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Abstract

Multi-class unsupervised anomaly detection endeavors to es-
tablish a unified model capable of identifying anomalies across
multiple classes when only normal data is accessible. However,
widely employed reconstruction-based networks often struggle
with the ‘identical shortcut’ issue of both normal and anoma-
lous samples being reconstructed equally well, consequently
failing to identify outliers. Although current methodologies
attempt to tackle this problem, they remain susceptible to in-
filtration of anomalous information. In contrast, we introduce
a novel scheme to make use of the ‘identical shortcut’ phe-
nomenon rather than pursue to eliminate it. Firstly, inspired by
our interesting observation that normal and abnormal regions
manifest distinct behaviors when encountering diverse masks,
we devise a multi-branch masked autoencoder tailored for
multi-class image reconstruction. Subsequently, we introduce
a parallel masking scheme to magnify the reconstruction dis-
parity between normal and abnormal regions when confronted
with various masks. Ultimately, we propose a reconstruction
association discrepancy learning method as a new anomaly
localization criterion. The effectiveness of our approach is
validated both quantitatively and qualitatively, achieving state-
of-the-art results.

Code — https://github.com/liugang-xd/MaskAD

Introduction

Anomaly detection (AD) stands as a pivotal task with in-
creasingly broad applications across various domains, includ-
ing industrial inspection (Bergmann et al. 2019), medical
image analysis (Fernando et al. 2021), and video surveil-
lance (Ramachandra, Jones, and Vatsavai 2020). Due to the
scarcity of anomalous samples, unsupervised anomaly de-
tection methods have garnered considerable attention (Zong
et al. 2018; Schlegl et al. 2017, 2019; Gudovskiy, Ishizaka,
and Kozuka 2022) by solely modeling the distribution of nor-
mal data and subsequently identifying outliers as anomalies.
Traditional approaches typically adhere to the ‘one-class-
one-model’ paradigm (Roth et al. 2022; Gong et al. 2019)
involving the training of separate models for different ob-
ject classes, however, which proves to be computationally
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intensive and memory-consuming in real-world scenarios. Re-
cently, an ‘all-class-one-model’ framework (You et al. 2022)
has emerged, aiming to employ a unified model for anomaly
detection across diverse object classes without necessitating
fine-tuning. Nonetheless, modeling high-dimensional data
poses considerable challenges when attempting to capture
multi-class distributions within a unified model.

A common unsupervised technique for learning the dis-
tribution of normal data for anomaly detection utilizes
reconstruction-based methods. These methods operate under
the assumption that a model well-trained with normal data
will consistently reconstruct normal patterns, regardless of
any defects within the inputs. Consequently, when input with
an anomaly sample, the model tends to generate normal sam-
ples, resulting in larger reconstruction errors that can serve as
indicators for anomaly detection. However, it is worth noting
that this assumption may not always hold true, as abnormal
inputs can sometimes be effectively reconstructed as well.
This phenomenon is commonly referred to as the ‘identical
shortcut’ (You et al. 2022; Lu et al. 2023; Gong et al. 2019;
Zong et al. 2018). Intuitively, opting to directly return a copy
of the input, regardless of its content, appears to be a much
simpler solution compared to expending considerable effort
to learn the joint distribution. Moreover, in the multi-class
scenario, the complexity of the normal data distribution is
heightened, enhancing the model’s generalization ability on
abnormal data. Recently, various approaches have been pur-
sued to mitigate the impact of the ‘identical shortcut’ issue by
incorporating different strategies, such as neighbor masked
attention (You et al. 2022), memory mechanisms (Hou et al.
2021), and nominal prototypes (Lu et al. 2023), to prevent the
reconstruction of anomalies. Despite their emphasis on limit-
ing the generative capacity of anomalies, these models still
remain susceptible to the leakage of anomalous information,
potentially struggling with the ‘identical shortcut’ problem.

A straightforward way to prevent anomaly leakage is mask-
ing the abnormal information in the original input. For deeper
investigation, we employ a masked autoencoder to mask vari-
ous parts of the input and reconstruct the whole image, widely
utilized in language processing (Devlin et al. 2018), computer
vision (He et al. 2022), and medical research (Yuan et al.
2023). Interestingly, during the exploration of various masks
for image reconstruction, we made a noteworthy observa-
tion. As shown in Fig. 1 (a-b), when the anomaly regions are
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Figure 1: (a-b)Our observation highlights the motivation of our method. On the one hand, if the abnormal regions are entirely
masked, anomalies will be reconstructed as normal patterns. On the other hand, when the abnormal regions are not masked
or partially masked, anomalies are preserved due to the ‘identical shortcut’ issue. (c) Traditional single-branch reconstruction
pipeline: the model detects anomalies according to the reconstruction error. (d) Our multi-branch reconstruction pipeline with
various masks: the discrepancy across different reconstruction results is investigated for anomaly detection.

entirely masked, they are reconstructed as normal patterns
because no abnormal information is input into the network.
Conversely, when the anomaly regions are unmasked, they
are well reconstructed as abnormal parts due to the ‘identi-
cal shortcut’ issue. However, for normal images, regardless
of whether masked or not, the model could effectively re-
constructs normal patterns owing to the well-learned prior
knowledge during training.

Leveraging this insight from our observation, we aim to ex-
ploit the inherent differences in recovery ability between nor-
mal and abnormal regions under diverse masking conditions.
Intrinsically, abnormal regions exhibit unstable reconstruc-
tion dependent upon the masks of anomaly regions, while
normal regions demonstrate consistent reconstruction. Recall-
ing the traditional reconstruction-based methods, as shown in
Fig. 1 (c), they consistently adhere to a single-branch pipeline
and detect anomalies based on the reconstruction error. Es-
sentially, the training objective of the reconstruction model is
to reconstruct input more accurately, while the goal of AD is
to identify anomalies. Therefore, conducting AD according
to reconstruction error involves a certain of deviation in their
primary objectives. To investigate a more objective-consistent
AD criterion, this paper introduces a new way to learn the
discrepancy in reconstruction ability between normal and
abnormal regions. Inspired by our observation, as shown in
Fig. 1 (d), we develop a parallel multi-branch reconstruction
scheme, wherein the input images are reconstructed under var-
ious masking strategies. Furthermore, we introduce a new AD
criterion, termed ‘Reconstruction Association Discrepancy’,
to quantify reconstruction differences under varied masking
strategies. As articulated earlier, abnormal regions exhibit a
significantly larger reconstruction discrepancy while normal
regions demonstrate lower reconstruction discrepancy.

Go beyond previous methods, this paper proposes an inno-
vative scheme for using the ‘identical shortcut’ phenomenon
effectively rather than attempting to eliminate it. We intro-
duce the Parallel Masked Autoencoder, named MAEAD, for
unsupervised multi-class image anomaly detection. Firstly,
we renovate the MAE (He et al. 2022) to an agnostic masked
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autoencoder for unified reconstruction. This model aligns
with multi-class anomaly detection as it learns to leverage
contextual relationships within individual images to infer the
features of the masked patches, rather than generally learning
the cross-class intertwined patterns. Subsequently, we de-
vise a parallel multi-branch masking reconstruction scheme
to investigate the distinct reconstruction abilities of normal
and abnormal instances when encountering various masks.
Furthermore, we learn the reconstruction association discrep-
ancy by formulating and solving an optimal transport (OT)
problem, which derives a new association-based anomaly
criterion. Consequently, MaskAD achieves state-of-the-art
performance in both anomaly detection and anomaly local-
ization. Furthermore, extensive ablation and insightful case
studies are provided to elucidate the efficacy of our approach.

Related Works
Multi-class Anomaly Detection

Multi-class AD endeavors to develop a unified model capa-
ble of identifying anomalies across objects spanning multiple
classes when only normal data is available, often suffering
from the ‘identical shortcut’ problem (You et al. 2022; Huang
et al. 2022). Hypotheses relying on the notion that reconstruc-
tion models trained exclusively on normal samples excel
in normal regions but encounter difficulties in anomalous
regions may no longer be effective (You et al. 2022). Conse-
quently, researchers have adopted various strategies to tackle
this issue. For instance, UniAD (You et al. 2022) builds a
transformer incorporating a layer-wise query decoder and
a neighbor-masked attention module to capture multi-class
distributions, intensifying query embedding usage while pre-
venting information leakage by excluding relationships be-
tween feature points and their neighbors. HAQTrans (Lu
et al. 2023) model the latent space as hierarchical discrete
prototypes and use normal prototypes to reconstruct normal
patterns, encouraging the model to reconstruct anomalous im-
ages as normal. Furthermore, some diffusion-based models
enforce the preservation of reconstructed nominal informa-
tion integrity through feature editing (Yin et al. 2023) or
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Figure 2: The model pipeline: During training, we first extract the features of input images and subsequently mask these features,
then input them into a VIT-based reconstruction model. During testing, a reference map is first generated for the test feature map,
and both maps are masked by the same groups of diverse masks. These masked feature maps are then input in parallel into the
reconstruction model, followed by the discrepancy learning module.

semantic excavation (He et al. 2024b). Despite these models
eliminate the ‘identical shortcut’ problem to some extent,
they still entirely rely on the single-branch reconstruction
pipeline and potentially leakage the anomalous information
within the conditions. In contrast, our goal is to exploit the
characteristics of the ‘identical shortcut’ phenomenon rather
than attempting to eliminate it. We innovatively construct
a multi-branch reconstruction scheme to investigate a new
discrepancy criterion.

Masked Image Modeling

Recently, Masked Autoencoders (MAE) (He et al. 2022)
serve as scalable self-supervised learners for computer vision,
which simply masks random patches of the input image and
reconstruct the missing pixels. However, directly reconstruct-
ing missing pixels for vision pre-training may lead the model
to prioritize short-range dependencies and high-frequency
details (Ramesh et al. 2021). Alternative approaches based
on masked image modeling, such as MaskFeat (Wei et al.
2022) and BEIT (Bao et al. 2021), propose objectives that
do not rely on raw pixels. Masked modeling approaches
have also been introduced for anomaly detection (Yao et al.
2023), but these still aim to circumvent the ‘identical short-
cut’ issue using an MAE-based patch-level reconstruction
model. Moreover, Kang et al. (Kang et al. 2024) integrate a
multi-layer subspace-like embedding (MLSE) module and
a random block mask (RBM) method to selectively empha-
size common embeddings, thereby enhancing the ability to
reconstruct anomalies as normal to mitigate the ‘identical
shortcut’ issue. In contrast to previous usage of MAE, we
design AD problem-oriented masking strategies, including
random-wise, block-wise, and nominal prototype-oriented
masks, grounded in an intriguing observation of distinct asso-
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ciation discrepancies between normal and abnormal regions.
Moreover, rather than detecting anomalies with reconstruc-
tion errors, our model strives to find a new AD criterion of the
reconstruction discrepancy of normal and abnormal regions
across various masks.

Methodology
Explore Masking for Image Reconstruction

Drawing inspiration from Masked Autoencoder (MAE) (He
et al. 2022), we renovate it and employ a Vision Transformer
(VIT)-based framework to reconstruct the whole input im-
ages. As illustrated in Fig. 1, after extensive training, distinct
reconstruction regularity emerges for normal and anomalies
under various masks. On the one hand, the unmasked regions,
whether normal or abnormal, can be effectively reconstructed.
This phenomenon is attributed to the issue of the ‘identical
shortcut’, whereby both normal and anomalous regions can
be effectively reconstructed once input into the reconstruc-
tion model. This speculation is also corroborated by previous
studies (You et al. 2022; Lu et al. 2023). On the other hand,
the reconstruction of masked regions exhibits different be-
havior: if the masked regions are normal, they can be well
reconstructed; if they are anomalous, the reconstruction fails,
retrieving indistinct patterns that resemble normal ones. This
can be attributed to the scarcity of anomalies and the predom-
inance of normal patterns, making it harder for anomalies to
be accurately reconstructed by association with the surround-
ing unmasked nominal regions. The ‘identical shortcut’ of the
anomaly region is cut off initially by applying masks to the
input images. In contrast, the dominant normal pixels form
informative associations with the entire image, extending
beyond the masked area, and thus can be effectively recon-
structed.



Building on this observation and analysis, we aim to cap-
italize on the ‘identical shortcut’ phenomenon. Typically,
reconstruction errors serve as indicators of anomaly likeli-
hood. Yet, our observations motivate us to explore a new
AD scheme, quantified by the differences in reconstruction
performance between normal and abnormal regions under
various masking conditions. In the following sections, we
will first present our masked autoencoder framework, then in-
troduce several masking strategies and develop a parallelized
masking association discrepancy learning method to enhance
the normal-abnormal distinguishability.

Agnostic Masked Autoencoder

During training, only normal images are available, denoted
as Xy Ve € Xy : y, = 0), where y, € {0,1} denotes
whether an image « is normal or anomalous. As depicted
in the top row of Fig. 2, our masked autoencoder is trained
undergoes three steps: (i) The input image, denoted as x €
REXWX3 s fed into a pre-trained EfficientNet to extract
visual 3-D feature maps h = fgo(x) € R"***%; (ii) Mask
maps m € R"X" are generated and embedded onto the
input features; (iii) The masked feature maps * ® m are
subsequently fed into the VIT-based encoder-decoder for
feature reconstruction.

Masking Strategy during Training: During training, we
employ three strategies for training the masked reconstruc-
tion model: random masking, block-wise masking, and fore-
ground masking. To strengthen the model’s ability to assem-
ble local information, we uniformly sample random pixels
to be masked, which are always isolated and uniformly dis-
tributed. To ensure the global region reconstruction ability,
we generate block-like masked regions, which are continu-
ous and connected into one piece of the image. Furthermore,
to encourage the model to focus on regions with complex
contexts, we mask the foreground regions, which are more
challenging to reconstruct than background areas. In each
iteration, one of the three masking strategies is randomly
selected and applied to the input images, which are then fed
into the reconstruction model.

Reconstruction Optimization: Our training goal is to pre-
dict the complete visual feature maps, including both masked
and unmasked tokens. We opt to reconstruct at the feature
level rather than the pixel level, as latent features are robust
to subtle noise, rotation, and translation variations at the pixel
level. The reconstruction model takes the masked feature map
h®m € R"w*C a5 input, passing through a ViT-based en-
coder E and a ViT-based decoder D to reconstruct the masked
feature map, denoted as h = D(E(h®@m)) € R"***C The

training objective is defined as: Lyyqin = ||h — IA1,||§

Multi-branch Masking Strategy

To better detect anomalous regions, we aim to explore the
differing reconstruction abilities of normal and abnormal
regions under various masking strategies. Recalling the ob-
servation indicates that normal regions consistently recon-
struct well, whereas abnormal regions are sensitive to differ-
ent masks. Thus, during testing, we introduce a parallelized
scheme with different masks, in which the discrepancy of
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reconstruction sensitivity is then used for anomaly score
learning. We define the test sample as Xr (Vo € Xr:y,, €
{0,1}), encompassing both normal and abnormal test im-
ages. The testing stage comprises the following steps: 1)
The input image x € Xr is fed into the pre-trained Effi-
cientNet to extract visual tokens by splitting the 3-D feature
maps h = fyo(x) € R 2) A reference visual map

r € RP*wXC jg generated by searching for similar visual
tokens within the nominal visual coreset. 3) Both the test-
ing visual map h and reference visual maps r are processed
with the same set of masks, generated in three ways. 4) The
masked maps are then reconstructed in parallel. 5) Anomaly
detection and localization are achieved through a calibrated
anomaly score map, refined by measuring the OT distance
of the reconstruction discrepancy between the testing and
reference visual maps.

Constructing the Reference Visual Maps: Measuring the
reconstruction error under various masks is a straightforward
method to classify normal and abnormal regions. Ideally,
the reconstruction error should remain consistent for normal
patches and show upheaval for abnormal patches. However,
empirical experiments show that reconstruction errors depend
not only on whether the pixel is normal or abnormal but
also on whether it is masked. In other words, when a pixel
and its surrounding pixels are masked, the reconstruction
error increases, regardless of whether the region is normal or
abnormal. This poses a challenge, as mask positions affect
the sensitivity of the reconstruction in reflecting normality.
To address this issue, we developed a method to eliminate
this influence by searching for a nominal reference feature
map r for each input testing feature map h. First, we split the
testing feature map into i x w visual tokens h, € R¢. We
then search for the most similar nominal tokens within the
nominal visual feature pool for each testing visual token. The
nominal visual feature pool P is obtained using the coreset
subsampling mechanism (Sener and Savarese 2018; Sinha
et al. 2020) to create nominal visual feature tokens for each
object class. The most similar nominal visual token is used
to replace the corresponding testing visual token, creating a
new feature map r € R"***¢ as a nominal reference. Both
the reference feature map r and the original testing feature
map h are then input into the reconstruction network, and
parallelly processed with the same group of masks to mitigate
the negative influence of the masks.

Masking Strategy during Testing: At the testing stage,
recognizing the significance of appropriately handling anoma-
lous regions in abnormal images, we adopt a distinct masking
strategy compared to the training stage. Intuitively, some
masks should cover the anomalous regions to eliminate
anomaly information from the input, while others should
unmask anomalies to leverage the reconstructed abnormal
part according to the ‘identical shortcut’ issue. To this end,
we employ three masking strategies with various masking
ratios: nominal prototype-oriented masking strategy, random
Masking strategy, and block-wise masking strategy. Specif-
ically, we utilize the normalizing flow-based abnormality
ranking (Gudovskiy, Ishizaka, and Kozuka 2022; Yao et al.
2023) to generate abnormality score maps M,,,. Then we
mask suspicious anomaly regions with a series of masking ra-



tios by comparing each testing visual token with nominal fea-
ture prototypes. With this strategy, image patches with higher
abnormality scores are designated as masked patches. We par-
allelly apply prototype-oriented masks (with n mask ratios),
random masks (with n mask ratios), block-wise masks (with
n mask ratios), and a zero-mask on the testing visual map h
and the reference visual map r, respectively. Subsequently,
we input the two groups of N = 3n + 1 images into our re-
construction models in parallel, resulting in /V reconstructed

testing visual maps h1, ho, ..., hy, and N reconstructed ref-
erence visual maps 71,72, ..., T .

Association Discrepancy Learning

Optimal Transport for Association Discrepancy: By ap-
plying N masks to the visual maps, the model generates N
reconstructed visual maps in parallel. Since each visual map
contains h X w patches, each patch obtains N reconstructed
results, leading to N reconstruction errors per patch. Employ-
ing the root mean square error (RMSE) as the measure of
reconstruction error, we could obtain an /NV X 1 reconstruction
error distribution for each patch. In this paper, we proposed
an OT-based measurement to assess the association discrep-
ancy between the distributions of reconstruction errors for
the testing and reference visual features. To assemble the
reconstruction ability conveyed by masks, we represent the
N reconstruction errors per patch as an empirical distribution

Pn = sz\il %5
of current patch under the i*" masks. This empirical distri-
bution characterizes the reconstruction robustness against
different masks. Moreover, in the reconstruction process
of reference visual patches, each masking pattern receives
equal importance. Consequently, the distribution over refer-

ence visual patches is expressed as an empirical distribution
_vV o1 .
P.=> =1 ﬁée”, where e, represents the reconstruction

e, » Where ey, is the reconstruction error

error of the reference patch under the ;" mask. To estab-
lish the transport matrix M* € RV*N from P}, to P,., we
minimize the objective M ™ = II]I\}IH PR Z;.V:l M,; ;C,; ;.
Here, the transport matrix M must adhere to the constraints
(5], [x]) = {MIM1y = [5], M1y =[]}, where
[+] and [+] signifies two uniform distributed prior defined
in IP;, and P, respectively. The cost matrix C € RV*¥ is
defined as C; ; = /(en, — €,,)*. To quantify the recon-
struction association discrepancy among normal and abnor-
mal patches, we introduce the average OT distance, inspired
by the Sinkhorn algorithm (Cuturi 2013), as follows:

N N N N
Lor =minE» " M;,Ci;+> > M;jinM; .
E i=1 j=1 i=1 j=1
(1)

Association-based Anomaly Criterion: We integrate the
association discrepancy into the reconstruction criterion, con-
sidering both representation ability and distinguishable dis-
crepancies. The final anomaly score is computed by:

AnomalyScore(x) = upsampling([Rec(h, {a, s la})
+ AssDis(h,r;x)] © Mp,),
@)
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where the reconstruction error is measured by the av-
erage point-\ivise L/2\ norm of the reconst/r\uction er-
ror Rec(h,{hq,....,hyx}) %ZZ(Hh — hil|3),i =
1,...,N; the association discrepancy is evaluated by
AssDis(h,r;x) = M™*C, and ®M,, is the element-wise
multiplication with the masking ranking maps M, with ratio
0.01. The transport matrix M™ acts as a probability to re-
weight the cost with different masks C', measuring the impor-
tance of various distances between two reconstruction error
distributions. In pursuit of an enhanced criterion, anomalies
typically exhibit high reconstruction errors and association
discrepancies, deriving a higher anomaly score. Thus, this
design encourages collaboration between reconstruction er-
ror and association discrepancy to improve detection and
localization performance.

Experiment
Experimental Setup

Dataset: (1) The MVTec—AD dataset (Bergmann et al. 2019)
is widely utilized in the field of industrial anomaly detec-
tion. It comprises 15 classes and includes over 5,000 high-
resolution images featuring various objects and textures.
Ground-truth labels and segmentation maps are provided for
evaluating anomalous samples. (2) The VisA dataset (Zou
et al. 2022) is a large dataset that has been recently published.
It comprises 9,621 normal images and 1,200 anomalous im-
ages, all of high resolution. The dataset contains images
featuring complex structures, objects positioned in diverse
locations, and a variety of object types. Anomalies within
the dataset include scratches, dents, color spots, cracks, and
structural defects. (3) The Real—-IAD dataset (Wang et al.
2024) contains a total of 30 different object categories, mak-
ing it larger in scale compared to previous anomaly detection
datasets. The training set includes 36,645 normal images,
while the test set comprises 63,256 normal images and 51,329
anomalous images.

Implementation Details: The input image size is 224 x
224 x 3, after being fed into the pre-trained EfficientNet (Tan
and Le 2021), the feature maps become 14 x 14 x 272, namely,
the patch size is 16. Then we map the channel dimension of
each patch into 768, followed by feeding them into a 5-layer
ViT-based encoder followed by a S-layer ViT-based decoder.
We use AdamW (Loshchilov and Hutter 2019) with weight
decay 0.04 for optimization. Our model is trained for 600
epochs on a single NVIDIA RTX 3090 24GB GPU with
batch size 80. During testing, we randomly generate 4 masks
for each masking strategy. The ratios for random masking and
block-wise masking are fixed at 0.2 and 0.15, respectively,
while the prototype-oriented masks are generated adaptively
with a ratio range set between 0.01 and 0.08.

Evaluation Metrics: Following prior works (He et al.
2024a), we adopt 7 evaluation metrics. Image-level anomaly
detection performance is measured by the Area Under the
Receiver Operator Curve (AUROC), Average Precision (AP),
and [ score under optimal threshold (F}-max). Pixel-level
anomaly localization is measured by AUROC, AP, F}-max
and the Area Under the Per-Region-Overlap (AUPRO). The
main results are shown as the average across all classes.



Image-level Pixel-level

Dataset Method
AUROC AP Fj-max AUROC AP Fi-max AUPRO
RD4AD (Deng and Li 2022) 94.6 96.5 95.2 96.1 48.6 53.8 91.1
DeSTSeg (Zhang et al. 2023b) 89.2 95.5 91.6 93.1 54.3 50.9 64.8
UniAD (You et al. 2022) 96.5 98.8 96.2 96.8 434 49.5 90.7
DiAD (He et al. 2024b) 97.2 99.0 96.5 96.8 52.6 55.5 90.7
ViTAD (Zhang et al. 2023a) 98.3 99.4 97.3 97.7 55.3 58.7 914
CNC (Wang et al. 2025) 98.6 99.3 - 98.0 56.4 - 93.0
MVTec-AD MambaAD (He et al. 2024a) 98.6 99.6 97.8 97.7 56.3 59.2 93.1
MaskAD (Ours) 98.6 99.3 97.8 97.7 59.5 58.9 94.3
RD4AD (Deng and Li 2022) 924 92.4 89.6 98.1 38.0 42.6 91.8
DeSTSeg (Zhang et al. 2023b) 88.9 89.0 85.2 96.1 39.6 434 67.4
UniAD (You et al. 2022) 88.8 90.8 85.8 98.3 33.7 39.0 85.5
DiAD (He et al. 2024b) 86.8 88.3 85.1 96.0 26.1 33.0 75.2
ViTAD (Zhang et al. 2023a) 90.5 91.7 86.3 98.2 36.6 41.1 85.1
VisA CNC (Wang et al. 2025) 93.2 92.6 - 98.5 37.8 - 91.4
MambaAD (He et al. 2024a) 94.3 94.5 89.4 98.5 394 44.0 91.0
MaskAD (Ours) 94.5 94.8 90.5 98.8 41.9 44.4 92.7
RD4AD (Deng and Li 2022) 82.4 79.0 73.9 97.3 25.0 32.7 89.6
DeSTSeg (Zhang et al. 2023b) 82.3 79.2 73.2 94.6 379 41.7 40.6
UniAD (You et al. 2022) 83.0 80.9 74.3 97.3 21.1 29.2 86.7
DiAD (He et al. 2024b) 75.6 66.4 69.9 88.0 2.9 7.1 58.1
VIiTAD (Zhang et al. 2023a) 82.7 80.2 73.7 97.2 24.3 32.3 84.8
Real-IAD MambaAD (He et al. 2024a) 86.3 84.6 77.0 98.5 33.0 38.7 90.5
MaskAD (Ours) 86.9 84.5 78.5 98.4 35.6 394 90.3

Table 1: Comparison of methods on MVTec-AD, VisA, and Real-IAD datasets.

\ Dataset —

MVTec-AD \ VisA

| Parallel M, Reference AssDis Recon | Image-level Pixel-level | Image-level Pixel-level

- - - - v 91.7 95.8 91.5 96.8
v - - - v 94.2 96.0 92.3 97.4
o v - v - v 97.2 96.7 93.6 97.7
E v v - - v 97.7 97.1 93.9 98.2
= v v v - v 98.0 97.2 93.7 97.5
= v v v v - 97.3 96.9 94.0 98.3
v v v v v 98.6 97.7 94.5 98.8
Table 2: Ablation studies with AUROC metric on MVTec-AD and VisA.
Tnage-AURCC Preel-AURCC Tmage-AUROC Pxel- AUROC Tmage-AUROC Pixel AUROC
98.5 98.5 98.5
8 98 8 98 § 98
Eos Eo7s Egrs
e = =l
97 97 97
96.5 96.5 965
01 015 02 025 03 035 04 045 05 055 D1 015 02 025 03 035 04 045 05 055 (001008 (001,0.18)  (0.21,0.28) (0.31,038) (041,048}
Random Mask Ratio Block-wise Mask Ratio Prototype-oriented Mask Ratio(step=0.01}

Figure 3: Ablation study on different mask ratios of different mask methods.

Quantitative Results

Results on MVTec-AD: MaskAD achieves competitive per-
formance across all metrics, obtaining the highest image-level
AUROC (98.6%) and F}-max (97.8%), matching the best
results from MambaAD and CNC. For pixel-level detection,
our method achieves the highest AP (59.5%) and AUPRO
(94.3%), demonstrating superior anomaly localization capa-

bility. Notably, MaskAD outperforms strong baselines like
ViTAD (98.3% AUROC) in image-level detection.

Results on VisA: On the VisA dataset, MaskAD estab-
lishes new state-of-the-art results across all image-level met-
rics (94.5% AUROC, 94.8% AP, 90.5% F;-max) and pixel-
level metrics (98.8% AUROC, 41.9% AP, 44.4% F}-max,
92.7% AUPRO). Our method shows significant improve-
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Figure 4: Qualitative results for anomaly localization on MVTec-AD.

Method Params(M) FLOPs(G) Train Time(H) FPS mAD
RD4AD(Deng and Li 2022) 80.6 28.4 4.1 90.6 823
UniAD(You et al. 2022) 24.5 3.6 134 56.8 81.7
DeSTSeg(Zhang et al. 2023b) 35.2 122.7 2.5 747 81.2
DiAD(He et al. 2024b) 1331.3 451.5 - - 84.0
MambaAD(He et al. 2024a) 25.7 8.3 5.7 209 86.0
MaskAD(Ours) 28.5 38.5 2.2 41.5 86.6

Table 3: Complexity Comparison. mAD represents the average value of seven metrics on the MVTec-AD dataset.

ments over previous approaches, including a +2.3% gain in
image-level AUROC compared to CNC (93.2%) and a +2.0%
improvement in pixel-level AP over MambaAD (39.4%).
Results on Real-IAD: For the complex Real-IAD dataset,
MaskAD achieves the best image-level performance with
86.9% AUROC and 78.5% F-max, surpassing MambaAD
by +0.6% and +1.5% respectively. While DeSTSeg shows
higher pixel-level AP (37.9%), our method maintains bal-
anced performance across all metrics with competitive pixel-
level AUROC (98.4%) and AUPRO (90.3%). It should be
noted that our model requires lower computation complexity
than DeSTSeg and MambaAD, while achieving competitive
performance when encountering multiple complex classes.

Ablation Studies

We conduct comprehensive experiments on MVTec-AD
and VisA to validate the effectiveness of the pro-
posed components, including effects of parallel struc-
ture (versus only input one masked image), prototype-
oriented anomaly scores M,,, in Eq. 2, reference feature
maps (versus uniform distribution), OT-based discrepancy
score AssDis(h,r;x), and the basic reconstruction-based

anomaly scores Recon(h,{h, ..., hx}). The results, as pre-
sented in Table 2, reveal the following key observations: (i)
The performance of MaskAD without the parallel scheme
drops by 2.5% on MVTec-AD and 0.8% on VisA, indicating
that the parallel framework contributes to final results. It is
crucial to conduct various masks on the inputs; (ii)) When
we use the reference feature maps as nominal samples, the
performance increases by 3.0% on MVTec-AD (from 94.2 to
97.2) and increases by 1.3% on VisA, highlighting the pivotal
role of the proposed reference maps to relieve the negative
impacts of masks.

Furthermore, we conduct parameter analysis on different
mask ratios for three masking strategies, as depicted in Fig. 3.
For block-wise and prototype-oriented masking strategies,
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Figure 5: Reconstruction under different masks.

anomaly detection yields superior results with smaller mask-
ing ratios, which might attributed to the typically local area
of anomalous regions compared to normal parts. We observe
that the performance of localization remains consistently sta-
ble across the general trend, demonstrating the robustness of
our model.

Qualitative Results

To showcase the effectiveness of our model, we visualize
the generated results. As depicted in Fig 4, the OT-based
anomaly scoring facilitates the model to accurately localize
anomalous regions through reconstruction discrepancy across
different masks for various kinds of anomalies. This verifies
that our association-based anomaly criterion can highlight
the anomalies and provide distinct values for normal and
abnormal points, making the detection precise and reducing
the false-positive rate.

The distinctiveness of the proposed MaskAD lies in ex-
cluding or preserving anomalous information from the input
by different masking strategies, making good use of the ‘iden-
tical shortcut’ phenomenon. As shown in Fig. 5, our model
successfully masks the suspicious anomalous regions via the
prototype-oriented masking strategy (the first row). MaskAD
successfully reconstructs anomalies into their corresponding



normal samples when the anomaly regions are masked, and
remains the anomalous part when it is straightly input into
the model. Subsequently, the proposed well-designed asso-
ciation discrepancy learning model explores the differences
across various reconstruction error maps, allowing MaskAD
to successfully distinguish anomalies from normal samples.

Complexity Analysis

In Table 3, we compare our model with five SOTA methods
in terms of model size and computational complexity. Our
MaskAD exhibits relatively small parameters and FLOPs
while achieving the best detection performance. Despite em-
ploying a multiple-branch pipeline, Table 3 showcases its
effectiveness in lightweight model design while maintaining
high performance.

Conclusion

We introduce an MAE-based model, MaskAD, for multi-class
Unsupervised Anomaly Detection, specifically designed to
capitalize on the ‘identical shortcut’ phenomenon and utilize
the inherent normal-abnormal discrepancy during masking
reconstruction. We hope the intriguing observation could
encourage future studies to explore diverse elegant discrep-
ancy criteria, as the commonly used reconstruction objective
is not perfectly matched with the aims of anomaly detec-
tion. Experimental results demonstrate that MaskAD achieves
state-of-the-art performance, validating the efficacy of the
proposed reconstruction association discrepancy learning. A
new anomaly detection scheme investigating multi-branch
varieties is introduced, breaking the traditional single-branch
reconstruction pipeline, and potentially applied to time series,
text, and video data.
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