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Abstract

Out-of-distribution (OOD) detection holds significant im-
portance across many applications. While semantic and
domain-shift OOD problems are well-studied, this work fo-
cuses on covariate shifts - subtle variations in the data dis-
tribution that can degrade machine learning performance.
We hypothesize that detecting these subtle shifts can im-
prove our understanding of in-distribution boundaries, ul-
timately improving OOD detection. In adversarial dis-
criminators trained with Batch Normalization (BN), real
and adversarial samples form distinct domains with unique
batch statistics — a property we exploit for OOD detec-
tion. We introduce DisCoPatch, an unsupervised Adver-
sarial Variational Autoencoder (VAE) framework that har-
nesses this mechanism. During inference, batches con-
sist of patches from the same image, ensuring a consis-
tent data distribution that allows the model to rely on
batch statistics. DisCoPatch uses the VAE’s suboptimal
outputs (generated and reconstructed) as negative sam-
ples to train the discriminator, thereby improving its ability
to delineate the boundary between in-distribution samples
and covariate shifts. By tightening this boundary, DisCo-
Patch achieves state-of-the-art results in public OOD de-
tection benchmarks. The proposed model not only excels
in detecting covariate shifts, achieving 95.5% AUROC on
ImageNet-1K(-C), but also outperforms all prior methods
on public Near-OOD (95.0%) benchmarks. With a com-
pact model size of 25MB, it achieves high OOD detection
performance at notably lower latency than existing meth-
ods, making it an efficient and practical solution for real-
world OOD detection applications. The code is available
at github.com/caetas/DisCoPatch.

1. Introduction

Out-of-distribution (OOD) detection consists of identifying
whether a given test sample significantly deviates from the

known information of in-distribution (ID) data. It is often
employed as a preliminary step in image-based systems,
aiming to mitigate the risks associated with feeding OOD
inputs to a model. Besides safeguarding a system against
erroneous predictions, it also facilitates the safe handling
of OOD samples, either by rejection or transfer to human
intervention. However, the significance of OOD lies not
only in bolstering the reliability of image processing sys-
tems, but also in its standalone role for anomaly and fault
detection. A simple example of this use case can be found
in the visual inspection of industrial image data, where it
is easy to acquire imagery of normal samples yet virtually
impossible to define the expected defects [50]. In the OOD
context, these anomalies can be broadly classified into two
types: (1) anomalous objects in images which refer to un-
expected or rare items appearing in the frame, and (2) faulty
equipment or products which refer to malfunctions or irreg-
ularities in the machinery or products under inspection. As
a consequence, this task is typically cast as an OOD classi-
fication problem.

OOD detection comprises various types of shifts in data.
(a) Semantic shifts, such as encountering unseen classes,
and (b) domain shifts, like distinguishing between real im-
ages and drawings, have easily established boundaries and
are well-defined in literature [19, 32]. On the other hand,
(c) covariate shifts, which involve perturbations in data or
subtle changes in its expected variability, are often conflated
with domain shifts [69]. It is essential to differentiate co-
variate shifts, since they pose unique challenges requiring
tailored detection mechanisms.

Figure 1 illustrates the proposed framework for inter-
preting shifts in a data distribution. In our definition, the
ID range covers an expected semantic shift, containing a
pre-defined number of different classes, as exemplified by
ImageNet-1K [51], along with some degree of variability
in terms of domain and covariate shifts. For instance, in-
troducing a novel class such as bagpipes in NINCO [3]
represents an OOD semantic shift, as ImageNet-1K lacks
such examples. An extreme change in domain, such as
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Figure 1. Diagram illustrating data distribution shifts. Variations
in the z-axis define semantic shifts, domain shifts represent new
contexts like sketches with unchanged semantics and variability,
and covariate shifts indicate changes within the same domain and
semantic content, such as image perturbations (e.g., blurring).

a hand-drawn representation of a plane from the Sketch
dataset [12], is considered OOD, despite the retaining of se-
mantic relevance. Additionally, substantial covariate shifts,
such as a blurred horse image from ImageNet-1K(-C) [18],
are also classified as OOD, even though there are no explicit
alterations in semantic or domain concepts.

Various unsupervised OOD detection methods have been
explored that utilize generative models, including Vari-
ational Autoencoders (VAEs) [46], Generative Adversar-
ial Networks (GANs) [54], Normalizing Flows (NFs) [26]
and more recently Denoising Diffusion Probabilistic Mod-
els (DDPMs) [63]. The detection of anomalous data is usu-
ally performed by assessing whether they deviate from the
learned representation manifold, or by comparing the recon-
structed and original images in pixel space. DDPMs exhibit
superior mode coverage compared to GANs and VAEs, al-
beit with much slower sampling/detection rates [66]. NFs
present a good framework for OOD detection, but it is well
documented that they often assign a higher likelihood to
OOD samples than the ID data [25].

This paper proposes that the batch statistics extracted by
Batch Normalization (BN) [23] layers can be used to im-
prove OOD detection. It has been hypothesized that in ad-
versarial networks trained with BN, clean and adversarial
images are drawn from two distinct domains, with each do-
main exhibiting different means and variances in the BN
layers [67]. This has been empirically proved by examining
feature statistics at different layers of a discriminator, thus
validating that these stem from separate underlying distri-
butions [62]. This "two-domain hypothesis" points to BN’s
inherent ability to separate ID and OOD samples based on
batch statistics. However, BN increases adversarial vulner-
ability by shifting model reliance towards non-robust fea-
tures rather than robust ones [1]. To mitigate this, we pro-
pose utilizing a patch-based strategy for both training and

inference. During training, partitioning images into patches
encourages the model to focus on robust features that persist
across diverse regions of the same image. During inference,
processing batches of patches from a single image allows
the model to ensure that the batch statistics correspond to
the same underlying distribution.

In this paper, we demonstrate this effect can be lever-
aged by training a discriminator in an Adversarial VAE
framework with DisCoPatch, using both reconstructed and
generated images as OOD samples; this model yields an
excellent OOD detector with an efficient and compact de-
sign. This approach not only excels in detecting covari-
ate shifts but also proves effective against semantic OOD
samples, all while significantly accelerating detection speed
compared to prior methods. Since DisCoPatch is trained
end-to-end, the quality of generated counterfactual samples
becomes less critical; the VAE’s outputs naturally enhance
the discriminator’s boundary-setting ability as training pro-
gresses. This method achieves high OOD detection perfor-
mance with a compact and low-latency model, offering a
practical solution for real-time applications. The main con-
tributions of this work are as follows:
• A novel analysis of Batch Normalization’s inherent bias

toward batch statistics, demonstrating how this mecha-
nism can be leveraged for effective OOD detection by
structuring batches with patches from the same image.

• DisCoPatch, a lightweight, unsupervised framework
specifically designed for OOD detection.

• State-of-the-art performance in Covariate Shift and Near-
OOD detection, along with competitive results in Far-
OOD detection, all while achieving significantly lower
latency than existing methods.

2. Related Work

2.1. Semantic Shift and Covariate Shift OOD

OOD detection literature predominantly focuses on seman-
tic shift and typically falls into two categories: (a) super-
vised, which requires labels or OOD data, and (b) unsu-
pervised, which relies solely on ID data [69]. Given the
nature of the OOD detection problem, OOD data are often
not sufficiently representative, as OOD samples can come
from a wide variety of unknown distributions. As such, un-
supervised methods are generally preferred. Covariate shift
occurs when images have consistent semantic and domain
content, but are recorded under deviating imaging settings
and conditions, or corrupted in a post-processing step. Al-
though increasing the degree of variance under these con-
ditions can deteriorate semantic and domain content, this
study focuses on covariate shifts within the same domain,
as these subtle distribution shifts can cause significant drops
in the classification performance of machine learning mod-
els [18].
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2.2. Generative-based Methods
A widely used and initially intuitive approach for OOD de-
tection involves fitting a generative model p(x; θ) to a data
distribution x and evaluating the likelihood of unseen sam-
ples under this model, assuming that OOD samples will
have lower likelihoods [2]. However, this assumption has
been challenged, with various generative models assigning
higher likelihoods to certain OOD samples [20, 42]. To
address this, different approaches have been proposed, in-
cluding using the Watanabe-Akaike Information Criterion
(WAIC) [5], specific likelihood ratios [55, 65], and hierar-
chical VAEs [16]. These methods aim to correct for likeli-
hood estimation errors, population-level background statis-
tics, and model feature dominance. Another approach sug-
gests labeling samples as OOD if their likelihoods fall out-
side the typical range of a model [4, 60], i.e., a sample may
be classified as OOD not only if its likelihood is lower than
that of ID data, but also if it is higher [41].

2.3. Reconstruction-based Methods
Reconstruction-based methods involve training a model R
to reconstruct inputs x from the training distribution, such
that we obtain x̂ = R(x). The rationale is that if R has
an information bottleneck, it will struggle to accurately re-
construct OOD inputs. However, these methods face prac-
tical challenges, including difficulty in tuning the informa-
tion bottleneck size [9, 45]. If it is too small, ID samples
may not be faithfully reconstructed; if it is too large, the
model can learn the identity function, allowing OOD sam-
ples to be reconstructed with low error. Some approaches
address these issues by using the Mahalanobis distance in
the Autoencoder’s feature space as an OOD metric [9], or
by introducing a memory module to discourage OOD sam-
ple reconstruction [13]. However, none of these methods
fully resolve the bottleneck selection issue. To tackle this
limitation, DDPMs have been employed, leveraging noise
bottlenecks [63] and reconstructions from a range of noise
values without the need for dataset-specific tuning [15] or
of corrupted inputs [39].

2.4. Feature-based and Logit-based Methods
Several scoring functions have been devised to differentiate
between ID and OOD examples, leveraging characteristics
of ID samples, but not represented in OOD ones, and vice
versa. These functions primarily stem from three sources:
(1) probability-based measures, such as maximum softmax
probabilities [19], and minimum Kullback-Leibler (KL) di-
vergence between softmax and mean class-conditional dis-
tributions [21]; (2) logit-based functions, including max-
imum logits [21], and the use of the logsumexp func-
tion computed over logits [38]; (3) feature-based func-
tions, involving the norm of the residual between a feature
and its low-dimensional embeddings [43], as well as mini-

mum Mahalanobis distance between a feature and class cen-
troids [31]. Some hybrid methods combine both logit and
feature scores for OOD detection [61], while more recent
works have introduced masked image modeling pretraining
into OOD detection with promising results [33, 34]. How-
ever, the detection speed of these methods is severely con-
strained by their large transformer-based backbones.

2.5. Adversarial Variational Autoencoders

The VAE [24] consists of an encoder that predicts the pa-
rameters µ and σ of the variational distribution of the in-
put data, and a decoder that takes a sample from this distri-
bution to reconstruct the input. VAEs are trained to maxi-
mize the Evidence Lower Bound (ELBO), which balances
reconstruction fidelity with the latent space regularization to
ensure that it follows a predefined probability distribution.
Using latent space as a bottleneck restricts the information
that can pass through, leading to uncertainty and blurriness
in the reconstructions [8]. Additionally, the pixel-wise re-
construction error and the high dimensionality of natural
image manifolds pose challenges for VAEs in generating
high-quality and realistic samples. While natural images
are assumed to lie on low-dimensional manifolds due to
local scale redundancy [28], local details exist in higher-
dimensional manifolds, making them difficult to capture.

GANs [14] consist of two neural networks with adver-
sarial objectives: the generator learns to map a random vec-
tor to the data space; the discriminator acts as a classifier
trained to differentiate real samples from generated ones.
Despite their success in generation tasks, GANs suffer from
two primary limitations compared to VAEs. The first is
mode collapse, which occurs when the generator produces
only a few different types repeatedly, making it easily rec-
ognizable by the discriminator. Consequently, the discrim-
inator’s feedback lacks useful information [58]. Addition-
ally, GANs lack an encoder network, which restricts their
ability to reconstruct an input or manipulate its latent rep-
resentation. AnoGAN [54] tries to circumvent this by opti-
mizing a random latent vector to match a test sample and de-
termining an anomaly score based on reconstruction quality
and the discriminator’s output.

The VAE and GAN have been combined by incorporat-
ing a discriminator to enhance the realism of VAE recon-
structions [30]. Alternatively, the BiGAN [11] architecture
features an encoder, generator, and discriminator, aiming
for good unsupervised feature representations but tends to
produce less accurate reconstructions. Other approaches
have adapted this VAE/GAN combination to fully utilize
the strengths of each architecture to improve the realism of
the images produced by the model [47]. DisCoPatch aims to
retain the adversarial benefits and the mode coverage of the
hybrid strategy, without the final goal of image generation,
thereby reducing computational requirements.
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Figure 2. Overview of the DisCoPatch architecture. During inference, only the Discriminator is used.

2.6. Batch Normalization
Batch Normalization [23] is a widely used technique to
speed up the training process of deep neural networks. It
became popular for GAN architectures after being utilized
in the DCGAN model [48] for both the generator and the
discriminator. Essentially, BN takes a batch of feature sam-
ples {x1, x2, . . . , xm} and computes

yi =
xi − µR

σR
· γ + β, (1)

where, during training, µR and σR are the running mean
and the running standard deviation, which are updated ac-
cording to the input batch statistics µB and σB with a non-
trainable momentum parameter m by[

µR σR

]
= (1−m)

[
µR σR

]
+m

[
µB σB

]
. (2)

Here, γ and β are learned parameters. It should be noted
that when the BN layer is set to evaluation mode, µR and
σR are fixed to the values learned throughout training (i.e.
parameter m in Eq. (2) is set to zero).

Compared to models without normalization, BN accel-
erates training in the early stages and leads to better per-
formance in GANs. However, the distinct distributions of
clean and adversarial samples have hindered BN’s effec-
tiveness in adversarial settings [62, 67], as models trained
with BN can still suffer from instability and low gen-
eralizability [64]. Alternative normalization approaches,
such as Weight Normalization [52] and Spectral Normaliza-
tion [40], have demonstrated improved performance for im-
age generation and benefits in training stability, while still
accelerating GAN training.

3. DisCoPatch
3.1. Overview
A prevalent generative-based approach for OOD detection
involves utilizing the trained generator to evaluate the like-
lihood of unseen samples. However, in adversarial setups,
some information about the ID boundary will be incorpo-
rated into the discriminator, as it learns to assess the proba-
bility of a sample being real (ID) or synthetic (OOD). As

mentioned in Section 1, we exploit the observation that
BN can help an adversarially trained discriminator to sepa-
rate underlying data distributions by recognizing that clean
and adversarial images are drawn from two distinct do-
mains (i.e. ID and OOD). Instead of solely estimating like-
lihoods, DisCoPatch clusters ID features while excluding
OOD samples by employing an Adversarial VAE that gen-
erates and reconstructs samples to enhance feature separa-
tion. The discriminator penalizes poorly generated and re-
constructed images, reinforcing the distinction between ID
and OOD and refining the decision boundary.

It is on this premise that we propose a Discriminative
Covariate Shift Patch-based Network, DisCoPatch. DisCo-
Patch is an Adversarial VAE-inspired architecture, as shown
in Figure 2, in which both the VAE and the discriminator are
trained adversarially. Adversarially trained discriminators
have been previously used for OOD detection [27]. DisCo-
Patch’s approach combines generative and reconstruction-
based strategies to distill information about the ID set and
OOD boundaries to the discriminator during training in an
unsupervised manner. Unlike traditional adversarial meth-
ods, DisCoPatch’s focus is on leveraging the generator’s
output as a tool to refine the discriminator. DisCoPatch’s
discriminator only utilizes the current batch’s (of patches)
statistics in the BatchNorm2D layer (i.e. parameter m in
Eq. (2) is set to one). Subsection 4.6 details extensive abla-
tion experiments to demonstrate its effectiveness.

3.2. Training
The VAE is trained to reduce the standard ELBO loss, while
also producing samples (generated patches using the VAE
decoder) that can fool the discriminator. The discrimina-
tor is trained to not only distinguish between generated and
real patches, as in the standard GAN setup, but also recon-
structed patches. Reconstructions from VAEs typically lack
detail, i.e., they have a sub-optimal high-frequency repre-
sentation [36], which can be found in certain types of co-
variate shifts, such as blurriness. On the other hand, images
generated from GANs often exhibit severe high-frequency
differences, leading the discriminator to focus excessively
on these components [35]. This focus can hinder the gen-
erator’s ability to capture low-frequency components. By
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Figure 3. Covariate shifts can be simulated by reconstructed and
generated patches. Encouraging more realism helps to tighten the
border between the ID and the OOD sets.

training the discriminator on reconstructions and genera-
tions, and encouraging both to appear more realistic, the
discriminator’s boundaries of the ID frequency spectrum
become tighter, strengthening its ability to detect OOD sam-
ples, as illustrated in Figure 3.

The VAE in DisCoPatch’s framework remains un-
changed compared to the traditional VAE, with parame-
ters θ and composed of an encoder EθE and a decoder
GθG responsible for generating an image output. The
VAE is a parameterized model given by qθE(z|x(i)) =
N (z;µ(i), σ2(i)I), where µ(i) and σ2(i) are outputs of
EθE . The prior distribution of the latent codes is p(z) =
N (z; 0, I). The VAE loss function combines a reconstruc-
tion term and a latent space regularization term, as demon-
strated in the original paper by [24] and adversarial im-
plementations [47]. The reconstruction term optimizes the
encoding-decoding process, while the regularization term
aligns the encoder distributions with a standard Gaussian.
The latter is represented by the KL-divergence between the
predicted distribution and the prior distribution. Both terms
are represented in Figure 2 and can be written as

LVAE = ∥x(i) − GθG(z)∥2

− 1

2

dim(z)∑
j=1

(
1 + log

(
σ
2(i)
j

)
− µ

2(i)
j − σ

2(i)
j

)
.

(3)

An additional model, the discriminator D, parameterized
by ϕ, is added to the traditional VAE architecture. It has
two main goals, as shown in Figure 2. First, it must dis-
cern between real patches and patches either reconstructed
from zreal or generated from random noise zfake. This can be

achieved by minimizing the cross-entropy function

LD = Ex∼p(x) [log (1−Dϕ(x))]

+ Ex∼pθG (x|zreal) [log (Dϕ(x))]

+ Ex∼pθG (x|zfake) [log (Dϕ(x))] .

(4)

This suggests that in addition to the discriminator’s initial
goal of improving generated patches (sampled from random
noise), it also pushes the reconstructions toward more real-
ism. Therefore, an adversarial loss term, which encourages
the VAE to generate or reconstruct patches that fool the dis-
criminator, is added to the loss function, so that

LAdv = Ex∼pθG (x|zreal) [1− log (Dϕ(x))]

+ Ex∼pθG (x|zfake) [1− log (Dϕ(x))] .
(5)

The final DisCoPatch loss function is thus a weighted com-
bination of both the Vanilla VAE loss and the adversarial
loss, which results in

LDCP = ∥x(i) − GθG(z)∥2

− ωKL

2

dim(z)∑
j=1

(
1 + log

(
σ
2(i)
j

)
− µ

2(i)
j − σ

2(i)
j

)
+ ωRecEx∼pθG (x|zreal) [1− log (Dϕ(x))]

+ ωGenEx∼pθG (x|zfake) [1− log (Dϕ(x))] .

(6)

3.3. Patching Strategy
The patching strategy begins by taking a high-resolution in-
put image, typically a standard 256×256 resolution, and
cropping it into N random patches, each of size 64×64.
This approach allows the model to capture fine-grained de-
tails in different image regions. During training, batches are
composed of patches sourced from multiple images rather
than from a single one. This setup accelerates training and
ensures that the model learns consistent and robust ID fea-
tures across a range of images, minimizing the potential for
overfitting on individual image characteristics.

In this setup, using the standard BatchNorm2D layer
constrains batch processing during inference to a single im-
age, since normalization must be applied only to features
from the same distribution; mixing ID and OOD samples
in a batch would distort the statistics and hinder effec-
tive separation. Therefore, we introduce a custom layer,
PatchNorm2D, which retains the weights and biases of
BatchNorm2D but enables the simultaneous normaliza-
tion of multiple groups of patches. Specifically, each batch
consists of several groups of N patches, where each group
contains patches from the same image that are normalized
together. This ensures that the model produces independent
results per image while maintaining the benefits of batch
normalization. The final anomaly score for an image is the
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Figure 4. Different patching strategies employed by the model.
Training normalizes patches from multiple images, while infer-
ence normalizes patches per image.

mean of the scores of all patches within that same image.
For the remainder of the paper, we refer to the model as
DisCoPatch-N , indicating the number of patches per image
used during inference. Both strategies are illustrated in Fig-
ure 4.

4. Experiments & Methodology
4.1. Datasets
In OOD detection benchmarks, the conventional approach
involves designating an entire dataset as ID and then com-
piling multiple datasets that lack any semantic overlap with
the ID categories to act as OOD sets. To ensure consistency
in the benchmarking process, we adhere to the methodology
proposed by OpenOOD [70]. Our evaluation encompasses
three tasks: (1) Near-OOD, which exhibits slight seman-
tic variation compared to ID datasets; (2) Far-OOD, which
encompasses both semantic and domain shifts; and (3) Co-
variate Shift OOD, involving corruptions within the ID set.
ImageNet-1K [51] was defined as the ID dataset. Further
details on the datasets are summarized in Appendix A.

4.2. Evaluation Metrics
The evaluation metrics employed in OpenOOD by [70] are
adopted for this work. These two main evaluation metrics
are: (1) AUROC, which measures the area under the Re-
ceiver Operating Characteristic (ROC) curve, and displays
the relationship between True Positive Rate (TPR) and False
Positive Rate (FPR); and (2) FPR95, which measures the
FPR when the TPR is equal to 95%, with lower scores indi-
cating better performance. The full results are provided in
the form "AUROC/FPR95%". In addition to these quantita-
tive metrics, a UMAP visualization of the extracted features
is included as a qualitative evaluation, providing insight into
the separability of ID and OOD samples in the learned fea-
ture space.

4.3. Baseline Models
For the ImageNet-1K benchmark, we compare our
method, DisCoPatch, against SOTA public models, such

as MOODv2 [34], NNGuide [44], SCALE [68], Rank-
Feat&Weight [57], ASH [7], and FDBD [29], all of which
have demonstrated SOTA performance1 on Near-OOD and
Far-OOD detection for these datasets. These models em-
ploy feature-based and logit-based strategies to perform
OOD detection. In the case of NNGuide, we evaluate three
of its available backbones to assess performance across
different model types: the top-performing RegNet [49], a
more efficient ResNet-50 [17], and the lightweight Mo-
bileNetV2 [53].

4.4. DisCoPatch Implementation & Compute
Appendix B contains the implementation specifics of Dis-
CoPatch. The computational resources for training and
evaluating models are detailed in Appendix C.

4.5. Experimental Significance
To support the main claims of this work, we perform five
random runs to validate DisCoPatch’s performance on the
OOD benchmarks and compute the average performance.

4.6. Batch Normalization Bias Analysis
We conduct various supplemental experiments to investi-
gate the effect of Batch Normalization’s reliance on the
batch statistics µB and σB (Eq. 2) during training. We
conduct the experiments using the complete ImageNet-
1K dataset, center-cropped and resized to 256 × 256
pixels, within the DisCoPatch framework. Unlike our
main experiments that rely on patch-based batches, here
we evaluate the model’s sensitivity to batch-level statis-
tics across the full-resolution images. This model was
used with the standard BatchNorm2D parameters, with
track_running_stats set to True and the default
momentum of 0.1.

In the first experiment, the model is analyzed in evalu-
ation mode, as described in Subsection 2.6. In this mode,
the model utilizes the running mean, µR, and variance,
σR, learned during training and neglects the statistics of
the current batch. As mentioned in Section 1, this pa-
per hypothesizes that the batch statistics of the batch be-
ing evaluated can be a powerful feature for OOD detection.
Consequently, we also introduce an additional model, in
which the track_running_stats option in PyTorch’s
BatchNorm2D layer is set to False. This setting causes
the model to disregard the running mean and variance ob-
tained during training, and instead, it employs solely the
statistics µB and σB of the batch being tested for normaliza-
tion. This configuration does not modify the layer weights
and is solely used to illustrate dependency on batch-level
statistics during inference. For a comprehensive analysis,
refer to Appendix D. Alternative normalization strategies
are covered in Appendix E.

1OpenOOD Benchmark https://zjysteven.github.io/OpenOOD/
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Table 1. OOD benchmark results for models trained on ImageNet-1K. Results are obtained from the respective research papers where
available or recomputed (∗) and reported following the OpenOODv1.5 benchmark as AUROC/FPR95.

Model Near-OOD Far-OOD Covariate Shift
SSB-hard NINCO iNaturalist DTD OpenImage-O ImageNet-1K(-C)

MOODv2 [34] (BEiTv2) 85.0/58.1∗ 92.7/38.2∗ 99.6/1.8 94.3/24.7 97.4/13.6 70.5/73.9∗

SCALE [68] (ResNet-50) 77.4/67.7 85.4/51.8 98.0/9.5 97.6/11.9 94.0/28.2 83.3/54.1∗

NNGuide [44] (RegNet) 84.7/54.7∗ 93.7/28.9∗ 99.9/1.8 95.8/17.0 97.7/10.8 78.5/61.6∗

NNGuide [44] (ResNet-50) 71.5/82.8∗ 80.5/69.8∗ 96.9/14.3 90.4/27.4 92.4/35.4 78.6/58.7∗

NNGuide [44] (MobileNetV2) 64.3/90.3∗ 75.5/80.2∗ 80.2/70.2 88.3/40.6 82.9/63.3 78.1/61.4∗

RankFeat [56] (ResNetv2-101) 89.4/47.9∗ 90.0/39.3∗ 96.0/13.0 95.0/25.4 92.4/33.3∗ 91.3/38.7∗

ASH [10] (ResNet-50) 74.1/80.6∗ 83.0/64.2∗ 97.9/11.5 97.6/11.9 92.8/32.7∗ 84.7/51.3∗

FDBD [37] (ResNet-50) 68.4/83.4∗ 81.4/66.1∗ 97.6/12.4 98.0/10.7 91.7/35.6∗ 82.2/57.8∗

DisCoPatch-64 (Proposed) 95.8/19.8 94.3/39.0 99.1/3.6 96.4/18.9 94.4/29.7 97.2/10.6

5. Results
Table 1 shows that DisCoPatch-64 surpasses state-of-the-
art methods in Near-OOD and Covariate Shift benchmarks,
with a particularly large performance gap in the Covari-
ate Shift OOD detection task. Although DisCoPatch does
not achieve SOTA performance in any of the Far-OOD
benchmarks, it is close to matching the best performers on
the iNaturalist and DTD tasks and attains competitive per-
formance in OpenImage-O, whilst being a much smaller
model. Detailed performance analysis for Covariate Shift
can be found in Appendix G.
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Figure 5. AUROC on Near-OOD detection vs. latency of the mod-
els. Circumference size is equivalent to relative model size.

The superiority of DisCoPatch extends beyond raw de-
tection performance. As illustrated in Figure 5, DisCoPatch
outperforms all other models in Near-OOD detection per-
formance while reducing latency by up to an order of mag-
nitude. Even with only 16 patches per image, DisCoPatch
outperforms all other models tested. Appendix F offers a
detailed examination of the performance of additional patch
counts. However, increasing the patch count beyond 64
did not result in any noticeable performance improvements.
The performance gap between DisCoPatch and the second
fastest model, NNGuide (MobileNetV2), is near 25%.
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Figure 6. AUROC on Far-OOD detection vs. latency of the mod-
els. Circumference size is equivalent to relative model size.

Although DisCoPatch does not achieve the highest per-
formance in Far-OOD detection, Figure 6 shows that it
is surpassed only by the two largest and slowest mod-
els, MOODv2 and NNGuide with a RegNet backbone,
with a marginal gap of just 1%, while being at least ten
times faster. DisCoPatch also exceeds the performance
of NNGuide (MobileNetV2), the next smallest model, by
12%. Again, increasing the number of patches per image
beyond 64 yielded no further significant improvements in
detection performance. Table 4 in the supplementary mate-
rial provides details on model size and latency.

Figure 7 presents a UMAP visualization of the aver-
age features extracted by the discriminator from 64 patches
per image. The results show that samples from Near-
OOD datasets (NINCO, SSB-hard) cluster closer to the ID
set (ImageNet-1K), while Far-OOD samples (OpenImage-
O, DTD, iNaturalist) are mapped farther away. While the
proposed method effectively structures the feature space
into distinct clusters, the decision boundary remains subop-
timal. This highlights the potential for integrating post-hoc
feature-based methods to further enhance OOD separation.

2904



10 5 0 5 10 15
UMAP Dimension 1

4

5

6

7

8

9

UM
AP

 D
im

en
sio

n 
2

SSB-hard
NINCO
iNaturalist
DTD
OpenImage-O
ImageNet-1K
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6. Discussion

Covariate Shift OOD. Validation on ImageNet-1K(-C) re-
veals that DisCoPatch achieves a substantial improvement
over other models in this task. As hypothesized in Section 3,
and supported by recent findings [35, 36], training a dis-
criminator with VAE reconstructions enhances sensitivity
to corruptions that diminish the high-frequency spectrum.
This effect arises because reconstructed images generally
lack high-frequency content, prompting the discriminator
to classify this lack of content as "fake" and its presence
as "real." In contrast, training the discriminator with gener-
ated images strengthens its ability to detect high-frequency
amplification. DisCoPatch’s unique unsupervised training
approach, which exposes the discriminator to generated and
reconstructed patches, enables robust detection of low- and
high-frequency perturbations, leading to consistent perfor-
mance across various corruptions.

Near-OOD and Far-OOD. The covariate shift-focused
training strategy effectively tightens the boundary between
ID and OOD samples, improving detection performance on
both Near-OOD and Far-OOD datasets. DisCoPatch out-
performs existing models, achieving SOTA performance in
Near-OOD detection. Although the same does not occur for
Far-OOD, DisCoPatch’s performance is competitive, and
the model is only beaten by far larger and slower models.

Deployment. There are generally two main deployment
scenarios for OOD detection algorithms: (1) The OOD de-
tection algorithm is the primary focus, deployed as a stan-
dalone application. (2) The OOD detection algorithm op-
erates alongside a main image processing algorithm, ensur-
ing its safe and effective use. An OOD algorithm must be
practical and effective in real-world scenarios, delivering
strong detection performance while being highly deploy-
able. Deployability should be assessed in the following as-
pects: (a) Accessibility, evaluated by the compute require-
ments necessary for the algorithm; (b) Development Cycle,
measured by the time required for model training and de-
ployment; (c) Inference Speed, which reflects the time it

takes for the algorithm to make predictions during deploy-
ment; and (d) Accuracy, denoting the ability of the algo-
rithm to provide highly accurate OOD detection.

An ideal OOD detection algorithm excels in all these di-
mensions, ensuring that it can be used effectively in vari-
ous practical applications. As detailed in our results and
Appendix C, DisCoPatch excels in all criteria. The model
achieves SOTA OOD detection results, while utilizing a
substantially smaller and faster model. Table 4 indicates
that DisCoPatch is 1 order of magnitude faster than the
other evaluated models; being up to 12 times faster than
MOODv2 and up to 19 times quicker than NNGuide. Train-
ing a tailored model is also efficient and flexible, as demon-
strated in Table 3, making it a strong candidate for applica-
tions that require fast development cycles.

7. Limitations & Future Work

Comprehensive benchmarking of Covariate Shift detection
across diverse architectures is vital to advance the field.
While DisCoPatch shows promise for generative-based se-
tups, evaluating more models will clarify how architecture
impacts detection performance. Covariate Shift detection is
particularly critical in fields like medical imaging, where
identifying distribution shifts is crucial to ensuring trust-
worthy predictions. Expanding such evaluations to high-
stakes domains could broaden the relevance of DisCoPatch
and similar models for robust, real-world applications.

While current results demonstrate the effective use of
batch statistics for OOD detection, a signal-processing-
focused analysis of feature propagation and suppression at
each layer could provide key insights, improving model
interpretability. The planned extensions include the in-
tegration of several ResNet-based architectures that use
BatchNorm2D layers. Beyond discriminator architec-
tures, future work should also assess more robust recon-
structors (e.g., VQ-GAN) and generators (e.g., DDPMs).

8. Conclusion

This paper introduces DisCoPatch, an unsupervised
lightweight framework for OOD detection. DisCoPatch,
unlike traditional VAE or GAN training objectives, uses a
combination of reconstructed and generated images to ad-
dress a wide range of frequency-spectrum perturbations.
Furthermore, this study highlights the inherent bias in Batch
Normalization toward batch statistics. DisCoPatch effec-
tively exploits this bias for competitive OOD detection, par-
ticularly for Covariate Shift and Near-OOD detection. Dis-
CoPatch sets a new state-of-the-art in public OOD detection
benchmarks, with 95.5% AUROC on Covariate Shift detec-
tion and 95.0% on Near-OOD detection, while maintaining
low latency and a compact 25MB model, which makes it
well suited for real-time, resource-constrained applications.
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