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ABSTRACT In this work we introduce AeCSAD, a student—teacher framework designed to detect two
types of anomalies in images of industrial components: structural anomalies (physical defects) and logical
anomalies (incorrect relationships between components). Unlike prior methods, AeCSAD extends the
component segmentation—based logical anomaly detection scheme (c. 2024) with self-attention mechanisms,
enabling more effective relational modeling. We demonstrate consistent improvements on the MVTec LOCO
Anomaly Detection benchmark. Specifically, AeCSAD employs a global student network with self-attention
for reasoning across distant components, complemented by a local student network for fine-grained analysis.
Additionally, a patch histogram module measures the frequency distribution of components, allowing the
system to detect irregularities in their occurrence. During inference, anomaly scores from the histogram
module and the fused local-global networks are combined to produce the final anomaly score. Experiments
show that AeCSAD achieves superior average AUROC performance on both structural and logical anomaly

detection tasks compared to prior approaches.

INDEX TERMS Industrial visual inspection, logical anomaly detection, self-attention mechanism.

I. INTRODUCTION

Manufacturing industries underpin modern economies [1],
yet they remain vulnerable to unpredictable factors such as
material variation, assembly errors, foreign object intrusion,
and wear [2], [3]. These issues manifest as visual anomalies,
which are visible deviations from expected appearance and
degrade manufacturing performance, safety, and reliability.
Broadly, such visual anomalies can fall into two categories:
structural anomalies, which involve disruptions in geometric
properties such as shape, texture, or alignment; and logical
anomalies, which arise when semantic relationships between
objects or their components violate contextual expectations,
even though the individual parts appear correct [4], [5].
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Prior to the adoption of deep learning, visual anomaly
detection relied on classical statistical models that char-
acterized normal data distributions in a compact fea-
ture space. These methods include Principal Component
Analysis (PCA) [6], One-Class Support Vector Machines
(SVM) [7], and Gaussian Mixture Models (GMMs) [8],
which detect anomalies as deviations in distance, density,
or reconstruction error from the normal data manifold.
Statistical techniques were particularly effective for detecting
anomalies where low-level deviations in texture, edge
structure, or brightness could be measured reliably. However,
these methods exhibited high sensitivity to variations in
lighting, viewpoint, and noise, and they typically required
extensive manual tuning of features and parameters. Such
limitations motivated a shift toward data-driven architec-
tures capable of learning representations directly from raw
inputs.
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Data-driven methods for visual anomaly detection initially
focused on localized appearance variations, leveraging Con-
volutional Neural Networks (CNNs) [9] to capture spatial
features through fixed receptive fields [10], [11]. A receptive
field refers to the specific region of an image that a CNN
processes at a given layer. This localized processing imparts
CNNs with an inductive bias toward capturing local spatial
patterns, making them particularly effective for detecting
structural anomalies [10], [11]. This design has led to strong
performance on structural anomaly benchmarks such as
MVTec AD [12], [13], [14], [15], often exceeding 99%
AUROC [13], [16]. However, CNNs remain limited in mod-
eling logical anomalies [4], [17], which require reasoning
across spatially distant and semantically related components.
As a result, CNN-based architectures may fail to detect
arrangements that appear locally correct but violate global
compositional consistency. To address this, several methods
have introduced segmentation-aware pipelines that approxi-
mate logical reasoning [18], [19]. For example, Component-
Aware Anomaly Detection (ComAD) [18] segments images
into pseudo-parts using unsupervised clustering and flags
anomalies based on deviations in part statistics such as size
or location. Similarly, Part Segmentation-based Anomaly
Detection (PSAD) [19] uses few-shot part annotations to
construct logic-aware memory banks encoding expected
component layouts. Although these methods introduce logic-
awareness, they do so indirectly by relying on statistical
heuristics or feature similarity, without explicitly modeling
relational semantics in the architecture.

A more structured formulation of logical anomaly
detection emerges in Component Segmentation Anomaly
Detection (CSAD) framework [20] which performs semantic
part segmentation using Recognize Anything Model++
(RAM++) [21] to generate open-vocabulary tags, Ground-
ingDINO [22] to localize component bounding boxes, and
Segment Anything Model (SAM) [23] to extract component
masks. The component masks are clustered to define
pseudo-classes for training a segmentation network, which
enables histogram-based analysis to detect inconsistencies
in component count and layout. Moreover, CSAD has a
Local-Global Student-Teacher (LGST) module consisting
of a frozen teacher network, a local student, and a global
student. The local student is trained to replicate the teacher’s
features using a limited receptive field of 33 x 33, making
it sensitive to localized structural anomalies. In contrast,
the global student processes the entire image through a
CNN-based autoencoder that compresses spatial information
into a 1 x 1 embedding [24]. Although, the global student
in CSAD covers the entire image through a CNN-based
autoencoder with a 1 x 1 bottleneck, it remains limited in
its ability to capture long-range dependencies and relational
structures. This is because standard CNNs, even with large
receptive fields, rely on hierarchical local feature aggregation
and lack explicit mechanisms to model interactions between
spatially distant components [25], [26]. As a result, the global
student in CSAD approximates logical consistency using
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appearance-based surrogates rather than modeling relational
semantics explicitly.

To address this limitation, we propose Attention Enhanced
CSAD (AeCSAD), which augments the global student net-
work in CSAD with self-attention blocks [26]. Self-attention
explicitly captures distant relational dependencies across
images, improving the ability of the global student for
modeling component-level relationships and global context.
Moreover, this architectural enhancement integrates naturally
with CSAD’s student-teacher framework. Since the teacher
defines the normal distribution of features, the student must
not only replicate appearance but also infer the spatial and
semantic relationships encoded in the teacher’s outputs.
Self-attention amplifies the student’s sensitivity to such
structure, enabling it to fail more meaningfully in the
presence of logically inconsistent arrangements. This self-
attention based enhancement forms the principal architectural
contribution of this work and lead us to the following
objectives for developing AeCSAD:

1) To develop a unified, lightweight anomaly detection
framework capable of addressing both structural and
logical anomalies under unsupervised conditions;

2) To design a modular architecture that separates local
appearance from relational reasoning of components;

3) To integrate both pixel-level sensitivity and
semantic-level understanding within a single frame-
work that balances local detail capture with global
context modeling.

To achieve these objectives, we propose Attention Enhan-
ced CSAD (AeCSAD), an anomaly detection framework that
augments CSAD with self-attention in the global student
network. Our main contributions are as follows:

o We propose AeCSAD, an anomaly detection framework
that augments the CSAD architecture by integrating
self-attention blocks into the global student network to
enable explicit relational reasoning across distant image
regions.

o AeCSAD jointly addresses both structural and logical
anomalies by combining both local and global student
networks with a histogram-based module that captures
component frequency and layout statistics.

« Extensive experiments on the MVTec LOCO AD
benchmark demonstrate that AeCSAD outperforms
state-of-the-art methods in terms of AUROC across both
structural and logical anomaly categories.

Il. RELATED WORK

A large body of work in visual anomaly detection is built
on convolutional features combined with non-parametric or
statistical mechanisms to model normal features. Methods
such as SPADE [27], PaDiM [15], and RegAD [28]
score anomalies by comparing test-time features to those
drawn from normal data, using either k-nearest neigh-
bors, Gaussian modeling, or few-shot registration. These
approaches capture structural deviations effectively, leverag-
ing local appearance cues and spatial alignment to detect
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surface-level defects. Building on this foundation, Patch-
Core [13] and its successors, including PNI [29], ReCon-
Patch [30], and InReaCh [31], refine kNN-based detection
pipelines to improve memory efficiency, robustness, and spa-
tial sensitivity. These enhancements introduce elements such
as coreset sampling, positional priors, contrastive feature
refinement, and outlier filtering, expanding the operational
range of retrieval-based detectors. SimpleNet [32] further
streamlines appearance-based detection by adapting pre-
trained CNN features with a lightweight feature adaptor
and training a discriminator on Gaussian-perturbed normal
features, offering a fast, memory-efficient alternative to
retrieval-based methods. While these methods are effective
at identifying localized anomalies, they primarily operate
within an appearance-similarity paradigm and lack architec-
tural mechanisms for explicit semantic reasoning.

Another prominent line of work leverages the Student—
Teacher (ST) paradigm, where a student model is trained
to replicate the output of a frozen teacher on normal data,
with deviations serving as anomaly signals. Uninformed
Students [33] use ensembles of student regressors over mul-
tiscale CNN features, with error variance indicating anomaly
regions. Reverse Distillation [34] introduces architectural
asymmetry and a one-class embedding bottleneck to increase
anomaly sensitivity, while Asymmetric Student—Teacher
(AST) [35] further strengthens this paradigm by explic-
itly decoupling teacher and student capacities through a
bijective normalizing-flow teacher and a lightweight CNN
student, preventing undesired generalization and improving
anomaly separability. MemKD [36] augments this with
memory-guided normality recall to stabilize the student’s
representations. GAP [37], though not a classical ST model,
compares local patches with their surrounding context via
dual-head discriminators, capturing spatial inconsistencies
through relational mismatches.

A complementary direction centers on modeling object-
level or part-level structure. Component-aware Anomaly
Detection (ComAD) [18] segments images into pseudo-
components using unsupervised ViT features and evaluates
their spatial and statistical consistency. PSAD [19] introduces
few-shot supervised segmentation to model part distribu-
tions and inter-component relationships via multi-source
memory fusion. EfficientAD [38], in contrast, achieves
logic-aware detection without segmentation by pairing
student—teacher outputs with an auxiliary autoencoder,
whose reconstruction failure reveals global inconsisten-
cies. These methods significantly improve reasoning about
component presence and arrangement, but are constrained
either by segmentation quality (ComAD), label dependence
(PSAD), or indirect approximations of logical structure
(EfficientAD).

Collectively, these methods represent substantial progress
toward logic-aware anomaly detection. Yet many retain
disjoint pipelines that separate structural and logical
cues, rely on auxiliary memory modules or segmentation
heads, or defer reasoning to inference-time heuristics.
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Moreover, their logic-centric modeling remains largely
implicit and focus on reconstruction or feature alignment
rather than symbolic reasoning or compositional structure.
In contrast, AeCSAD unifies low-level structural modeling
and high-level compositional reasoning within a single
student—teacher framework, enhanced with self-attention.
By embedding relational understanding directly into the
global student’s training objective, AeCSAD offers an end-to-
end architecture that captures spatial, semantic, and structural
dependencies.

lll. METHODOLOGY

A. OVERVIEW OF THE PROPOSED FRAMEWORK

Our proposed method, Attention-Enhanced CSAD
(AeCSAD), extends the CSAD framework [20], which is
organized around three core modules. The first module
discussed in sections III-B, III-C, and III-D forms the
semantic pseudo-label generation and training pipeline.
This module generates component-level segmentation masks
using RAM~++, GroundingDINO, and SAM. These masks
are then clustered to distinguish a high-confidence labeled
subset and low-confidence unlabeled subset which are then
used to train a lightweight component-level segmentation
network consisting of a WideResNet-50 based encoder
and DeepLABv3+ based decoder. The second module,
called Patch Histgoram, discussed in Section III-E, captures
component frequencies for detecting count and layout
irregularities. The third module called the Local-Global
Student-Teacher, discussed in Section III-F, includes a local
student and global student network. These students are
trained to mimic a frozen teacher model and support detection
of structural and logical inconsistencies. We preserve this
modular design of CSAD and introduce a self-attention
mechanism in global student to capture long-range inter-
component dependencies, enhancing the detection of logical
anomalies. Figure 1 presents a high-level conceptual
overview of AeCSAD.

B. SEMANTIC PSEUDO-LABELED MASK GENERATION

The semantic pseudo-labeled mask generation process begins
by passing a normal image through RAM+-+ [21], which
generates textual tags for both objects and background.
These tags are filtered following the procedure described
in CSAD [20] where non-object or irrelevant background
tags are removed to ensure semantic relevance. The result-
ing tags are then used to prompt GroundingDINO [22],
which outputs corresponding bounding boxes for object
and background regions. Figure 2 illustrates the conceptual
pipeline of RAM++ for generating textual tags, while
Figure 3 depicts the GroundingDINO process for generating
object and background bounding boxes. These bounding
boxes then guide the first run of SAM, producing coarse
object-level masks Mg. To extract finer component-level
details, a second run of SAM is executed in automatic
mode (i.e., without prompts), yielding a dense set of can-
didate masks Mg. Figure 4 shows a conceptual illustration
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FIGURE 1. Conceptual illustration of AeCSAD architecture.
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FIGURE 2. Conceptual illustration of textual tags generation using RAM++.
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FIGURE 3. Conceptual illustration of background and object bounding box generation using

GroundingDINO.

of component-level mask generation using SAM. A two-stage
intersection-based filtering is then applied to refine these
masks that performs (1) background intersection filtering to
remove any mask in Mg that significantly overlaps with
background regions in Mg, and (2) object intersection
filtering to retain only those masks that have high intersection
with object regions in Mg.

To ensure that components with similar shape and texture
are assigned the same pseudo label, it is important to mini-
mize the impact of rotational variation. To achieve this, each
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retained mask m; € M* is used to extract a square crop from
the original image, enclosing the component region. This step
results in a set of image patches P = {p;}, where each p;
corresponds to a component that undergoes dense rotational
augmentation across 60 angles uniformly spaced from 0°
to 360°. Each rotated patch is then resized to 64 x 64 and
passed through a pretrained WideResnet-50 encoder ¢(-),
which extracts features from the 4th layer. These features
are aggregated to form a fixed-length representation f; =
#(pi) € R?. The resulting set of vectors for each image forms
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FIGURE 4. Component-level mask generation using SAM. Stage one uses bounding boxes and prompts to
produce object and background masks, forming the set M after removing background. Stage two runs
SAM in automatic mode to generate candidate masks Mg, which are refined through (i) background
intersection filtering and (ji) object alignment with M, yielding the final mask set AM*.

a feature matrix F® = ., fna)]T, where n¥) denotes
the number of components in the ith image.

C. PSEUDO-LABELED COMPONENT CLUSTERING

To assign pseudo labels to segmented components, the
MeanShift algorithm [39] is applied to the rotation-invariant
feature embeddings to cluster visually similar components
without requiring the number of clusters to be specified
in advance. After clustering, each patch p; is assigned a
cluster label ¢; € {1,2,...,C}, where C is the number
of classes. Here, C is not manually chosen. Instead,
it emerges automatically from the density modes identified
by MeanShift in feature space. MeanShift groups patches
by locating local maxima of the kernel density estimate,
and each density mode corresponds to one visually coherent
component type. As a result, the number of pseudo-classes C
is fully data-driven and adapts to the structural complexity of
each MVTec LOCO AD category. Categories with a small
variety of part appearances typically yield fewer clusters,
whereas categories with richer part variability produce a
larger C. This allows the framework to infer semantically
meaningful component types without predefined labels
or prior knowledge of part counts. Each cluster is then
mapped back onto the corresponding segmented region,
yielding a pseudo-class index for each component. These
assignments are then projected back onto their original
spatial locations to form dense, full-resolution semantic
masks ¥ € N*W which supervise the segmentation model
during training. To evaluate pseudo-label reliability, class
histograms are computed per image, representing each
image’s compositional structure in a compact form.
HDBSCAN [40] is applied to this histogram space to
identify clusters of images with similar class distribu-
tions. Images falling outside dominant histogram clusters
due to over- or under-segmentation artifacts are consid-
ered unreliable. This two-stage clustering partitions the
training set into (i) a high-confidence labeled subset
Dy = {(”,3\")), and (ii) a low-confidence unlabeled
subset Dy = {x}”)}.
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D. COMPONENT-LEVEL SEGMENTATION NETWORK
TRAINING

A component-level segmentation network, consisting of a
WideResNet-50-based frozen encoder pretrained on Ima-
geNet [41], [42] and a DeepLabV3+ decoder with Atrous
Spatial Pyramid Pooling (ASPP) [43] is trained exclusively
on Dy and Dy. The encoder extracts multi-scale features
from intermediate layers, which are fed into a decoder where
ASPP captures contextual dependencies at multiple receptive
fields, producing dense features that balance global context
and spatial precision.

The model is initially trained on using supervised losses
on Dy using Cross-Entropy loss Lcg, Dice loss Lpjce, and
Focal loss Lpoca. Once stable representations are learned,
auxiliary signals from Dy are introduced through entropy
minimization Lgngopy and histogram alignment loss Lhig.
Following PSAD [19], Lyis is used to enforce part-level
consistency by aligning the class-wise pixel volumes of
unlabeled predictions with those of randomly selected labeled
masks. This staged training strategy helps mitigate overfitting
to noisy pseudo-labels and enhances generalization. The
segmentation training loss is a weighted sum of all five
objectives and is computed as

Lot =M LcE+A2Lbice + A3 LEocal +4 Lhist +A5 LEntropy »

ey
where Aq,...,As are empirically set as [1.0,0.5,0.5,
0.3,0.1]. It is important to clarify that this segmentation
loss Efgil is used exclusively to train the component-
level segmentation network. To support real-time inference
and embedded deployment, RAM++, GroundingDINO and
SAM are not used during test time. Instead, each image is
directly processed through the trained DeepLabV3+ decoder
to produce a component-wise semantic segmentation map.
These maps are subsequently passed to the Patch Histogram
module.

E. PATCH HISTOGRAM MODULE
The Patch Histogram module uses two modes (i) component-
frequency modeling that primarily focuses on frequency
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FIGURE 5. Overview of the clustering and histogram pipeline. Pseudo-label masks are clustered
into semantic classes, followed by histogram extraction to capture component distributions.

of component classes and (ii) component-layout modeling
that primarily focuses on layout of component classes where
each mode is tailored to different types of anomalies.
For component-frequency modeling, a reference Gaussian
distribution is estimated using high confidence pseudo
label subset Dy to calculate the empirical mean pyis and
covariance Xpgjsi. Given a predicted segmentation map Y e
NA*W  where each pixel is assigned a cluster index, its
Hist(f/ ) € RC is computed and its deviation from the
referenced distribution is calculated using equation

Letass =/ Hist(P) — puasod)” Sl Hist D) — i) @)

For anomalies where the component frequency is the same
as of normal image but the position of component is
disrupted, component-layout modeling is employed. Here
a segmentation map Y.is partitioned into a P x P spatial
grid. Each patch in this grid defines a localized region Bj;,
where i,j € {1, ..., P}. For each bin Bj;, a histogram vector
hij € R€ is calculated, where C denotes the number of
pseudo-classes. Each entry hf] encodes the number of pixels
in region Bj; that are assigned to component class c. These
local histograms h;; € RC are concatenated in raster-scan
order to form a global layout vector H € RP Z‘C, encoding
the layout of components across image. During testing, the
normal image is passed through the same process to produce
Hist(Y), and its alignment with the test prediction Hist(f/ )
is evaluated using hist loss Lpis, employed for consistency
regularization in segmentation training [19], [20]. Here, Lp;s
is repurposed to measure distributional deviation between
predicted and reference component layouts using

Lhist = % i HHist(f/[c]) _ Hist(Y[c])H B
c=1

Both L. and Ly function as distributional deviation
measures evaluated on predicted segmentation maps. These
quantities provide image-level scores reflecting how the
component frequencies and spatial arrangements of a test
sample differ from the learned normal reference. Their
role is limited to inference, as the only histogram-related
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supervision used during training is the alignment regularizer
Lhist included in the segmentation loss of Section III-D.

F. SELF-ATTENTION ENHANCED AUTOENCODER IN
AeCSAD

AeCSAD retains the structure of Local-Global Student-
Teacher (LGST) module from CSAD but introduces self-
attention blocks in the global student. Figure 6 shows
a conceptual illustration of anomaly map generation
in AeCSAD. The teacher network is a WideResNet-50
pretrained on ImageNet, which extracts multi-scale feature
maps from intermediate layers. These features are spatially
aligned and projected to produce the reference feature
map Fr. The local student Sjcq1 is a shallow CNN with a
33 x 33 receptive field, designed to be sensitive to localized
structural anomalies. It outputs a per-pixel feature map Fr,
which is trained to match features of teacher using the mean
squared error (MSE) loss using

1 . -
Liocal = o Z IFrG,j) — FL,pl3. @)
L]

The global student Sglobal is constructed as an encoder-
decoder autoencoder interleaved with self-attention layers.
Its encoder consists of six convolutional layers that pro-
gressively reduce the spatial resolution while increasing
channel dimensionality, culminating in a compact latent
representation. Self-attention blocks are inserted after the
fourth and fifth encoder layers, operating at feature resolu-
tions of 16 x 16 and 8 x 8, respectively. These blocks apply
scaled dot-product attention using

KT
—) v, &)

Attention(Q, K, V) = softmax (Q
i
where Q, K,V are linear projections of input tokens, and
di is the scaling factor. Each attention block reshapes
spatial feature maps into sequences, applies attention,
and restores the spatial structure through residual fusion.
The decoder reconstructs the latent features using eight
convolutional layers interleaved with bilinear upsampling
operations. Two additional self-attention blocks are applied
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FIGURE 6. Conceptual illustration of anomaly map generation in AeCSAD. The LGST module comprises a
frozen teacher network Ty chers Pased on a pretrained WideResNet-50 encoder; a CNN-based local
student Sjq,1; and a global student Sgqpai- implemented as a self-attention enhanced autoencoder. Both
student branches attempt to replicate the teacher’s feature representations, and their deviations are used
to construct multi-scale anomaly maps. The segmentation network and Patch Histogram module support

semantic-guided anomaly detection downstream.

after the third and fifth decoder layers, at resolutions of
15 x 15 and 63 x 63, respectively, to promote long-range
dependency modeling during upsampling. The global student
produces a reconstructed feature map FAtention which is
supervised via:

! o attention /- - 2
Laoha = g O | Frti.p = FE™Gpf). - ©)
L

Beyond the architectural modifications introduced by the
self-attention layers, the student—teacher formulation itself
plays a central role in enabling the detection of logical
anomalies. The frozen teacher, pretrained on large-scale
image corpora, produces feature activations that encode
object structure, part—to—part relationships, and global com-
positional regularities. When the local and global student
networks are trained to mimic these teacher features using
only normal samples, they are implicitly guided to internalize
the teacher’s notion of structural and semantic coherence.
Logical violations disrupt the global patterns encoded by
the teacher, causing the global student with its self-attention
layers to fail to reproduce the teacher’s responses even when
local appearance remains intact. This yields a characteristic
feature mismatch that is most pronounced in categories
with rich relational structure (e.g., pushpins, screw bag).
This mechanism underlies the effectiveness of the LGST
design for logical anomaly detection and motivates the
integration of self-attention in AeCSAD. To quantify the
discrepancy between the local-only features and the global
attention-enhanced representation, the auxiliary fusion loss
is used as:

. 2
Lavsion = Faemon G, — PG| @

1
BCHW lzj:)

The total objective for the LGST module is therefore
defined as:

Liotal = Mocal Llocal + )Lglobalﬁglobal + AfusionLtusions ®)
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where  Ajocal, Aglobal, Afusion are scalar hyperparameters
balancing each loss term. This loss operates during training
of LGST module in AeCSAD, updating the local
and global student networks while keeping the teacher
fixed.

G. ANOMALY SCORE COMPUTATION AND
NORMALIZATION
To evaluate anomalies at the image level, AeCSAD adopts
a score fusion and normalization strategy aligned with
the CSAD baseline. Both the LGST and Patch Histogram
modules independently produce raw anomaly scores for
each test image. For each module, validation scores are
first used to compute normalization statistics. Specifically,
trimmed z-score normalization is applied where the top and
bottom 20% of validation scores are excluded to suppress
outlier influence, and the remaining values are used to
compute the mean us and standard deviation os. The
normalized score § is then computed using
S — us

as ’

§= ©)
This normalization is applied separately to each module’s
scores. The final anomaly score for each test image is then
computed via additive fusion using

Sfinal = Shist + SLGST- (10)

This scoring process is conducted independently for
logical and structural anomaly types. To evaluate detection
performance, binary ground-truth labels are defined based on
the semantic annotation of each image, indicating whether it
contains a logical anomaly, a structural anomaly, or is normal.
The Area Under the Receiver Operating Characteristic curve
(AUROC) is used as the primary evaluation metric, computed
separately for each anomaly type and object category.
A detailed discussion of performance using AUROC metric
is presented in Section IV.

VOLUME 14, 2026
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IV. EXPERIMENTS

All experiments were conducted on a workstation with an
NVIDIA Tesla V100 (32GB), Intel Xeon Silver 4114 CPU,
Ubuntu 22.04, CUDA 12.5, and PyTorch 2.4.1. The envi-
ronment was managed via Conda, with fixed random
seeds across NumPy, PyTorch, and Python to ensure
reproducibility. AeCSAD is evaluated on the MVTec LOCO
AD benchmark [4], using resized 256 x 256 inputs normalized
with ImageNet statistics, consistent with the pretrained
WideResNet-50 backbone. We selected MVTec LOCO AD
as the primary benchmark because it explicitly incorporates
logical constraints such as correct object arrangements, pres-
ence or absence of components, and relational consistency.
This makes it uniquely suited for evaluating methods that aim
to detect both localized structural defects and context-aware
relational violations. Rotations and flipping augmentations
were applied during pseudo-label generation. Following
CSAD, the semantic pseudo-label masks were regenerated
using the official pipeline together with the referenced
SAM-HQ and GroundingDINO models. As this procedure
involves proposal-based segmentation and clustering, slight
variations in the masks are expected when re-executed,
a point also noted in the CSAD release. In this work,
all CSAD and AeCSAD results are trained and evaluated
using these same regenerated pseudo-labels to maintain a
consistent and reproducible setting. The local and global
student networks were trained using Adam optimizer with
an initial learning rate of 1 x 107%, weight decay of
1 x 107, and cosine annealing down to 1 x 1075, The
same configuration was used for training the semantic
segmentation model on pseudo-labeled masks. All models
were trained with a batch size of 16 and a step decay
schedule. Feature embeddings are aligned to 512 x 64 x 64.
The DeepLabV3+ segmentation network is trained in
two stages over 120 epochs: the first 40 epochs use
only Dy with LSA augmentations [20] and after epoch
40, Dy is incorporated. We evaluate AeCSAD using
AUROC and computed it for each category in the MVTec
LOCO AD dataset [4], reporting mean scores separately
for logical and structural anomaly subsets. Our results
are benchmarked against state-of-the-art methods including
SimpleNet [32], PatchCore [13], AST [35], EfficientAD [38],
ComAD [18], and CSAD. Comparative results are summa-
rized in Table 1.

A. RESULTS AND DISCUSSION

AeCSAD achieves a leading average AUROC of 95.05%
across both logical and structural anomaly categories,
outperforming segmentation-based and segmentation-free
baselines. In the logical anomaly category, it reaches an
average AUROC of 97.56%, with perfect or near-perfect
scores on Pushpins (100.0%) and Screw Bag (99.7%),
where anomalies involve misplaced or duplicated parts.
This reflects its ability to model part co-occurrence and
spatial configuration consistency via self-attention, surpass-
ing segmentation-free baselines like SimpleNet and AST.
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It also performs strongly on Splicing Connectors (97.0%),
where orientation or mirroring errors require relational
reasoning. Notably, AeCSAD remains competitive in local
anomaly categories such as Juice Bottle (95.5%) and Break-
fast Box (95.6%), indicating that early convolutional layers
preserve fine-grained sensitivity. Table 1 shows comparison
of MVTec LOCO AD performance with state-of-the-art
methods, as measured by image AUROC (%).

In the structural anomaly category, AeCSAD achieves
an average AUROC of 92.54%, ranking first among
segmentation-based methods and second overall. On cat-
egories like Screw Bag (94.5%) and Pushpins (94.0%),
it outperforms CSAD and ComAD, demonstrating its capac-
ity to integrate local and global reasoning. While texture-
specialized methods like EfficientAD slightly outperform
AeCSAD on highly localized categories such as Juice
Bottle (96.7%) and Splicing Connectors (91.3%), AeCSAD
remains robust. In Breakfast Box (86.2%), where anomalies
blend visual and semantic cues, AeCSAD still leads most
baselines, highlighting its versatility across structural and
logical anomaly types.

B. QUALITATIVE RESULTS

Figures 7 and 8 show heatmaps over MVTec LOCO
AD samples, highlighting AeCSAD’s capacity to detect
both logical and structural anomalies. In logical categories
such as Pushpins, Screw Bag, and Splicing Connectors,
global attention focuses precisely on duplicated, misaligned,
or mirrored components, producing sharp red activations
with minimal background noise, providing evidence of strong
relational reasoning. In contrast, broader yellow spread
in Breakfast Box suggests weaker semantic alignment,
consistent with subtler layout errors.

Structural anomalies are captured by the local stu-
dent using pixel-aligned features and small receptive
fields. As seen in Pushpins and Screw Bag, AeCSAD
balances texture-level precision with spatial coherence,
aiding detection in cluttered scenes. While segmentation-
free models excel in simpler, texture-driven categories
like Juice Bottle or Splicing Connectors, AeCSAD
remains competitive. In Breakfast Box, where both rea-
soning modes are needed, the model preserves robust
performance.

C. ABLATION STUDIES

Table 2 summarizes the individual contributions of PatchHist,
the LGST module in CSAD, and the self-attention enhanced
LGST module in AeCSAD. PatchHist alone provides strong
performance for logical anomalies (91.84% mean AUROC),
as its histogram representation captures component-level
frequency. However, it is less effective for structural
anomalies (75.66%), where localized appearance consistency
is essential. The LGST module from CSAD addresses
this limitation by providing strong structural discrimination
(91.33% mean AUROC), particularly in categories such as
Juice Bottle (98.35%) and Splicing Connectors (96.05%).
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TABLE 1. Comparison of MVTec LOCO AD performance with state-of-the-art methods, as measured by image AUROC (%). The “AeCSAD” column presents
the results of our method. Bold value represents top value across categories or groups. A value underlined represents second to top across categories or

groups.
No Segmentation | Segmentation
Category | SimpleNet PatchCore AST EfficientAD |[ComAD CSAD AeCSAD (Ours)
Logical Anomalies (LA)
Breakfast Box 77.1 74.8 80.0 85.5 91.1 95.8 95.6
Juice Bottle 87.8 93.9 91.6 98.4 95.0 95.4 95.5
Pushpins 69.0 63.6 65.1 97.7 95.7 99.6 100.0
Screw Bag 51.6 57.8 80.1 56.7 71.9 99.3 99.7
Splicing Connectors 72.0 79.2 81.8 95.5 93.3 95.7 97.0
Average (Logical) | 71.5 73.9 79.7 86.8 | 89.4 97.16 97.56
Structural Anomalies (SA)

Breakfast Box 80.9 80.1 79.9 88.4 81.6 85.9 86.2
Juice Bottle 90.4 98.5 95.5 99.7 98.2 97.3 96.7
Pushpins 81.6 87.9 77.8 96.1 91.1 93.2 94.0
Screw Bag 83.3 92.0 95.9 90.7 88.5 91.8 94.5
Splicing Connectors 82.6 88.0 89.4 98.5 94.9 92.4 91.3
Average (Structural) |  83.7 89.3  87.7 947 | 909 9212 92.54
Total Average | 776 81.6 83.7 90.7 | 90.1 94.64 95.05

(d) Duplicate large screws — screw bag

(e) (e) Miswired cable — splicing connectors

FIGURE 7. Logical anomalies detected by AeCSAD. Each pair shows the original image (left) and its attention-based anomaly map (right). AeCSAD
highlights semantic inconsistencies such as missing parts, duplications, or miswirings across categories in MVTec LOCO AD.

However, because its global student is constrained by
a CNN autoencoder, it remains less effective on logical
anomaly categories whose irregularities arise from spatial
configuration and part-to-part relationships, mostly evident
in Pushpins.
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AeCSAD strengthens this component by introducing self-
attention into the global student. For logical anomalies, the
benefit is most visible in categories where the anomaly
mechanism is relational rather than appearance-based.
In Pushpins, for example, logical AUROC improves
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(d) Torn bag (upper-right) — screw bag

(e) Scratched wire — splicing connectors

FIGURE 8. Structural anomalies detected by AeCSAD. Each pair shows the original image (left) and its attention-based anomaly map (right). AeCSAD
detects breakages, foreign objects, scratches, and packaging defects with high precision.

TABLE 2. Ablation comparison of PatchHist, LGST (CSAD), and LGST
(AeCSAD). We report image-level AUROC (%) for logical (LA) and
structural (SA) anomalies on MVTec LOCO AD. PatchHist outputs are
identical across LGST variants.

Category PatchHist LGST (CSAD) LGST (AeCSAD)
Logical Anomalies (LA)
Breakfast Box 95.62 84.49 86.64
Juice Bottle 87.92 95.81 95.63
Pushpins 90.63 98.89 98.98
Screw Bag 99.79 66.23 59.57
Splicing Connectors 85.27 95.36 97.25
Mean 91.84 88.16 87.61
Structural Anomalies (SA)
Breakfast Box 75.44 86.50 86.91
Juice Bottle 75.34 98.35 98.04
Pushpins 71.72 92.92 94.02
Screw Bag 85.52 82.81 88.89
Splicing Connectors 70.30 96.05 93.84
Mean 75.66 91.33 92.34

from 98.89% to 98.98%, and Splicing Connectors shows
a similar improvement. These gains reflect the ability of
self-attention to model interactions among spatially distant
components. For structural anomalies, LGST (AeCSAD)
achieves the highest mean AUROC (92.34%), driven by its
ability to reconstruct global appearance patterns rather than
by relational effects.

Self-attention does not provide uniform improvements
across all settings. For example, in Breakfast Box and
Screw Bag, performance gains are modest or neutral, and the
logical AUROC in Screw Bag decreases. These outcomes
are consistent with the fact that PatchHist already captures
high-level irregularities in such categories, and additional
relational modeling yields limited benefit.

Beyond image-level AUROC, we also assess how self-
attention influences the spatial coherence of anomaly
localization using the Per-Region Overlap (PRO) metric.
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TABLE 3. PRO-based localization performance on MVTec LOCO AD for the
LGST module. Values are reported as (logical PRO / structural PRO).

Category LGST (CSAD) LGST (AeCSAD)
Breakfast Box 68.9/85.8 71.0/86.4
Juice Bottle 80.0/93.3 80.0/93.1
Pushpins 75.0/75.4 7741763
Screw Bag 243/72.3 50.7/89.9
Splicing Connectors 60.5/91.7 59.8/91.5
Mean 61.7/83.7 67.8/87.4

Table 3 reports logical and structural PRO scores for
LGST (CSAD) and LGST (AeCSAD). Consistent with the
AUROC trends, the self-attention variant achieves higher
mean PRO for both logical (67.8% vs. 61.7%) and structural
anomalies (87.4% vs. 83.7%). The largest gains occur in
categories with distributed or relational structure, such as
screw bag and pushpins, further indicating that long-range
dependency modeling benefits anomaly mechanisms that
involve interactions among multiple components.

To further contextualize these findings, Figure 9 presents
representative qualitative attention responses from the self-
attention global student in AeCSAD. In normal samples,
center-token attention distributes smoothly across compo-
nents that form coherent spatial and relational patterns.
In logical anomaly samples, attention shifts toward dupli-
cated, missing, or misconfigured elements, reflecting the
relational inconsistencies that define these categories. These
patterns mirror the PRO gains and show that self-attention
strengthens the reconstruction dynamics of LGST, especially
for relational anomalies.

V. LIMITATIONS
AeCSAD relies on foundation models, such as SAM and
GroundingDINO, which are susceptible to failures under
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Original

Attention (Center Token)

(a) Normal sample — pushpins

Original Attention (Center Token)

(c) Normal sample — screw_bag

Original Attention (Center Token)

(b) Logical anomaly — pushpins

Original Attention (Center Token)

(d) Logical anomaly — screw_bag

FIGURE 9. Qualitative effect of self-attention within the LGST branch. Each pair shows the original image with its center-token attention
overlay. In normal samples, attention distributes coherently across relationally consistent components. In logical anomalies, attention shifts
toward duplicated, missing, or structurally inconsistent elements. These patterns complement the PRO improvements observed in Table 3,
illustrating how self-attention enhances the relational coherence of reconstructed features.

occlusion, clutter, or poor lighting. These failures can
introduce noise in the early segmentation pipeline, and
despite filtering, such noise may propagate and affect down-
stream anomaly detection. Moreover, the Patch Histogram
module lacks rotational and positional invariance and is
sensitive to bin granularity. This reduces its robustness in
settings with natural part variability, such as deformable
objects or multi-view inspections. In addition, the self-
attention mechanism requires sufficient training diversity to
model spatial-semantic relationships effectively. Any rare
configurations may be incorrectly flagged due to distribu-
tional unfamiliarity. AeCSAD employs fixed fusion weights
based on the assumption of equal contribution from each
module regardless of the anomaly type. This design choice
may reduce the model’s adaptability in scenarios where
anomaly instances are predominantly logical or structural
in nature.

Another limitation stems from the assumption of RGB-
formatted images. This design choice is primarily dictated
by the structure of the MVTec LOCO AD dataset, which
provides all samples in RGB format. The RGB modality
captures perceptual cues such as color, shading, and texture,
which are often useful for accurate image segmentation and
for modeling inter-object relationships. These visual features
support the identification of semantically inconsistent object
configurations, including misplaced, missing, or contextually
inappropriate items. In scenarios where grayscale images
are employed instead of RGB, such perceptual cues are
substantially reduced or eliminated. Consequently, both
anomaly detection accuracy and the model’s capacity for
relational reasoning are adversely impacted. AeCSAD also
lacks an explicit mechanism for uncertainty estimation.
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While anomaly scores approximate deviation severity, they
do not ensure recognition of failure cases.

VI. CONCLUSION

This work presented AeCSAD, an anomaly detection frame-
work that extends CSAD [20] by incorporating self-attention
into the global student network. This modification enables
long-range contextual reasoning while preserving spatial
granularity, allowing the model to detect anomalies that
violate semantic relationships. AeCSAD adopts a modular
design that fuses independently normalized scores from the
Patch Histogram module and the enhanced Local-Global
Student-Teacher (LGST) architecture. Each component tar-
gets a distinct anomaly modality: the histogram module
captures distributional shifts, the local student models fine-
grained texture defects, and the self-attention-enhanced
global student detects layout and relational inconsistencies.
This decoupled structure leads to improved AUROC scores
across both logical and structural anomaly categories on
the MVTec LOCO AD benchmark. The key insight is that
architectural modularity combined with explicit spatially
aware feature learning and relational reasoning yields better
visual anomaly detection.

FUTURE WORK

While AeCSAD demonstrates strong performance, several
avenues remain for improvement. Future research could
explore confidence-aware filtering strategies, such as intra-
cluster consistency or cross-model agreement, to reduce
supervision noise. Although self-attention strengthens distant
spatial reasoning, it lacks explicit part-level representation;
incorporating structured models such as slot attention [44]
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or component-wise graph neural networks [45] may enable
more compositional and interpretable forms of logical
reasoning. Beyond the category-specific setting used in this
work, extending AeCSAD to few-shot approaches [46] or
contrastive adaptation [47] remains a promising direction.
The static use of fusion weights across branches could also
be revisited, with dynamic weighting schemes that adapt
to the anomaly type or context offering greater robust-
ness. Another important direction is supporting grayscale
imaging and confidence-aware learning to increase relia-
bility in safety-critical industrial deployments. In addition,
replacing ImageNet pretraining with domain-specific self-
supervised segmentation [48] could improve part-level
feature quality and enhance robustness under industrial
variation.
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