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Abstract— Anomaly detection aims to identify deviations by
learning normal data distributions, mainly covering industrial,
semantic, and medical domains. Most existing methods, however,
are domain-specific and degrade when transferred. To address
this limitation, we proposed CDAD, a unified Cross-Domain
Anomaly Detection model. CDAD leverages a pre-trained feature
extractor with a feature adaptor to align cross-domain features
and tighten the decision boundary of normal samples. A hybrid
loss emphasizes hard-to-classify anomalies, while a Multi-Scale
Feature Fusion Discriminator integrates global and local features.
Extensive experiments on five datasets across three domains
demonstrate that CDAD consistently outperforms recent state-of-
the-art approaches, highlighting its robustness and effectiveness
in cross-domain anomaly detection. The code is available at
https://github.com/Stardust457/CDAD.

Index Terms—Cross-Domain, Anomaly Detection, Multi-Scale
Feature Fusion, Anomaly Localization, Focal Loss

I. INTRODUCTION

The objective of anomaly detection lies in learning the dis-
tribution of normal samples within a given dataset to precisely
identify data deviating from this distribution. This technology
finds extensive applications across various domains, spanning
industrial anomaly detection, semantic anomaly detection, and
medical anomaly detection. Specifically, it can be deployed in
industrial production lines to identify defects such as scratches,
dents, and contamination on mechanical components. In au-
tonomous driving scenarios, the detection of previously un-
seen objects constitutes a paradigm of semantic anomaly
detection [1]. When applied to the medical domain [2], [3],
anomaly detection techniques enable identification of subtle
pathological lesions that are difficult to perceive visually,
providing critical references for clinical diagnosis.

A defining characteristic of anomaly detection is the scarcity
of anomalous training samples. Consequently, models are
trained exclusively on normal data, requiring them to gener-
alize to entirely unseen anomaly types during inference. This
challenging setting has motivated substantial methodological
innovation. Recent approaches [4]-[8] leverage pre-trained
feature extractors and advanced generative models to capture
semantic anomalies effectively. In parallel, specialized archi-
tectures [9]-[12] have been developed for industrial scenarios,
achieving impressive results in both defect detection and
precise localization.
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Despite these advances, a critical and often overlooked lim-
itation persists: the prevailing research paradigm is inherently
domain-specific. Existing methods are typically designed and
optimized for a single domain, leading to fragmented solutions
that fail to generalize across different application contexts.
This fragmentation poses significant practical challenges: it
necessitates the development, maintenance, and deployment
of distinct models for different tasks, increasing complex-
ity and resource overhead. More fundamentally, it reveals a
deep-seated trade-off in current anomaly detection paradigms.
For instance, SimpleNet [10], the former state-of-the-art on
the industrial MVTec-AD benchmark [13], experiences se-
vere performance degradation on the semantic Aircraft-FGVC
dataset [14]. The underlying cause is illustrative: SimpleNet’s
patch-level defect detection excels at capturing localized struc-
tural anomalies but lacks the global semantic modeling nec-
essary for semantic tasks. Conversely, methods designed for
semantic anomaly detection [4], [8] effectively learn holistic
semantic representations yet struggle with fine-grained local
defects, rendering them unsuitable for industrial applications.
Even GeneralAD [15], explicitly designed for cross-domain
detection, shows degraded performance on medical datasets
due to its inability to adequately emphasize hard-to-classify
anomalies.

These observations underscore a fundamental dilemma:
methods optimized for local structural defects sacrifice global
semantic understanding, while those emphasizing semantic
coherence overlook fine-grained irregularities. This dilemma
not only limits the practical applicability of any single
model but also hinders the development of robust, general-
purpose anomaly detection systems. The significant dispar-
ity in data characteristics and anomaly types across do-
mains—from textured surfaces in manufacturing to natural
objects in autonomous driving and subtle lesions in medical
imaging—makes cross-domain generalization exceptionally
challenging. Yet, the ability to handle such diversity with a
single, adaptable model is of paramount practical importance.
It aligns with the vision of developing foundational models
for visual perception that can be efficiently applied to down-
stream tasks with minimal domain-specific tuning. Therefore,
moving beyond domain-specific optimization towards unified
cross-domain anomaly detection is not merely an incremental
improvement but a necessary step to enhance the scalability,



robustness, and practical utility of anomaly detection systems.

To overcome this limitation and address the urgent need for
generalization, we propose CDAD (Cross-Domain Anomaly
Detection), a unified framework that harmonizes both local and
global anomaly detection capabilities. Our approach introduces
three key innovations. First, we design a Multi-Scale Feature
Fusion Discriminator (MFFD) that simultaneously models
comprehensive global semantic relationships between image
patches and identifies localized structural defects, enabling
effective detection across semantic, logical, and structural
anomaly types. Second, we develop a feature adaptation
strategy that tightens the decision boundaries of normal sam-
ples by projecting pre-trained features into a domain-aligned
target space, significantly enhancing out-of-distribution de-
tection. Third, recognizing that standard loss functions treat
all samples equally—causing models to overlook challenging
anomalies—we propose a hybrid loss combining binary cross-
entropy and focal loss [16]. This design strategically amplifies
the contribution of hard-to-classify anomalies, compelling the
model to focus on the most informative cases.

We validate the cross-domain efficacy of CDAD through
comprehensive experiments across five benchmark datasets
spanning three highly dissimilar domains: MPDD [17],
MVTec-AD [13], and MVTec-LOCO [18] for industrial
anomaly detection; Aircraft-FGVC [14] for semantic anomaly
detection; and APTOS [19] for medical anomaly detection.
Our results demonstrate that CDAD achieves state-of-the-art
performance on MPDD and MVTec-LOCO while maintaining
competitive excellence on MVTec-AD, Aircraft-FGVC, and
APTOS, confirming its superior cross-domain generalization
capability.

Our main contributions are summarized as follows:

e We propose CDAD, a unified cross-domain anomaly
detection framework featuring a Multi-Scale Feature Fu-
sion Discriminator (MFFD) that effectively integrates
global semantic modeling with local feature extraction,
enabling comprehensive and domain-agnostic detection
of semantic, logical, and structural anomalies.

o We introduce a feature adaptor module that tightens nor-
mal sample decision boundaries by mapping pre-trained
features to a target feature space, alongside a hybrid loss
function combining binary cross-entropy and focal loss
to emphasize hard-to-classify anomalies.

o Through extensive evaluation on five datasets across three
domains, we demonstrate that CDAD achieves state-of-
the-art or highly competitive performance compared to
recent methods, exhibiting robust cross-domain general-
ization.

II. RELATED WORK

Anomaly detection encompasses diverse anomaly patterns
across multiple domains, where each category typically ne-
cessitates tailored solutions. In this section, we present a
comprehensive analysis of three critical scenarios relevant
to our work, along with their corresponding methodological
approaches.

A. Industrial and Medical Anomaly Detection

Industrial anomaly detection requires fine-grained identi-
fication of subtle defects. Existing approaches are broadly
categorized into synthesis-based [20]-[22] and embedding-
based methods [2], [9], [11], [23]-[26]. The former synthesizes
anomalies (e.g., via diffusion [22]), while the latter often
uses teacher-student frameworks to learn precise distribution
boundaries [9]. These techniques have been extended to med-
ical data [2], which shares the need for localized, fine-grained
detection but introduces greater challenges due to diverse and
subtle lesions.

A common limitation of current models is their focus on
patch-level anomalies while overlooking inter-patch contextual
relationships. This restricts their ability to capture global
semantic features, which are essential for semantic anomaly
detection. In contrast, our CDAD model jointly localizes
fine-grained defects and models global semantic correlations,
offering a unified cross-domain detection framework.

B. Semantic Anomaly Detection

Semantic anomaly detection aims to identify samples that
deviate from the training data distribution at the semantic level.
When a significant distributional deviation exists between
normal and anomalous samples in a dataset, as exemplified
by CIFAR-10 [27], this scenario falls under the category of
semantic anomaly detection. The more challenging near se-
mantic anomaly detection occurs when normal and anomalous
samples belong to the same category with minimal seman-
tic discrepancies, such as in Aircraft-FGVC [14]. Current
approaches primarily include leveraging features from pre-
trained extractor [4], [8], [28] and self-supervised learning
[7], [29], [30] methods. While these methods demonstrate
strong performance on semantic datasets, their insufficient
capability in local defect detection leads to suboptimal results
on industrial benchmarks.

C. Cross-Domain Anomaly Detection

Cross-domain anomaly detection aims to establish a univer-
sal framework for identifying structural, logical, and semantic
anomalies across heterogeneous domains. Method [31] bridges
industrial and medical domains through vision-language mod-
els (VLMs), while method [32] introduces a generalized few-
shot detection paradigm via training-free universal models,
unifying anomaly detection across industrial, logical, and
medical domains. Methods [33], [34] are dedicated to open-
set anomaly detection, demonstrating exceptional performance
across nine datasets from three domains. GeneralAD [15] fur-
ther integrates industrial anomaly detection, semantic anomaly
detection, and near anomaly detection. However, GeneralAD
exhibits performance degradation on medical datasets. This
limitation arises from its single loss function design, causing
the model to treat normal and anomalous samples equally.
This makes it difficult to handle the numerous hard-to-classify
anomalies in medical datasets.
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Fig. 1. Model overview of CDAD. The CDAD comprises four key components: a feature extractor, a feature adaptor, an anomaly generator, and the MFFD

module, accompanied by a hybrid loss function.

III. METHOD

The proposed CDAD consists of four components: a feature
extractor, a feature adaptor, an anomaly generator, and the
MFFD module, trained with a hybrid loss (Figure 1). Using
state-of-the-art pretrained models [35], [36], the extractor £
maps an input € R3>*H>*W (o y = &£(x). The adaptor Q
produces z = Q(y), which is processed by MFFD to obtain
the anomaly score D(z). The decision function F is defined
as:

0 if  ~ Pormal, (1)

F,£,Q.D) {1 otherwise,
where 0 denotes normal samples and 1 anomalous ones.
During training, normal features are first processed by
the feature adaptor to obtain adapted representations. These
adapted features are then fed into the anomaly generator
to synthesize anomaly features. Both adapted and anomaly
features, with positional encodings, are subsequently input into
MFFD to produce patch-level anomaly scores and compute
loss with anomaly masks. During inference, the anomaly
generator is removed. Details of each CDAD component are
given below.

A. Feature Extractor

CDAD uses a Vision Transformer pretrained with DI-
NOV2 [36] as feature extractor. An image x € R3*HXW jg
divided into N = % X % patches of size P x P, concatenated
with a CLS token, and encoded by £. We extract N attention
values from the i-th attention head, excluding the CLS token,
denoted as M;(x) = [m},...,mi]. The encoder output
E(x) = [e1,...,en] excludes CLS, as our task requires cross-
domain generalization. M; is used by the anomaly generator
to create logical anomalies.

B. Feature Adaptor

CDAD unifies anomaly detection across domains. While
most methods rely on extractors pretrained on natural datasets
like ImageNet-1k [37], industrial and medical data often differ
in distribution. To address this, a bias-free fully connected fea-
ture adaptor with residual connection maps extracted features
E(x) to adapted features Q(y). Let y = £(x), then

Qly) =y-W+y,

where W is the weight matrix.

2)

C. Anomaly Generator

To enable cross-domain anomaly detection, we simulate
diverse anomalies. Since image patch sequences exhibit se-
mantic properties [35], [38], [39], generalization to unseen
normals is possible, but scarce anomalies hinder boundary
optimization. Prior works use diffusion models [6], which are
costly and fail to capture structural or logical patterns. We
instead propose an anomaly generator with Gaussian noise
injection and attention shuffling. Given adapted features Q(y),
abnormal features are

y) = Qy) + e, 3)

where ¢y is Gaussian noise. Structural anomalies arise from
perturbing random patches, semantic ones from all patches.
Logical anomalies are simulated by shuffling the top K high-
attention patches using attention head M;:

Q(y) = shuffle(Q(y), M;(x)).

D. Multi-Scale Feature Fusion Discriminator

“4)

Inputs to the MFFD module are either normal or abnor-
mal features. To ensure robustness across domains, MFFD
captures semantic, structural, and logical anomalies. We use
a single transformer encoder to model global semantics via
self-attention [40]. Inspired by [41], a Conv module with
1x1 and 7x7 kernels extracts multi-scale local features. The
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Fig. 2. The proposed MFFD overview. In the architecture diagram of MFFD,
BN denotes Batch Normalization with ¢ indicating the number of channels.

Conv module is connected in series with the encoder, and
their outputs are fused through two residual connections to
obtain the final representation. This representation serves as
the patch-level anomaly score, as illustrated in Figure 2.

E. Loss Function

In supervised anomaly detection, binary cross-entropy
(BCE) loss is commonly used, but it treats easy and hard sam-
ples equally, causing rare difficult anomalies to be dominated
by numerous easy normals. To emphasize challenging cases,
we incorporate focal loss [16]:

—Oét(l —pt)vlog(pt), &)

where p; is the predicted probability, v controls focusing, and
o balances classes. The final objective combines BCE and
focal loss:

»C'focal =

L= ‘Cbce + Efocal' (6)

This design leverages BCE’s stability while enhancing sensi-
tivity to hard anomalies.

F. Inference

As anomaly sizes differ across domains, MFFD aggregates
patch scores using a domain-specific K. For a test image z,
patch-level scores Scorep(i) are computed, and the image-
level score is the mean of the top-K values:

Score(x

Z Scorep (i @)

where K is adaptively chosen per domain.

IV. EXPERIMENTS

In this section, we present the datasets, baselines, implemen-
tation details, anomaly detection results, anomaly localization
results, and ablation study.

A. Datasets and Baselines

Our experiments cover three domains: industrial (MVTec-
AD [13], MVTec-LOCO [18], MPDD [17]), semantic
(Aircraft-FGVC [14]), and medical (APTOS [19]) anomaly
detection.

We compare CDAD with representative baselines, including
PatchCore [11], KDAD [8], RDAD [26], Recontrast [2],
SimpleNet [10], RealNet [22], and GeneralAD [15], covering
industrial, semantic, and medical anomaly detection tasks.

100
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Method
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Fig. 3. Anomaly localization results. CDAD vs other baselines on MVTec-
AD and MPDD (Pixel-AUROC).
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Fig. 4. Medical visualization. CDAD on APTOS.

B. Implementation Details

We adopt a pretrained DINOV?2 [36] feature extractor, using
features from its last layer. All inputs are resized to 518 x 518.
Our feature adaptor is a bias-free fully-connected layer with a
residual connection, trained at a learning rate of 10~%. Added
noise has a standard deviation of 0.25.

For industrial and medical datasets, random noise is ap-
plied; for MVTec-LOCO, attention shuffling generates log-
ical anomalies. For near-anomaly detection, noise is added
to all patches of an image. The MFFD is optimized with
AdamW [42], a learning rate of 5 x 10, weight decay 10~°,
and cosine annealing (decay factor 0.2). Focal loss parameters
are 7 = 2, oy = 0.25.

Training runs for 160 epochs on industrial/near-anomaly
datasets and 20 epochs on medical datasets, all with batch size
16. The parameter K is set to 10 for industrial/medical data,
and 1369 for near-anomaly detection, reflecting anomalous
region sizes.

C. Anomaly Detection

We present CDAD results in Table I. CDAD shows strong
generalization across domains: it surpasses prior SOTA on
industrial datasets, outperforming GeneralAD [15] by 0.3%
on MPDD and 0.6% on MVTec-LOCO, while matching SOTA
on MVTec-AD. In semantic anomaly detection, CDAD ranks
second to General AD, and in medical datasets achieves 97.5%
Image-AUROC, matching Recontrast [2].

CDAD benefits from MFFD for global-local feature cap-
ture, the feature adaptor for aligning pretrained features and



TABLE I
ANOMALY DETECTION RESULTS. WE PRESENT A COMPARISON OF CDAD AGAINST OTHER CURRENT SOTA METHODS BASED ON THE IMAGE-AUROC
METRIC, WITH ALL RESULTS ROUNDED TO ONE DECIMAL PLACE. THE UNDERLINED DATA ARE REPORTED BY US.

Industrial Anomaly Detection

Semantic Anomaly Detection

Medical Anomaly Detection

Method MPDD MVTec-LOCO  MVTec-AD Aircraft-FGVC APTOS
PatchCore 82.1 80.3 99.2 67.8 90.5
KDAD 72.1 67.5 85.8 85.8 -
RDAD 92.7 79.7 98.4 - -
Recontrast 95.3 82.1 99.5 - 97.5
SimpleNet 94.8 77.6 99.6 83.6 93.4
RealNet 96.3 - 99.6 - -
GeneralAD 97.8 84.9 99.2 94.6 96.1
CDAD 98.1 85.5 99.0 92.0 97.5

MVTec-AD

MVTec-LOCO
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Fig. 5. Industrial visualization. CDAD on MPDD, MVTec-AD, and MVTec-
LOCO.

compacting normal distributions, and the hybrid loss for
emphasizing anomalies. Leveraging only synthesized anoma-
lies in training, CDAD achieves superior performance across
industrial, semantic, and medical benchmarks.

D. Anomaly Localization

In Figure 3, we show CDAD anomaly localization results,
with qualitative results in Figures 4, 5, and 6. CDAD excels
in both Image-AUROC and Pixel-AUROC. On APTOS (Fig-
ure 4), retinal lesions are precisely localized, supporting med-
ical diagnosis. On MPDD, MVTec-AD, and MVTec-LOCO
(Figure 5), CDAD accurately segments industrial defects, con-
firming strong localization on industrial datasets. On Aircraft-
FGVC (Figure 6), CDAD generates interpretable maps for
semantic anomaly detection, where anomalous regions indicate
the cause of abnormality.

E. Ablation Study

As depicted in Table II, we ablate three components on
MPDD and MVTec-LOCO: focal loss, adaptor, and Conv
module (Conv). Setting 1 is the baseline without any. Set-
tings 2-4 add individual modules (focal loss+adaptor, focal
loss+Conv, adaptor+Conv). Setting 5 incorporates all three,
achieving the best performance and validating each module’s
contribution.

TABLE I
ABLATION STUDY RESULTS. PERFORMANCE UNDER FIVE SETTINGS.

Focal loss  Adaptor Conv MPDD  MVTec-LOCO
setting 1 97.80 84.86
setting 2 v v 97.90 84.54
setting 3 v v 97.90 85.18
setting 4 v v 98.05 85.38
setting 5 v v v 98.10 85.46

Localization Map ~ Anomaly Samples Normal Samples

Fig. 6. Semantic visualization. CDAD on Aircraft-FGVC.

V. CONCLUSION

In this paper, we proposed CDAD, a unified model for
cross-domain anomaly detection. It leverages a pre-trained
feature extractor with adapted representations and a novel
MFFD module to detect both local and global anomalies. A
hybrid loss improves focus on hard samples. CDAD achieves
excellent results across five datasets, demonstrating strong
generalization and effectively bridging cross-domain gaps.
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