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ARTICLE INFO ABSTRACT

Keywords: Recent advancements in CNNs and transformer-based methods have significantly improved multiclass anomaly
State space models (SSMs) detection; however, accurately localizing small anomalies in industrial images remains challenging. Although
Mamba

promising, CNNs suffer in capturing long-range dependencies and the effectiveness of the transformers is
hindered by their quadratic computational costs. This paper proposes a novel State Space Model (SSMs)-
based multi-class anomaly detection method, termed Pyramidal Anomaly Detection with State-Space Models
(PAD-SSM), which offers state-of-the-art performance with linear complexity. The main contribution of our
work is the Pyramidal Scanning Approach (PSA), which performs the scanning hierarchically. This enables
more localized and scale-aware analysis. PSA operates in a pyramid-like style, recursively partitions the image
into equal non-overlapping patches across multiple scales. The SSM is then applied independently to each
patch. This approach enables detailed, multi-scale, and high-resolution analysis, which is crucial for detecting
small anomalies in industrial images. We integrate the PSA block with a pre-trained encoder for multi-scale
feature extraction, a feature adapter to transform the encoded features to a target domain, and a synthetic
anomaly generator that introduces noise at the feature level, further enhancing detection capabilities. Rigorous
evaluations on the MVTec-AD and VisA datasets demonstrate that our method achieves state-of-the-art mean
AU-ROC of 98.7, AP of 99.6, and F1,, of 98.1 on MVTec-AD benchmark while using the lowest number of
FLOPS (e.g., 10.3% fewer FLOPs than the next best method).

Pyramidal scanning approach
Small anomalies
Linear complexity

1. Introduction

Anomaly detection (AD) in industrial images aims at identifying and
accurately localizing anomalous regions within an image that deviate
from the normal appearance (Huang et al., 2022). This problem is
of paramount importance in modern manufacturing and inspection
processes, where early and accurate detection of anomalies can improve
safety, reduce material waste, and ensure compliance with industry
standards.

AD models must operate under constrained hardware to ensure cost-
effective industrial automation applicability. However, a vast majority
of AD approaches follow the single-class framework, thus requiring a
separate model for each object class (Liu et al., 2023; Zhang et al.,
2023; Rudolph et al., 2022; Roth et al., 2022). Multi-class AD methods
introduce a single model to detect anomalies on multiple object classes
within a unified framework (Zhao, 2023; Igbal and Martinel, 2025;
Lu et al., 2023; He et al., 2024a). This approach conserves substantial
memory and training time.

Transformer-based models (You et al., 2022; Lu et al., 2023) were
introduced to follow such a multiclass setting, thus improving training
and inference efficiency. However, despite their strong performance,

these methods suffer from quadratic computational complexity, making
them less practical to be adopted in real-world industrial settings. This
highlights the need to develop a method that is not only multiclass
but also lightweight (i.e., balancing accuracy with lower computational
cost).

Recent developments in State Space Models (SSMs) (Gu and Dao,
2023) have shown their capability to model long-range dependencies
while maintaining linear computational complexity. Several research
works (Liu et al., 2024; Zhu et al., 2024; Shi et al., 2024; Ruan and
Xiang, 2024; Wang et al.,, 2024; Huang et al.,, 2024) have applied
Mamba (Gu and Dao, 2023) to computer vision tasks and achieved
promising results. MambaAD (He et al., 2024b) was the first to utilize
such a framework for AD, offering computational efficiency. However,
it mainly relies on a single-scale SSM, which limits its ability to detect
small and subtle anomalies that are often localized within specific
regions — and may be missed by a single-scale approach.

In our earlier work (Igbal and Martinel, 2025), we introduced
Pyramid-based Mamba to address the limitations of single-scale SSM by
proposing a multi-scale approach that improves detection of small and
localized anomalies. However, this comes with increased computational
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cost due to multiple pyramid levels. To reduce this overhead, in this
work, we streamline the (Igbal and Martinel, 2025) by limiting the
number of pyramid levels while maintaining comparable detection
performance.

Igbal and Martinel (2025) also incorporates pyramid-mamba with
several convolutional blocks to enhance spatial feature extraction, but
this further adds to the complexity. Our current work addresses this
by replacing the heavy convolutional blocks with lightweight Depth-
wise Squeeze and Excitation Block (DSEB), achieving efficient perfor-
mance with lower computational complexity. Thus, the present study
is designed to model multi-class industrial anomalies with minimal
complexity. The experiments on multiple industrial benchmarks show
that the approach maintains competitive results without unnecessary
computational overhead on the AD task.

The key contributions of this work are as follows:

+ We introduce a novel lightweight PSA which employs a new
scanning strategy that utilizes multi-scale image pyramids, and
performs localized scanning with each pyramid, enhancing the lo-
calization of small, subtle, and large anomalies with significantly
lower computational cost.

We integrate a lightweight Depthwise Squeeze and Excitation
Block (DSEB) to capture fine-grained local features, which com-
plement the global modeling capacity of PSA, thus improving the
overall anomaly detection accuracy.

Comprehensive experiments on public benchmarks demonstrate
that PAD-SSM achieves state-of-the-art results with a single effi-
cient model capable of handling the multi-class anomaly detection
problem.

2. Related work
2.1. Unsupervised anomaly detection

Image-based industrial AD has been the focus of extensive study.
Due to the unpredictable nature of defects, there is an increasing
interest in leveraging unsupervised learning for the task. Typical un-
supervised AD methods can be classified into Reconstruction-based,
Synthesis-based, and embedded-based methods.

Reconstruction-based methods such as auto-encoders (Gong et al.,
2019) and generative adversarial models (Yan et al., 2021)focus on
learning the features of normal samples by reconstructing anomaly-
free images during training. At inference time, the anomalies are
identified by comparative analysis. The difference between the recon-
structed and the input images generates the anomaly maps. Other
approaches (Haselmann et al., 2018; Ristea et al., 2022; Zavrtanik
et al., 2021) randomly mask patches from input images and predict the
masked regions. These methods struggle when defective and normal
regions share common patterns (Zavrtanik et al., 2021). Our approach
also belongs to this group, but differs by utilizing a pyramid-based scan-
ning, which enables more robust feature reconstruction across multiple
scales, addressing the limitations of traditional reconstruction-based
methods.

Synthesizing-based methods incorporate synthetic anomalies
within anomaly-free samples to help the model learn a decision bound-
ary. This is normally done by masking some pixels or regions of
anomaly-free images and training the model to reconstruct them, or by
generating synthetic anomalies and training a classifier or discriminator
to distinguish them from real, anomaly-free images. Currently, such
methods generate pseudo-anomalies by adding Perlin noise computed
from a set of predefined texture images (Zavrtanik et al., 2021) or
copy&paste patches from one sample to random locations in other
samples (Li et al, 2021). In Liu et al. (2023), synthetic noise is
added in the feature space, then a binary discriminator is trained to
distinguish the noisy features from normal features. Zhang et al. (2024)
proposed a model that combines artificial anomaly generation with
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discriminative feature selection. It adopts a diffusion-based method to
produce artificial anomalies with varying strengths, which closely mim-
ics real-world anomalies. It utilizes a diffusion model to progressively
reconstruct images. These methods often suffer from the discrepancy
between artificial and real-world anomalies. We address these issues
and enhance robustness by introducing noise at the feature level during
training. Noise added to the latent space can be precisely controlled
without distorting the raw image pixels, which allows the model to
learn robust internal representations without compromising the quality
of input.

Embedding-based methods generally employ ImageNet
pre-trained networks (Deng et al., 2009) to obtain low-dimensional
embeddings of anomaly-free samples. Anomalies are then detected in
the embedded space by calculating deviations from this learned distri-
bution. Patch-based feature embedding through multivariate Gaussian
distributions (Defard et al., 2021), and memory banks with Maha-
lanobis distance (Roth et al.,, 2022) were utilized to measure the
similarity between anomalous and normal features.

These methods face challenges due to the domain gap between
industrial images and the ImageNet dataset — composed of natural
images. Features obtained from ImageNet-pretrained models may not
properly capture industrial images’ characteristics. Our PAD-SSM ad-
dresses this issue by incorporating a feature adapter to transfer the
pre-trained extracted features to the target domain, which effectively
mitigates the domain bias.

Multi-class Anomaly Detection Traditional single-class unsuper-
vised AD requires training a separate model for each class. These
methods suffer from limitations such as excessive time-consuming train-
ing and high storage space. Current works focus on how to utilize a
single model to conduct unsupervised multi-class anomaly detection.
UniAD (You et al., 2022) was among the first works to introduce
a single anomaly detection framework using a vision transformer.
OmniAL (Zhao, 2023) utilizes a unified CNN-based model to handle
multiclass AD without the need for separate models per class. Further
works have utilized more diverse methods for this task; for example,
DiAD (He et al., 2024a) adopts diffusion models, while HVQ-Trans (Lu
et al., 2023) employs a probabilistic model.

Though these multiclass AD models significantly conserve training
time and storage space as compared to single-class settings, neverthe-
less, they do not inherently guarantee lightweight deployment. In the
context of model lightweighting and reduction of model complexity,
recent studies (Liu et al., 2023) have started to focus on the significance
of computational efficiency in single-class anomaly detection settings.
However, in the case of multiclass settings, the vast majority of the
existing literature (Zhao, 2023; Igbal and Martinel, 2025; Lu et al.,
2023; He et al., 2024a) focused on achieving high AD performance
while neglecting the impacts of model complexity. We introduce a
novel, efficient SSM-based approach that considers the scale of model
complexity to achieve state-of-the-art multi-class AD performance.

2.2. State space models

State Space Models (SSMs) (Gu and Dao, 2023; Gu et al., 2021;
Smith et al., 2022; Mehta et al., 2022; Fu et al., 2022) have demon-
strated strong performance in long-sequence modeling by efficiently
capturing long-range dependencies. The foundational State-Space Se-
quence (S4) architecture (Gu et al., 2021) proposed a novel diagonal
parameterization structure that enables linear computational complex-
ity for sequence modeling tasks. Leveraging this foundation, models
like S5 (Smith et al., 2022), H3 (Gong et al., 2019), and Mamba (Gu
and Dao, 2023) have further enhanced the capabilities of SSMs’. Mamba
has inspired numerous computer vision applications (Ruan and Xiang,
2024; Wang et al., 2024) as it is based on a data-driven selection
method within S4, and maintains linear computational complexity for
long-sequence modeling.
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Fig. 1. Overview of the proposed PAD-SSM approach consisting of (a) teacher-student network to reconstruct multi-scale synthetic anomalous features by
pre-trained encoders and Pyramid-Mamba-based decoders. (b) Each decoder consists of Pyramidal Scanning Approach (PSA) blocks capturing local and global

interaction, and DSEB blocks to capture local information.

Mamba was originally designed for efficient 1D sequence modeling
tasks. Extending it to the visual domains involves several key challenges
due to the structural differences between ordered 1D sequences and
non-causal 2D images. This challenge was first addressed in Liu et al.
(2024) through a cross-scan module, while an omni-selective scanning
method was introduced in Shi et al. (2024) to overcome the limita-
tions of unidirectional SSMs. Recently, (Huang et al., 2024) exploited
Mamba for AD by introducing a hybrid scanning approach that encodes
feature maps through five scanning methods across eight directions
to better model spatial dependencies. This method employs a single
SSM model on the entire image, which limits its capability to localize
small anomalies at different levels of detail. Our preliminary work
in Igbal and Martinel (2025) addresses this limitation by introducing
a pyramid-based scanning mechanism, with the side effect of being
more computationally demanding. We extend such preliminary work
via depthwise convolutions and feature compression mechanisms that
improve its efficiency while yielding state-of-the-art results.

3. Method

The proposed lightweight PAD-SSM architecture is shown in Fig.
1. The input image I € R**W>3 is processed by the pre-trained
encoder to extract features from different hierarchies, denoted as X’enc €
RH>W!XC! for each hierarchy level /. These multi-level features are
aligned using the Multi-Scale Feature Fusion (MFF) block. This block
effectively fuses semantic details from different depths of the network,
capturing both high-level semantics and low-level details in a unified
representation. To enable element-wise fusion, we first apply spatial
and channel alignment to transform each Xénc into a common shape
and then aggregate the transformed features via element-wise addition
to get Xygg-

The fused features are processed by a feature adapter to transfer
the features to the target domain, effectively mitigating domain bias.
These target domain-adapted features are then perturbed with synthetic
noise to get Xypp. Each decoder performs one level of pyramid-based
scanning. Within each of these decoders, we introduce a Dynamic State
Space Context (DSSC) module that integrates a Pyramidal Scanning
Approach (PSA) block. This block performs multi-directional scanning

across different levels of the pyramid. This ensures that both local
and global information is effectively captured. The trainable decoder
minimizes the reconstruction loss between the pre-trained encoded fea-
tures X’enc and the reconstructed features from corresponding decoders
X! e RH>WXC' We employ the same method in Deng and Li (2022)

dec
to generate a 2D anomaly map with multi-scale averaging.

3.1. State space models background

Leveraging principles from control systems, SSMs can be regarded
as linear time-invariant systems that denotes a sequence models’ class
that maps a single-dimensional input stimulation x(r) € R to response
y(t) € R through hidden space h(t) € RV . SSMs can be formulated using
linear ordinary differential equations as:

(1) = Ah(t) + Bx(1), (@)
y(1) = Ch(), &)

where A € RV*N B € R¥X! and C € R*N are state transition matrix.

The continuous-time SSMs must be discretized before being prac-
tically implemented using zero-order hold (ZOH), which is expressed
as:

A = exp(4A), 3

B = (4A)"!(exp(4A) — I) - 4B. 4
After discretization, SSM-based models can be expressed as:

h, = Ah,_; +Bx,, 5

¥, =Ch,. (6)

From a global convolution perspective, the output can be expressed
as:

= (CB, CAB, ...,CAL!B), @

where * represents convolution operation, K € RL is an SSM kernel,
and L is the sequence length of input x = [x(0), ..., x(L)].
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3.2. Dynamic state space context (DSSC)

Effective anomaly detection needs to capture both fine-grained
local details and long-range dependencies. Convolutional neural net-
works, while effective in capturing local dependencies, cannot model
long-range dependencies because of their restricted receptive fields.
Though transformers are capable of global feature extraction through
self-attention, they nonetheless suffer from quadratic computational
complexity, especially with high-resolution features, and are less effec-
tive at capturing small-scale local details. To address these challenges,
we propose the DSSC module that leverages the strengths of both
local and global modeling through the novel lightweight Pyramidal
Scanning Approach (PSA) and the Depthwise Squeeze and Excitation
Block (DSEB).

The PSA block utilizes multi-scale scanning to capture both global
and local context. For an input feature map, X\ , the PSA block

enc’
operates at multiple levels of the pyramid, which yields global features

X, = PSAy (- PSA, (PSAy(X! ))--) ©

enc

With M denoting the number of sequential PSA blocks.

Depthwise Squeeze and Excitation Block (DSEB) enhances the
global feature extraction by capturing local features using lightweight
depth-wise convolutions and Squeeze-and-Excite Convolution Block.
Local features are acquired through two parallel blocks as:

X7 = Conv,y (DWConvy,;(Conv . (XL )) (10)

X5 = Conv,y, (DiConvs,s(Conv . (XL )) an

X.s and X, are concatenated along the channel dimension that pro-
duces the combined feature map. The concatenated output is then
passed through a Squeeze-and-Excitation (SE) block to improve the
feature representation:

X, = SE(concat(X 7, X))

Where SE(-) denotes the Squeeze-and-Excitation block on the concate-
nated feature map. PSA and DSEB features are fused as:

XPS5C = Conv,y (concat(X,, X)) + X, (12)

enc

where the residual connection enhances stability and convergence by
improving gradient flow.

3.3. Pyramidal scanning approach (PSA)

The PSA block is proposed to address the shortcomings of stan-
dard convolutional networks in capturing both global and local spatial
features effectively. The PSA block recursively applies an SSM across
multiple scales and constructs a spatial pyramid representation of Xin s
that enables the extraction of both fine-grained and coarse features.

LetX) eRH PIXWPIXCP be the input at pyramid level p € {0, ..., P},
where P is the total number of pyramid levels For such an input, the

pth layer computes

X} = PSS, 13
= cat ({ssu(xz), ) X2 € spric (X2,.0) }) a2
where

}2P><2P 14

split (ngr’p) — {Xﬁ’yir,

yields Xﬁ"yi, representing the ith input sub-region of size H /27 x
W /2P x C at level p.

To capture local dependencies, each sub-region of the input x; is in-
dependently processed using an SSM(-) layer, following the SSM strategy
proposed in Liu et al. (2024). cat(-) rearranges the processed feature

maps back into their original grid format, keeping spatial dimensions

i=1
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intact. Due to such a rearrangement, the shapes of Xﬁy,, and X}, are
same.

As shown in Fig. 2, we recursively apply the split(-) and SSM()
operators to every X[’j’;, to ensure that both local details and broader
contextual information are captured across the pyramid levels. Finally,
the output is obtained by taking the average of outputs from level 0 to

level p, across all sub-regions as:

»
Youtput = Iﬁ <; X;;,) (15)
The pyramid-based approach in the PSA block allows for multi-
scale feature extraction, with each pyramid level capturing features
at different scales. The four-way SS2D scanning strategy ensures that
pixel-wise relationships are preserved both within and across patches,
which is crucial for reconstructing spatial coherence after patch-wise
operations.
3.4. Multi-scale feature fusion (MFF)

In the student-teacher network, the teacher model X’enC is more
powerful than the student model Xéec (Deng and Li, 2022). Since ijec
tries to learn and restore the representations (features) from X’enc, the
simple approach is to feed the output of the last encoding layer of the
backbone to Xéec. But this direct feeding has two shortfalls:

(1) The final output (inc) captures high-level features, but to
reconstruct the normal image perfectly, the student model Xgec also
needs to reconstruct low-level features.

A Multi-Scale Feature Fusion (MFF) block takes three feature maps
from shallow, middle, and deep layers as input, each having different
channel dimensions and spatial resolutions. To ensure dimensional
compatibility, the shallow feature (Xénc) is first downsampled using
a 3 x 3 convolution with stride 2. This is progressively fused with

the mid-level (Xgnc) and deep features (X2 ) after aligning them using

1 x 1 convolutions to match channel dirn?rclsions.
(2) Since the teacher model Xénc is very powerful, it learns a lot
of details, but not all of the details are important. These redundant
and unnecessary details make it harder for the student model ijec to
focus on the most useful information. To fix this issue, the aggregated
features from the MFF block are fed to the bottleneck layer. This layer
compresses the size of the high-dimensional teacher’s output into a
more compact and smaller form, thus removing the unnecessary details
that make learning easier for the student model Xéec. Formally, the

fusion process can be written as:

f1 = Convy, (X2,.) + Convs,3 (X! ) 1e)
f2 = Convs,3(f;) + Conv,, (X2 ) a7)
Xmrr = ResBlock(Conv,y (f3)) (18)

3.5. Feature adapter

Generally, there is a distribution mismatch between the Industrial
image dataset and the dataset used pre-trained model, therefore, the
proposed model adopts a Feature adapter to transfer the training fea-
tures to the target domain. To keep the feature adapter as light as
possible while still being able to achieve competitive results, we employ
a 1 x 1 convolution on the aggregated features.

3.6. Synthetic anomalies

The reconstruction-based techniques for anomaly localization rely
on the assumption that the reconstruction difference will be high when
unseen anomalous images are fed to the network during inference. The
direct use of normal images in the training phase increases the chance
of reconstructing the exact copy of any original image. To limit the
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a) PSA

b) Reconstruction

Fig. 2. Proposed pyramid-based scanning: (a) The Selective Scan Module (SSM) is first applied to the entire image. The entire image is then divided into four
non-overlapping patches, and each patch is separately processed by SSM. Each patch can be further divided into sub-patches, and each sub-patch is independently
processed by SSM (b) The processed feature maps are arranged back to their original grid structure.

learning of identical shortcuts, we add random noise to the normal
features only in the training process, as follows:

Xyrr = Xypp + € € ~ N(0,62I) (19)

where € is zero-mean Gaussian noise with variance o2. where € is
zero-mean Gaussian noise with variance o2.

This technique allows our model to simulate the characteristics of
synthetic anomalies, which encourages the model to learn more robust
features during training and improves the model’s ability to generalize
and recognize abnormal patterns, ultimately improving the Model’s AD

performance.
3.7. Training objective

Building upon the multi-scale feature representations defined in
Section 3.4, let Xfmc and Xgec denote the frozen teacher (encoder)
and PAD-SSM based student (decoder) feature maps at layer /, respec-
tively. To align student representations with the teacher across multiple

semantic levels, we optimize our model using

5 (20)

L
- 1o_xt P
Lirain = z HXenc T “dec
I=1

This objective encourages the student network to approximate the fea-
ture distribution of the teacher across all hierarchical levels, improving
sensitivity to anomalous deviations.

Anomaly map inference. During inference, anomaly localization is per-
formed by measuring discrepancies between teacher and student fea-
ture representations.

For each layer / and pixel location, we compute the cosine distance
along the channel dimension between normalized feature embeddings.
This yields the pixel-wise anomaly map as:
Al'=1-cos (XL X!

enc’ dec)

(21

measuring directional inconsistencies between teacher and student fea-
ture representations.

Since different layers produce feature maps at different spatial
resolutions, the pixel-wise anomaly maps {A’}I3=O have dimensional

inconsistencies. To deal with this, we uniformly average the bilinearly
upsampled layer-wise anomaly maps as

L
— 1 1 1 1
A=< ;Upsa.mple(A JH W (22)

To obtain the final anomaly map while improving spatial consistency
and suppressing high-frequency noise, we perform Gaussian smoothing
yielding

A=¢

k
Oblur

(23)

where G, is a 2D Gaussian kernel, with standard deviation o, = 4.

Oblur

4. Experiments
4.1. Setups: Datasets, metrics, and implementation

Datasets. The MVTec-AD (Bergmann et al., 2019) benchmark in-
cludes a total of 5354 images that are split into 3629 training anomaly-
free and 1725 test images (with and without anomalies). The VisA (Zou
et al., 2022) dataset has 10,821 images (9621 normal and 1200 anoma-
lous samples) distributed across 12 categories. These public benchmark
datasets provide different types of anomalous samples: single instances,
multiple instances, and complex structures that are fundamental to
evaluating AD methods.

Metrics. We report on the Area Under the Receiver Operating
Characteristic Curve (AU-ROC), Average Precision (Zavrtanik et al.,
2021) (AP), Fl-score-max (Zou et al., 2022) (F1p,,¢), and Area Under
the Per-Region-Overlap (Bergmann et al., 2020) (AU-PRO) for anomaly
detection and localization.

Implementation Details. The experiments are conducted on a
256 x 256 input image without any further augmentation. ResNet34
is adopted as a pre-trained feature encoder. The decoder has [3,4, 6, 3]
DSSC modules for the corresponding encoder layers. We used P = 1
pyramid levels. The loss function during training is computed as the
sum of Mean Squared Error at multiple scales. The Adam optimizer is
used to optimize the model with a decay rate of 1e-4 and a learning
rate of 5e-4 for 500 epochs.
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Table 1

Comparison with SOTA methods on MVTec-AD dataset for multi-class anomaly detection with AU-ROC/AP/F1

indicates the lowest FLOPs.
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. Bold indicates the best performance, and red

Class SimpleNet DeSTeg DiAD MambaAD Pyramid-Mamba PAD-SSM(Ours)
Bottle 100.0/100.0/100.0 98.7/99.6/96.8 99.7/96.5/91.8 100.0/100.0/100.0 100.0/100.0/100.0 100.0/100.0/100.0
Cable 07.5/98.5/94.7 89.5/94.6/85.9 94.8/98.8/95.2 98.8/99.2/95.7 99.2/99.5/96.8 98.9/99.3/96.2
Capsule 90.7/97.9/93.5 82.8/95.9/92.6 94.4/98.7/94.9 94.1/96.9/96.9 95.1/99.0/94.8 96.3/99.2/95.9
Hazelnut 99.9/99.9/99.3 98.8/99.2/98.6 99.5/99.7/97.3 100.0/100.0/100.0 100.0/100.0/100.0 100.0/100.0/100.0
Metal Nut 96.9/99.3/96.1 92.9/98.4/92.2 99.1/96.0/91.6 99.9/100.0/99.5 99.7/99.9/99.5 100.0/100.0/100.0
Pill 88.2/97.7/92.5 77.1/94.4/91.7 95.7/98.5/94.5 97.0/99.5/96.2 96.9/99.5/96.6 98.2/99.7/97.9
Screw 76.7/90.6/87.7 69.9/88.4/85.4 90.7/99.7/97.9 94.7/97.9/94.0 96.9/99.5/96.6 93.8/97.5/94.2
Toothbrush 89.7/95.7/92.3 71.7/89.3/84.5 99.7/99.9/99.2 98.3/99.3/98.4 94.6/97.9/95.9 100.0/100.0/100.0
Transistor 99.2/98.7/97.6 78.2/79.5/68.8 99.8/99.6/97.4 100.0/100.0/100.0 98.3/99.3/96.8 100.0/100.0/100.0
Zipper 99.0/99.7/98.3 88.4/96.3/93.1 95.1/99.1/94.4 99.3/99.8/97.5 100.0/99.9/99.9 99.6/99.7/98.3
Carpet 95.7/98.7/93.2 95.9/98.8/94.9 99.4/99.9/98.3 99.8/99.9/99.4 99.1/99.8/97.9 99.9/100/99.4
Grid 97.6/99.2/96.4 97.9/99.2/96.6 98.5/99.8/97.7 100.0/100.0/100.0 100.0/100.0/100.0 100.0/100.0/100.0
Leather 100.0/100.0/100.0 99.2/99.8/98.9 99.8/99.7/97.6 100.0/100.0/100.0 100.0/100.0/100.0 100.0/100.0/100.0
Tile 99.3/99.8/98.8 97.0/98.9/95.3 96.8/99.9/98.4 98.2/99.3/95.4 98.6/99.5/96.5 99.0/99.6/97.7
Wood 98.4/99.5/96.7 99.9/100.0/99.2 99.7/100.0/100.0 98.8/99.6/96.6 99.4/99.8/98.3 99.1/99.7/96.8
Mean 95.3/98.4/95.8 89.2/95.5/91.6 97.2/99.0/96.5 98.6/99.6/97.8 98.6/99.5/97.9 98.7/99.6/98.1
FLOPs (G) 16.1 35.2 451.5 8.7 9.7 8.7

Table 2

Comparison with SOTA methods on MVTec-AD dataset for multi-class anomaly localization with AU-ROC/AP/F1_,,./AU-PRO.
Class SimpleNet DeSTeg DiAD MambaAD Pyramid-Mamba PAD-SSM(Ours)
Bottle 97.8/68.2/67.6/94.0 97.2/53.8/62.4/89.0 98.4/52.2/54.8/86.6 98.8/79.7/76.7/95.2 98.9/81.0/77.4/96.1 98.9/79.9/76.8/96.1
Cable 85.1/26.3/33.6/75.1 96.7/42.4/51.2/85.4 96.8/50.1/57.8/80.5 95.8/42.2/48.1/90.3 96.8/42.9/48.9/90.1 97.9/52.1/58.1/91.8
Capsule 98.8/43.4/50.0/94.8 98.5/5.4/44.3/84.5 97.1/42.0/45.3/87.2 98.4/43.9/47.7/92.6 98.6/45.2/48.3/94.0 98.6/43.0/46.6/94.2
Hazelnut 97.9/36.2/51.6/92.7 98.4/44.6/51.4/87.4 98.3/79.2/80.4/91.5 99.0/63.6/64.4/95.7 99.2/70.2/68.8/95.6 99.1/68.5/66.5/95.9
Metal Nut 94.8/55.5/66.4/91.9 98.0/83.1/79.4/85.2 97.3/30.0/38.3/90.6 96.7/74.5/79.1/93.7 97.1/77.3/80.2/93.9 96.9/74.9/79.6/93.0
Pill 97.5/63.4/65.2/95.8 96.5/72.4/67.7/81.9 95.7/46.0/51.4/89.0 97.4/64.0/66.5/95.7 97.6/65.8/67.4/97.1 98.3/73.1/71.9/96.6
Screw 99.4/40.2/44.6/96.8 96.5/15.9/23.2/84.0 97.9/60.6/59.6/95.0 99.5/49.8/50.9/97.1 99.5/51.1/51.0/97.6 99.5/48.7/49.5/97.2
Toothbrush 99.0/53.6/58.8/92.0 98.4/46.9/52.5/87.4 99.0/78.7/72.8/95.0 99.0/48.5/59.2/91.7 99.0/49.1/60.8/92.5 99.0/48.4/60.2/92.0
Transistor 85.9/42.3/45.2/74.7 95.8/58.2/56.0/83.2 95.1/15.6/31.7/90.0 96.5/69.4/67.1/87.0 96.9/69.7 /67.0/91.6 96.3/67.2/65.4/90.9
Zipper 98.5/53.9/60.3/94.1 97.9/53.4/54.6/90.7 96.2/60.7/60.0/91.6 98.4/60.4/61.7 /94.3 98.3/59.1/61.2/94.6 98.5/61.8/62.2/95.1
Carpet 99.0/58.5/60.4/95.1 97.4/38.7/43.2/90.6 98.6/42.2/46.4/90.6 99.2/60.0/63.3/96.7 99.3/65.1/64.5/97.2 99.2/62.3/63.4/97 .2
Grid 96.5/23.0/28.4/97.0 96.8/20.5/27.6/88.6 97.0/42.1/46.9/86.8 99.2/47.4/47.7/97.0 99.2/49.1/48.5/97.5 99.2/48.0/49.1/97.3
Leather 99.3/38.0/45.1/97.4 98.7/28.5/32.9/92.7 98.8/56.1/62.3/91.3 99.4/50.3/53.3/98.7 99.4/50.4/53.5/98.7 99.4/51.0/51.2/98.7
Tile 95.3/48.5/60.5/85.8 95.7/60.5/59.9/90.6 92.4/65.7/64.1/90.7 93.8/45.1/54.8/80.0 93.8/45.5/55.0/81.7 94.9/47.8/57.8/82.7
Wood 95.3/47.8/51.0/90.0 91.4/34.8/39.7/76.3 93.3/43.3/43.5/97.5 94.4/46.2/48.2/91.2 94.7/48.3/49.4/99.8 93.6/44.3/45.3/91.4
Mean 96.9/45.9/49.7/86.5 93.1/54.3/50.9/64.8 96.8/52.6/55.5/90.7 97.7/56.3/59.2/93.1 97.8/57.3/59.7/93.5 97.8/56.3/59.0/93.4

4.2. Comparison with state-of-the-art methods

Table 1 demonstrates a quantitative comparison of the proposed
method against state-of-the-art methods for anomaly detection on the
MVTec-AD. Our proposed method shows competitive performance in
the anomaly detection setting a new state-of-the-art across all anomaly
detection metrics. Compared to the previous best (Igbal and Martinel,
2025), our model achieves the highest mean AU-ROC (+0.1), AP (+0.1),
and Fl,, (+0.2).

Notably, the proposed method surpasses or matches the best results
in most of the classes (11/15). It also shows perfect detection (100%
across all metrics) for 7/15 classes, across multiple types of defects. The
enhanced anomaly detection results can be attributed to the integration
of domain transfer techniques and SE-Enhanced Convolution Block
combined with Pyramid-mamba, leading to improved performance be-
yond what was achievable with the Pyramid-mamba architecture alone.
Furthermore, in Table 1, we show that our model has an equal number
of Flops compared to MambaAD (He et al., 2024b), but significantly
lower than RD4AD (Deng and Li, 2022), DIiAD (He et al., 2024a), and
Pyramid-Mamba (Igbal and Martinel, 2025). Despite fewer Flops, our
model still achieves higher efficiency compared to baseline models.

Table 2 demonstrates a comprehensive comparison of our proposed
method against SOTA models for anomaly localization on the MVTec-
AD. On overall pixel-level localization, our single-level
P, design matches Pyramid-Mamba’s mean Pixel AU-ROC (97.8) while
demonstrating substantial performance leads on fine-structured cate-
gories that suffer under P, spatial collapse. For instance, on Cable,

our model achieves 97.9 AU-ROC/52.1 AP (compared to Pyramid-
Mamba’s 96.8/42.9, representing a +9.2 AP gain). Similarly, on Pill
and Tile, our model delivers notable localization AP improvements of
+7.3 (73.1 vs. 65.8) and +2.3 (47.8 vs. 45.5), respectively. These
gains confirm that preserving spatial fidelity at level P, via multi-
kernel enhancement is significantly more effective for precise defect
localization than deeper downsampling pyramids.

Tables 3 and 4 compare our proposed model against state-of-the-art
methods for multi-class anomaly detection and localization on the VisA
dataset, respectively.

The model shows particular strength in challenging categories, with
significant improvements in F1,,, for pcb2 (+1.4) and pcb3 (+1.5)
compared to the previous best (Igbal and Martinel, 2025). Table 4
reveals even more pronounced advancements in anomaly localization.
Our approach achieves new state-of-the-art results in mean AP (+3.2%)
and Fl,,, (+0.9%) compared to baseline model (He et al., 2024b).
PAD-SSM exhibits exceptional performance in complex categories such
as cashew(F1,.: +9.2), pipe-fyrum (AP: +8.2), and macaronil (AU-
PRO: +0.9) compared to previous best (Igbal and Martinel, 2025). The
consistently strong performance across both detection and localization
tasks underscores the versatility of our novel model.

Qualitative Results.

Fig. 3 provides the visual assessment of the performance of PAD-
SSM as compared to other SOTA models. From the figure, it can be
observed that our model effectively detects anomalous regions in most
cases. For example, in a cable heatmap image, most of the SOTA
methods miss the localization of some portion of the anomaly, while
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Table 3

Comparison with SoTA methods on VisA dataset for multi-class anomaly detection with AU-ROC/AP/F1
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max

metrics.

Class SimpleNet DeSTeg DiAD MambaAD Pyramid-Mamba PAD-SSM(Ours)
pebl 91.6/91.9/86.0 87.6/83.1/83.7 88.1/88.7/80.7 95.4/93.0/91.6 96.0/94.6/94.1 96.1/95.0/93.3
pcb2 92.4/93.3/84.5 86.5/85.8/82.6 91.4/91.4/84.7 94.2/93.7/89.3 95.2/95.1/90.5 96.7/96.7 /91.9
pcb3 89.1/91.1/82.6 93.7/95.1/87.0 86.2/87.6/77.6 93.7/94.1/86.7 95.3/95.3/88.9 95.9/96.1/90.4
pcb4 97.0/97.0/93.5 97.8/97.8/92.7 99.6/99.5/97.0 99.9/99.9/98.5 99.8/99.8/98.5 99.7/99.7/97.1
macaronil 85.9/82.5/73.1 76.6/69.0/71.0 85.7/85.2/78.8 91.6/89.8/81.6 92.2/90.5/83.3 91.5/89.5/82.7
macaroni2 68.3/54.3/59.7 68.9/62.1/67.7 62.5/57.4/69.6 81.6/78.0/73.8 83.1/82.3/74.8 80.0/75.8/ 73.1
capsules 74.1/82.8/74.6 87.1/93.0/84.2 58.2/69.0/78.5 91.8/95.0/88.8 91.0/94.5/89.1 90.9/ 94.2/89.1
candle 84.1/73.3/76.6 94.9/94.8/89.2 92.8/92.0/87.6 96.8/96.9/90.1 97.4/97.6/92.5 95.2/95.7/89.1
cashew 88.0/91.3/84.7 92.0/96.1/88.1 91.5/95.7/89.7 94.5/97.3/91.1 96.4/97.3/92.0 94.0/ 97.2/ 91.5
chewinggum 96.4/98.2/93.8 95.8/98.3/94.7 99.1/99.5/95.9 97.7/98.9/94.2 98.1/99.1/95.2 97.7/ 98.9/95.4
fryum 88.4/93.0/83.3 92.1/96.1/89.5 89.8/95.0/87.2 95.2/97.7/90.5 96.7/98.4/94.1 96.7/ 98.4/93.4
pipe_fryum 90.8/95.5/88.6 94.1/97.1/91.9 96.2/98.1/93.7 98.7/99.3/97.0 98.8/99.4/97.5 98.7/99.3/97.0
Mean 87.2/87.0/81.8 88.9/89.0/85.2 86.8/88.3/85.1 94.3/94.5/89.4 94.1/94.4/89.9 93.9/94.2/89.5
FLOPs (G) 16.1 35.2 451.5 8.7 9.7 8.7

Table 4

Comparison with SOTA methods on VisA dataset for multi-class anomaly localization with AU-ROC/AP/F1, . /AU-PRO metrics.
Class SimpleNet DeSTeg DiAD MambaAD Pyramid-Mamba PAD-SSM(Ours))
pcbl 99.2/86.1/78.8/83.6 95.8/46.4/49.0/83.2 98.7/49.6/52.8/80.2 99.8/77.1/72.4/92.8 99.8/80.2/73.5/94.6 99.8/81.6/74.1/94.9
pcb2 96.6/8.9/18.6/85.7 97.3/14.6/28.2/79.9 95.2/7.5/16.7/67.0 98.9/13.3/23.4/89.6 99.0/15.7/24.3/91.3 99.0/15.8/23.8/91.8
pcb3 97.2/31.0/36.1/85.1 97.7/28.1/33.4/62.4 96.7/8.0/18.8/68.9 99.1/18.3/27.4/89.1 99.2/19.4/28.1/92.4 99.2/18.4/28.1/91.8
pcb4 93.9/23.9/32.9/61.1 95.8/53.0/53.2/76.9 97.0/17.6/27.2/85.0 98.6/47.0/46.9/87.6 98.8/47.1/47.7/90.3 98.7/48.2/48.1/91.0
macaronil 98.9/3.5/8.4/92.0 99.1/5.8/13.4/62.4 94.1/10.2/16.7/68.5 99.5/17.5/27.6/95.2 99.6/19.7/29.7 /95.4 99.6/17.6/26.7/96.3
macaroni2 93.2/0.6/3.9/77.8 98.5/6.3/14.4/70.0 93.6/0.9/2.8/73.1 99.5/9.2/16.1/96.2 99.4/10.7 /17.5/96.3 99.3/7.7/14.9/96.1
capsules 97.1/52.9/53.3/73.7 96.9/33.2/9.1/76.7 97.3/10.0/21.0/77.9 99.1/61.3/59.8/91.8 99.1/60.6/59.8/93.4 99.1/56.6/57.4/91.7
candle 97.6/8.4/16.5/87.6 98.7/39.9/45.8/69.0 97.3/12.8/22.8/89.4 99.0/23.2/32.4/95.5 99.1/23.7/32.7/96.1 99.1/23.4/32.4/95.8
cashew 98.9/68.9/66.0/84.1 87.9/47.6/52.1/66.3 90.9/53.1/60.9/61.8 94.3/46.8/51.4/87.8 95.8/52.6/55.8/89.1 99.0/66.8/65.0/89.1
chewinggum 97.9/26.8/29.8/78.3 98.8/86.9/81.0/68.3 94.7/11.9/25.8/59.5 98.1/57.5/59.9/79.7 98.2/62.9/62.2/80.1 98.6/58.4/60.7/80.1
fryum 93.0/39.1/45.4/85.1 88.1/35.2/38.5/47.7 97.6/58.6/60.1/81.3 96.9/47.8/51.9/91.6 97.3/50.1/53.0/92.2 97.4/51.6/55.2/91.8
pipe_fryum 98.5/65.6/63.4/83.0 98.9/78.8/72.7/45.9 99.4/72.7/69.9/89.9 99.1/53.5/58.5/95.1 99.2/56.0/58.3/95.3 99.2/64.2/62.4/93.2
Mean 96.8/34.7/37.8/81.4 96.1/39.6/43.4/67.4 96.0/26.1/33.0/75.2 98.5/39.4/44.0/91.0 98.6/40.1/44.3/91.7 98.9/40.7 /44.4/91.2

Bottle

DIiAD

MambaAD

Pyramid

Mamba

PAD-SSM

Capsule Metal Nut Leather Zipper Hazulnut
I

PCB3 PCB4

Pipe_fryum Cashew Chiwengum

Fig. 3. Qualitative visualization for pixel-level anomaly segmentation on MVTec and VisA datasets.

PAD-SSM accurately localizes that anomaly. Compared to other SOTA

models, PAD-SSM shows fewer false positives in small and challenging
anomalies. For instance, in a capsule image heatmap, most of the SOTA
methods falsely localize the normal region as an anomaly; on the other
hand, the PAD-SSM localizes this anomaly with reasonable accuracy.

4.3. Ablation study

Table 5
Comparison of mean performance values for anomaly detection and localiza-
tion tasks across different ablations.

Category MVTec Anomaly detection (AU-ROC/AP/F1,,,,)
w/o DSEB 98.5/99.4/97.7
w/o PSA 96.5/98.7/96.7
PAD-SSM 98.7/99.6/98.1

Through the ablation study, we want to answer different ques-
tions that would help us understand the importance of each proposed
component of our architecture.
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Fig. 4. Qualitative comparison of pixel-level anomaly segmentation across different component configurations.
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Fig. 5. Ablation studies on multiclass anomaly localization for different pyramid levels. Results are on the MVTec dataset.

What is the impact of local (DSEB) and global (PSA) features?
Table 5 and Fig. 4 together demonstrate the importance of local and
global features in the anomaly detection task. Removing the DSEB block
leads DSEB leads to a 0.4 F1,,,, drop in detection, demonstrating that
DSEB is critical for capturing local information and enhancing anomaly
detection. On the other hand, removing the PSA block significantly
drops the detection accuracy. Specifically, the AU-ROC is dropped by
2.2 while F1,,,, decreases 1.4. These performance gaps signify that for
accurate anomaly detection in multiclass settings, both local and global
features are vital.

Fig. 4 shows a qualitative comparisons to illustrate the contribution
of each proposed module under different component/ablation settings.
Following the quantitative performance shown in Table 5, the visual
results further demonstrate that removing the PSA module leads to a
noticeable increase in false positives across multiple samples (e.g., the
wood and transistor examples). Operating without the DSEB compo-
nent results in unstable predictions, causing both over-detection and
completely missed anomalies depending on the sample type (e.g., the
wood image example shows only a partial detection of the defective
region). Our full method shows precise anomaly localization producing
final segmentation maps that tightly match the annotated ground truth.

Ablation Study on DSEB Architecture. To evaluate the effective-
ness of the proposed Dual-branch Spatial Enhancement Block (DSEB),
we conduct a comparative ablation study within the complete PAD-
SSM framework. Specifically, we compare DSEB against three alter-
native module configurations: (1) the Original Baseline (He et al,,
2024b) (2) the Prior LEC Module from existing literature (Igbal and
Martinel, 2025), and (3) a Standard Depthwise Bottleneck (DW
3 x 3) consisting of a lightweight depthwise separable block (1 x 1 —
3x3 DW Conv — 1 x 1).

As presented in Table 6, integrating DSEB yields clear empirical
accuracy gains over baseline variants. Replacing DSEB with the uncali-
brated LEC module results in a performance drop, reducing image-level
Detection AU-ROC from 98.7 to 98.3, and F1.,,,98.1 — 97.7, while
pixel-level Localization AP drops by 1.0 (56.3 — 55.3) and F1,,
drops by 0.5 (59.0 — 58.5). Furthermore, replacing the multi-branch
structure with a simple Depthwise 3 x 3 bottleneck leads to additional
degradation in pixel-level boundary localization (F1,,,, drops to 58.1,
AU-PRO drops to 93.0). These results confirm that DSEB’s multi-scale
receptive fields and dynamic channel recalibration are essential for
distinguishing subtle defect textures from complex backgrounds.

Importance of the pyramid levels. Fig. 5 depicts the perfor-
mance of the proposed method across multiple object categories for



N. Igbal and N. Martinel

Table 6

Computer Vision and Image Understanding 271 (2026) 104901

Ablation study comparing the proposed DSEB against the prior LEC module and standard lightweight Depthwise (3 x 3) Bottleneck
baselines within PAD-SSM. Bold indicates the best performance.

Module Variant
AP/F1

Detection (AUROC/

max)

Localization (AUROC/
AP/F1,,,/AUPRO)

max

Proposed DSEB

Original Baseline (He et al., 2024b)
PAD-SSM w/ LEC

DW 3 x 3 Bottleneck

98.7/99.6/98.1
98.6/99.6/97.8
98.3/99.5/97.7
98.2/99.4/97.6

97.8/56.3/59.0/93.4
97.7/56.3/59.2/93.1
97.7/55.3/58.5/93.2
97.6/55.1/58.1/93.0

Table 7
Mean performance values for anomaly detection and localization tasks on the MVTec-AD dataset with various types of artificial
noise.

Setting Detection (AU-ROC/AP/F1,,.) Localization (AU-ROC/AP/F1,,, /AU-PRO)

98.5/99.5/97.8
98.3/99.4/97.6
98.3/99.4/97.9
98.4/99.6/97.9
98.3/99.4/97.9
98.7/99.6/98.1

No Noise, No Pyramid

No Noise, Pyramid

Feature Masking, No Pyramid
Feature Masking, Pyramid
Feature Noise, No Pyramid
Feature Noise, Pyramid

97.7/55.9/58.5/93.1
97.5/55.3/58.1/92.8
97.7/56.2/58.6/93.2
97.7/56.0/58.4/92.2
97.7/56.2/58.5/93.2
97.8/56.3/59.0/93.4

Table 8

Comparison of mean performance values for anomaly detection and localization tasks across different scanning methods.

Category Det. (AU-ROC/AP/F1,,,) Loc. (AU-ROC/AP/F1,,,,/AU-PRO)
Zigzag 98.7/99.5/97.8 97.8/56.5/58.9/93.1
Scan 98.5/99.4/97.8 97.8/56.5/59.0/93.0
Hilbert 98.6/99.5/97.9 97.3/53.5/56.2/92.0
Sweep 98.7/99.6/98.1 97.8/56.3/59.0/93.4

multiclass anomaly localization, using the AU-ROC metric with and
without pyramid level. Utilizing the pyramid level (blue bars) consis-
tently improves performance, yielding the highest scores across most
(7 out of 15) categories compared to the no-pyramid (orange bars)
configurations. Categories like Zipper, Pill, and Tile demonstrate a sig-
nificant improvement in AU-ROC when pyramid-based operation is
implemented.

This clear performance margin validates the importance of pyramid-
based processing, as it detects both small and large anomalies at
multiple scales.

Effect of different types of synthetic anomalies. Table 7 demon-
strates the average performance metrics for the multiclass anomaly
detection and localization tasks, examined across different noise condi-
tions and methods such as feature-level noise and feature-level masking
conducted with and without pyramid pre-processing. For anomaly de-
tection, the highest mean AU-ROC/AP/F1_,,, values are observed when
the pyramid-based approach is employed along with the feature-level
noise, achieving scores of 98.7/99.6/98.1. Table 7 also shows that this
approach achieves the highest scores for the anomaly localization task.
especially, the AP performance drops by about 0.9% when the experi-
ments were conducted with no-pyramid level and the no-noise, which
indicates that both feature-level noise and pyramid-based processing
are essential to capture fine-grained details.

Effectiveness comparison of different scanning methods.

We compare four scanning strategies: Zigzag, Scan, Hilbert scan-
ning, and Sweep scanning. The quantitative results are reported in
Table 8, and the corresponding traversal patterns are illustrated in Fig.
6.

As shown in Table 8, Sweep scanning achieves the best overall
performance across all anomaly detection and most of the localization
metrics, indicating its effectiveness even compared to existing advanced
scanning schemes.

Feature Adapter Analysis.
In Table 9, we analyze the performance of different adapters align-
ing the decoder representations with the encoder feature space in the

C) Zigzag

Fig. 6. Ablation on Different scanning methods.

target domain. Results show that removing the feature adapter (no
feature adapter) yields to a noticeable detection and localization perfor-
mance degradation. This indicates that feature adaptation is important
to mitigate the ImageNet-industrial imaging domain shift. Replacing
the proposed Conv,,;, with an MLP or a more complex CBAM-based



N. Igbal and N. Martinel

Table 9

Computer Vision and Image Understanding 271 (2026) 104901

Ablation study on different types of feature adapters. Bold indicates the best-performing result.

Setting Det.(AUROC Loc. (AUROC GFLOPs Params Speed (samples/s)
/AP/F1,,.) /AP/F1,,,
/AUPRO)
No feature Adapter 98.4/99.5/98.0 97.7/56.5/58.7/93.1 87 G 16.38 M 44.54
MLP 98.5/99.5/97.9 97.8/56.5/58.9/93.5 8.7 G 16.52 M 43.46
CBAM 98.6/99.5/97.9 97.8/57.0/59.2/93.4 87 G 16.65 M 43.74
Conv,,, 98.7/99.6/98.1 97.8/56.3/59.0/93.4 87 G 16.65 M 45.27
Table 10

Computational complexity comparison of existing methods on
ROC/AP/F1,,/AU-PRO).

MVTec Anomaly Detection (AU-ROC/AP/F1

), and MVTec Anomaly Localization (AU-

max

Mthods DeSTeg Pyramid mamba PAD-SSM -level2 PAD-SSM (Ours)
Detection 89.2/95.5/91.6 98.6/99.5/97.9 98.7/99.6/98.1 98.7/99.6/98.1
Localization 96.9/45.9/49.7/86.5 97.8/57.3/59.7/93.5 97.7/56.1/58.6/93.3 97.8/56.3/59.0/93.4
Flops 352 G 9.7 G 9.8 G 8.7G

Params 35.154 M 1493 M 16.65 M 16.65M

Latency 9.23 ms 52.86 ms 54.57 ms 22.21 ms
Throughput (samples/s) 108.31 18.60 18.87 45.27

adapter, yields to similar performance but with lower throughput. This
substantiates the fact that proposed adapter is an effective yet efficient
approach.

4.4. Complexity analysis.

To evaluate the computational efficiency and practical deploy-
ment feasibility of the proposed framework, we conduct a comprehen-
sive complexity analysis comparing PAD-SSM against state-of-the-art
anomaly detection architectures.

Table 10 summarizes the comparative computational footprint, in-
ference latency, and throughput across models. To ensure complete
technical rigor and fair evaluation, all computational complexity met-
rics (FLOPs) are profiled using an end-to-end evaluation harness built
with DeepSpeed’s FlopsProfiler (Rasley et al., 2020).

As reported in Table 10, under this comprehensive profiling setup,
PAD-SSM requires only 8.7 G FLOPs, compared to 9.7 G FLOPs for
Pyramid-Mamba (Igbal and Martinel, 2025) and 9.8G FLOPs for
the multi-level baseline variant (PAD-SSM-1evel?2). Eliminating the
computationally redundant second-level pyramid branch (P,) yields a
10.3% net reduction in FLOPs while preserving multi-scale feature
representations.

As detailed in Table 10:

+ Inference Latency: PAD-SSM drastically reduces average per-
sample latency from 52.86 ms (Pyramid-Mamba) down to
22.21 ms (a 58.0% latency reduction).

+ Processing Throughput: Our single-level pyramid architecture
achieves a throughput of 45.27 samples/s, delivering a 2.43x
speedup over Pyramid-Mamba (18.60 samples/s).

These empirical results demonstrate that the proposed architec-
ture provides an optimal, highly scalable balance between pixel-level
detection accuracy and real-time operational efficiency.

5. Conclusion

We introduce a novel approach, PAD-SSM, for multi-class anomaly
detection and localization in industrial images. The proposed method
consists of a pre-trained encoder, a synthetic anomaly generator, which
perturbs the image representation in feature space, a feature adapter
to transform the encoded features to a target domain, and a novel
pyramid-based Mamba decoder. Within each Mamba decoder, the DSSC
module includes a PSA block that performs a pyramidal-based scanning,
which integrates the long-range modeling capabilities of Mamba at
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different levels. The proposed PSA block divides feature maps into
multiple patches, and scans the entire image and each patch indepen-
dently in four different directions. This approach ensures that both
global and local dependencies are captured, which is vital for accurate
localization of small anomalies in high-resolution industrial images. In
addition, we introduced the lightweight DSEB block inside the DSSC
module. The combination of the PSA block and the DSEB captures both
local and global features, enabling the detection of fine-grained anoma-
lies. Extensive experiments conducted on two datasets and evaluated
with seven different metrics demonstrate that with minimal FLOPs,
PAD-SSM achieves superior performance on multiclass anomaly detec-
tion while achieving competitive performance on multi-class anomaly
localization.
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