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Abstract
In real-world scenarios, classification systems often encounter previously unseen categories unavailable
during training, posing a significant challenge to conventional closed-world models. To address this
issue, Open-set Recognition has emerged with the goal of enabling models to not only accurately classify
known categories but also effectively reject out-of-distribution samples. In recent years, various studies
have attempted to balance these two objectives within unified frameworks. However, as the number
of classes increases, such frameworks often suffer from blurred decision boundaries and diminished
rejection capability. To mitigate this problem, we propose a rejection rule equipped with a logarithmic
scaling mechanism, which dynamically adjusts the rejection boundary to maintain its stability and
enhance the model’s discriminative power in large-class scenarios. Experiments conducted on the CIFAR-
100 benchmark with the WideResNet-28-10 (WRN-28-10) architecture show that our method achieves
the highest AUROC in the Class Prototype Network (CPN) group for OOD detection, reaching 83.43%,
representing a 2.98% improvement over the previous best method. Additionally, it improves AUPR by
1.03% and reduces FPR95 by 4.92%, while maintaining classification accuracy. These results highlight the
method’s strong capability in rejecting unknown samples and its robustness to class expansion.
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1. Introduction

With the rapid advancement of deep learning technologies, neural networks have been
widely adopted in tasks such as image classification [1, 2]. Under the closed-world assumption,
these models have achieved continuously improving recognition accuracy on known categories,
thereby enabling the practical deployment of various intelligent systems. However, real-world
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environments are inherently open, where deployed systems inevitably encounter inputs from
previously unseen, unknown categories [3, 4]. Conventional classifiers lack mechanisms to
handle such inputs and tend to misclassify them as the most similar known categories, severely
undermining the system’s reliability and safety. As a result, Open-set Recognition (OSR) has
emerged as a critical research focus in computer vision, particularly in safety-sensitive domains
such as medical diagnosis and autonomous driving [5, 6]. The goal of OSR is to ensure that a
model trained solely on known-class data can not only maintain reliable recognition of known
inputs but also robustly reject unknown samples.

To better evaluate model performance under open-world conditions, recent studies have
gradually adopted two complementary evaluation sub-tasks [7, 8]: Misclassification Detection
(MisD) and Out-of-Distribution Detection (OOD). MisD focuses on identifying incorrect pre-
dictions within known classes, while OOD assesses the model’s ability to reject inputs that
lie outside the training distribution. Although this task decomposition is not yet a universal
standard, it has been widely employed in recent OSR research as a practical framework for
jointly measuring classification robustness and rejection capability. This in turn has inspired
the development of unified modeling strategies that simultaneously address both objectives.

Against this backdrop, several approaches have proposed integrated frameworks that jointly
optimize classification and rejection goals [9]. A representative method, Unified Classification
and Rejection, builds on the One-vs-All (OVA) strategy [10], incorporating class prototype
constraints and end-to-end training to achieve balanced classification and rejection performance
on small- and medium-scale tasks. However, as the number of classes increases, the model
must accommodate more known-class clusters within a limited feature space. This leads to the
erosion of necessary decision boundary margins, making it easier for OOD samples to fall into
the regions of known classes. Consequently, the rejection boundaries become unstable, and the
model’s discriminative reliability degrades.

To alleviate this issue, we propose a Log-scaled Rejection Calibration mechanism as a
lightweight extension to the One-Versus-All with Prototype Learning (OVA-PL) framework.
By introducing a category-aware scaling factor into the rejection score computation during
inference, the method dynamically adjusts the boundary sensitivity under varying class scales.
Unlike traditional post-hoc thresholding methods, our approach is tightly integrated with the
structure of OVA-PL and maintains compatibility with the trained classifier logits. It requires
no additional parameters or loss modifications, making it simple, interpretable, and robust in
high-class-count settings.

Extensive experiments conducted on the CIFAR-100 dataset using the WRN-28-10 backbone
show that our method achieves leading OOD detection performance, surpassing all other
CPN-based approaches. Meanwhile, it maintains competitive MisD rejection compared to the
standard baseline. These results demonstrate the proposed method’s superior robustness and
boundary stability under large-class open-set conditions. Overall, our main contributions can
be summarized below:

• We propose a scalable log-scaled rejection calibration mechanism that explicitly ac-
counts for the impact of class expansion on rejection confidence. By incorporating a
class-count-aware scaling term into the rejection score computation, the method adap-
tively calibrates decision boundaries without altering the model structure or loss function.
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It enhances the robustness of unified classification–rejection systems under large-class
open-set scenarios while maintaining compatibility with existing OVA-based frameworks.

• We empirically validate its effectiveness under challenging settings. On the CIFAR-100
dataset, our method achieves the best AUROC (83.43%) and lowest MisD FPR95 (43.26%) in
the CPN group, verifying its practical value in open-set recognition under class expansion.

The remainder of this article is organized as follows. Section 2 reviews the background of
open-set recognition and the development of unified classification–rejection strategies. Section
3 details the proposed log-scaled rejection calibration mechanism. Section 4 presents the
experimental setup, evaluation metrics, and result analysis. Section 5 concludes the paper and
outlines potential future research directions.

2. Related Work

2.1. Open-set recognition and out-of-distribution detection

Open-set Recognition, first proposed by Scheirer et al. in 2013 [3], aims to break the limita-
tions of the “closed-world” assumption inherent in traditional classification models. It enables
systems to identify and reject unknown class samples that do not appear in the training set
during multi-class tasks, while maintaining accurate classification for known categories. With
the increasing demand for model deployment in open environments, OSR has become a critical
research direction in safety-aware learning. Against this backdrop, Out-of-Distribution Detec-
tion, systematically introduced by Hendrycks and Gimpel in 2017 [4], focuses on determining
whether an input deviates from the overall distribution of the training data, emphasizing model
robustness under distributional shifts. Although OSR and OOD differ in focus—OSR emphasizes
openness in label space while OOD emphasizes externality in data distribution—they share high
consistency in the core subtask of identifying and rejecting inputs beyond the training data
distribution. Both require models to rely primarily on known class information and respond to
anomalous or unknown inputs with uncertainty, thereby avoiding overconfident mispredictions.

2.2. Post-hoc rejection methods

Consequently, a growing body of research in recent years has treated OSR and OOD as
two complementary perspectives that can be jointly modeled, showing significant overlap in
evaluation metrics, model design, and system architecture [10, 11]. Comparatively, the OOD
task features more standardized evaluation protocols, richer public benchmarks, and stronger
reproducibility, and has gradually become an important reference for assessing the perfor-
mance of open-world recognition systems. It has also driven the development of numerous
post-processing rejection mechanisms. These methods typically do not alter the main classi-
fier’s structure, but instead construct additional rejection scoring functions based on its output.
Representative approaches include: ODIN [12], which enhances Softmax output discrimina-
tion via temperature scaling and input perturbation; the Mahalanobis distance method [13],
which builds Gaussian models in feature space for anomaly detection; and energy-based OOD
method [14], which map logits to energy scores to better respond to low-confidence inputs.
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These methods offer clear advantages in deployment flexibility and generalizability. However,
since the rejection mechanism in post-processing approaches is not jointly optimized with
the classification boundary, their scoring functions often misalign with the original decision
surface, leading to the mistaken rejection of known samples that could otherwise be correctly
classified. This degrades performance in both Misclassification Detection and In-Distribution
Classification. Despite notable progress in enhancing OOD detection, such methods often come
at the cost of undermining the confidence in known class predictions [15].

2.3. Towards unified classification–rejection frameworks

To address the disconnect in rejection modeling introduced by post-processing, researchers
have gradually shifted toward unified training frameworks that integrate classification and
rejection. A representative work by Yang et al. constructs a prototype space by combining
discriminative and generative losses, and applies distance-based and probability-based rules to
reject unknown samples [16]. This method demonstrates significant advantages in both closed-
set classification and open-set unknown detection, simultaneously improving the accuracy
of known class predictions and the effectiveness of unknown sample detection, thus better
meeting the requirements of OSR tasks. Building upon this, Cheng et al. proposed the OVA-PL
framework [10], which integrates the One-vs-All strategy into the unified training process. By
jointly optimizing OVA loss and multi-class cross-entropy loss, the method effectively combines
the decision boundary control of OVA learning with the representational power of multi-class
discrimination. It achieves notable improvements in OOD detection while maintaining MisD
performance and offering structural simplicity. However, as the number of classes continues to
grow, the rejection signal becomes increasingly diluted in feature space, making it difficult to
maintain sufficient rejection margins and causing the rejection boundaries to contract—thereby
increasing the risk of misclassifying OOD samples as known classes [10]. Overall, although
current research has made some progress, the joint optimization of classification, OOD detection,
and MisD remains an open challenge. Developing robust and scalable classification–rejection
collaboration mechanisms—especially for high-class-count and complex scenarios—remains a
key frontier in OSR and OOD research [17, 18].

3. Methodology

In this study, we adopt a unified classification–rejection architecture built upon the OVA-
PL framework, which has demonstrated superior performance in open-set recognition tasks
[10]. Our approach retains the standard OVA-based binary classifiers and prototype learning
structure, while introducing a novel log-scaled rejection calibration mechanism to enhance
robustness under class expansion. This mechanism operates directly on classifier outputs
without modifying the network structure or training objectives, ensuring compatibility with
existing OVA-PL systems. All components are jointly evaluated on open-set benchmarks to
validate the effectiveness of our proposed design.
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3.1. Unified Modeling with OVA-PL Architecture

We adopt a unified modeling framework based on the One-vs-All (OVA) classification strategy
and Prototype Learning (PL), which has proven effective for open-set recognition (OSR). In
this architecture, each binary classifier is trained to distinguish a specific known class from all
others. Formally, for an input sample 𝑥, the posterior probability of class 𝑖 from the 𝑖-th binary
classifier is given by:

𝑝𝑖(𝑥) = 𝜎(𝑔𝑖(𝑥)) =
1

1 + exp(−𝑔𝑖(𝑥))
(1)

where 𝑔𝑖(𝑥) is the logit output of the classifier. The OVA classification probability is then
converted to a multi-class prediction by computing the softmax over the positive responses.

To enhance representation learning, the Prototype Learning loss 𝐿𝑃𝐿 is integrated into
the training objective. Additionally, a regularization term 𝐿𝑟𝑒𝑔 , defined as the cross-entropy
between the predicted softmax and the ground-truth class label, is used to stabilize learning.
The total training loss for the hybrid OVA-PL model is defined as:

𝐿 = 𝛽 · 𝐿𝑂𝑉 𝐴 + (1− 𝛽) · 𝐿𝑟𝑒𝑔 + 𝜆 · 𝐿𝑃𝐿 (2)

where 𝛽 ∈ [0, 1] controls the trade-off between binary classification and softmax-based
regularization, and 𝜆 is the weight for the prototype loss.

3.2. Challenges of Rejection under Class Expansion

In the OVA-PL framework, rejection is performed by estimating the probability that an input
sample does not belong to any known class. This is defined as:

𝑝OOD(𝑥) = 1−
𝐾∑︁
𝑖=1

𝑝𝑖(𝑥) (3)

where 𝑝𝑖(𝑥) denotes the output probability of the 𝑖-th binary classifier for class 𝑖. Based on this,
the vanilla rejection rule is defined as:

𝜑𝐾+1(𝑥) = min
{︁
1− 𝑝OOD(𝑥), max𝑖 𝑝𝑖(𝑥) + 𝜖

}︁
(4)

where 𝜖 is a small calibration constant.
This rule jointly enables the handling of out-of-distribution detection (via 𝑝OOD(𝑥)), misclas-

sification detection (via maximum confidence thresholding), and standard classification (via
argmax). It serves as a unified decision criterion in open-set recognition.

However, under class expansion, this rule exhibits notable instability. As the number of
known classes 𝐾 increases, the summation

∑︀𝐾
𝑖=1 𝑝𝑖(𝑥) includes more terms, which causes

𝑝OOD(𝑥) to shrink. As a result, the rejection signal is weakened, making it harder to distinguish
OOD samples. Moreover, 𝜑𝐾+1(𝑥) becomes dominated by the confidence term max𝑖 𝑝𝑖(𝑥),
which leads to overly conservative rejection and increases false acceptance of unknowns.
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To improve robustness under such conditions, we propose a log-scaled rejection calibration
mechanism that adaptively adjusts the rejection score based on the number of known classes.
This mechanism is presented in the following section.

3.3. Log-scaled Rejection Calibration

As discussed in Section 3.2, the rejection rule in Eq. (4) fundamentally relies on the unknown
class probability in Eq. (3). This design interprets the remaining confidence after summing all
known class probabilities as the likelihood that a sample belongs to an unknown class. While
effective in small-class scenarios, this formulation becomes unstable as the number of known
classes 𝐾 increases. Specifically, the summation

∑︀𝐾
𝑖=1 𝑝𝑖(𝑥) naturally grows with 𝐾 , leading

to a systematic shrinkage of 𝑝OOD(𝑥). As a result, the rejection signal weakens and becomes
increasingly dominated by high-confidence known class predictions, hindering the detection of
unknown samples.

To alleviate this issue, we propose a Log-scaled Rejection Calibration mechanism. This method
is based on the normalization reformulation of OOD probability using Dempster–Shafer Theory
of Evidence (DSTE) as adopted in the Unified framework, expressed as:

𝑝OOD(𝑥) =
1

1 +
∑︀𝐾

𝑗=1 exp(𝑔𝑗(𝑥))
(5)

where the unknown class is modeled as a virtual node with logit zero and a fixed prior mass
of 1. However, this constant becomes insufficient under class expansion; as 𝐾 increases, the
relative contribution of the unknown class diminishes rapidly.

To address this, we replace the constant term with a logarithmic prior that grows with the
number of classes, leading to the following adaptive formulation:

𝑝𝛼OOD(𝑥) =
𝛼 · log(𝐾 + 1)

𝛼 · log(𝐾 + 1) +
∑︀𝐾

𝑗=1 exp(𝑔𝑗(𝑥))
(6)

where 𝛼 > 0 is a tunable hyperparameter that controls the compensation strength for class
expansion. This design is functionally equivalent to introducing a virtual unknown class with
a class-dependent prior weight, allowing its representation to remain distinguishable as 𝐾
increases. It effectively prevents the OOD probability from being overwhelmed by the logits of
known classes in high-class-count scenarios.

The final rejection rule retains the same structure as Eq. (5), replacing only the OOD estimation
term with 𝑝𝛼OOD(𝑥). The mechanism adds no extra training parameters or architectural changes,
and can be seamlessly integrated into the OVA-PL framework, significantly improving rejection
robustness in large-class OSR tasks without increasing computational overhead.

4. Experiment

In this chapter, we systematically evaluate the effectiveness of the proposed rejection mecha-
nism, focusing on two core tasks: Out-of-Distribution detection and Misclassification Detection.
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We formally introduce the term (K+extra) rejection rule to refer to the log-scaled rejection
calibration method proposed earlier in the paper.

Experiments are conducted on the CIFAR-100 benchmark [19], using a medium-scale back-
bone WRN-28-10 [20] to verify the generalizability of our method. We compare our approach
with a variety of widely-used post-hoc rejection techniques, as well as rejection rules under the
Unified framework. Results demonstrate that our method achieves consistent improvements
across multiple evaluation metrics, showing superior rejection robustness and detection stability,
particularly in scenarios with a large number of known classes.

4.1. Dataset

To construct a challenging open-set recognition scenario and ensure the comparability of
experimental results, we strictly follow the CIFAR benchmark settings and data preprocessing
procedures adopted in previous studies [10], as detailed below.

In this study, CIFAR-100 is used as the in-distribution dataset for training and evaluation. It
contains 100 distinct classes, with 500 training images and 100 test images per class. All images
have a resolution of 32× 32.

We adopt a standard set of out-of-distribution test datasets from the CIFAR benchmark,
including:

• Textures [21]: 47 classes of natural texture images, totaling 5,640 images;
• SVHN [22]: 10 digit classes of street view house number images, with 26,032 test images;
• Places365 [23]: A large-scale scene dataset, from which a subset of categories is randomly

sampled for OOD testing;
• LSUN-Crop / LSUN-Resize [24]: Derived from the LSUN scene classification dataset

(10,000 images in total), where LSUN-Crop applies random cropping and LSUN-Resize
applies global downscaling;

• iSUN [25]: A natural image dataset collected via eye-tracking, containing 2,000 test
images.

During testing, all OOD images are downsampled to 32× 32 to match the InD input size. For
each OOD dataset, 2,000 images are randomly sampled and the experiment is repeated multiple
times to obtain the average performance.

4.2. Implementation details

The experiments were conducted on an NVIDIA® GeForce RTX 4090-based platform. We
adopted PyTorch 2.4.1 with CUDA 12.4 as the deep learning framework. To ensure fair compari-
son with prior work [10], we strictly followed their training configuration.

For the CIFAR-100 benchmark, the WRN-28-10 model was trained for 200 epochs using the
AdamW optimizer, with momentum set to 0.9 and weight decay of 2 × 10−4. The learning
rate was initialized at 0.1 and decayed to 0.01, 0.001, and 0.0001 at epochs 100, 150, and 200,
respectively. Cosine annealing with a 40-epoch warm-up phase was applied. The batch size
was fixed at 64 for both training and evaluation. The loss coefficients were set to 𝜆 = 0.05 and
𝛽 = 0.95; the temperature scaling factor 𝜆1 was set to 2.0.
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The proposed Log-scaled Rejection Calibration introduces a tunable parameter 𝛼, applied
only during inference. We conducted a grid search over 𝛼 ∈ [0, 2.0] with a step size of 0.01 to
balance OOD detection and MisD rejection. Larger 𝛼 values generally improved OOD metrics
but degraded MisD performance due to excessive penalization of low-confidence predictions.
The best trade-off was found at 𝛼 = 0.21 on CIFAR-100 with WRN-28-10.

4.3. Evaluation metrics

To comprehensively evaluate the effectiveness of the proposed (K+extra) rejection mech-
anism, we adopt several commonly used metrics in OSR, covering three main aspects: OOD
detection performance, MisD rejection ability, and in-distribution classification accuracy. The
specific metrics are as follows:

• AUROC (Area Under the Receiver Operating Characteristic Curve): For OOD
detection, AUROC measures the model’s ability to distinguish between InD and OOD
samples by adjusting the confidence score threshold used for rejecting OOD inputs. For
MisD detection, it evaluates whether the model can accurately separate correctly and
incorrectly predicted InD samples by tuning the threshold used to reject InD inputs. A
higher AUROC indicates stronger discrimination ability across thresholds and is one of
the core metrics in evaluating rejection mechanisms.

• AUPR (Area Under the Precision-Recall Curve): When the number of InD and OOD
samples is highly imbalanced, AUPR places more emphasis on the precision of identified
OOD instances. It is particularly suitable for safety-critical applications.

• FPR95 (False Positive Rate at 95% TPR): For OOD evaluation, FPR95 quantifies the
proportion of InD samples incorrectly identified as OOD when the model detects 95%
of OOD inputs. For MisD evaluation, it measures how many incorrectly predicted InD
samples are wrongly retained, while 95% of the correctly predicted samples are preserved.
A lower FPR95 indicates more robust rejection behavior.

• Acc (In-DistributionAccuracy): This is the classification accuracy over InD test samples.
In OSR tasks, the model is expected to maintain high accuracy on known classes while
identifying unknown ones. We retain this metric under OOD settings to ensure that the
proposed rejection rule does not degrade the original classification performance.

• AURC (Area Under the Risk-Coverage Curve) and E-AURC (Expected AURC):
These metrics evaluate how prediction risk changes with coverage. A lower AURC
means high-risk samples are rejected earlier, reducing error on the retained set. E-AURC
normalizes for accuracy and confidence distribution, enabling fairer model comparisons.

4.4. Performance Comparison

To verify the effectiveness of our proposed Log-scaled Rejection Calibration, we evaluate its
performance against existing baselines on the CIFAR-100 benchmark using the WRN-28-10
backbone. As shown in Table 1, our method—Hybrid+PL with (K+extra) rejection—achieves
the best overall performance within the CPN group. Compared to the standard Hybrid+PL
with (K+1) rejection, it improves OOD detection with an AUROC gain of 2.98% (from 80.45% to
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83.43%), an AUPR increase of 1.03%, and a reduction in FPR95 by 4.92%, while maintaining the
same in-distribution classification accuracy.

For MisD rejection, our method further lowers FPR95 by 10.42% (from 53.68% to 43.26%) and
achieves a reduced EAURC (33.74 vs. 35.26), reflecting better ranking quality for misclassified
samples. Although AURC increases slightly (from 57.10 to 59.20), the drop in EAURC suggests
more stable and equitable rejection across varying confidence distributions. Overall, these results
confirm that the proposed log-scaled calibration mechanism enhances both OOD detection and
MisD rejection without introducing any additional training cost.

Table 1
Performance of OOD detection on CIFAR-100 benchmark with WRN-28-10 backbone. OOD metrics are
averaged across six datasets. All values are in percentage (%). Best results within CNN and CPN groups
are in bold.

Model Loss Rejection Rule
OOD: CIFAR-100 MisD: CIFAR-100

AUROC↑ AUPR↑ FPR95↓ ACC↑ AUROC↑ FPR95↓ AURC↓ EAURC↓

CNN CE

ODIN [12] 81.25 95.42 74.28 79.72 84.23 57.42 63.22 41.35

Maha [13] 63.32 88.83 79.36 79.72 73.49 69.02 91.43 69.56

EBO [14] 78.03 94.47 78.65 79.72 83.56 58.04 64.81 42.94

GradNorm [26] 64.90 89.18 81.82 79.72 55.54 91.61 170.43 148.56

ReAct [27] 84.09 96.33 68.46 79.72 70.31 74.75 104.38 82.51

MaxLogit [28] 77.82 94.41 79.40 79.72 84.23 57.42 63.22 41.36

KNN [29] 80.50 95.03 69.68 79.72 84.84 53.04 60.46 38.59

ASH [15] 85.22 96.24 54.97 79.60 79.20 68.76 80.83 58.43

Relation [30] 82.53 95.42 69.19 79.72 88.50 40.52 58.00 36.14

K probs(MSP) [4] 75.77 93.92 81.53 79.72 88.50 40.52 49.45 27.59

CPN

DCE+PL Distance-based [11] 80.06 94.93 73.06 80.66 84.90 62.25 60.51 40.61

DCE+PL Probs.-based [11] 79.40 94.70 75.27 80.66 87.96 43.63 49.00 28.96

OVA+PL (K+1) probs [10] 80.15 95.00 74.89 80.29 86.80 52.13 55.79 34.75

hybrid+PL (K+1) probs [10] 80.45 94.97 72.38 79.84 86.86 53.68 57.10 35.26

hybrid+PL (K+extra) probs 83.43 96.00 67.46 79.84 86.90 43.26 59.20 33.74

To further illustrate the effectiveness of our proposed log-scaled calibration, Figure 1 visualizes
the predicted confidence scores across all known classes and the OOD class. Compared with the
baseline Hybrid+PL using (K+1) rejection, our method with (K+extra) produces a significantly
sharper and more discriminative confidence peak on the OOD dimension, while effectively
suppressing spurious high scores on known categories. This clearer separation reinforces the
improved OOD detection performance reported in Table 1.

5. Conclusion

This paper presents a log-scaled rejection calibration mechanism designed to enhance rejec-
tion reliability in open-set scenarios with many of known classes. By adaptively scaling the
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Figure 1: Confidence distribution comparison between Hybrid+PL (K+1) and our Hybrid+PL (K+extra)
on an OOD input. Our method produces significantly higher confidence for the OOD class while
suppressing spurious high-confidence predictions on known classes.

prior of the virtual unknown class according to class count, the method effectively mitigates the
degradation in OOD confidence estimation caused by class expansion. It integrates seamlessly
with existing OVA-PL frameworks without requiring any structural or training modifications.

Extensive experiments on the CIFAR-100 benchmark with the WRN-28-10 backbone demon-
strate the effectiveness and scalability of the proposed method. It achieves the highest AUROC
(83.43%) and the lowest FPR95 (67.46%) among all CPN-group methods for OOD detection.
For MisD performance, it yields the lowest FPR95 (43.26%) and a favorable EAURC (33.74).
Meanwhile, the in-distribution classification accuracy remains unchanged, confirming that
the enhanced OOD rejection capability does not compromise base classification or MisD re-
liability. Compared to all CNN-based baselines, our method also maintains competitive per-
formance across key metrics, showing its comprehensive advantage in both groups.These
results validate the practical value of the proposed approach in building robust and unified
classification–rejection systems under large-class open-set conditions.
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