

2
3
4: Compute ID prediction p; = s(f(x;;6))
5
6

9: return 6

through temperature scaling [31,32]. Model parameters are optimized
using available supervisory signals, where ID samples are supervised
by ground-truth labels [37] and OOD samples are supervised by the
smoothed predictions.
Optimization Strategy. To determine the optimal model parameters
0 and temperature 7, we consider two optimization paradigms, namely
Joint Training and Alternating Training.

Joint Training. This paradigm optimizes 6 and T simultaneously
within a single computational graph. Both variables are updated based
on the combined objective:

%1171,1 Lee (s(f(xi; 6)), Y) + a(-calign (s(f(xo; 0)/T), (l’l)
’ ®)
+ Laign (50 (503 0)), 5(f (503 0)/T)) |

where L. (-) denotes the standard cross-entropy loss [37], and « bal-
ances the contributions from ID and OOD samples [14].

Alternating Training. This paradigm decouples the optimization by
iteratively updating T and 6. Specifically, 7™ is first updated to satisfy
the alignment constraint, and is subsequently treated as a constant to
supervise 6:

min Lee(s(f (xi50)),y) + @ Latign (s(f (%03 0)), 5(f (x030)/T))

s.t. T" € arg mTin Latign (s(f (x030)/T), U).
)
In practice, Eq. (9) is solved by alternating minimization [38, 39].
At iteration ¢, the temperature update is given by

T = 7O Z 30V Lagign (s(F (201 00) /D), ), (10)

where n7 denotes the learning rate for the temperature update. Given
T+1) | the model parameters are updated by

g+ — g _ ngvg(ljce(s(f(x,-;9(’))),)’1')

Y
+ Latgn (s(f (503 00)), 5 (030 /T ),

where 17¢ denotes the learning rate for updating 6. In the parameter
update step, TU*!) is treated as a constant, yielding a first-order ap-
proximation to the optimization objective. The overall algorithm of
our model is outlined in Algorithm 1.
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Table 2 Comparison on ImageNet benchmarks. All values are percentages, and OOD detection results are averaged over multiple OOD test datasets. The best results are in bold,
with the second-best underlined. Detailed results for each OOD dataset are provided in Appendix. T indicates that larger values are better, while | indicates that smaller values are

better. AOE-At denotes alternating training, while AOE-Jt denotes joint training.

Method Near-OOD Far-OOD Average ID ACCT
FPR95| AUROCT FPR95| AUROCT FPR95] AUROCT
Post-hoc
MSP 54.82+035  83.34:006 35432038  90.13x000 45.13x032  86.74:007  86.37=00s
Energy 60.24:057  82.50:00s  34.86:130  90.86:021  47.55:076  86.68:012  86.37:00s
Training-time regularization
LogitNorm  57.80:122  82.21:052 2531020  93.31:015  41.56z0m  87.76:033  86.18:060
T2FNorm 55.65:020 82.72:005  25.25:04s  93.38z011  40.45:035  88.06:007 86.52=021
UM 60.23:113  81.79:038  32.46x130  91.68+037  46.34+0s1  86.74z028  85.01x031
UMAP 60.81:084  81.08:030  32.47:067  91.62:020  46.641074  86.35:032  86.37x008
PSKD 57.12:063  82.84:032  31.64x087  91.39:016  44.38:022  87.12:0.5 86.79=025
Outlier Exposure
MixOE 86.79+025  82.57:023  40.12:066  88.39002  49.031044 8549012 85.73z000
DOE 54.14+05  83.23:060  37.60:205  88.24x145  45.87x172  85.73:100  79.87:312
DAL 51.85:040  85.17:005s  35.76z01s  88.55:005 43.81:027  86.86:005 86.18:020
OE 52.55:051 84.51:021  35.18x063  88.21z019  43.86:040 86.36:020  85.78x0.12
OCL 51.64+05  84.21:04 3430153  89.78x040 42974100 86.99:045  86.27=000
AOE-At 50.53-005  85.61:000 34.61:005 88.95:004  42.57+033  87.28+012  86.51:005
AOE-Jt 50.83:014  85.57:007  33.08:053 89.24:1012  41.95:033 87.41:000  86.49:020

Table 3 OOD detection performance of multiple OE-based methods and their AOE-enhanced variants on CIFAR-10, CIFAR-100, and ImageNet-200. AOE generally improves the
corresponding OE-based baselines in averaged near-OOD and far-OOD evaluations, with gains that are more pronounced in several far-OOD settings. These results demonstrate the
effectiveness and general applicability of AOE as a plug-and-play enhancement for existing OE strategies.

ID Dataset Type Metric OE +AOE MixOE +AOE DOE +AOE DAL +AOE
Near-OOD FPRY95 | 19.84+005 17.44:00s 51.45:778  47.11ss0s  20.39:005 18961078 20912011 19.27+079
ear-
CIFAR-10 AUROC T 94.82:021  95.64:005 88.73:052 89.07x032 94.84x007 95.17:00a 94.42:030 94.69:022
Far-0OD FPRY95 | 13.132053  10.62:+150  33.84+477 2614180  15.59+147  13.46:4121  21.40+256  20.32-027
ar-
AUROC T 96.00:013 97.0d4:047  91.93:060 93.61x022 94.67x060 96.16:000 91.92:136  92.12+023
Near-OOD FPRO9S5 | 30.73z011  30.09:021  55.22:040  54.70:062  37.841105  32.21i268  35.28:113  32.16=0s5
car-
CIFAR-100 AUROC T 88.30:010 88.32:010 80.95:020 81.00z031 86.61:020 87.57:120 85.972007 87.61:033
Far-0OD FPRO9S | 54.82+279 46121226  63.88+248  60.33:316 45381052 43.64:3s7  47.33:128  41.59:15
ar_
AUROCT 81.41:149 86.04:038 76.40:144  78.16:105 84.30:081  86.56:385 82.42:026  85.80=078
Near-OOD FPROS | 52.55:051  50.83:0a4  57.95:023  54.82:347  54.141051  50.34:0m1  51.85:040  50.78036
ear-
I Net-200 AUROC T 84.51:021 85.57:007 82.57:023 83.83:13¢ 83.23:060 85.60:001 85.17:005 86.20:0.06
m _
agene rroop  TPROSL 358w 3308us 40.02:0 3798ax 3760mm  3M68m 357610 34.60-
-
4 AUROC T 88.21:019 89.24:012  88.39:000 88.67:0a5 88.244145  88.81:025  88.55:005  88.60-0.06

Extension to Different OE Strategies. AOE seamlessly adapts to
diverse OE strategies. For methods focused on generating synthetic
OOD samples [16], we directly adopt the objective defined in Eq. (7).
Conversely, when leveraging auxiliary outlier classes [28], we align
the predictive distribution over ID categories with a softened target
distribution obtained via temperature scaling. Accordingly, Eq. (7)
can be reformulated as follows:

m]in Lalign (s(fl:K(xo§ 6)/T), (Ll)
+ -Ealign (S(flzK(xo; ), s(fi:x (xo; 0)/T)),

(12)

where fi.x () denotes the logits corresponding to the ID categories
and K represents the number of ID categories.

B 4 Experiments

4.1 Experimental Setup

To ensure a fair comparison, we follow established protocols and assess
our approach on the OpenOODvV1.5 benchmark [40]. The evaluation
spans both small-scale and large-scale datasets, encompassing near-
OOD characterized by semantic shifts as well as far-OOD involving
more pronounced covariate shifts.

Frontiers of Computer Science | Issue XX | Volume XX | Month Year



Fengqgiang Wan et al.

AOE: Exhaustive Out-of-Distribution Detection via Recalibrating Outlier Labels

Table 4 Comparison on CIFAR benchmarks. All values are percentages, and OOD detection results are averaged over multiple OOD test datasets. The best results are in bold, with
the second-best underlined. Detailed results for each OOD dataset are provided in Appendix. T indicates that larger values are better, while | indicates that smaller values are better.

AOE-At denotes alternating training, while AOE-Jt denotes joint training.

CIFAR-10 CIFAR-100
Method Near-OOD Far-OOD ID ACCT Near-OOD Far-OOD ID ACCT
FPR95| AUROCT FPR95| AUROCT FPR95| AUROCT FPR95] AUROCT
Post-hoc
MSP 48.17+392 88.03x025  31.72s18¢ 90.732043  95.06:030 54.80:033  80.27x011 5870106  77.76x04a  77.25:0.10
Energy 61.34:463  87.58x046  41.69:532  91.21x002  95.06:030  55.62:061  80.91:00s  56.59:138  79.77x061  T7.25:0.10
Training-time regularization
LogitNorm  29.34:081  92.33:00s  13.81:020  96.74:006  94.30:025  62.89:057  78.47x031  53.61s34s  81.53s126  76.34z017
T2FNorm 26.47+035  92.79:013  12.75:073  96.98+023  94.69-007 58471135  79.841040 51.25:250  82.73x100  76.43013
UM 33.12:047  90.60:037  22.95:165  93.67x068  92.33:041  65.86:206 77.14x062  51.90:200  81.63x170 7221043
UMAP 33.01x006  91.00:007  21.70x157  94.20:036  95.06:030 59.71:06s  79.49:023  52.11x236  81.62:137  77.25x010
PSKD 31.67+018  91.71x006  20.48+130  94.56:020  95.14x00s  54.83:+270  81.45:04a  51.56:230  82.40x052  77.44+000
Outlier Exposure
MixOE 51.45+77s  88.73x082  33.841477  91.93:000  94.55:032  55.22:040  80.95:020 63.88:248  76.40:14a  75.13z006
DOE 20.39+015 94.84:007  15.59+147  94.67:060  94.32+019  37.84:105  86.61:020 4538052  84.30x0s1  75.69+026
DAL 209101 94.42:030  21.40s256  91.92:136  92.95:0s¢  35.28:113 85.97:007 47331128 82.42:026  75.60x034
OE 19.84+005  94.82+021 13.135053  96.00+013  94.63:026  30.73x011  88.30x010  54.82:270  81.41+140  76.84x04
OCL 22.64+088  94.84+024 14444120 96. 71030  93.83:032 30491047  88.91:016  51.10:312  83.67x126  75.96+020
AOE-At 18.37+057  95.21:000  11.88:015  96.25:042  94.82:010  30.56:014  88.24:007  45.71:288  85.97+106  76.21x001
AOE-Jt 17441005  95.64:003  10.62:150 97.04x047  94.79:015  30.09x021  88.32:010  46.12:226  86.04:038  76.90:0.14

Datasets: Small-scale evaluations are conducted using CIFAR-10 and
CIFAR-100 [41] as in-distribution datasets. The near-OOD datasets
include CIFAR-100/10 and Tiny ImageNet [42], while the far-OOD
datasets comprise MNIST [43], SVHN [44], Textures [45], and Places365
[46]. In addition, Tiny ImageNet-597 [42], with no category overlap
with CIFAR-10/100 or the OOD datasets, is employed as a realistic
outlier set following the OpenOOD evaluation protocol. For large-
scale experiments, ImageNet-200, consisting of 200 categories sam-
pled from ImageNet-1K [47], serves as the in-distribution dataset. The
near-OOD evaluation utilizes SSB-hard [48] and NINCO [49], whereas
the far-OOD evaluation considers iNaturalist [50], Textures [45], and
Openlmage-O [51].
ImageNet-1K are used as realistic outliers.

Furthermore, the remaining 800 classes from

Implementation Details: To ensure fair evaluation, we follow the stan-
dardized OOD detection protocol provided by the OpenOOD bench-
mark [40]. ResNet-18 [52] is adopted as the primary backbone. All
models are trained for 100 epochs using stochastic gradient descent
with an initial learning rate of 0.1, cosine annealing scheduling [53],
a momentum coefficient of 0.9, and a weight decay of 5 x 1074, The
batch size is set to 128 for CIFAR-10 and -100, and 256 for ImageNet-
200. During training, the temperature T is constrained within the range
[1.0, 10], and values outside this interval are clipped accordingly.

Evaluation Metrics: Following the setting of [ 14], we employ FPROS,
AUROC and ID ACC for evaluation, where FPR95 refers to the false
positive rate of OOD samples when the true positive rate of ID samples
is fixed at 95%, and AUROC is a widely used metric that quantifies
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the overall separability between ID and OOD samples, based on the
receiver operating characteristic curve.

Baselines: We select three categories of OOD detection methods for
experiments: (1) Post-hoc methods, including MSP [1] and Energy [7];
(2) Training-time regularization methods, including LogitNorm [12],
T2FNorm [23], UM/UMAP [25], and PSKD [26]; (3) Outlier exposure
methods, including OE [14], MixOE [27], DAL [16], DOE [5] and
OCL [28]. Furthermore, we explore the impact of different score
functions, including ODIN [54], ASH [8], REACT [55], DICE [9],
SCALE [56], SHE [57], GEN [58] and RankFeat [59].

4.2 Main Results

We report the OOD detection performance of AOE and SOTA methods
on large-scale datasets in Table 2 and small-scale datasets in Table 4.
For all methods, the mean performance and standard deviation are
computed over multiple independent runs with different random ini-
tializations. Several observations can be drawn from the experimental
results. (1) OE-based methods, including our proposed AOE, gener-
ally outperform training-time regularization methods and score-based
methods. This advantage can be primarily attributed to the incorpo-
ration of outlier samples during training, which enhances the model’s
ability to discriminate OOD samples from ID samples. (2) However,
conventional OE-based methods often compromise ID classification
performance and fail to fully exploit the relations between OOD sam-
ples and ID categories, as theoretically analyzed in Theorem 1, particu-
larly when assigning an additional class to OOD samples. In contrast,
as stated in Theorem 2, our method effectively mitigates this over-



Front. Comput. Sci., Year, Volume(Issue): 261080

80 I FPR95 80 30 —— InitT=1.5
= AUROC ' —— InitT = 10.0
00 70 —o FPRO5 | | 25 — InitT=2.2
40 60 —o— AUROC T | 54
50

20

gou/j\ﬂwn\']

40 \S/o/«/*—o/ 1> SN

F-0.5 F-1.0 Exp Cos Linear 1.5 22 23

Schedules

(a) Adjustment strategies of o

24 25
Initial T

(b) Temperature initialization

1.0

2.6 10.0 70 10000 20000 30000

Step
(c) Evolution of T

Fig.3 Ablation study on key design choices of AOE. CIFAR-100 is used as the ID dataset. (a) Effect of different adjustment strategies for . (b) Impact of temperature initialization.
(c) Evolution of the learned temperature 7 during training, showing a consistent convergence pattern.

Table 5 OOD detection performance with a series of fixed temperature values on CIFAR-10 and CIFAR-100 using MSP. The best results are highlighted in bold, and the second-

best are underlined. T indicates higher is better, while | indicates lower is better.

CIFAR-10 CIFAR-100
Method Near-OOD Far-OOD ID ACCT Near-OOD Far-OOD ID ACCT
FPR95| AUROCT FPR95] AUROCT FPR95] AUROCT FPR95] AUROCT
Random-Hard  20.54:013  94.76:020  15.47:091  95.44:060  94.53:010  30.99:036  88.49:0.13 51.23:2.16 83.60:129  76.79x0.40
Random-Soft 19.20:100  95.01:035  14.04z061  95.38:027  94.48:025  30.39:019  88.36=0.11 50.19:428 84.11+223  77.10:031
FixT =3.5 19.48:08¢  94.94:030  14.01x108 9598033  94.53:008  30.71:051  88.26=0.19 51.57+179 83.60:006  76.81:038
FixT =4.5 18.70:003  95.07x031 11.35:12¢ 96.61x042  94.50:026  31.92+152  87.49:000  46.30x0.58 85.48+380  76.35:098
FixT =5.5 19.37:108  94.93:035  13.89z065  95.63:051 94.66:011  32.42:251  87.41:1001  45.64:1277 84.99:514  76.39:097
AOE-At 18.37:057  95.21:000  11.88z015  96.25:042  94.82:019  30.56:014  88.24:007 45.71+238 85.97+106  76.21x001
AOE-Jt 1744005  95.64:003  10.62:150 97.04:047  94.79:015  30.09:021  88.32:010  46.12:226  86.04:038  76.90:0.14
ol ID: CIFAR-10 &0 ; EEE ID: CIFAR-L0 the temperature alongside its feature representations, achieving more
> . 00D: SVHN Sl | ) 00D: SVHN accurate alignment with ID decision boundaries. Additional plug-in
5 - o : results on existing OE methods are shown in Table 3, confirming the
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201 e w ool | generality and compatibility of AOE.
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As discussed in Section 3.3, we investigate strategies for adjusting
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(%} 3. (%} 3.
€30 c30] ] scheduling strategies for the parameter a: (1) a fixed-value strategy,
820 gao o e 820 g i.e., @; = ¢, where ¢ and ¢ denote the epoch and constant; (2) an
10 FPRO5: 49.66"/T i 10 FPR95: 43.13% exponential scheduling strategy, i.e., a; = 1 — e~*/3; (3) a cosine
0 0 annealing strategy, i.e., @, = 0.5 — cos((t + 1)7/100)/2; and (4) a
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Fig.4 OOD score distributions of OE and AOE. CIFAR-10 is used as the ID dataset, while
SVHN and MNIST are used as OOD datasets. The histograms compare the confidence
score distributions of OOD samples under OE and AOE, with emphasis on the high-score
region. Compared with OE, AOE produces fewer high-confidence OOD predictions and
achieves lower FPR95, indicating improved separation between ID and OOD samples.

softening issue, leading to improved overall performance. As a result,
compared with existing methods, AOE achieves superior performance
across nearly all evaluated scenarios. (3) AOE-Jt of the temperature
parameter 7 outperforms AOE-At, as it allows the model to co-adapt

linear scheduling strategy, i.e., @; = min{1, (¢ + 1)/100}. For the first
strategy, we set ¢ = {0.5, 1} for experiments. The results are shown
in Fig. 3(a), where “F-0.5” and “F-1.0” denote the fixed-value strategy
with different ¢, “Exp”, “Cos”, and “Linear” respectively denote the
exponential scheduling strategy, cosine annealing strategy and linear
scheduling strategy. We can find that different scheduling strategies for
a result in comparable performance, with the cosine annealing strategy
achieving the best overall results.

Impact of Temperature Initialization. Temperature 7T is treated as a
learnable parameter. We report the OOD detection performance with
different initialization values for 7 € [1.5, 10] in Fig. 3(b). Further-
more, we illustrate the change of 7' during model training in Fig. 3(c).
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Table 6 OOD detection performance of OE and its AOE-enhanced variant across different backbone architectures on CIFAR-100. AOE consistently improves performance across

architectures, with more significant gains observed in far-OOD settings

Near-OOD Far-OOD
Backbone FPRYS | AUROC 1 FPRYS | AUROC 1
OE AOE OE AOE OE AOE OE AOE
WideResNet  30.27x0s1  30.02:036  89.38:015  89.34x006 36.30:058 35.04:082 88.92:036 89.68x03
ResNet-18 30.73<011  30.09z021  88.30x010 88.32+010 54.82:+270  46.12+226  81.41s140  86.0403s
DenseNet 32.04+042  31.62:052  87.05:034 86.81x002  52.341237  50.21:032  81.84x057  82.73x104

Table 7 OOD detection performance across different scoring functions on CIFAR-100. AOE consistently improves OOD detection across a wide range of scoring methods, achiev-
ing lower FPR95 and higher AUROC in most cases, with particularly significant gains in far-OOD scenarios.

Near-OOD Far-OOD
OOD Scores FPRYS | AUROC T FPRYS | AUROC
OE AOE-At AOE-Jt OE AOE-At AOE-Jt OE AOE-At AOE-Jt OE AOE-At AOE-Jt

Energy 30.34x021  30.49:033  30.28:0m1  88.42:00s  88.25:021  88.18x037  50.59:076  39.26:226  41.10s138  84.10:085  88.34:086  87.86:x028
ODIN 40.22:066  39.09:258  38.46:023  86.19:051  86.46:078  86.82:013  49.08:340  45.79:205  48.96:175 84.78:1:2  86.70x038  85.93:045
ASH 36.46:141  35.83:07  36.88:084  85.74x123  85.58:062  85.08:066 55.53:084 42492014 44724176 82.78:c101  87.10x002  86.29x062
REACT 31.09:130  33.37:210  31.46:164  87.92:040  86.80:133  87.60:062  49.62:008  40.33:050  40.72:251 84.36:0s5  88.19:049  88.03x037
DICE 31.44:012  31.32:066  31.08:130  87.32:016  87.34x032  87.21s0s0 49.45:063  37.10:103  40.14z0s3  84.25:064  88.38x0ss  87.63x0.5
SCALE 36.98+020  30.74:004  32.86:330 85.71s0m0 88.11:032 87.13:117  55.49:150 3827180  41.16:36¢ 83431007  88.69:084  87.85:004
SHE 3247026 31.94:105  32.31s143  86.67x015  86.81:046  86.35:065 55.92:140  41.86:160 44472130 82241100 87.13:082 86.444013
GEN 30.182031  30.48:032  30.25:072  88.54:021  88.37:023  88.20:037  51.05:1m1  40.01:208  41.142140  83.97x080  88.24:00s  87.86+029
RankFeat 50.38:1008  48.37x1s1 50.33:068  77.641437  76.86:116  77.78+153 90434320 65.95:166  70.65:1377  55.36i840  73.44is62  68.82:1274

(b) AOE

Fig.5 Grad-CAM visualizations for OOD samples under OE and AOE. Compared with
OE, AOE produces more focused and semantically meaningful activation regions, indicat-
ing improved uncertainty modeling for OOD samples.

The results reveal that the initial value of T significantly affects the final
performance. Interestingly, regardless of the initialization, the learned
temperature consistently follows a similar trajectory, converging to a
range between 1.5 and 2, and then gradually decreasing towards the
end of training. This indicates that early-stage temperature values play
a critical role in guiding effective optimization.

4.4 Further Analysis

Impact of Learnable Temperature. We evaluate the impact of a
learnable temperature by comparing AOE with alternative pseudo-
labeling strategies, including random hard labels, random soft labels,
and fixed temperature coefficients. The results indicate that AOE’s
performance gains do not stem from arbitrary label smoothing, but
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from preserving relations during calibration. As shown in Table 5,
random hard and soft labels yield only marginal improvements over
standard OE, while fixed-temperature calibration offers moderate gains
but suffers from limited robustness. In contrast, AOE, with adaptive
pseudo-labels and a learnable temperature, consistently outperforms
all baselines, underscoring the effectiveness of relations-preserving
calibration for reliable OOD detection.

Impact of OOD Score Function. Since our study is orthogonal to
the choice of score functions, we investigate the impact of different
scoring functions on the final OOD detection performance in this
section. We report the results on the CIFAR-100 benchmark with
various score functions in Table 7. We observe that standard OE-based
methods exhibit degraded performance when combined with different
scoring functions. This degradation arises because these methods
distort the model’s confidence landscape, resulting in misaligned score
distributions at test time. In contrast, AOE achieves consistently strong
performance across diverse scoring functions by preserving relations
during training, thereby ensuring better compatibility with OOD score.

Impact of Auxiliary Outlier Sources. To examine the influence of
auxiliary outlier sources, we evaluate two representative sources widely
used in OE-based studies, including 300K random images sampled
from 80 Million Tiny Images [60] and ImageNet-RC [61]. As shown
in Fig. 7(a), AOE maintains a consistent performance advantage over
OE under different auxiliary outlier sources. This observation suggests
that the improvement is not merely caused by a particular outlier expo-
sure dataset, but is more closely related to the proposed recalibration
of outlier labels, which adaptively preserves the predictive relations
between auxiliary outliers and ID categories.
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Fig. 6 Case studies of temperature-scaled outlier targets generated by AOE. Each bar plot
shows the soft target distribution over CIFAR-10 ID categories for a representative OOD
sample. AOE assigns relatively higher probabilities to semantically related ID categories
while maintaining uncertainty for ambiguous OOD samples.

Impact of the Number of Auxiliary Outliers. We further investigate
the robustness of AOE to the number of exposed auxiliary outliers.
Specifically, we randomly discard auxiliary OOD samples according
to different mask ratios and compare AOE with OE under the same
training protocol. As shown in Fig. 7(b), AOE consistently outper-
forms OE across different numbers of auxiliary outliers. Moreover,
the results indicate that simply increasing the number of exposed out-
liers does not necessarily lead to the best performance, suggesting that
the informativeness of auxiliary outliers is also crucial.

Impact of Model Architecture. As shown in Table 6, AOE consis-
tently improves over OE across all backbones, with more pronounced
gains on far-OOD. The improvements are especially significant for
ResNet-18, while remaining stable for stronger architectures such as
WideResNet and DenseNet. These results indicate that AOE is robust
to architectural choices and particularly beneficial for weaker models
and harder OOD settings.

Visualization. We further present the histograms of OOD scores for
our proposed method and the OE baseline for comparison. Fig. 4(a)
and Fig. 4(b) use CIFAR-10 as the ID dataset and SVHN as the OOD
dataset, whereas Fig. 4(c) and Fig. 4(d) use MNIST as the OOD dataset.
OE assigns uniform targets to OOD samples, enforcing equal class un-
certainty and resulting in suppressed the model’s ability to distinguish
Fig. 4
shows substantial overlap between ID and OOD scores, indicating

ambiguous samples and results in overconfident responses.

poor separability. In contrast, AOE replaces uniform supervision with
adaptive pseudo-labels modulated by a learnable temperature, which
introduces sample-dependent uncertainty into the training signal. This
mechanism encourages calibrated confidence for hard OOD samples,
leading to a noticeable reduction in high-confidence OOD predictions
and a clearer separation between ID and OOD score distributions.

Case Study. We examine the pseudo-label distributions of several real
OOD samples with respect to ID categories to gain deeper insight into
the behavior of our method. The results are presented in Fig. 6. For
the OOD sample labeled as “School Bus,” our method assigns rela-
tively high confidence to the semantically related ID class “Truck.”
A similar pattern is observed for the sample labeled as “King Pen-
guin.” In contrast, for samples such as “Apron”, the model produces
a more uniform distribution over ID categories, reflecting higher un-
certainty. We further visualize the corresponding Grad-CAM [62]

o8 7ho 45.0 ] OE mm AOE
Q 42.5
> & 40.0
< 90 sho w
375
85 [59] 601 350707170.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Outlier Mask Ratio

(a) Auxiliary outlier sources (b) Number of auxiliary outliers

Fig.7 Further analyses of auxiliary outliers on CIFAR-100. (a) Effect of auxiliary outlier
sources. The upward arrows indicate the AUROC increasing from OE to AOE, whereas
the downward arrows denote the reduction in FPR95. (b) Effect of the number of auxiliary
outliers. AOE consistently outperforms OE in both settings.

activation maps in Fig. 5 to examine how different supervision strate-
gies affect the model’s attention. Under OE, the attention is often
diffuse, reflecting the absence of meaningful guidance from uniform
target supervision. In contrast, AOE produces more focused and se-
mantically coherent attention regions, aligning well with the structure
of the learned pseudo-labels.

Computational Overhead. To further evaluate the practical effi-
ciency of AOE, we analyze the additional overhead introduced by the
proposed objective. As defined in Eq. (7), AOE only introduces a
learnable temperature 7' to recalibrate outlier labels from the origi-
nal OOD logits. This design keeps the model architecture unchanged
and reuses the same backbone computation as standard OE. The extra
training cost mainly comes from temperature scaling and distribution
alignment on existing OOD logits, which is minor compared with the
standard forward and backward propagation. Moreover, since T is
used only for training-time label recalibration and is discarded during
inference, AOE has the same inference procedure and inference cost
as the corresponding OE-based method.

B 5 Conclusion

We identify a fundamental limitation of conventional Outlier Expo-
sure, where uniform supervision on OOD samples induces excessive
margin contraction and restricts distributional separation. To address
this issue, we propose AOE, which replaces uniform targets with adap-
tive pseudo-labels derived from temperature-scaled model predictions.
Our theoretical analysis establishes a direct connection between the re-
lations of OOD samples with respect to ID categories and OOD separa-
bility, and shows that adaptive temperature scaling effectively mitigates
the over-softening effect. We further introduce joint and alternating
optimization schemes to learn the temperature during training. Exten-
sive experiments demonstrate that AOE consistently improves OOD
detection performance while preserving competitive ID Acc, and can
be seamlessly integrated with existing OE strategies.

Limitations and Future Work. Despite these improvements, the
effectiveness of AOE is closely related to the presence of meaning-
ful predictive relations between auxiliary outliers and ID categories.
When auxiliary outliers are substantially distant from the ID label
space, the resulting temperature-scaled pseudo-labels may approach
uniform targets, thereby reducing the distinguishable advantage over
conventional OE. This indicates that AOE is particularly effective when
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auxiliary outliers contain partial semantic proximity with ID classes.
Future work may further strengthen AOE through relation-aware out-
lier weighting, enabling informative outliers to be more effectively
exploited while weakly related samples are adaptively suppressed.
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B Appendixes

Theoretical proof

Proof of Proposition 1

We analyze the parameter update under the Outlier Exposure objective

using a uniform target U = (1/K,...,1/K). Letz = f(x;6) € RK

be the logits for a given sample x, and p = s(z) be the predicted
zZ,

softmax probabilities, where py = The KL divergence loss

with respect to the uniform distribution is defined as:

K
1
LxL = T ; log px + const. (13)
The gradient of the loss with respect to the k-th logit is:
0LxkL 1
=pr— —. 14
o2 Pk~ % 14)

Under a gradient descent update with learning rate 7, the updated logits
are z¥ = 7z — nV,Lxr. For any two categories i and j, the difference
between their updated logits is:

0Lk 3£KL) as)

+_ ot ) — Pl

= (zi —zj) —n(pi — pj)- (16)

Assume z; > z; without loss of generality. Due to the strict monotonic-
ity of the softmax function, z; > z; = p; > p;. Thus, p; —p; > 0.
For a sufficiently small ;7 such that z} — z;- maintains the same sign as
z; — 2, we have:

O<Z;—_Z}—<Zi_zj- an
Taking the absolute value, we obtain:
|zf =21 = [(zi = 2j) = n(pi = PP < |zi = 2. (18)

This demonstrates that optimizing toward a uniform distribution inher-
ently contracts the relative differences between logits, resulting in the
over-softening effect.
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Proof of Theorem 1
Let z
k*(x) = argmaxgeqq,.... k) 2k and m(x:0) = Zpx(x) = MaX jup* (x) Z-
‘We adopt the widely used maximum softmax probability (MSP) as the
OOD score:

f(x;0) € RK denote the logits of an input x, and define

exp(Zi* (x))

_ (19)
25-{:1 eXP(Zj)

S(x;0) = m]?x softmax(z)x =
For convenience, define the ID and OOD random variables m; =
m(x;;0),x; ~ Dip and my, 2 m(x,;60),x, ~ Doop, with correspond-
ing statistics p; 2 E[m;], 4o 2 E[m,], and v2 £ Var(m,,).
The distribution separation margin is defined as

A(g) = Ex,'~DID [S()C,'; 9)] - EXU~DOOD [S(xo; 0)] . (20)

We first establish a tight connection between the MSP score and the
margin m(x; 6).

Lemma 1 (Margin bounds for MSP). For any x with margin m(x; 6),
the MSP score satisfies

| |
T K- Depmmd) - %0 < TG
(

21)
Proof. Let§; = zpx — zj for j # k*, so that

1
1+ 3 j2xx exp(=6,) ’

S(x;6) = (22)

Since m(x;60) = minj.« 0;, we have exp(—d;) < exp(-m) for all
J # k*, yielding

D" exp(=6;) < (K = 1) exp(-m),

jEk*

(23)

which proves the lower bound. Conversely, since there exists at least
one jo # k* such that § ;, = m, we obtain

Z exp(—0;) = exp(—m), (24)
JHER*
which implies the upper bound. O

11>

For notational simplicity, define o () = 1/(1+exp(—t)) and g(¢)
1/(1+ (K = 1) exp(-t)).

By Lemma 1,
Exy-p [S(x:0)] < E[(m))]. 25)
The sigmoid function o-(7) satisfies
o) =c(@®)(1-0c())(1-20()) <0, V>0, (26)

and is therefore concave on [0, o). In practice, ID samples are typically
well classified with positive margins m; > 0 with high probability.
Under this mild assumption, Jensen’s inequality yields

1

Elo(m;)] < o(E[m;]) = m'

@n
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Any deviation caused by rare negative-margin ID samples is absorbed
into a higher-order remainder term. Again by Lemma 1,

Exo~Do0p [$(X0: 0)] = E[g(mo)]. (28)

We perform a second-order Taylor expansion of g(m,) around y,.

Lete = m, — i, then E[£] = 0 and E[£%] = v2. By Taylor’s theorem,
’ 1 7 1

8o +8) = g(pto) + &' (po)e + 28" (po)e” + cg P ()&, (29)

where & lies between y, and u,, + €. Taking expectation gives

1
Elg(m,)] = g(1o) + zg”(ym%, +Rs, (30)

where R3 = 1E[g®)(£)&?] collects third- and higher-order terms.
A direct calculation yields

(0 = — K= Dexp(D)
S 0T K- Dexp(-0))?’

BD

and

oy - K= DK = 1= exp(a)) exp(-n)
(1+ (K - 1)exp(-1))?

In the over-softening regime induced by uniform OE supervision, u, <

(32)

log(K — 1) typically holds, implying g"”(uo) > 0. Using the bound
8" (o) < 8’ (1o), we obtain
1
E >
[8(mo)] = = D ep ()
(K = 1) exp(=po) P
vV, +
2(1+ (K — 1) exp(—po))?

where R absorbs the discrepancy between g’ and g’ as well as the

(33)

third-order remainder.
Combining the ID upper bound and the OOD lower bound, we
obtain
- B 1
T l+exp(—pi) 1+ (K- 1)exp(—po)

A(6)

(34)
L K-Dewp) g
2(1+ (K = Dexp(-po))? ° 7
where R collects all higher-order and approximation terms. This

completes the proof.

Proof of Theorem 2

For an outlier sample x,,, we minimize £ = KL(gr||s(z)), where g7 =
s(z/T) is the temperature-smoothed target. The gradient with respect
to 7 is gTi = pk —qr.x- Leta = argmaxy zx and b = argmax ., ;.
The update for the logit margin m(z) = z, — zp is given by:

m(z") = (za = 1(pa = q1.0)) = (2o = 1(P> = q47.)) (35)
=m(z) =n[(pa — Pp) — (q7.a — q1.b)]- (36)
The term p, — pp is expanded as:
eZa _ eZb
Pa—Pb = Zfﬂ o2k
eta=ib — |
= 37

eza=i + 1 + Zk;ﬁa,b eZk =2
em@ 1

e™(D + 1+ R(z,b)

where R(z,b) = Yyzq.p €Xp(zk — 2p). Similarly, for the target distri-
bution with temperature 7':

ezalT _ pzn/T em@)/T _
_ = = . 38
= dTh = ok g = T 4 T4 RGT D)
Substituting these terms back into the update equation yields:
em(@) _ em(@)/T _
m(z") =m(z)—n[ } .

em@ + 1+ R(z,b) em@IT + 1+ R(z/T, b)
39

This completes the proof.
Proof of Corollary 1

Define the function h(x,R) =
given by:

e* -1

—x:13r- The margin contraction is

Amp =7 [h(m(z),R(z, b))~ h (@,R (éb))] . (o)
In standard uniform OE (T — o), m(z)/T — 0 and zx/T — 0,
leading to h(0,K —2) = 0. Thus, the maximum contraction is
Ams, = nh(m(z), R(z,b)). To analyze the monotonicity, we com-
pute the partial derivative of h(x, R) with respect to x:

oh _ e“(e*+1+R)—e"(e*-1) _ e*(R+2) S0, @l
Ox (e + 1+ R)? (e* +1+R)?
Since A is strictly increasing in x, and forany 7 > 1,0 < @ <m(z),
we have:
m(z) z
0<h (T’R (f’b)) < h(m(z), R(z,b)). “2)

Consequently, Amr = Amo, — nh(m(z)/T, R(z/T, b)) < Ams. This
proves that a finite temperature T7* € (1, o0) strictly reduces the mag-
nitude of margin contraction compared to uniform OE.

Generalization Bound
Preliminary

For clarity and ease of reference, we summarize the theorems and
corollaries presented in this paper.

Theorem 3. Define the true relationship between OOD sample x and
ID categories as p*(x), where p* ~ 7. And define the assigned
pseudo-labels as g(x) = softmax(f(x)/T) for some temperature 7' >
1, g(x) ~ Q. Then, the expected diversity between the pseudo-labels
and the true relationship satisfies the following upper bound:

’ ’

* ¢ G 1
E[KL(7 Q)] <logK-E[H(p (x))]—?+ﬁ+0(ﬁ), (43)

where C] = Ex [T, pi(x) fi(x) — u(x)], C5 = 3B [Var(f(x))],
with (x) = % 3, fi(x) and Var(f(x)) = I, fi(x)? = p(x).
And p(x) = softmax(f(x)).

Corollary 2 (Optimal Temperature). Under the conditions of Theo-
rem 3, the expected KL divergence achieves its minimum at a finite

temperature 7* = %, where C| and C] are defined as in Theorem 3.
1
Corollary 3 (Optimal Temperature is Strictly Better than Infinite Tem-

perature). Under the conditions of Theorem 3, the KL divergence
2C}
than the KL divergence as T — oo. Formally, we have

E[KL(7 || Q)] — < TIE&E [KL(7 | Q)] .

evaluated at the optimal finite temperature 7* = is strictly smaller

(44)
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Proof of Theorem 3

Let f(x) € RX denote the logit output of a model over K classes.
To model predictive uncertainty, particularly epistemic uncertainty,
we consider perturbations in the logit space, following prior works
on approximate Bayesian inference via stochastic ensembles and MC
Dropout [63]. Specifically, we define the predictive distribution un-
der logit noise as p(x) := E._x 0,02 [softmax(f(x) + €)], where
€ ~ N(0,02I) represents Gaussian perturbations that approximate
the variability induced by the posterior over model parameters. This
formulation approximates the Bayesian predictive distribution p(y |
x, D), marginalized over the posterior p(6 | D), under the assumption
that variations in fp(x) can be locally modeled as additive Gaussian
noise in the logit space. In practice, we approximate p*(x) with a
single Monte Carlo sample:

p*(x) := softmax(f(x) +€), €~ N(0,02), (45)

where p*(x) serves as a stochastic proxy of the true predictive distri-
bution. Additionally, we define a temperature-scaled softmax distri-
bution:

¢(x) := softmax (%) T>1, (46)

where the temperature parameter 7' controls the entropy of the dis-
tribution. A higher temperature yields a softer output with higher
uncertainty, which is particularly useful for pseudo-labeling and cali-
bration.

We analyze the Kullback-Leibler divergence [36]:

Gap(T) := KL(p* (x)llg(x))- “47)
By definition of KL divergence:
K *
pF(x)
Gap(T) = *x)lo ( ! ) (48)
p(T) ;p (x) log e
K
= —H(p*(x)) = ) p}(x)log i (), 49)
i=1
where H(p*(x)) = — Zf(: | pF(x) log p*(x) denotes the entropy.
Since
fix) S
log g (x) = == ~log ;efﬂ”” , (50)
we obtain:
K | &
* - _ * .
;pi (D) loggi(x) = ;pi () (x)
i (51)
—log efiIIT |
=l
Substituting back, we get:
| &
- _ * _ = * () £
Gap(T) = ~ H(p*(x)) - = lep (0 (x)
(52)

K
+ log Z eJiXIT
7=
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Assume that the noise magnitude ||€|| is sufficiently small. Expand-
ing p¥(x) via first-order Taylor approximation:

dpi(x)

Pt@) = pix) + Z a7 <+ ol (53)
J

where g?‘ = pi(x)(6ij — pj(x)).

Taking expectation with respect to € and using E[e;] = 0, we

obtain:
E[p} ()] = pi(x) + O(c?), (54)
ADWAHOY, <x>} = )P0 + 0@, (59
| E[H(p*(x)] = b;<p<x>> +0(c?). (56)

Next, define the log-partition function Z7(x) := Zle efiIT,

Using a second-order Taylor expansion:

log Zr(x) =logK + 'L%) + #Var(f(x)) +0 (%) , (57)
where p(x) = % Z _, fj(x) and Var(f(x)) := & Z L fi(07 -
u(x)?.

Substituting (54)—(57) into (52), we obtain:

B[Gap(T)] = ~E[H(p* ()] - 12 Z_m(x)fi(x)}
+logK + E[”T(x)] 2;2 [Var(f(x))] + 0( )
(58)
Define
=E| D, pi(0) i) | - Elu()], (59)
and !
C = zE[Var(f(x))]. (60)

Then the KL divergence admits the following upper bound:

’ ’

* Cl C2 1
E[Gap(T)] <logK —E[H(p™(x))] — T + T2 +0 (?) , (61

where C{,C} > 0.

Proof of Corollary 2
The leading terms of the bound in (61) define a function g(T) :=

-+ C— Setting the derivative g’ (T) = 0 gives C—; = 2T3 , implying

the optlmal temperature is T* = Ciiz
Proof of Corollary 3

N 2¢;
Substituting 7* = c’ into the dominant terms yields:

G, S

R (<15
T* (T*)2 -

4c;

<0, (62)

where the inequality follows from the positivity of C{ and C;. Thus,
the KL divergence at T = T* is strictly smaller than that at 7 — oo.
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Fine-grained results Table 11  Fine-grained results (AUROC T) on the CIFAR-100 benchmark.
" . . . . Method ~ CIFAR10 TIN MNIST SVHN Text Places365
In addition to comparing with methods that incorporate outliers dur- o exures aces
ing the training Of the K ClaSSiﬁer [5’ 14’ 16, 27]’ we alSO include OE 76.70+£0.19  99.89+0.02 80.68+5.82 84.37+1.34 82.18+0.68 78.39+0.41
. . . L. . . MixOE ~ 78.17+0.29 8373£0.12 7606+552 7228081 77.34+091 79.92+0.30
comparisons with approaches that train an additional binary classi-

] ) DOE 7547+0.55 9776028 7254+438 9573%042 8634%128 8258+0091
fier specifically for OOD detection, such as NPOS [64], VOS [65]. DAL  73.08+0.19 9886+032 67.91+2.00 97124056 84.04+0.62 80.60+0.94
The corresponding results are reported in Table 8, Table 9, Table 10, NPOS 75374058 81.32+0.17 7326£532 92434029 8555£040 77.92+0.37
Table 11, Table 12, and Table 13. VOS  79.14+041 8273+020 8229+ 151 84234133 7841+078 80.34+0.03

. . AOE-At  7667+0.12 99.81+0.04 85524232 93.82£3.59 84.65+131 79.88+097
Table 8 Fine-grained results (FPR95 |) on the CIFAR-10 benchmark.

AOE-Ji 7676022 99.88+0.01 8441+269 9576+1.84 84292071 79.70%025
Method  CIFAR100 TIN MNIST SVHN Textures Places365
OE 3671£206 297+1.17  2467+255 1252036 12.07+2.14 14532380
MixOE 5829 +8.25 44.62+7.57 3828+1340 20.36+3.99 33.19+4.28 43.54+4.95 Table 12 Fine-grained results (FPR95 |) on the ImageNet-200 benchmark.
DOE 2827084 1250£095 3570+333 255078 1035+ 1.50 13.77£047 R i
DAL 30074156 11.76+1.09 55.11+852 324+1.09 13.00%1.13 14260386 Method  SSB-hard NINCO iNaturalist Textures  Openlmage-O
NPOS 3571 +£1.17 29.57+£024  2296+227 6.41£0.19 2080+2.19 32.19+0098 OE 6420+ 045 4090+0.66 2893+058 41.82+1.09 3478 + 0.24
VoS 61574324 5249%073 3592+11.38 31.50+838 4653+524 47.78+3.62
MixOE  67.94+043 47.95+0.63 29.97+0.20 5023121  40.17 £0.67
AOE-At  3354%224 321+130 2615%3.19 096%026 9.05+129 1135+ 1.87
AOE-Jt 3360024 1272016 21.76+500 0500.16 9.48+3.42 1072239 DOE 63.70+0.04 4459+0.99 29.13+3.75 4487193  38.81£3.35
DAL 61.68+£0.12 42.03+0.71 27.58+045 44.84+040  34.86+0.31
NPOS 7429 £0.52 49.89+049 20.01+0.69 16.87+0.19 28.40 £0.28
Table 9 Fine-grained results (AUROC 1) on the CIFAR-10 benchmark.
VOS 69.93 £047 49.85+0.71 2553+136 39.74+1.17 36.77 £ 0.94
Method  CIFAR100 TIN MNIST SVHN Textures Places365
AOE-At  62.70+0.13 3836+0.03 2858+0.74 4197037  33.27+022
OE 90.54%0.53 99.11£0.34 9022+1.31 99.60+0.14 97.58+0.27 96.58+0.70
MixOE ~ 87.47£097 90.00£0.73 91.66+221 9382127 91.84+0.51 90.38 +0.55 AOEJr  62.62£041 39042044 2661+085 40.57£039  32.06 061
DOE 9263021 97042027 8516220 99.20£0.09 97.77+0.31 96.57+0.18
DAL 91894046 9695+038 7535505 99.10£0.19 97.04£0.18 96.18+0.20 Table 13 Fine-grained results (AUROC T) on the ImageNet-200 benchmark.
NPOS 8857036 90.99+035 92.64%1.59 98.88+0.09 9444090 90.32+0.74 Method ~ SSB-hard NINCO iNaturalist Textures  Openlmage-O
VoS 86.57+0.57 88.84+048 91.56+2.37 92.18+1.65 89.68+132 89.90+0.66 O 82144017 $6894025 B908+018 87334022 88224019
AOE-At  9134%048 9908030 89.66+2.02 99.68+0.07 98.19+0.19 97.46+043 MixOE 8015021 8499+028 9094+0.17 87.02+022  87.02+ 0.04
AOE-Jt  91.68+0.13 99.60+0.07 9275+1.85 99.84+0.05 98.07+0.63 97.50%0.74 DOE 80644071 85814054 9064121 8§7.044174  87.05 4141
DAL 83.34+0.12 86.99+0.04 90.00+0.12 87.18+0.19  88.46 +0.04
Table 10  Fine-grained results (FPR95 |) on the CIFAR-100 benchmark. NPOS 7429+042 8450+0.40 94.81+0.15 96.97+0.04  91.69 +0.04
Method  CIFAR10 TIN MNIST SVHN Textures Places365 VOS 79.68 £0.19 8535+0.10 92.77+0.54 90.95+0.20 89.28 £0.15
OE 61264022 021001 5331£991 51.84+345 5583182 5830072 AOE-At  8346+0.02 87.77+0.15 89.82+0.37 87.83+0.02  89.19+0.06
MixOE  61.12+1.08 49.32+0.36 5949+7.74 73.09+4.00 66.04+098 56.93+0.78 AOE-Jt 83.49+0.15 87.65+0.02 9036+030 88.15+0.07 89.21 +0.04
DOE 6385050 11.83£1.60 57.97+442 2027101 5029£273 52.97%156
DAL 6570096 486%157 6529+451 12412275 5504144 5659+ 1.70
NPOS ~ 7250+2.50 5421+1.09 6698+4.61 30.67+074 47.39+1.10 59.47+021 198345
VoS 5923+059 51.89+1.01 48.56+2.00 47232304 6255+1.04 56.44+036 [5] Wang Q, Ye J, Liu F, Dai Q, Kalander M, Liu T, Hao J, Han B.
AOE-At 60.74+022 038+0.13 4691£326 2725+13.06 5217+146 56.53+1.12 Out-of-distribution detection with implicit outlier transformation. In:
AOE-Jt  59.91+047 027+005 51.00+£567 2472+9.80 52.02+214 56.74 +0.38
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