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Abstract—We posit that a model’s ability to detect out-of-
distribution (OOD) samples arises from learning a clear and
consistent classification logic. This logic does not need to originate
from ground-truth (GT) labels; any coherent, learnable rule
derived from the data’s inherent structure can suffice. The decisive
factor for OOD performance is how well the model generalizes this
logic. Our key observation reveals that the performance ceiling in
challenging OOD tasks is not solely due to distribution shift, but
is fundamentally constrained by the model’s failure to generalize
on the in-distribution (ID) task itself. Guided by this principle,
we adopt an unsupervised framework that trains classifiers on
pseudo-labels to form a learnable classification logic. A central
feature of our approach is using the model’s generalization
ability on the ID task as a direct criterion for hyperparameter
selection. Experiments demonstrate that this generalization-driven
strategy consistently outperforms existing unsupervised methods,
highlighting a strong and direct link between generalization and
effective OOD detection.

Index Terms—Out-of-distribution, model generalization, pseudo
labels

I. INTRODUCTION

In real-world applications, machine learning models in-
evitably encounter out-of-distribution (OOD) data that differ
from the classes observed during training. Although a model
may perform well on in-distribution (ID) data, detecting and
properly handling OOD samples is crucial for ensuring its
trustworthiness. Effective OOD detection mechanisms not only
prevent erroneous predictions in unfamiliar scenarios but also
enhance model reliability across diverse applications.

Existing OOD detection methods can be broadly categorized
into supervised and unsupervised approaches. Supervised
methods learn a discriminative classifier over labeled ID classes
and then use the resulting scores or representations to identify
deviations from the learned distribution as potential OOD
samples. These methods are known for their high accuracy
and efficiency, but they rely on human-annotated labels, which
can be a major limitation in domains where labeling is costly.
In contrast, unsupervised methods leverage generative models
[1], [2] and detect OOD samples via density estimation [3]
or reconstruction-based criteria [4]. While such methods are
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well-suited for label-scarce scenarios, they frequently struggle
with computational efficiency and scalability.

In this study, we argue that supervised methods excel at OOD
detection not because they truly recognize real-world semantic
concepts (e.g., “car” or “person”), but because they learn a
classification logic that is highly specific to the ID dataset. Our
central hypothesis is that a model’s OOD detection performance
is directly correlated with its generalization capability on the
ID task. If a model can learn a robust decision boundary
that reliably separates different ID classes (i.e., evidenced by
ID test accuracy), this same decision logic can be used to
identify samples that do not conform to any of the learned
classes. From this perspective, supervised methods do not
strictly require ground-truth (GT) labels; instead, they primarily
require consistent labels that induce a meaningful decision
boundary, which can be provided by pseudo-labels.

To validate this hypothesis in a label-free setting, we propose
a framework that distills classification logic directly from unla-
beled data. We first generate pseudo-labels using self-supervised
learning (SSL) and clustering, and then train a classifier on these
labels. Our experiments reveal a strong positive correlation
between the model’s classification accuracy on a held-out ID
test set and its OOD detection performance. Leveraging this
correlation, we use the model’s ID generalization ability as
a direct criterion for hyperparameter selection, such as the
choice of clustering method and the number of pseudo-labels.
Importantly, unlike prior label-free OOD detection approaches
that adapt powerful pre-trained feature extractors, our entire
process is self-contained within the ID dataset and does not rely
on knowledge transferred from external labeled corpora. With
this automatic hyperparameter selection mechanism, our OOD
detection method outperforms existing unsupervised baselines
and is competitive with supervised approaches.

Furthermore, because pseudo-labels are not unique, where
different numbers of clusters or different SSL. backbones can
induce distinct yet plausible classification logics, we introduce
an ensemble strategy that aggregates these diverse logics to
obtain a more robust and consistent final decision, further
improving OOD performance. Overall, our findings challenge
the notion that GT labels or knowledge transferred from other
datasets are a necessary prerequisite for tackling challenging
OOD tasks. Instead, we establish a strong empirical link
between model generalization and OOD detection, thereby
unifying supervised and unsupervised perspectives under a



common principle.

II. RELATED WORKS

Supervised OOD detection generally relies on learning
discriminative decision boundaries from labeled ID data and
then measuring how confidently test samples conform to
this learned structure. Early work explored confidence-based
scores [5], [6], distance-based metrics [7], and techniques
for mitigating overconfidence [8], [9]. Subsequent studies
improved robustness through contrastive feature learning and
large-scale pretraining [10], [11], while post-hoc scoring
strategies such as LogitNorm, MaxLogit, and MaxCosine
[12], [13] further enhanced detection accuracy. More recent
insights also highlight the effectiveness of feature-level norms
derived from intermediate representations [14]. Together, these
approaches reflect the broad trend of strengthening supervised
OOD detection by refining confidence scoring and improving
representation quality.

Unsupervised OOD detection removes the need for labeled
data by modeling the structure of ID samples and identifying
deviations from this structure. Reconstruction-based approaches
using autoencoders or GANs [1], [15] and likelihood-based
methods built on deep generative models [16] represent
two primary lines of work. More recent methods leverage
normalizing flows and transformer-based generative models
[17], [18] to better capture complex data distributions, while
diffusion-based reconstruction measures [4] further improve
detection quality. Although these techniques reduce dependence
on human annotation, they often incur higher computational
cost and still trail supervised methods in overall performance.

Generating pseudo-labels through clustering has emerged
as a promising direction for label-free OOD detection [19]—
[21]. These methods typically use pseudo-labels to shape
the learned representation and then apply post-hoc scoring
rules, such as kNN distances or classifier confidence, to
detect anomalies. Our approach differs in both objective
and methodology. Unlike prior work, which often depends
on pretrained features or focuses on designing a particular
scoring function, our framework is fully self-contained and
relies solely on the ID data. More importantly, we uncover
a direct relationship between a model’s generalization on the
ID task and its OOD detection performance. This connection
not only reframes the role of pseudo-labels as a means
of inducing generalizable decision logic but also enables
a practical advantage: ID generalization can be used as a
principled signal for hyperparameter selection, such as choosing
clustering methods or determining the number of pseudo-labels.
This provides a simple yet powerful mechanism that existing
pseudo-labeling methods do not exploit.

III. METHODOLOGY

Our central hypothesis is that a model’s OOD detection
ability emerges not from an independent mechanism but from
how well it learns a consistent and generalizable decision logic
on the ID data. In other words, stronger ID generalization
should naturally yield more reliable OOD discrimination.

TABLE I: Correlation analysis between OOD detection perfor-
mance and classification accuracy on the test set.

Method FPR | AUC 1 Test Acc (%)
Random Assignment 46.56  84.25 10.72
Raw image clustering  31.87 93.22 94.17
GT labels 10.18  97.38 99.49

A. Pilot Study

To validate this hypothesis, we conducted a controlled pilot
study using MNIST as the ID dataset and Fashion MNIST as the
OOD dataset. We compared three supervision settings: random
labels, clustering-based pseudo-labels, and ground-truth labels,
and evaluated each model’s ID generalization ability together
with its OOD detection performance using FeatureNorm [14].
The goal of this comparison is not to optimize performance,
but to directly test whether improvements in ID generalization
translate into improvements in OOD detection. All implemen-
tation and evaluation details of this pilot study are provided in
Appendix(Section I).

The results, summarized in Table I, reveal a clear monotonic
trend: as the quality of the learned classification logic increased,
so did the model’s OOD detection performance. Models trained
with random labels failed to separate ID and OOD samples,
whereas those trained with ground-truth labels demonstrated
both strong generalization and the highest OOD detection
scores. These findings support our hypothesis and suggest that
better pseudo-labeling strategies, particularly those based on
richer representations such as SSL, may further strengthen both
ID generalization and OOD performance.

B. Self-Supervised Pseudo-Label Generation

We utilize the mixed Barlow Twins method [22] to process
distinct views of a batch of images X, denoted as Y4 and Y 5.
These views are created by applying random augmentations
T to X. As illustrated in Figure 1 (a), Y* and YZ pass
through an encoder f. and a projector f,, to generate normalized
embeddings Z4 and Z”. Additionally, a regularization branch
processes interpolated images Y™ = \Y A4 (1-\)YB', where
Y B’ represents a shuffled batch from Y 2. The output of this
regularization branch is denoted as Z™ . These embeddings are
then used to compute the Barlow Twins loss L7 and Mixup
[23] regularization objective L,.4. The final loss function is:

L= CBT + )\regﬁreg (1)

In the final loss, Lp7 encourages similar representations for
different augmentations of the same image, formulated as:
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where b indexes batch samples and 7, j index feature dimensions.
Apr is a weighting factor. The dot in ZAZ implies that all
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Fig. 1: An overview of our pipeline: (a) We first train a network using self-supervised learning to extract relevant features from
the ID dataset. (b) Next, we apply K-means clustering to group the extracted features and generate pseudo-labels. (c) Finally,
we train the network to classify images into pseudo-categories and compute feature norms to detect OOD samples.

features from the batch are considered. The first term of the
Barlow Twins loss minimizes the variance of feature dimensions
when aligning representations of different views of the same
image, while the second term reduces redundancy between the
dimensions.

The regularization term L., in final loss enhances Barlow
Twins training by encouraging linearly interpolated inputs to
produce linearly interpolated features. This adds regularization
to the original objective. Let ZM' = XZ4 + (1 — \)ZP
represent features interpolated in the embedding space. The
mixup regularization L,.q4 is defined as:

Ereg 7H ZM TzA (ZI\/I ZAH
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Here, Z™M refers to features derived from images interpolated
in the image space, while Z " refers to features interpolated
in the embedding space. After SSL, the generated features are
clustered using K-means, and the resulting clusters provide
pseudo-labels for the classifier training.

C. Out-of-Distribution Data Detection based on Pseudo-labels

In this step, we trained a classifier (see Figure 1 (c¢)) to
categorize images using the pseudo-labels generated from
the clustering process. The underlying principle is similar to
supervised OOD detection methods, where the model learns the
internal structure of an ID dataset. Once the network is trained,
we calculate the feature map norm of the convolution block
[14] to classify samples as either ID or OOD. Specifically,
given a feature map z € RE*W*H obtained from the trained
classifier f., the average norm across all channels in a block
B is computed as:

W H
fen(z; B) =G Z Z Z max(z.(w, h),0)2,
= w=1h=1

where z. € R>WXH represents the feature map of the c-
th channel, and max(z.(w, h),0) rectifies values by ignoring
negative elements. This norm reflects the average activation
level of the feature map for data x in block B. Following [14],
samples with high norm values are considered ID, while those
with low norm values are classified as OOD [24]. Additionally,
we use the convolution block with the highest norm ratios,

“

which is determined based on the response to ID data and their
augmented variants, to distinguish ID from OOD samples.

D. Ensembling Pseudo-Labels

We explored the effect of ensembling in our method, as
the pseudo-labels generated from different clustering processes
can vary, while the GT labels remain unique. In this case, the
ensemble networks differ not only in their initial seeds but
also in the categories they learn, potentially offering diverse
perspectives beyond networks trained with GT labels. Recall
that z € RE*W*H represents a feature map. We compute the
feature norm for channel ¢ in model i as:

W H
Z Z max(z.(w, h),0)2.

w=1h=1

N = §)

To ensemble the results, we aggregate the feature-norm vectors
produced by multiple models. Specifically, let N; € RE>*1*1
denote the feature-norm vector from the ¢-th model, where
each entry N¢ corresponds to the norm of channel c. We
then compute the ensemble vector by taking the element-wise
minimum across models:
k

Nnin :IZH_I{INZ (6)
We then calculate the norm values |Npy| to differentiate
between ID and OOD samples.

IV. EXPERIMENTS AND EVALUATIONS

We design experiments to validate our central hypothesis:
a classifier can detect OOD samples because it has learned
a consistent and generalizable classification logic. To test
this principle, we train a classifier using pseudo-labels and
select all hyperparameters based on the model’s generalization
performance on a held-out ID test set. We then assess the
OOD detection performance of our approach against several
baseline methods. For all experiments, every method is trained
exclusively on the ID training data, with no external datasets
utilized. After training, the models are evaluated on a combined
test set of ID and OOD data. Furthermore, to ensure a fair
comparison against baselines, our ensemble technique is not
applied, except for the specific analysis in Section IV-E.

For evaluation,we report AUROC, a threshold-independent
metric that measures performance across all possible thresholds,
and FPR95 (False Positive Rate at 95% True Positive Rate), a



widely used metric that evaluates performance when the true
positive rate is sufficiently high. All experiments are conducted
on an NVIDIA RTX A4000 GPU. For inference, the processing
time per batch of 16 images is 0.025 + 0.007 seconds.

TABLE II: Comparison with unsupervised baselines under
the OOD setup of [4]. Each column shows the average AUC
over all OOD datasets for a given ID dataset. The best and
second-best results are shown in bold and underlined.

1D FMNIST CIFAR-10 CelebA SVHN Avg. AUC
Likelihood [25] 38.4 39.7 43.8 50.2 43.0
WAIC [26] 38.4 39.7 43.7 50.2 429
DOS [27] 73.5 63.1 78.0 755 72.5
AutoEncoder 61.5 44.6 51.4 63.8 55.3
AE_MH [28] 79.1 443 61.1 77.7 65.6
MemAE [29] 54.9 43.5 54.5 74.0 56.7
AnoDDPM-Mod [30] 79.0 425 74.5 82.3 69.6
DDPM [4] 83.7 69.8 858 889  82.1
Our method 84.7 79.0 86.2 90.8 85.2

A. Evaluations on Benchmark Settings

We first assessed the performance of our pseudo-label
strategy following the benchmark settings described in [4]
in Table II. Specifically, two distinct configurations were
employed: one for grayscale datasets and another for color
datasets. In the grayscale setting, we used FashionMNIST as
the ID dataset and MNIST as the OOD dataset. For the color
setting, we evaluated three datasets: CIFAR-10, CelebA, and
SVHN. Each dataset was treated as the ID dataset in turn, with
the other two serving as OOD datasets, along with vertical and
horizontal flipped versions of each ID dataset as extra OOD
datasets. In comparison to other baseline methods, our approach
demonstrated superior performance on average. Detailed results
are provided in Table III-VIII of our supplementary material.

To achieve a realistic evaluation, we extended our analysis
using ImageNet as the ID dataset and tested on four OOD
datasets (i.e., INaturalist, SUN, Places, and Texture). For this
experiment, we used ResNet-50 [31] as the backbone and
employed the DINO SSL method [32], which achieved the
highest k-NN accuracy on ImageNet. The average AUC and
FPR values presented in Table IIT highlight the effectiveness of
our approach. Notably, our approach outperformed NAN [24],
despite NAN being an extension of FeatureNorm [14]. This is
expected because NAN is tailored for specific conditions: (1) it
is designed for use on the hidden layer of a projection head, and
(2) it is optimized for classifiers trained with a contrastive loss.
In contrast, we use more general setup, with a standard CNN
backbone that ends in an average pooling layer and a classifier
trained using conventional cross-entropy loss. Detailed results
are provided in Section III-K of the supplementary material.

B. Choice of SSL Embeddings.

Since effective classifier learning relies on consistent decision
logic across samples, the quality of pseudo-labels is critically
dependent on the structure of the underlying embeddings. We
therefore examine which SSL methods are most effective at pro-
ducing high-quality embeddings. Among the SSL approaches,

TABLE III: OOD detection performance on ImageNet. Aver-
aged FPR and AUC values are reported.

Method FPR| AUCt
SSD [36] 7177  77.16
KNN [37] 65.01 84.07
NAN [24] 51.08 87.61
Ours 3882 90.35

we compare several widely used ones, including SimCLR [33],
BYOL [34], W-MSE [35], and mBT [22]. As shown in the
upper part of Table IV, mBT achieves the best OOD detection
performance. Noteably, this trend is consistent with the KNN
test accuracy.

To further validate whether selecting SSL embeddings based
on KNN accuracy generalizes to large-scale datasets, we
conduct additional experiments on ImageNet. Specifically, we
use DINO to train three different backbones: ViT-S/8, ViT-S/16
[38], and ResNet-50 to obtain SSL embeddings and generate
pseudo-labels. A ResNet-50 classifier is then trained on these
pseudo-labels for OOD detection, using ImageNet as the ID
dataset and keeping the OOD datasets unchanged. Results in
the lower part of Table IV show that pseudo-labels from ViT-
S/8 outperform those from ViT-S/16 and ResNet-50, confirming
the generalizability of this criterion.

TABLE IV: Our experiment results suggest that KNN accuracy
serves as a reliable indicator for selecting the appropriate SSL
method and backbone.

ID Dataset | Backbone | SSL Method | FPR| AUC?T | KNN
SIMCLR | 29.99 92.96 | 87%

‘ BYOL |27.15 93.67 | 88%

CIFAR-10 | ResNetl8 |\ \iop (2745 9318 | 88%
mBT  |2023 954 |91%

SIMCLR | 67.29 79.38 | 57%

BYOL | 6437 8044 | 57%

CIFAR-100 | ResNetls | SYOL | 9837 8048 | 37%
mBT | 5492 86.21 | 62%

ResNet-50 39.62 89.85 | 75%

ImageNet | VIT(S/8) | DINO | 3882 90.35 | 80%
VIT(S/16) 39.80 90.06 | 75%

C. Number of Pseudo-Categories.

We employed the K-means clustering method to generate
pseudo-labels for training the classifier. The classifier’s ability
to detect OOD samples can depend on the number of pseudo-
labels assigned to the ID dataset. To investigate the effect
of the number of clusters, k, we conducted the experiment
following the setup in [14]. The results, summarized in Table V,
reveal that a smaller train-test accuracy gap indicates stronger
generalization, highlighting the model’s ability to capture
meaningful classification logic. While the accuracy gap alone
cannot pinpoint the optimal number of pseudo-categories, it
serves as a valuable guideline for selecting a reasonable number
of clusters to balance performance and generalization.



TABLE V: Impact of the number of pseudo-categories (/) on
CIFAR-10/100. The ID train-test accuracy gap guides optimal
cluster selection.

No. CIFAR-10 CIFAR-100

Train Test Gap FPR | AUC 71 H Train Test Gap FPR | AUC 1
K=5 99.8 96.7 3.1 22.18 94.62 - - - - -
K=10 985 95.1 34 2446 94.01 || 940 88.7 53 6823 74.50
K =20 96.7 93.8 2.9 2023 9540 || 927 87.1 56 67.15 76.28
K =50 94.0 893 4.7 4328 90.08 || 90.5 854 5.1 61.78 79.26
K=100 | 91.0 86.7 43 4156 8796 || 889 846 4.3 56.28 8571
K =200 | 89.1 80.7 84 6042 79.02 || 835 79.0 4.5 54.92 86.21
K =500 - - - - 58.7 532 55 60.72 7859

TABLE VI: Comparison of GT-labeled and pseudo-labeled
ensembles. Parentheses indicate gains over the best individual
model.

Metric Best Avg Max Min
GT Labels
AUC 93.79 94.01 (+0.22) 93.18 (-0.61) 94.29 (+0.50)
FPR 26.32  26.08 (-0.24) 27.13 (+0.81) 25.85 (-0.47)
Pseudo Labels
AUC 954 9583 (+0.43) 94.68 (-0.72) 96.35 (+0.95)
FPR 20.23 18.84 (-1.39) 21.83 (+1.6) 17.85 (-2.38)

D. Pseudo-Labels visualization

To provide further insight into how the model organizes
visual information when trained with pseudo-labels, we present
a t-SNE visualization in Figure 2. The visualization shows that
pseudo-labels and ground-truth (GT) labels share substantial
overlap at a coarse level, while exhibiting meaningful differ-
ences in how fine-grained visual structure is organized. In
particular, images of birds (green dots) are separated into two
pseudo-categories, corresponding to full-body views and head-
only views, respectively. A similar pattern is observed for horses
(gray dots), where one pseudo-category captures side-view full-
body images, while another focuses on frontal or partial-body
appearances. This observation supports our broader argument
that pseudo-labels provide a consistent classification logic that
is sufficient for learning a meaningful decision boundary. Please
refer to Figure 3 in the supplementary material for additional
details and a high-resolution version.

E. Effectiveness of Ensembling Pseudo-Labels

To study the effect of ensembling with pseudo-labels, we
trained three models on CIFAR-10 using 5, 10, and 20 pseudo-
categories, chosen for their comparable detection performance
(Table V). For comparison, we also trained three GT models
with different random seeds. Unlike GT labels, which are
fixed and provide no diversity in learning perspectives, pseudo-
labels derived from different SSL configurations or varying
numbers of pseudo-categories induce distinct classification
logics. Ensembling across such diverse decision boundaries
can therefore improve OOD detection.

In addition to the N, ensemble introduced in Section III-D,
we further evaluate two variants: Ny, and N, obtained
by replacing the minimum operation with maximum and

bird
-40 - cat
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Fig. 2: t-SNE [39] visualization of CIFAR-10 embeddings
learned with pseudo-labels.

average, respectively. The resulting norm values are then used
to distinguish ID from OOD samples.

As shown in Table VI, ensembling with pseudo-labels out-
performed ensembling with GT labels. Among all the strategies,
the minimum ensemble delivered the best performance. This
result is intuitive: models tend to produce larger feature norm
values for ID samples due to the familiarity of the data’s
structure [24], whereas OOD samples generate smaller feature
norm values. By focusing on the minimum value ensemble, the
smaller norms of OOD samples are emphasized, making them
more distinguishable from the larger norms of ID data. This
strategy reduces false positives and improves OOD detection
performance compared to other ensemble approaches.

F. Extended Experimental Evaluation

Additional experiments are provided in the supplementary
material, including comparisons on adjacent OOD datasets
(Section III-A), the rationale for using FeatureNorm as the
OOD scoring method (Section III-B), analysis of semantic and
fine-grained structures in pseudo-label embeddings (Section
ITI-C), the necessity of SSL encoder fine-tuning (Section III-D),
ensembling with pseudo-labels on ImageNet (Section III-E),
OOD detection for flipped images (Section III-F), quality of
pseudo labels (Section III-G), choice of clustering methods
(Section III-H), model generalization (Section III-I) and detailed
results for individual OOD datasets (Sections III-J and III-K).
These analyses further validate our approach and demonstrate
its versatility across diverse scenarios.

G. Limitations

Our work’s central insight is that a model’s OOD detection
capability emerges from its ability to learn a consistent and
generalizable classification logic. While we primarily validate
this hypothesis through empirical experiments, a more formal
theoretical foundation remains an open direction. We also
observe that classification logic derived from GT labels tends



to outperform that obtained from pseudo-labels, particularly
in challenging adjacent-OOD scenarios. Nevertheless, this gap
indicates a valuable direction for future research to develop
more reliable pseudo-labeling strategies that maintain class-
level semantic consistency even near decision boundaries.

V. CONCLUSIONS

This work reexamines OOD detection by showing that a
model’s ability to detect outliers is fundamentally driven by its
generalization on the ID task. Rather than depending on GT
labels, effective OOD detection arises from learning a consistent
and generalizable classification logic. To validate this idea, we
introduced a framework that generates pseudo-labels through
SSL and clustering. Experiments confirmed a strong positive
link between ID generalization and OOD detection, and our
ensemble method further improved performance. Our findings
suggest that, alongside efforts to design new scoring functions,
enhancing models’ generalization on ID data offers a promising
path for advancing unsupervised OOD detection.
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