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Medical anomaly detection

Data efficiency remains a central challenge in brain anomaly detection, where annotated datasets are often
scarce. Most existing methods are tailored to single-class settings and show limited ability to generalize. We
introduce FsBAD, a feature reconstruction-based approach designed for few-shot brain anomaly detection with
minimal supervision. FsBAD reconstructs a nominal version of an anomalous brain scan by leveraging a small
set of aligned reference samples. To enhance reconstruction quality, we propose a novel feature alignment
strategy that integrates regression with distribution regularization, promoting both semantic accuracy and
nominal consistency. While FsBAD is optimized for brain imaging, we evaluate its generalization capabilities on
liver and retina datasets. Experiments across all three domains show that FsBAD consistently outperforms state-
of-the-art methods in both image-wise classification and pixel-wise anomaly localization, even in extremely
low-shot (2- to 15-shot) settings. This demonstrates FsBAD’s potential as a scalable, data-efficient solution for

brain anomaly detection and its robustness across medical imaging tasks.

1. Introduction

Brain anomaly detection in MRI is critical for early diagnosis and
treatment, yet remains particularly challenging due to the subtle nature
and variability of anomalies across individuals and modalities. Tradi-
tionally, anomaly detection in computer vision has found success in
industrial inspection tasks, where anomalies typically appear in well-
structured and repetitive environments [1-3]. However, translating
these techniques to the medical domain, especially to brain MRI, in-
troduces unique challenges due to the scarcity of annotated data, high
intra-class variability, and ethical constraints related to privacy, data
sharing, and labeling [4,5].

Most state-of-the-art anomaly detection methods rely on supervised
learning paradigms similar to traditional methods [6-12], which re-
quire large volumes of well-annotated nominal data and, ideally, a
diverse set of labeled anomalies. Unfortunately, such assumptions do
not hold in medical scenarios, where anomalous cases are inherently
rare, expensive to annotate, and sensitive in nature. Recent research
has therefore shifted towards unsupervised or weakly supervised strate-
gies, attempting to model only the distribution of healthy data and
detect deviations from it [13-16]. Among these, reconstruction-based

approaches using generative models (e.g., Autoencoders) aim to learn
the nominal distribution through heavy training procedures, while
feature-matching approaches [17,18] rely on comparing a test sample’s
features with a memory bank of nominal samples. Both strategies are
data-hungry and lack scalability across multiple classes or imaging
domains.

In this work, we tackle these limitations and introduce FsBAD, a
training-free and data-efficient framework for brain anomaly detection.
Our method is designed for real-world settings where only a few
nominal samples are available. FSBAD reconstructs an anomaly-free
version of a given query sample using a linear transformation at the
feature level, based on a memory bank of few-shot nominal features.
Unlike traditional reconstruction approaches, our method aligns the
low-frequency (i.e., structural) content of the reconstructed image with
the query, while preserving high-frequency signals that reveal anoma-
lies. To ensure the reconstructed image conforms to the distribution
of nominal samples while remaining visually close to the query image,
we introduce a distribution regularization term based on classical ridge
regression. This allows us to fit a Gaussian model to the nominal
feature space and constrain the reconstruction accordingly. The re-
sulting optimization problem admits a closed-form solution, enabling
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Fig. 1. Overall architecture of the proposed method. A pre-trained encoder is used to extract feature maps of support samples and each given query sample.
A support feature pool is created by aggregating all the features obtained from support images. Then, down-sampling is performed on this feature pool using
coreset selection F to improve the inference speed and decrease data redundancy. The query feature map M and the coreset F become input to the proposed
distribution regularization with regression, as shown in the gray region. The regression is used to obtain the optimal transformation 7' between the query feature
map M and support features F to reconstruct the sample TF, represented as M. The newly reconstructed sample M retains the properties of the nominal sample
while sharing the similarity with the original query sample M. Finally, the comparison and alignment between them (i.e., M and M) is performed to obtain the

anomaly detection.

fast computation and facilitating the deployment of FsBAD in resource-
constrained clinical environments. While FsBAD is designed with brain
MRI in mind, we evaluate its adaptability to other medical imaging
tasks including liver CT and retinal fundus images as a measure of its
generalization.

We evaluate FsBAD on three different medical datasets, brain MRI
[19-21], liver CT [22,23], and retinal fundus images [24], demon-
strating strong performance across various few-shot settings. In partic-
ular, FsBAD achieves state-of-the-art AUROC scores in brain anomaly
detection, confirming its robustness and generalization capabilities.

2. Related works

Medical anomaly detection has garnered significant attention in
the computer vision community and can be broadly classified into
two categories: feature-matching and reconstruction-based methods.
The traditional existing reconstruction-based methods perform clas-
sification of anomalous samples using either a comparison between
the query sample and the reconstructed nominal sample through the
Generative Adversarial Network [25-27], or a reconstruction loss [27-
29]. However, feature-matching-based methods exploit pretrained fea-
tures. For example, Real-IAD [30], Dinomaly [31], PatchCore [18] and
PaDiM [17] analyze anomaly detection using the MVTec [1] dataset
in an unsupervised manner. Similarly, KNN-based pixel and image-
wise anomaly detection [32], and feature memory comprising various
feature hierarchies have been used in SPADE [33]. However, both
types of models are highly dependent on large data in real-world
applications.

In the medical domain, the limited availability of annotated data
requires few-shot anomaly detection methods. Recently, different few-
shot anomaly detection methods have been introduced [34]. For exam-
ple, DiffNet [35] uses convolutional neural networks to extract features
for density estimation using a normalized flow that helps estimate the
distribution with a few supporting samples. In TDG [36], a hierarchical
generative model has been proposed that uses every support sample to
retain the multi-scale patch distribution. Another method, RegAD [37],
has introduced a new perspective of few-shot anomaly detection using
a meta-learning design by sharing a common model learning among
multiple categories. Although the inference performance is remarkable
in a few-shot setting, the migration of the model in a real-world envi-
ronment is difficult due to the complex training process and enterprise
applications [38].
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3. Methodology

In this section, we provide a detailed overview of the proposed
FsBAD method for the detection of medical anomalies in brain MRI. The
proposed method introduces an efficient and scalable approach to few-
shot medical anomaly detection leveraging feature reconstruction with
distribution regularization. Specifically, FSBAD is composed of three
key elements: (1) a feature extraction with a coreset selection mod-
ule, (2) a reconstruction step, guided by a distribution regularization
mechanism based on ridge regression, and (3) the anomaly detection
module, which compares the reconstructed and the original samples.
The overall architecture of the proposed method is shown in Fig. 1.

For the formal definition of the classification task in medical anomaly
detection, we follow the few-shot learning configuration of s-shot and
c-way, in which ¢ categories are given, represented as F = U_ N,
where N, contains s number of nominal samples taken from a category
¢;. During inference, nominal or anomalous samples are given as
the query sample. The model predicts whether the query sample is
nominal or anomalous at the image level and pixel level. Note that
we use three different datasets from different medical domains used as
different categories in the experiment settings. The detailed procedural
methodology is outlined in Algorithm 1.

3.1. Feature extraction of support samples and coreset selection

Feature extraction that uses pre-trained CNN architectures has
proven effective in various applications, including anomaly detec-
tion [17,18]. This approach significantly reduces computational over-
head while maintaining high detection accuracy, eliminating the need
to train deep models from scratch. This observation leads to the first
step of the proposed method. Following the existing methods, a pre-
trained CNN (i.e., ResNet-50) is used to extract hierarchical feature
representations from nominal support samples, followed by a coreset
selection process that optimally downsamples features to enhance
computational efficiency while preserving representative information.
If there x; € X is an image in the dataset X, 6 is a pre-trained model,
then the hierarchy level j is represented as 6; s where j € 1,2,3,4. We
extract intermediate-level features j € 2,3 from the network hierarchy,
as these layers capture both spatial and semantic representations criti-
cal for anomaly detection. The resulting feature maps, with dimensions
H xXW x D, are transformed into an embedding space, where H and W
denote spatial dimensions and D represents the depth of the feature
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Algorithm 1: FsBAD: Data-Efficient Feature Reconstruction for
Few-shot Brain Anomaly Detection

Input: Support set S = {x,X,,...,xy} (normal samples), query
image M, feature extractor f(-), ridge parameter a,
threshold ¢

Output: Anomaly score and decision for query Image M

Feature Extraction of Support Samples:
Extract support features: F « [f(x}), f(x), ..., f(xx)]
Extract query features: M « f(M)

Ridge Regression and Regularization:
Compute transformation via ridge regression:
T = argmin, ||[M - TF|)? + a||T||?
Closed-form solution: 7= M F*(F*F)~!
Reconstruct query: M < T - F,

M « Regularize(M, F)

Anomaly Scoring:

score(M) < ||M — M|?

Decision:
if score(M) > ¢ then
L return “Anomaly”, score(M);

else
L return ‘“Normal”, score(M);

or the number of channels. We reshape the feature map from H X
W x D (i.e., three dimensions) to Z x D (i.e., two dimensions) for easy
computation, where Z = H x W. This reshaped feature map represents
the embedding vectors or patch features. Then we concatenate the
features of the support samples s with the dimensions s X Z x D to
achieve a support feature pool using the s-shot setting. We obtain a
coreset F € D¢ of features by the coreset sampling operation, where
the S-greedy algorithm is used to calculate the number of cluster centers
s. To balance detection performance and computational complexity,
the coverage of the coreset F is on a smaller scale, despite that it is
comparable to the source support feature pools. On the other hand,
the patch-level feature map M of the query sample is also extracted
using the same pre-trained model. Fig. 1 shows the overall process of
extracting features and selecting the coreset in the yellowish region.

3.2. Distribution regularization with regression

To reconstruct the nominal counterpart of an anomalous query sam-
ple, we introduce a transformation learning strategy using ridge regres-
sion. Our approach integrates a novel distribution regularization term,
ensuring that the reconstructed features remain within the nominal
feature space while preserving the original sample’s anomaly-related
characteristics. This ensures that the reconstructed sample remains
visually and statistically consistent with normal anatomical structures
while preserving the anomalous regions for effective detection. An op-
timal transformation weight T is searched to rebuild the query feature
map M by transforming the coreset F, where TF ~ M and TF have
most of the characteristics of nominal samples. While finding optimal
weight T solves the problem of linear least-squares [39]. Using ridge
regression, the optimization is mathematically formulated as follows:

T =argmin |M ~ TF| +a|[T|I%, €8]

where |.|| is the Frobenius norm, ||T||* is the penalty term, and «
represents the weight of the penalty term. In ridge regression, the
penalty term controls the linearity when under- or over-constrained.
However, the reconstructed sample deviates from the distribution of
nominal samples as a result of the transformation derived from the
ridge regression. Thus, following the transformation, the result TF is
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much closer to M in such a way that the features of the defect region
are recreated similarly to that of M. The transformed query image
whose defect regions are reconstructed has most features similar to
those of the original query image. In ridge regression, to replace the
original penalty term, we propose a distributional regularization term
that improves the reconstruction result 7F in terms of normality. We
use an isotropic Gaussian density function f (X | o, Z) to model the
distribution of normal feature maps, where support set feature maps
are used to estimate o and Y, called mean and covariance, respectively.
Following this, the regularization term is denoted as ||/ (TF) — f (o) ||,
and the proposed regression is formulated as follows:

T =argmin |M —TF| +allf (TF)= [ (@)1, @)

where «a is the coefficient controlling the regularization contribution. In
Eq. (2), the first term || M —T F||? naturally drags TF to M (i.e., original
query feature maps) during the search for optimal transformation 7.
However, in our proposed regularization ||f (T F) — f (c)||, the con-
structed TF is forced to remain closer to the distribution center in
the high probability density region. The distribution regularization is
visualized in the gray area of Fig. 1.

3.3. Closed-form solution and optimal transformation

In Eq. (2), the presence of a density function complicates the
derivation of a closed-form solution, leading to increased computa-
tional overhead. Therefore, we propose an alternative of Eq. (2) that
is approximate to it using Taylor’s theorem on the distribution density
function f. For f (x) at y, Taylor’s expansion is represented as follows:

f(X)Nf(}’)+Vf(7)(x—}’)+%(X—J/)THf(V)(x—}’), (3

where H f (y) is the Hessian matrix of f (x) at y. To approximate the
density function, we use first- and second-order terms from Taylor’s
expansion, in which the first-order term is 0 at . Thus, the density
function f (TF) at ¢ is expanded using Eq. (3) as follows:

fTF)= f(c)+Vf()TF —-o0)+ %(TF - O')THf(O')(TF —0) 4

We assume that the data distribution is isotropic Gaussian, so Y, =
u?I is its covariance matrix, where y? the variance will be across all
dimensions. Next, we take V f(¢)(T F—c) as 0 and H f(c) as Z_l, which
is the inverted covariance. Finally, moving f(c) to the left, we have:

-1
F(TF) - f(o) ~ %(TF —o) Y (TF-0)

1 ~
= Z—llz(TF—o)Tl(TF—a) 5)

=L rr-op.
24

where I denotes the identity matrix. To reformulate the approximate
version of Eq. (2), # is merged into a, given as follows:

T = argmin | M —TF|?+a||TF - o|? (6)

If the optimization goal of least square error (LSE) is T/ = arg min, | M —
TF|?, then the closed-form solution is expressed as follows:

T' = MF*(F°F)~! @

If M, and F, are assumed as column-wise augmented versions of M
and F, respectively, then Eq. (6) is transformed to fit into Eq. (7) by
variable substitution as follows:

F, = [F\/aF], M, = [M\/ac] ®

where the coefficient a of the regularization terms is always positive.
As the equality holds in |M, —TF,||> = |M —TF||? +«a|lc — TF||?, then
Eq. (6) is reformulated as follows:

7_"=argmrin||M,k —TF,|? ©)
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Finally, the optimization solution by concluding Eq. (7) is represented

as follows:
T =M,F[(F[F,)" 0)
=(MF +a-cF)F'F+a-FF)!

3.4. Feature reconstruction and anomaly detection

Once the query feature map M is reconstructed, its alignment
with the original sample M is performed to compute the anomaly
segmentation map for pixels and the anomaly score for images. Thus,
the anomaly score A; for a query image with the pixel i is computed as
follows:

A =M, - M,|I*,i € P, an

where P represents the pixel indices of M, and M; is a feature vector
for a pixel i. We compute the maximum distance d between pixels
in the image to calculate the image-level score for classification. It is
mathematically expressed as follows:

d = max{||M; — M?|| | i € P} 12)

In this step, the segmentation map is up-scaled to align with the original
input resolution with bi-linear interpolation as used in [17,18]. Finally,
a smooth segmentation map is created using a Gaussian kernel of width
4.

4. Experiments
4.1. Datasets

We evaluate FsBAD on two brain MRI datasets, as well as two
additional datasets focusing on liver CT and retinal RESC to test the
generalization capabilities of the proposed model. In particular, we
relied on the brain MRI dataset extracted from the 2022 Medical
Segmentation Decathlon [40], as well as the one provided by the
BMAD benchmark [19] to assess our model capabilities on Brain MRI
data, Furthermore, we selected the two remaining BMAD [41] datasets,
each representing distinct medical imaging modalities, namely liver
CT (i.e., organ anomalies) [22,23], and retinal RESC (i.e., vascular
abnormalities) [24].

For each dataset, we use 375 training samples and consider the
anomaly detection task in a one-class setting, where the test sets include
both nominal and anomalous samples. Specifically, the brain MRI
dataset includes 640 nominal and 3075 anomalous test images, the liver
CT dataset includes 833 nominal and 660 anomalous test images, and
the retinal RESC dataset comprises 1041 nominal and 764 anomalous
test images.

Fig. 2 illustrates representative nominal and anomalous examples
from each dataset. The top row shows nominal samples, while the
bottom row presents anomalous cases, with the regions of interest
highlighted using red circles.

Furthermore, to assess the generalization capability of our approach
beyond the BMAD datasets, we also evaluate FsBAD on a brain tumor
dataset introduced in [40].

4.2. Technical details

All the experiments are performed using the PyTorch module on
a Windows-based system assembled with an NVIDIA GeForce RTX
8090 GPU with 24 GB of RAM and an i7-8700 CPU with memory of
32 GB. We use pre-trained ResNet-50 [42] as the backbone network for
feature extraction, where feature maps from two middle-level layers are
extracted. For both the training and testing phases, we reshape each
query sample to 368 x 368. Moreover, the sampling rate in coreset
selection is set to 0.15, and the coefficient a of the regularization term
is 0.3 for all experiments.
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retina_resc

Good

Ungood

Fig. 2. Some samples from the brain, liver, and retina_resc datasets. The upper
row shows the nominal samples from the given datasets, while the lower
row shows the anomalous samples from the datasets where anomalies are
represented by red canvas.

4.3. Results and comparison with state-of-the-art methods

Anomaly maps representing the feature reconstruction capabilities
of the proposed method are shown in Fig. 3. We can observe how
the approach effectively detects anomalies by reconstructing the fea-
tures of the query samples. These reconstructed samples, which retain
the essential properties of the original samples, are decoded using a
trained decoder. The reconstructed and original query samples are then
compared to calculate the anomaly score.

We benchmark FsBAD against state-of-the-art few-shot anomaly de-
tection methods, including DiffNet [35], PatchCore [43], RegAD [37],
TDG [36], PaDiM [17], and FastRcon [44]. As evaluation metrics, we
rely on the popular Area Under Receiver Operator Curve (AUROC)
metric for the pixel-wise anomaly localization and image-wise anomaly
detection, ensuring a comprehensive assessment. In Table 1, a com-
parison between our approach and the other state-of-the-art models is
provided for the individual classes that characterize the four selected
datasets. As we can see, FsBAD consistently shows the highest per-
formance in both pixel- and image-wise AUROC across all evaluation
settings compared to existing methods.

Furthermore, we evaluate the proposed method in terms of training
and testing time on a brain tumor dataset introduced in [40] using the
same evaluation metrics. We compare the performance of the proposed
method with other baseline methods based on both pixel- and image-
wise anomaly prediction, as summarized in Table 2. These results
further substantiate the effectiveness and superiority of the proposed
method over existing approaches.

4.4. Ablation study

In this section, we investigate the impact of the core components of
the proposed approach. Specifically, we verify how hyper-parameters
such as data-resolution, coefficient of regularization term, and sampling
ratio in coreset selection affect the final performance of the framework.
A visual summary of the performed ablation study is shown in Fig. 4.

4.4.1. Speed performance

In the proposed FsBAD, the training stage is comprised of feature
extraction, subsampling of features, and computation of the trans-
formation matrix. The speed comparison for both the training and
testing phases is given in Table 2. FsBAD achieves the fastest training
and inference times among all evaluated methods, demonstrating its
computational efficiency for real-world deployment.

4.4.2. Impact of image resolution

We reshape each image into a resolution r X r regardless of its
original resolution. The resolution of the image affects the feature
points. We present the AUROC performance against image resolution
r in Fig. 4, where FsBAD performs well when image resolution is equal
to 368. The performance of the proposed method is higher for both
image-level and pixel-levels at this image resolution.
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Fig. 3. Visualization of the feature-reconstruction ability of the proposed method. The upper row contains original query samples, while the lower row contains

the samples of reconstructed feature maps.
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Fig. 4. Impact of main hyperparameters including image resolution r, regularization coefficient a, and sample rate on image-wise and pixel-wise AUROC. (left)
AUROC performance with different image resolution r. (center) AUROC performance against different value of coefficient « of regularization term. (right) AUROC

performance with different sampling rate.

Table 1

Comparisons of FsBAD with existing methods on brain MRI, liver CT, and retina_RESC in terms of AUROC computed for both pixel-wise localization and image-wise
anomaly detection. s represents the number of support samples (i.e., few-shot) in a few-shot setting. The highest performance is shown in bold text.

Dataset s Image-wise AUROC Pixel-wise AUROC

PatchCore  DiffNet FastRcon PaDiM TDG [36] RegAD Real-IAD Dinomaly ~ FsBAD (Our) FastRcon  RegAD PatchCore  PaDiM Real-TAD Dinomaly  FsBAD

[43] [35] [44] [17] [371 (301 [31] [44] (371 [43] [171 [30] [31]1 (Our)

2 78.45 82.63 88.82 71.87 70.87 85.64 85.00 89.30 90.94 92.13 91.57 92.41 89.09 86.30 92.36 94.18

Brain MRI [19] 79.52 82.97 89.71 72.45 71.38 86.74 85.28 89.57 91.09 92.92 92.18 93.48 90.80 87.58 92.68 95.48
10 81.85 83.36 90.28 73.28 72.07 87.22 86.79 89.88 91.83 93.55 92.98 94.29 91.72 89.22 93.70 96.07

15 82.57 83.92 91.42 74.32 72.67 88.33 88.14 90.15 92.83 94.67 93.44 95.30 92.30 90.29 94.38 97.83

2 78.35 82.15 86.88 75.06 75.52 87.39 87.38 89.41 92.11 92.13 88.27 88.70 88.95 88.80 90.83 94.19

Brain tumor [40] 5 79.12 82.48 87.25 75.18 76.15 87.95 87.53 89.65 9224 92.82 88.68 89.25 89.58 89.25 91.26 94.78
10 79.85 83.23 87.93 75.37 76.64 88.46 88.08 90.22 92.78 93.65 88.91 89.90 90.49 89.45 91.89 95.29

15 80.12 83.42 88.68 75.58 77.25 88.78 88.68 91.70 9322 94.13 89.23 90.52 91.02 89.46 92.40 95.81

2 72.68 83.32 88.35 75.11 70.12 86.95 86.45 88.88 91.86 90.17 88.73 88.76 87.27 87.62 89.54 92.17

Liver CT [22] [2,;]5 73.77 84.77 88.98 75.94 71.26 87.27 86.77 89.32 92.21 90.85 89.44 89.69 88.49 87.71 90.27 92.79
10 75.02 85.90 89.53 76.52 72.27 88.06 87.48 90.18 92.44 91.25 90.19 90.22 89.57 88.42 91.25 93.58

15 75.49 87.11 90.78 77.18 73.17 88.76 87.98 90.85 93.19 92.12 90.96 91.41 90.72 88.72 92.08 95.11

2 75.88 72.15 82.16 72.14 72.68 81.14 82.58 83.33 85.13 84.66 82.24 83.24 83.87 84.72 84.10 86.79

Retina RESC [24] 76.12 74.28 82.68 73.42 72.44 81.49 82.75 83.68 85.56 85.79 82.68 84.12 85.59 85.18 84.57 87.76
- 10 77.45 75.65 83.24 74.15 72.82 81.78 83.02 84.13 86.91 86.64 83.10 84.82 86.48 85.60 85.06 89.24

15 78.26 77.22 84.09 75.46 73.19 82.08 83.20 84.60 88.78 87.23 83.81 85.54 87.94 86.02 85.70 89.91

Table 2

Speed comparison of both training and testing stages in terms of time in
seconds. Additional training on aggregated features is required by the RegAD.
The aggregated testing speed is measured as average time per query sample.
The minimum time for training and testing time is shown as bold text.

Method Support samples (s) Train Time Test Time
PatchCore [43] - 1.05 0.86
RegAD [37] 2 865.15 0.06
RegAD [37] 10 2449.87 0.06
FastRecon [44] 2 0.71 0.05
FastRecon [44] 10 2.12 0.05
FsBAD (Ours) 2 0.58 0.05
FsBAD (Ours) 10 1.96 0.05
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4.4.3. Impact of regularization coefficient

As shown in Fig. 4, the proposed FsBAD achieves better AUROC
for both pixel-wise localization and image-wise anomaly detection.
This indicates the importance of distributed regularization and the
performance of the proposed approach against different coefficients «
of the regularization term for 2-shot and 10-shot settings. The AUROC
performance is at the peak value when « is set to 0.5 and 0.7 for 2-shot
and 10-shot respectively.

4.4.4. Impact of sample rate

Fig. 4 represents the impact of AUROC performance against differ-
ent sampling rates. In the support feature pool, the sample rate affects
the number of feature points. The best AUROC performance is reflected
when the sampling rate is set to 0.50.
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4.5. Limitations

Although FsBAD achieves strong performance in few-shot anomaly
detection, it has some limitations. The method depends on pretrained
feature extractors and representative support samples, which may not
fully capture diverse normal patterns in medical data. It can also be sen-
sitive to hyperparameters and may struggle with subtle or highly com-
plex anomalies. Addressing these issues through domain-adaptive fea-
tures, more robust optimization, and the use of contextual or temporal
cues presents promising directions for future work.

5. Conclusion

In this paper, we propose FsBAD, a novel few-shot medical anomaly
detection method that reconstructs the nominal version of a query
sample using a minimal set of nominal reference features. By integrat-
ing distribution regularization with ridge regression, FsBAD ensures
that the reconstructed sample retains nominal characteristics while
effectively highlighting anomalies. Our approach significantly reduces
the reliance on large labeled datasets, making it a scalable and compu-
tationally efficient solution for brain anomaly detection, with proven
ability to generalize across domains such as liver and retina imag-
ing. Comparison with existing state-of-the-art models shows improved
performance in all experimental settings considered, demonstrating its
robustness to different training scenarios, data amounts, and imaging
modalities.
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