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Abstract

Anomaly detection is a critical task across numerous do-
mains and modalities, yet existing methods are often highly
specialized, limiting their generalizability. These special-
ized models, tailored for specific anomaly types like textu-
ral defects or logical errors, typically exhibit limited per-
formance when deployed outside their designated contexts.
To overcome this limitation, we propose AnomalyMoE, a
novel and universal anomaly detection framework based on
a Mixture-of-Experts (MoE) architecture. Our key insight is
to decompose the complex anomaly detection problem into
three distinct semantic hierarchies: local structural anoma-
lies, component-level semantic anomalies, and global logi-
cal anomalies. AnomalyMoE correspondingly employs three
dedicated expert networks at the patch, component, and
global levels, and is specialized in reconstructing features
and identifying deviations at its designated semantic level.
This hierarchical design allows a single model to concur-
rently understand and detect a wide spectrum of anoma-
lies. Furthermore, we introduce an Expert Information Repul-
sion (EIR) module to promote expert diversity and an Expert
Selection Balancing (ESB) module to ensure the comprehen-
sive utilization of all experts. Experiments on 8 challenging
datasets spanning industrial imaging, 3D point clouds, med-
ical imaging, video surveillance, and logical anomaly detec-
tion demonstrate that AnomalyMOoE establishes new state-of-
the-art performance, significantly outperforming specialized
methods in their respective domains.

Introduction

Anomaly detection aims to identify anomalous samples that
deviate from normal patterns. It is widely applied across var-
ious fields of production and daily life, including industrial
defect detection (Gu et al. 2024b; Zhu et al. 2024), logical
anomaly detection (Zhang et al. 2025; Liu et al. 2023), medi-
cal image diagnosis (Bao et al. 2024; Huang et al. 2024), and
video surveillance (Yang et al. 2024), etc. Spanning multiple
modalities such as images (Gu et al. 2025b), videos (Yang
et al. 2024), and 3D point clouds (Ye et al. 2025), it repre-
sents a comprehensive, cross-domain, and cross-modal task
with significant practical value, making it a prominent re-
search topic in both academia and industry.

*Corresponding authors.
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Figure 1: Performance comparison of AnomalyMoE with
state-of-the-art anomaly detection methods.

As illustrated in Figure 2(a), existing methods are of-
ten highly specialized for particular domains and modali-
ties (Zhu et al. 2024; Gu et al. 2024a). This specialization,
while effective for specific tasks, inherently limits their gen-
eralizability. To address this, recent efforts have explored
unified anomaly detection frameworks. However, these ap-
proaches still exhibit critical limitations. Some are confined
to patch-level reconstruction, effectively capturing structural
flaws but failing to comprehend higher-level logical anoma-
lies. Conversely, others that excel at logical anomaly detec-
tion (Gu et al. 2025b; Zhang et al. 2025), heavily rely on
component segmentation, rendering them incapable of iden-
tifying issues like missing components or abnormal arrange-
ments, as shown in Figure 2(b). Furthermore, these advanced
models increasingly depend on large vision-language or lan-
guage models to interpret component semantics, introducing
substantial computational overhead and a reliance on non-
visual priors. This complexity poses a barrier to deployment
and may not be optimal for purely visual tasks.

To address these issues, we propose AnomalyMoE, a uni-
fied and language-free framework that reconceptualizes the
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Figure 2: Illustration of the motivation for AnomalyMoE. (a) The conventional one-domain-one-model paradigm, where spe-
cialized models are not generalizable. (b) Existing unified methods that typically rely on component-level analysis, failing to
detect global or compositional errors (e.g., missing components or incorrect assembly). (c) Our proposed AnomalyMoE, a
single, universal model featuring a hierarchical Mixture of Experts. By dedicating experts to patch, component, and global
semantic levels, it achieves comprehensive anomaly detection across diverse visual anomaly scenarios.

Mixture-of-Experts (MoE) architecture for anomaly detec-
tion. Its core idea is to decompose the task into a hierarchy
of semantic sub-problems. As illustrated in Figure 2(c), this
allows a single model with dedicated experts for local, com-
ponent, and global semantics to comprehensively handle di-
verse anomaly types, directly addressing the shortcomings
of prior work with superior performance and efficiency.
Specifically, we first categorize “anomalies” into three se-
mantic levels: 1) Local structural anomalies, which mani-
fest as fine-grained textural or pixel-level deviations (e.g.,
surface defects); 2) Component-level semantic anomalies,
which appear as errors in an object part or region (e.g.,
incorrect components on a circuit board); and 3) Global
logical anomalies, characterized by errors in global seman-
tics (e.g., the incorrect assembly of correct components or
abnormal behaviors in video surveillance). To detect these
levels, AnomalyMoE employs three corresponding expert
networks operating on a feature reconstruction paradigm.
A Transformer-based (Vaswani et al. 2017) decoder expert
targets fine-grained local details, while two autoencoder-
based (Minhas and Zelek 2020) experts learn holistic rep-
resentations for component and global semantics. Trained
exclusively on normal samples, AnomalyMoE identifies
anomalies via reconstruction errors. To ensure the experts
are both diverse and fully utilized, we further introduce
an Expert Information Repulsion (EIR) module to maxi-
mize their specialization and an Expert Selection Balanc-
ing (ESB) module to prevent model collapse. This integrated
design not only enables targeted detection at each semantic
level but also allows their features to mutually enhance one
another, leading to robust and superior performance.

4349

We conduct experiments on 8 datasets across diverse
domains, including industrial imaging (Bergmann et al.
2021a), industrial 3D (Bergmann et al. 2021b), medical
imaging (Bao et al. 2024), video surveillance (Wang and
Miao 2010), and logical anomaly detection (Bergmann et al.
2022). The results demonstrate that AnomalyMoE achieves
top performance in anomaly detection across multiple do-
mains. Furthermore, the experts at different semantic levels
successfully detect their corresponding types of anomalies,
showcasing the comprehensive capability of AnomalyMoE.

Our contributions can be summarized as follows:

* We propose AnomalyMoE, a language-free, generalist
framework for visual anomaly detection, significantly ad-
vancing the field of unified anomaly detection with its
MoE architecture.

* AnomalyMOoE’s three-level experts interpret test samples
from different semantic levels to accurately detect vari-
ous types of anomalies. The Expert Information Repul-
sion and Expert Selection Balancing modules further en-
hance the diversity and balance among the experts.

» Extensive experiments on 8 datasets across domains such
as industrial image, industrial 3D, medical image, video
surveillance, and logical AD demonstrate that Anoma-
IyMOoE surpasses specialized methods in each respective
field, achieving state-of-the-art performance.

Related Work
Anomaly Detection

Anomaly detection is a comprehensive task spanning multi-
ple modalities and domains (Bergmann et al. 2021a,b; Wang



and Miao 2010). However, the nature of anomalies, ranging
from industrial defects and logical errors to medical patholo-
gies and abnormal behaviors, varies drastically in features
and semantic levels. This diversity has led to a fragmented
research landscape following a “one domain, one method”
paradigm. For instance, industrial vision methods focus on
patch-level feature analysis (Gu et al. 2024a, 2025a; De-
fard et al. 2021; Wang et al. 2025) for local structural de-
fects, while logical anomaly detection relies on component-
based segmentation (Liu et al. 2023; Hsieh and Lai 2024;
Kim et al. 2024) to identify relational errors. Similarly,
video surveillance uses sequence models like RNNs to cap-
ture temporal deviations (Naji et al. 2022), and other do-
mains like medical imaging or 3D point clouds employ spe-
cialized techniques targeting semantic or geometric proper-
ties (Liang et al. 2025; Zhou et al. 2024). This specialization
has created a landscape of incompatible specialized tools,
hindering the development of universal anomaly detection.

The pursuit of “a single model for all anomalies” is a
key research frontier. UniAD (You et al. 2022) is an early
pioneer, using a Transformer model with learnable queries
to address the “identity mapping” problem for multi-class
detection. ReContrast (Guo et al. 2023) and UniNet (Wei,
Jiang, and Xu 2025) integrate contrastive learning and do-
main adaptation, while Dinomaly (Guo et al. 2025) proposes
a simpler reconstruction network. However, these methods,
being confined to patch-level reconstruction, primarily ex-
cel at industrial defects. To bridge this gap, UniVAD (Gu
et al. 2025b) and LogSAD (Zhang et al. 2025) augment
their frameworks with a component-level branch. Specifi-
cally, these methods leverage large vision-language models
to interpret component semantics. Despite this advance, they
face critical issues: a heavy reliance on segmentation accu-
racy, which fails on “unsegmentable” anomalies, and a lack
of a global perspective to assess overall assembly. More-
over, their dependence on large language models introduces
significant computational overhead. Our efficient, language-
free approach overcomes these limitations while delivering
superior performance.

In summary, existing unified models are either limited to
local details or dependent on flawed, non-global analysis.
They fail to provide a framework covering the three hier-
archical levels of local structure, component semantics, and
global logic. This research gap is the core motivation for our
proposed AnomalyMoE.

Mixture-of-Experts

The Mixture-of-Experts (MoE) is a conditional computa-
tion architecture featuring a gating network and multiple
expert networks (Shazeer et al. 2017). By sparsely activat-
ing experts based on the input, MoE enables massive model
scaling with constant computational cost. GShard (Lep-
ikhin et al. 2020) first combines MoE with the Trans-
former (Vaswani et al. 2017) architecture, enhancing mul-
tilingual machine translation by adding multiple parallel
FFNs. Switch Transformer (Fedus, Zoph, and Shazeer 2022)
integrates an MoE architecture into the TS5 (Raffel et al.
2020) model, yielding a more powerful pretrained language
model. V-MoE (Riquelme et al. 2021) brings this paradigm
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to the vision domain, leading to the training of the largest
vision models to date. The first application in anomaly de-
tection, Adapted-MoE (Lei et al. 2024), uses homogeneous
experts to handle intra-class variations within datasets.
While existing MoE applications focus on model scaling,
we reframe its purpose for effective problem decomposi-
tion. The value of MoE in our framework stems not from
an increase in parameter count, but from its ability to dissect
the complex anomaly detection task into distinct, semanti-
cally clear sub-problems. We assign specialized, heteroge-
neous experts to each sub-task and introduce Expert Infor-
mation Repulsion and Expert Selection Balancing modules
to govern their collaboration. This approach re-purposes the
MoE architecture, transforming it from a tool for achieving
greater model capacity into a sophisticated framework that
performs hierarchical and multi-level semantic analysis.

Method

As illustrated in Figure 3, the core of AnomalyMoE is a hi-
erarchical Mixture-of-Experts architecture. An input sample
is first processed by a frozen, pre-trained visual encoder to
extract patch embeddings and a global [cls] embedding.
The [c1ls] embedding then directs a trainable router to or-
chestrate a parallel ensemble of three heterogeneous expert
groups, each tailored to a distinct semantic hierarchy: lo-
cal structure, component semantics, and global logic. The
training process is optimized by two novel auxiliary mod-
ules, Expert Information Repulsion (EIR) and Expert Selec-
tion Balancing (ESB), which ensure functional diversity and
balanced utilization. We will first detail this novel mecha-
nism, followed by the specific implementations of the expert
groups, and conclude with the final training objective.

Expert Routing and Collaboration Mechanism

To effectively manage expert networks and encourage them
to learn diverse representations, we design a sophisticated
expert routing and collaboration mechanism. At its core is
a dynamic routing module, supplemented by the Expert Se-
lection Balancing module and the Expert Information Re-
pulsion module. These components work in synergy to ad-
dress common challenges in MoE architectures, such as ex-
pert functional redundancy and training instability.

Top-K Sparse Expert Routing The Router module is a
lightweight, trainable feed-forward network that dynami-
cally allocates weights to experts based on the global [c1s]
embedding, denoted as Ej). To ensure efficiency, we em-
ploy a Top-K sparse routing mechanism. The router first
generates a vector of scores, or logits, for all experts by
applying a learnable weight matrix W ... We then activate
only the K experts with the highest logit values (where K=3
in our implementation). The final gating weights are com-
puted by applying a Softmax function exclusively to the log-
its of these selected experts. This process is formalized as:

Indicespk = TopK(W gate - Efcis); K), (1
exp(logit,) o .

Gj = ZkelndicesmpK exp(logity, ) ? ifj € IndlcestOPK’ )
0, otherwise,
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Figure 3: The overall architecture of AnomalyMoE. An input sample is processed by a frozen encoder to extract patch and [cls]
embeddings. The [cls] token guides a router to activate a subset of three heterogeneous expert groups (Patch, Component, and
Global level). Each expert produces an anomaly map, which are aggregated for the final result. The training is regularized by
the Expert Selection Balancing (ESB) and Expert Information Repulsion (EIR) modules.

where logitj is the score for the j-th expert, Indicesipx con-
tains the indices of the selected experts, and G is the final
gating weight for the j-th expert. By activating only a small
subset of experts per input, this approach significantly re-
duces both computational load and memory usage.

Expert Selection Balancing A common challenge in
MoE training is router convergence to a state where only
a few experts are consistently activated. To prevent this,
our Expert Selection Balancing (ESB) module introduces a
multi-part load balancing auxiliary loss, Lgsg. For a train-
ing batch of size B, we define: 1) Expert Importance P;:
The average gating probability for the j-th expert, P;

+ Zle Gy, ;. 2) Expert Count C: The number of samples

assigned to the j-th expert. The total ESB loss is a weighted
sum:

EESB = /\impﬁimporlance + )\loadLload + )\zﬁz- 3)

Here, the importance 1oss, Limportance = Nexp > j P2, en-
courages a uniform distribution of expert probabilities,
where Ny, is the total number of experts. The load loss,
Lioad = Z max(C; — Capacity, 0)2, enforces a hard ca-
pacity constraint by penalizing any expert whose count C}
exceeds a defined Capacity. Finally, the z-loss, L,
% Y (logitbyj)z, is a regularization term applied to the
pre-softmax logits to enhance training stability. The terms
Aimp» Aload> and A are set to 1 in our experiments.

Expert Information Repulsion While ESB ensures ex-
pert utilization, the EIR module promotes their func-
tional specialization by reducing redundancy. Inspired by
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information-theoretic methods (Zhang et al. 2024), EIR min-
imizes the Mutual Information (MI) between the output rep-
resentations of different experts within the same group. Let
Z; and Z;, be random variables representing the output fea-
ture representations of the j-th and k-th experts, respec-
tively. Our goal is to minimize I(Z;; Zy,).

Since direct MI computation is intractable, we employ the
Contrastive Log-ratio Upper Bound (CLUB) (Cheng et al.
2020) to estimate and minimize this value. This is achieved
using a variational network, g (2x|z;), to approximate the
conditional probability, where z; and z;, are specific samples
of the random variables Z; and Zj. The MI upper bound is
then calculated via Monte Carlo estimation:

IcLus(Zj; Zi) = Ep(z; 2, [l0g g0 (2k|25)]

= Ep( (e 108 90 (2 25)]-
The first term is the expected log-likelihood over matched
sample pairs (zj(b), z,ib)) from the batch, and the second is
over non-matched pairs created by permutation. The total
EIR loss, LgR, is the sum of these CLUB estimates over all
expert pairs within each group. By minimizing this loss, we
push the representation spaces of experts apart, compelling
them to learn distinct, complementary functions.

“4)

Hierarchical Expert Implementations

The effectiveness of our framework relies on three groups
of heterogeneous experts, each designed to target a specific
semantic level of anomalies.

Patch-level Experts This group of N, experts identifies
fine-grained structural anomalies. Their objective is to re-



construct a target feature map Fiyeee € RY*P, which fuses
multi-level information from the encoder. A key challenge is
the “identity mapping” problem, where a powerful network
can learn to perfectly copy its input, rendering it unable to
detect anomalies. To address this, we first corrupt Fiyge; With
sequential Gaussian noise A (-) and dropout D(+; p) with a
dropout rate of p, which is set to 0.2 in our experiments:
Eec,in = D(N(Rarget);p)- (5)
Second, within each Transformer-based expert, we replace
standard Softmax Attention with Linear Attention (Han et al.
2023; Guo et al. 2025). Conventional Softmax Attention can
learn highly localized mappings where a query token attends
sharply to its corresponding key, facilitating trivial copying.
In contrast, Linear Attention promotes a more diffuse atten-
tion distribution by replacing the exponential function with a
linear operator. This property compels the model to integrate
global context for reconstruction, serving as an effective reg-
ularizer while also reducing computational complexity from
O(N?d) to O(Nd?). The training objective for each patch
expert is to minimize the reconstruction loss £,, defined as
the mean cosine distance between the target feature vectors
and their reconstructions Frec out:
)1 , (6)

N . .
/Cp -E i Z (1 _ -Ftarget(.l) : Frec,out(z.)
N~ [ Frarget () ||| Frec_out (4)
where ¢ is the patch index. During inference, the pointwise
calculation of this distance yields the anomaly score map S,.

Component-level Experts This group of N, experts iden-
tifies semantic anomalies, where a component’s local texture
may be normal but its identity is incorrect. To extract fea-
tures for individual components, we first establish a “compo-
nent knowledge base” for each object class by applying K-
Means clustering to the patch embeddings of all its normal
training samples. During inference, each patch of a test sam-
ple is assigned to the nearest cluster center, generating com-
ponent masks. We then use these masks to perform Masked
Average Pooling on the feature map Fireer, yielding a single
embedding vector ¢, € RP for each component.

This expert group consists of N, identically structured
experts, each being a lightweight MLP-based Autoencoder.
This architecture is well-suited for processing the non-
spatial, vectorized representations of the component embed-
dings {cx}. Through its compressed bottleneck layer, each
autoencoder is compelled to learn a low-dimensional man-
ifold of the semantic identity of normal components, ab-
stracting away from visual texture. When a semantically
anomalous component is input, its embedding c; deviates
from this learned normal manifold, leading to inaccurate re-
construction. The training loss £, minimizes the mean co-
sine distance between the original embeddings and their re-
constructions ¢j:

1 &

X ; (1 = cos(ek, ék)) | ,
where K is the number of components. The individual com-

L.=E @)

ponent scores Sé ) are calculated using this same cosine dis-
tance during inference.
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Global-level Experts This group of N, experts identifies
logical anomalies that require a holistic view, such as in-
correct component arrangements. Each expert is a convolu-
tional Autoencoder that takes the entire sample I as input
and aims to reconstruct the target feature map Fiyger. The
architecture comprises a convolutional encoder, F4, which
progressively downsamples the sample to capture holistic
spatial information, and a corresponding decoder, D,. The
information bottleneck between F, and D, forces the model
to learn a compact, low-dimensional manifold representing
the normal global layout and inter-component relations of a
scene. An sample with a global anomaly cannot be encoded
onto this normal manifold, leading to a high reconstruction
error, which is quantified by the squared Euclidean distance:

‘Cg = EINDnormal [HEarget - Dg (Eg (I))”g] . (8)

During inference, the corresponding anomaly score map
S, is generated by computing this same pointwise squared
Euclidean distance between the target and its reconstruction.

Final Training Objective

The final training objective of AnomalyMoE, Ly, com-
bines the weighted reconstruction loss from the activated ex-
perts with our two auxiliary regularization losses:

> GLd

J €Indicesopk

Liotal = + AeseLesB + AeRLEr. (9)

Here, Lr(gc) is the reconstruction loss for the j-th activated
expert, corresponding to one of the losses (L, L, or L)
defined in the previous subsections, depending on the ex-
pert’s type. It is weighted by its gate score G;. Crucially,
the auxiliary losses Lgsg and Lgr are computed using the
full pre-softmax logit distribution from the router. This en-
sures that all experts, including inactive ones, receive gradi-
ents for load balancing and information repulsion. This inte-
grated objective guides the framework toward a state of high
efficiency, diversity, and functional specialization.

Experiments
Experimental Setup

Datasets To comprehensively evaluate the generalizability
and performance of AnomalyMoE, we conduct experiments
on a diverse suite of eight challenging datasets. These bench-
marks span multiple domains, including industrial structural
anomalies (MVTec AD (Bergmann et al. 2021a), VisA (Zou
et al. 2022)), 3D point clouds MVTec 3D-AD (Bergmann
etal. 2021b)), logical anomalies (MVTec-LOCO (Bergmann
et al. 2022)), medical imaging (BrainMRI (Baid et al. 2021),
LiverCT (Bilic et al. 2023), RESC (Hu, Chen, and Yi
2019)), and video surveillance (UCSD Ped2 (Wang and
Miao 2010)). This collection provides a robust and varied
testbed for our generalist model, covering a wide spectrum
of visual anomaly types.

Evaluation Metrics To ensure a fair and comprehensive
comparison with prior work, we adopt standard evaluation
protocols for anomaly detection. We evaluate performance
using the Area Under the Receiver Operating Characteristic



Metric Dataset Task UniAD  Recontrast UniNet Dinomaly UniVAD LogSAD AnomalyMoE
MVTec-AD Industrial 87.5 95.0 84.7 98.8 97.8 96.9 99.5
VisA Industrial 80.2 90.1 87.5 95.7 93.5 94.5 98.1
MVTec LOCO  Logical 71.3 79.1 77.8 78.2 71.0 86.2 87.5
Image-level BrainMRI Medical 90.9 85.0 54.1 88.5 80.2 75.8 92.1
(AUC) LiverCT Medical 52.9 55.5 47.5 67.1 70.0 65.8 71.1
RESC Medical 83.2 94.6 70.3 92.2 85.5 81.2 92.2
MVTec 3D 3D 72.5 75.1 70.0 86.5 80.2 84.5 87.2
Ped2 Video 72.5 83.7 61.7 97.1 94.3 85.5 97.1
MVTec-AD Industrial 94.2 96.3 91.2 97.6 96.5 97.0 97.7
VisA Industrial 96.3 90.8 87.3 96.4 98.2 97.1 99.0
MVTec LOCO  Logical 76.4 74.1 73.2 71.5 75.1 79.4 82.2
Pixel-level BrainMRI Medical 98.0 96.3 86.4 95.8 96.8 95.5 97.3
(AUC) LiverCT Medical 96.3 96.6 95.0 97.2 96.3 96.6 97.2
RESC Medical 95.9 94.6 78.4 95.3 94.9 91.9 96.0
MVTec 3D 3D 95.3 75.1 95.2 98.7 94.6 98.2 98.9
Ped2 Video 954 97.1 96.3 98.3 97.4 98.3 98.4

Table 1: Quantitative comparison of AnomalyMoE with state-of-the-art methods across eight diverse datasets under the unified,
single-model setting. We report Image-level and Pixel-level AUC (%). The best-performing method is highlighted in bold.

curve (AUC). We report both Image-level AUC to assess the
model’s detection capability and Pixel-level AUC to evalu-
ate its localization accuracy.

Implementation Details We use a pre-trained DINOv2
model (ViT-B/14) (Oquab et al. 2023) as the frozen visual
encoder. All input images are resized to 448 x448 and then
center-cropped to 392x392. For our MoE architecture, we
set the number of experts in each group to N, = 6, N, = 6,
and Ny, = 6, with a Top-K routing of K = 3. The model
is trained for 50,000 iterations using the StableAdamW op-
timizer with a learning rate of 5 x 10~* and a weight decay
of 10~*. We use a batch size of 16 on 4 NVIDIA A6000
GPUs. The hyperparameters for the auxiliary losses are set
to Agsg = 0.01 and Agig = 0.0001.

Baselines We compare AnomalyMoE against a compre-
hensive set of state-of-the-art methods to demonstrate its su-
periority across different paradigms. Our baselines include
top-performing generalist patch-level reconstruction-based
models like UniAD (You et al. 2022), ReContrast (Guo
et al. 2023), UniNet (Wei, Jiang, and Xu 2025), and Di-
nomaly (Guo et al. 2025), and advanced component-based
methods that leverage language priors, specifically Uni-
VAD (Gu et al. 2025b) and LogSAD (Zhang et al. 2025).
For a fair comparison, we reproduce them using their offi-
cially released code under our unified evaluation protocol.

Main Quantitative Results

We present the main quantitative results in Table 1, estab-
lishing AnomalyMoE as the new state-of-the-art in gen-
eralist anomaly detection. The limitations of specialized
approaches become clear in this unified setting. While
reconstruction-based methods like Dinomaly excel on struc-
tural datasets, they falter on logical ones. On the other hand,
component-based methods like LogSAD performs excep-
tionally well on its target MVTec-LOCO dataset, yet its
performance significantly degrades on other domains. This
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demonstrates that while specialized methods often suffer a
significant performance drop when generalized, Anomaly-
MokE’s hierarchical MoE architecture delivers robust, top-
tier performance across all anomaly types, validating its su-
perior design.

Beyond its superior accuracy, AnomalyMoE offers a sig-
nificant advantage in efficiency. Unlike methods such as
UniVAD (Gu et al. 2025b) and LogSAD (Zhang et al. 2025)
that depend on computationally expensive large language
models, our framework is entirely language-free, resulting
in an inference speed that is 11.3 times faster than UniVAD
(58.5 ms vs. 658.5 ms) and 33 times faster than LogSAD
(58.5 ms vs. 1932.6 ms).

Ablation Studies

To validate our key design choices, we conduct a series of
comprehensive ablation studies, with results summarized in
Table 2 and Table 3. The results first demonstrate the neces-
sity of our hierarchical expert structure. As shown in Table 2,
no single expert level is sufficient for robust, generalist per-
formance. For instance, the Patch-only model excels on the
structural anomalies of MVTec AD but fails on the logical
tasks in MVTec LOCO. The full three-level configuration
consistently outperforms all partial combinations, validating
that the synergy of all three expert types is essential to cover
the full spectrum of anomalies.

Furthermore, Table 3 confirms the importance of our
auxiliary training modules. Removing the Expert Selection
Balancing (ESB) module degrades performance by causing
suboptimal router convergence and wasting model capac-
ity. Similarly, removing the Expert Information Repulsion
(EIR) module allows experts to learn redundant features, di-
minishing the benefits of specialization. Collectively, these
ablations empirically confirm that each core component of
AnomalyMoE, including its hierarchical structure, selec-
tion balancing, and information repulsion, is essential for its
state-of-the-art, generalist performance.



Expert Levels Datasets
Patch Component Global MVTec-AD VisA MVTec LOCO  BrainMRI RESC MVTec 3D Ped2
v (98.2,96.0) (97.0,98.8) (78.2,75.9) (91.6,97.1) (91.2,95.9) (85.7,98.6) (96.2,98.5)
v v (98.4,95.1) (97.9,98.9) (84.7,79.4) (89.5,96.4) (88.7,91.2) (85.9,85.8) (96.9,97.4)
v v (99.1,96.9) (97.7,98.9) (86.8, 81.1) (89.2,97.1) (91.5,95.5) (86.3,97.3) (97.0,98.3)
v v v (99.5,97.7) (98.1, 99.0) (87.5, 82.2) 92.1,97.3) (92.2,96.0) (87.2,98.9) (97.1,98.4)

Table 2: Ablation study on the hierarchical expert structure of AnomalyMoE. We report the (Image-level AUC, Pixel-level
AUC) in percent for different combinations of expert groups. The full three-level configuration achieves the best performance
across all datasets, confirming the contribution of each expert.

Dataset w/o ESB w/o EIR AnomalyMoE
MVTec-AD (99.2,97.2)  (99.0,97.1) 99.5,97.7)
VisA (97.3,98.8) (97.4,98.9) (98.1, 99.0)
MVTec LOCO (84.2,81.1) (85.6,92.0) (87.5, 82.2)
BrainMRI (91.2,97.0) (91.6,97.2) (92.1,97.3)
LiverCT (69.3,97.1) (69.4,97.1) (71.1,97.2)
RESC (91.2,95.3) (91.2,95.7) (92.2, 96.0)
MVTec 3D (85.7,98.0) (85.9,98.7) (87.2, 98.9)
Ped2 (96.0,97.9) (96.6, 98.3) (97.1, 98.4)

Table 3: Ablation study on the ESB and EIR auxiliary mod-
ules in AnomalyMoE. The table compares the performance
of the full model against versions without either the ESB or
EIR loss. Results are reported as (Image-level AUC, Pixel-
level AUC) in percent.

Router's Gate Value for Expert Groups Across Datasets
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Figure 4: Analysis of the router’s behavior. The histogram
shows the average gate values assigned to each expert group
across various datasets.

Qualitative Analysis and Visualization

To provide an intuitive understanding of our framework, we
conduct a qualitative analysis of the router’s behavior and
the experts’ specialization. As shown in Figure 4, the router
learns to dynamically allocate resources, assigning higher
gate values to Patch-level experts on structurally anomalous
datasets like MVTec AD, while prioritizing Global-level ex-
perts on logical datasets like MVTec-LOCO. Figure 5 pro-
vides direct visual confirmation of this functional specializa-
tion. For a structural defect (e.g., “wood”), the Patch-level
expert generates a precise activation, whereas for a logical
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Medlcal

Global

Structural Component Video

Figure 5: Visualization of the anomaly detection process.
Rows from top to bottom: (a) Input, (b) Patch-level expert
output, (c) Global-level expert output, (d) Component-level
expert output, and (e) final AnomalyMoE result.

missing part anomaly (“splicing_connectors”), the Global-
level expert correctly identifies the compositional error. In
all cases, the final aggregated result effectively integrates the
most salient signals from the relevant experts. These visual-
izations clearly illustrate the complementary and synergistic
nature of our hierarchical design.

Conclusion

We introduce AnomalyMoE, a novel, language-free gen-
eralist framework designed to address the fragmented na-
ture of visual anomaly detection. By decomposing anoma-
lies into a three-level semantic hierarchy, our Mixture-of-
Experts architecture leverages specialized patch, compo-
nent, and global experts to achieve comprehensive detec-
tion capabilities. Governed by a sophisticated routing mech-
anism enhanced by our proposed Expert Selection Balanc-
ing and Expert Information Repulsion modules, Anomaly-
MoE learns a diverse and functionally disentangled set of
representations. Extensive experiments on eight challenging
datasets demonstrate that our approach not only establishes
a new state-of-the-art but also consistently outperforms spe-
cialized methods in their respective domains. AnomalyMoE
represents a significant step towards a truly universal, ef-
ficient, and scalable anomaly detection system, paving the
way for more robust real-world applications.
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