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Abstract

CLIP-based anomaly detectors have markedly advanced training-free and zero-shot in-
dustrial anomaly detection and localization, yet their predictions remain dominated by
patch-wise vision–language similarity or anomaly-aware feature scoring. This formulation
is intrinsically limited for logical anomalies, in which every visible part can appear locally
normal while its count, position, arrangement, or co-occurrence violates a normal con-
figuration. We introduce a training-free relation prototype re-scoring module that reuses
the semantic–spatial relations already encoded by the visual transformer. Because patch
tokens contain positional embeddings, the self-attention graph is position-aware as well as
content-dependent; we use it as a message-passing operator over detector-specific patch
features. Normal images define category-wise, spatially indexed relation prototypes, and
each test patch is scored by the Euclidean deviation of its attention-aggregated feature from
the corresponding normal prototype. The resulting map supports both dense localization
and map-derived image detection. Although we also report the feature-relation map alone
to analyze its intrinsic behavior, the final method fuses this map with the original anomaly
map so that relation-sensitive evidence is added without discarding the baseline detector’s
local appearance cues. We develop the method on AnomalyCLIP and verify its generality
on WinCLIP and AA-CLIP. On the logical split of MVTec LOCO AD, the proposed fusion
improves AnomalyCLIP from 53.9 to 74.4 pixel AUROC and from 28.7 to 52.7 pixel AUPRO,
while image AUROC rises from 50.5 to 71.7. Similar improvements are observed for Win-
CLIP and AA-CLIP. On CAD-SD, the proposed fusion reaches 92.0 and 93.8 image AUROC
for AnomalyCLIP and WinCLIP, respectively, on co-occurrence anomalies. Experiments
on the structural split of MVTec LOCO AD and the MVTec AD benchmark show why the
baseline map must be retained: fusion preserves substantially more local-defect evidence
than relation-only scoring, although its benefit remains detector- and category-dependent.
These results identify semantic–spatial relation deviation as a missing cue in CLIP-based
logical anomaly detection and localization, without requiring explicit component models,
symbolic rules, additional training, or modification of the baseline architecture.

Keywords: logical anomaly detection; anomaly localization; CLIP; self-attention; semantic–
spatial relation; relation prototype; industrial inspection; zero-shot anomaly detection

1. Introduction
Industrial visual anomaly detection aims to identify defective samples and localize

abnormal regions while using few or no anomalous training examples. Conventional
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methods model normal appearance through reconstruction, feature distributions, memory
banks, distillation, or normalizing flows [1–13]. These approaches are highly effective when
anomalies create visible local deviations such as scratches, dents, stains, or deformations.
However, industrial inspection also contains logical anomalies: all parts may appear valid
individually, but their presence, count, arrangement, or connection violates the normal
logic of the product [14].

Large vision–language models (VLMs), particularly CLIP [15], have recently enabled
generalizable zero- and few-shot anomaly detection. WinCLIP introduced compositional
prompts and window-level CLIP features [16]; AnomalyCLIP learned object-agnostic nor-
mal and abnormal prompts together with dense visual adaptation [17]; and AA-CLIP
strengthened anomaly-aware text anchors and patch-level visual alignment [18]. Promp-
tAD, AdaCLIP, FiLo, and subsequent prompt-learning methods further improved pixel-
level anomaly localization through more discriminative or input-adaptive vision–language
prompts [19–23]. Nevertheless, these methods still primarily answer the local question:
Does this patch look abnormal with respect to a learned or prompted abnormality concept?

However, that perspective is insufficient for logical anomalies. A product may contain
valid-looking parts that are misplaced, duplicated, or arranged incorrectly, or it may lack an
expected component. Although their local appearance remains consistent with the normal
feature manifold, their semantic and spatial relationships can become abnormal. MVTec
LOCO AD was introduced to expose this gap by distinguishing structural anomalies from
logical anomalies while providing pixel-level annotations for both [14]. To address this
challenge, recent methods explicitly model components, object compositions, correspon-
dences, or natural-language constraints [24–31]. Their strong image-level performance
highlights the importance of relational reasoning for logical anomaly detection, but these
approaches often rely on dedicated segmentation, object extraction, few-shot exemplars,
or additional image-level reasoning pipelines, which can limit their applicability.

This work studies a narrower but practically important question: Can the relation infor-
mation already present inside a CLIP-based anomaly detector improve logical anomaly detection and
localization without training a new logical reasoning model? Our answer is Relation Prototype
Re-scoring. For an image with patch features F and visual self-attention A, we construct
a relation-aware representation M = AF. A normal training set defines a category-wise
prototype P, and the patch relation score is the Euclidean distance ∥Mi − Pi∥2. Attention
is therefore not interpreted as an anomaly heatmap by itself. It acts as a message-passing
operator that converts local patch features into context-conditioned representations.

Crucially, this context is inherently both semantic and spatial. In vision transformers,
positional embeddings are added to patch embeddings before self-attention is computed,
allowing the resulting attention graph to encode not only visual similarity but also token
identity and spatial arrangement. Furthermore, our normal relation prototype remains
indexed by patch position. The relation score therefore asks: “does patch i participate
in the normal semantic–spatial configuration of this object?” This formulation is directly
relevant to logical anomalies involving missing, duplicated, misplaced, or incorrectly
connected parts. It also explains why explicitly appending a separate positional cue did
not improve the best-performing relation feature in our ablation study: spatial information
is already embedded throughout the transformer via positional embeddings, propagated
by self-attention, and preserved by the spatial indexing of the normal prototype.

We investigate two relation formulations. An initial attention-difference variant (V1)
directly measures discrepancies between test and normal attention matrices. In contrast,
our final feature-relation variant (V2) compares attention-aggregated patch features against
normal relation prototypes. The substantial performance gap between V1 and V2 for pixel-
level localization indicates that attention weights alone are insufficient; the discriminative
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signal arises primarily from deviations in spatially indexed feature content, while attention-
guided propagation provides an additional gain.

We adopt AnomalyCLIP as the main analysis baseline because its DPAM patch features
and separate query–key (q-k) and value–value (v-v) attention branches enable a detailed
examination of representation and relation cues. WinCLIP and AA-CLIP are also included
to evaluate the generality of the proposed relation prototype across both a training-free
baseline and a stronger anomaly-aware baseline. MVTec LOCO AD [14] serves as the
primary benchmark for logical anomaly detection, while CAD-SD [24] provides external
validation on co-occurrence anomalies. Because the AnomalyCLIP and AA-CLIP check-
points used in this study were trained on VisA [32], MVTec AD [3] is used as a benchmark
to evaluate the generalization to conventional surface anomalies.

Our objective is not to replace existing logical anomaly detection pipelines. More
importantly, we do not convert a CLIP-based baseline into a logical-anomaly-specific
detector or alter its learned representation. Instead, we retain the original anomaly map
and augment it with a relation map computed from the detector’s existing attention
matrices and patch features, using a prototype constructed only from normal images.
While the underlying CLIP-based detectors are designed for zero-shot anomaly detection,
the proposed relation re-scoring module additionally constructs category-specific relation
prototypes from normal reference images of the target category. Therefore, our extension
is more accurately characterized as a training-free method using normal reference images
rather than a strictly zero-shot method.

The main contributions of this work are summarized as follows:

• We formulate logical anomaly detection as a deviation from the normal semantic–
spatial compatibility of patch features, rather than from local patch appearance alone.
By using self-attention as a relation operator, the proposed representation extends
patch-wise anomaly evidence to context-conditioned feature deviation without intro-
ducing an explicit component or symbolic relation model.

• We propose a lightweight, training-free relation prototype re-scoring module that
reuses the attention matrices and patch features already produced by an existing
CLIP-based detector. The resulting relation map is fused with the unchanged
baseline anomaly map, adding logical-anomaly sensitivity without requiring ad-
ditional annotations, learnable parameters, retraining, checkpoint modification,
or architectural changes.

• We investigate two relation formulations—an attention-difference variant (V1) and
a feature-relation prototype variant (V2)—and show that spatially indexed feature
prototypes provide a strong logical-anomaly cue and that attention-guided feature
propagation further improves this representation, whereas attention differences alone
remain insufficient.

• We demonstrate improved logical-anomaly localization and image-level detection
across three representative CLIP-based anomaly detectors (AnomalyCLIP, WinCLIP,
and AA-CLIP), together with analyses of relation maps, fusion strategies, score cali-
bration, baseline strength, and anomaly type.

• We validate the generality and limitations of the proposed relation cue through additional
experiments on MVTec LOCO AD, CAD-SD, and MVTec AD, clarifying when semantic–
spatial relation information is beneficial and where its effectiveness is inherently limited.

2. Related Work
2.1. Unsupervised Industrial Anomaly Detection

Early deep anomaly detection methods focused on learning compact representations
of normal data or estimating one-class decision boundaries [4]. Patch SVDD extended one-
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class representation learning to patch-level anomaly detection and segmentation through self-
supervised training [33]. With the emergence of powerful pretrained vision models, feature-
based approaches became dominant: PaDiM models spatially indexed Gaussian distributions
over multiscale patch features, whereas PatchCore constructs a coreset memory bank and
uses nearest-neighbor distances for anomaly scoring [5,6]. In parallel, reconstruction-based
and synthetic-anomaly methods, such as DRAEM and CutPaste, generate proxy defects to
train discriminative localization heads [7,34]. Other approaches model discrepancies between
teacher and student representations through knowledge distillation [8] or estimate the density
of normal features using normalizing flows [9,10]. More recent methods, including UniAD,
SimpleNet, and EfficientAD, further advance multi-class modeling, discriminative learning,
or computational efficiency [11–13]. Comprehensive surveys provide detailed taxonomies of
these methods according to their underlying paradigms [1,2].

Despite their methodological differences, these approaches predominantly model the
distribution of local visual appearance. Although deep feature representations implicitly
capture contextual information through large receptive fields, they do not explicitly model
the semantic or spatial relationships among object components. As a result, they often
struggle with logical anomalies, where each local region may appear visually normal
while the overall object configuration is incorrect. This limitation is highlighted by MVTec
LOCO AD, which explicitly distinguishes structural anomalies from logical anomalies and
demonstrates that local appearance alone is insufficient for reliable anomaly detection [14].

2.2. Vision–Language Models for Anomaly Detection

CLIP learns aligned visual and textual representations from large-scale image–text
supervision, providing strong semantic representations with excellent zero-shot transfer-
ability [15]. Built upon vision transformers [35,36], it has become the foundation of many
recent zero- and few-shot industrial anomaly detection methods. However, because CLIP
is pretrained for image–text alignment rather than dense anomaly localization, additional
mechanisms are typically introduced to improve patch-level anomaly prediction. WinCLIP
addresses this limitation by combining compositional prompt ensembles with multiscale
window-based feature matching [16]. AnomalyCLIP learns object-agnostic normality and
abnormality prompts together with a Dense Prompt Attention Module (DPAM) to enhance
dense visual representations [17]. AA-CLIP further improves anomaly discrimination by
separately optimizing anomaly-aware text representations and patch-level visual align-
ment [18]. PromptAD incorporates textual priors within a dual-branch framework [19],
AdaCLIP adapts CLIP through hybrid static and image-conditioned learnable prompts [20],
and FiLo improves fine-grained anomaly localization through richer textual descriptions of
defect characteristics [21]. More recent methods further refine prompt learning by incorpo-
rating fine-grained semantic or frequency-domain information to improve local anomaly
sensitivity [22,23]. AnomalyGPT extends CLIP-based anomaly detection to multimodal
instruction following and conversational reasoning [37].

Despite their different architectures, these methods share a common objective of
improving the alignment between visual features and textual descriptions of normality or
abnormality. Consequently, anomaly localization remains primarily driven by patch-level
vision–language similarity, patch-level feature adaptation, or local window-based matching.
In contrast, our approach is complementary rather than alternative. We leave the detector
architecture and parameters unchanged, reuse its existing attention matrices and patch
features, and retain its original anomaly map. The proposed output is obtained by fusing
that map with the relation map rather than replacing the detector’s local anomaly response.
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2.3. Logical and Co-Occurrence Anomaly Detection

MVTec LOCO AD established a benchmark for industrial logical anomaly detection
by distinguishing structural defects from anomalies that violate constraints on component
quantity, location, combination, or arrangement [14]. Subsequent studies have addressed
these higher-level anomalies by explicitly modeling component composition or inter-object
relationships. SA-PatchCore augments a memory-bank-based detector with self-attention
to capture co-occurrence patterns and introduces CAD-SD, which includes both local
Scratch/Paint defects and co-occurrence anomalies such as Over-coupling and Lacking [24].
ComAD first decomposes an object into components and detects logical inconsistencies
by modeling component-level measurements and their relationships [26]. PSAD employs
few-shot component segmentation and combines memory banks built from component
histograms, composition embeddings, and patch-level representations [25].

Other approaches incorporate object-level correspondence, semantic composition
modeling, or vision–language reasoning. SAM-LAD uses Segment Anything to obtain
object masks and performs object matching with graph-attention-based representations
for zero-shot logical anomaly detection [27,38]. LogicQA generates questions concerning
component presence, arrangement, and quantity from normal reference images and de-
tects violations through VLM responses [28]. SALAD explicitly learns the distribution of
semantic composition maps [29], ObjectCore represents object composition and identifies
mismatches through object-level correspondence and bipartite matching [30], and ComGEN
learns component-aware representations and synthesizes logical anomalies for downstream
detector training [31].

These studies share the observation that local appearance alone may be insufficient
when an anomaly arises from an invalid relationship among normal-looking components.
Our work follows this motivation but differs in methodological scope. Rather than introduc-
ing a separate component segmentation or object-matching pipeline, learning a dedicated
composition model, or performing image-level rule reasoning, we extract relational in-
formation already encoded in the visual transformer of an existing CLIP-based anomaly
detector. We then convert this information into a dense, training-free re-scoring map that
evaluates the compatibility of each patch with the normal semantic–spatial configuration
of the object.

2.4. Self-Attention as a Relation Operator

Self-attention models data-dependent interactions among tokens by allowing each to-
ken to aggregate information from other tokens according to learned attention weights [36].
In vision transformers, positional embeddings are added to patch embeddings before q-k
attention is computed [35]. Therefore, the resulting attention pattern reflects not only visual
compatibility among patches but also their positional identity and spatial arrangement.

Previous studies have shown that self-supervised vision transformers naturally cap-
ture relationships among image patches, grouping patches that belong to the same object
or part even without dense supervision [39,40]. Motivated by these observations, we in-
terpret the attention matrix as a semantic–spatial relation operator rather than merely as a
saliency map. Specifically, the attention matrix A determines how contextual information is
propagated across spatially indexed patches, while the feature matrix F specifies the visual
content being propagated. Their product, AF, therefore represents relation-aggregated
patch features that preserve both semantic and spatial context.

Under this formulation, a logical anomaly may arise from changes in the attention
structure, the propagated feature content, or the compatibility of the resulting relation-
aggregated features with the normal object configuration. Rather than relying on attention
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magnitude alone, our method evaluates these relation-aggregated features against normal
relation prototypes to expose semantic–spatial inconsistencies.

3. Method
3.1. Problem Formulation

Let Dn
c denote the set of normal training images for category c, and let x be a test

image. A CLIP-based anomaly detector produces a dense anomaly map Sbase(x) ∈ RH×W

together with visual patch features

F(x) = [F1(x), . . . , FN(x)] ∈ RN×C. (1)

We additionally extract a head-averaged patch-to-patch self-attention matrix A(x) ∈ RN×N

from the visual encoder, removing the CLS-token row and column before constructing patch
relations. The baseline detector remains frozen, and neither its architecture nor its original
anomaly map is modified; the proposed module only reads intermediate representations
and computes an additional score after the forward pass.

Our goal is to estimate a relation map Srel(x) that is spatially aligned with the de-
tector’s base anomaly map while capturing deviations from the normal semantic–spatial
configuration. The final output fuses the proposed relation map with the unchanged base
anomaly map. Standalone relation scores are reported only to isolate the contribution of
each relation formulation. The relation map is used for both pixel-level localization and
image-level anomaly detection, although the corresponding scoring strategies differ.

For pixel-level localization, the base and relation maps are normalized independently
because they generally have different numeric ranges:

S̃(x) =
S(x)− min S(x)

max S(x)− min S(x) + ϵ
. (2)

The normalized maps are then fused according to the strategy described in Section 3.6:

Sfuse
loc (x) = fusion

(
S̃base(x), S̃rel(x)

)
. (3)

Image-level anomaly detection follows a separate raw-score pathway described in Section 3.7.
Figure 1 illustrates the overall framework. The underlying CLIP-based detector

produces the base anomaly map, patch features F, and self-attention matrix A, while
normal training images are used only to construct the category-wise relation prototype.
During inference, the resulting relation map is used in two separate pathways: a normalized
fusion pathway for dense anomaly localization and a raw-score pathway for image-level
anomaly detection. This separation ensures that spatial fusion benefits from per-image
normalization while preserving valid score comparisons across different test images.

3.2. Why Relation Re-Scoring Detects Logical Anomalies

Many patch-based anomaly detectors can be abstracted as assigning each patch an
anomaly score primarily from its local feature representation, i.e., g(Fi). This strategy is
effective when an anomaly directly perturbs the local appearance encoded in Fi. Logical
anomalies, however, often preserve the local appearance of individual components while
altering their semantic–spatial relationships through missing, duplicated, misplaced, or in-
correctly connected parts. Consequently, the local feature Fi may remain close to the normal
feature manifold even though the surrounding object configuration is abnormal.
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Our relation representation is defined as M = AF, where the attention matrix A
determines how contextual information is propagated and F specifies the propagated
visual features. Under perturbations ∆A and ∆F, the resulting change becomes

∆M = (A + ∆A)(F + ∆F)− AF = A∆F + ∆AF + ∆A∆F. (4)

The first term, A∆F, propagates local appearance changes through the normal relation
structure. The second term, ∆AF, captures changes in semantic–spatial relationships even
when the local visual features remain plausible. The final term, ∆A∆F, represents the inter-
action between appearance and relational changes. Therefore, the relation representation
responds jointly to changes in both feature content and inter-patch relations.

This decomposition provides an intuitive explanation for the behavior of relation re-
scoring. Changes in component presence, position, or connectivity can perturb the attention
structure or its interaction with otherwise plausible patch features, allowing the relation
representation to respond even when local appearance remains close to normal. In contrast,
for highly localized surface defects, the anomaly is already well represented by the local
feature perturbation ∆F, while relation aggregation can spread or attenuate that local
evidence. Therefore, relation re-scoring should be viewed as a complementary mechanism
that is expected to be most effective when anomaly evidence arises from semantic–spatial
inconsistency rather than isolated appearance changes. This decomposition provides
the theoretical basis for the proposed re-scoring: it extends anomaly evidence from local
feature deviation to deviations in the compatibility between visual content and its expected
semantic–spatial context.

Figure 1. Overview of the proposed relation prototype re-scoring framework. The visual transformer
produces patch features and position-aware self-attention, which togethers form relation-aggregated
features. Category-wise relation prototypes are constructed from normal training images. During in-
ference, the L2 deviation from the normal prototype yields a relation map. The resulting relation
map is finally fused with the original anomaly map, enabling logical-anomaly sensitivity without
modifying the baseline detector or introducing additional learnable parameters.
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3.3. Position-Aware Attention and Feature Extraction

Let ei(x) denote the visual embedding of patch i and pi its positional embedding.
The input token for patch i is

Z(0)
i (x) = ei(x) + pi. (5)

At transformer layer ℓ, q-k self-attention is computed as

A(ℓ)(x) = softmax

(
Q(ℓ)(x)K(ℓ)(x)⊤√

d

)
, (6)

where the softmax is applied along the key dimension. Because Q(ℓ) and K(ℓ) are derived
from tokens initialized with both visual and positional embeddings and subsequently
updated through repeated self-attention and feed-forward transformations, A(ℓ) encodes
appearance-dependent semantic–spatial relations among image patches. This does not
imply that the transformer enforces an explicit coordinate-based rule; rather, it indicates
that inter-patch affinities are jointly conditioned by visual evidence and the positional
structure provided to the transformer.

For each selected layer ℓ, we first average the attention matrices across heads after
removing the CLS-token row and column, resulting in a patch-to-patch attention matrix
Â(ℓ)(x) ∈ RN×N . The remaining patch-to-patch attention matrix is then row-normalized
so that each patch distributes unit attention over the remaining patch tokens before fea-
ture propagation. The relation-aggregated representation is obtained by averaging the
propagated features over the selected layers:

M(x) =
1
|L| ∑

ℓ∈L
Â(ℓ)(x)F(x), (7)

where L denotes the set of transformer layers used for relation extraction. In the main
AnomalyCLIP experiments, L contains the final five transformer layers.

The feature source is chosen to match the underlying anomaly detector. WinCLIP
uses its CLIP patch representations, AnomalyCLIP uses DPAM-enhanced patch features,
and AA-CLIP uses its adapted anomaly-aware patch features. For AnomalyCLIP, we
construct the relation graph from the original q-k self-attention rather than the DPAM v-v
attention, while using the DPAM patch features as the propagated content. This design
follows the distinct roles of the transformer components. The q-k attention matrix explicitly
represents pairwise attention affinities that determine how information is propagated
across patches, making it a natural representation of semantic–spatial relations. In contrast,
DPAM v-v attention is designed to enhance dense anomaly features through value-based
aggregation. Although it can also define patch affinities, the ablation results show that it is
less effective than q-k attention as the relation graph when DPAM features are used as the
propagated content.

3.4. V1: Attention-Difference Relation Score

V1 serves as a preliminary ablation to examine whether deviations in attention affini-
ties alone provide sufficient evidence for logical anomaly detection.

For category c, the normal attention prototype is constructed by averaging the attention
matrices of normal training images:

Ac =
1

|Dn
c |

∑
x∈Dn

c

A(x). (8)
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For test patch i, V1 measures deviations in both its outgoing and incoming attention affinities:

SV1
i (x) =

1
2N

N

∑
j=1

(
|Aij(x)− Ac,ij|+ |Aji(x)− Ac,ji|

)
. (9)

The outgoing term measures how the attention assigned by patch i to other patches deviates
from the normal prototype, whereas the incoming term measures deviations in how other
patches attend to patch i. Therefore, V1 evaluates changes in the attention-based relation
structure without considering the visual content transmitted through those relations. It is
an attention-difference score rather than a feature-distance score.

3.5. V2: Feature-Relation Prototype

V2 is the final relation formulation, while the proposed detector output is obtained by
fusing the V2 relation map with the unchanged baseline anomaly map. It uses self-attention
as a relation operator over patch features.

For patch i, the relation-aggregated feature is defined as

Mi(x) =
N

∑
j=1

Aij(x)Fj(x), M(x) = A(x)F(x), (10)

where Aij(x) determines the contribution of patch j to the relation representation of patch i.
For simplicity, A(x) denotes the layer-averaged attention defined in Equation (7). For each
category c, a spatially indexed normal relation prototype is constructed by averaging the
relation features of normal training images:

Pc =
1

|Dn
c |

∑
x∈Dn

c

M(x). (11)

Then, the relation anomaly score for patch i is computed as the Euclidean distance between
the observed relation feature and its corresponding normal prototype:

SV2
i (x) = ∥Mi(x)− Pc,i∥2. (12)

The resulting patch-level scores are reshaped to the token grid and bilinearly upsampled to
the input image resolution. Unless otherwise stated, the relation map is defined as Srel = SV2.

The relation prototype remains sensitive to spatial layout through two complementary
mechanisms. First, the attention affinities are derived from transformer tokens that incor-
porate positional embeddings. Second, the prototype preserves each patch position instead
of pooling all relation features into a single order-invariant representation. As a result, each
patch is compared with the normal semantic–spatial context expected at the corresponding
location, allowing displacement, absence, duplication, and invalid co-occurrence to appear
as mismatches from the category-specific configuration.

This spatially indexed formulation assumes approximate spatial correspondence
between normal reference and test images and is therefore best suited to controlled indus-
trial inspection settings in which the object occupies a similar position, scale, orientation,
and viewpoint. Exact pixel-level registration is not required because the comparison is
performed on patch-level relation representations; nevertheless, geometric changes large
enough to shift semantic components to different patch locations can increase the relation
score even for normal samples. Consequently, robustness may degrade under substantial
translation, scale variation, in-plane rotation, viewpoint change, or object misalignment,
as discussed in Section 5.4.
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3.6. Relation Map Fusion

The standalone relation map is evaluated to quantify the information supplied by
V1 and V2, but it is not intended to replace the base detector. The final method com-
bines V2 with the baseline anomaly map so that logical-relation evidence is added while
the detector’s original local-defect response is retained. Let S̃base denote the normalized
anomaly map produced by the underlying detector and S̃rel the normalized relation map
computed by V1 or V2. We consider the general fusion form of Equation (3). This for-
mulation includes relation-only inference, equal fusion, and weighted combinations as
special cases. In particular, we evaluate S = S̃rel, S = S̃base + S̃rel, and weighted variants:
S = S̃base + αS̃rel (0 < α < 1) or S = βS̃base + S̃rel (0 < β < 1).

The relation map is treated as a substantial source of anomaly evidence rather than
merely as a weak refinement term, so its contribution is not assumed a priori to be small.
At the same time, fusion remains essential to the proposed formulation because it retains
the baseline detector’s appearance-based evidence. We therefore evaluate multiple fusion
strategies to determine an appropriate balance between the two cues.

3.7. Map-Based Image-Level Scoring

The proposed relation map is generated after the detector’s forward pass and there-
fore does not alter the CLS-token representation used by existing image-level classifiers.
To evaluate the image-level contribution of the relation map itself, we derive image scores
directly from the anomaly maps. Image-level scoring is performed on the raw anomaly
maps rather than on the normalized maps used for spatial fusion. Although per-image
min–max normalization is suitable for combining spatial maps within an image, it removes
the absolute score scale required for comparing anomaly scores across different test images.

For an anomaly map S, the image score can be computed as

sr(x; S) =
1

Kr
∑

p∈TopKr(S)
Sp, Kr = max(1, ⌊rHW⌋), (13)

for r ∈ {0.01, 0.05}, together with the maximum score. In this study, Top-5% (r = 0.05) is
used as the primary image-level score, since logical anomalies typically occupy localized
part-level regions rather than appearing as isolated peak responses.

The raw image scores produced by the base and relation maps may follow different
category-dependent distributions. We therefore standardize them using category-specific
statistics estimated exclusively from normal training images:

zm
c,r(x) =

sr(x; Sm)− µm
c,r

σm
c,r + ϵ

, m ∈ {base, rel}. (14)

The standardized scores are then combined with equal weights:

sfuse
c,r (x) = zbase

c,r (x) + zrel
c,r(x). (15)

3.8. Computational Overhead

The proposed relation module requires no additional network training. Relation pro-
totypes are constructed by a single forward pass over the normal training images without
backpropagation or parameter optimization. At inference, the attention matrices are al-
ready available from the transformer forward pass, so the additional computation is limited
to relation-feature aggregation, prototype comparison, and map fusion. The dominant
operation is the matrix multiplication AF, whose computational complexity is O(LN2C)
for L selected transformer layers, N patch tokens, and feature dimension C.
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The relation prototype requires storing one N ×C feature matrix per category, resulting
in a memory complexity of O(NC) per category. In the main AnomalyCLIP configuration
(37 × 37 patch tokens), the proposed method introduces only a small computational and
memory overhead.

Because it introduces no learnable parameters and requires no retraining, checkpoint
modification, or architectural change, the proposed module can be incorporated into
existing CLIP-based anomaly detectors as a post hoc plug-in.

4. Experiments
4.1. Experimental Setup

Datasets. MVTec LOCO AD serves as the primary benchmark. It contains five
industrial object categories and provides image- and pixel-level annotations for both
logical and structural anomalies [14]. CAD-SD is a single-category screw-assembly dataset
introduced with SA-PatchCore [24]. Following the anomaly definitions provided with
the dataset, we regard Over-coupling and Lacking as logical anomalies involving incorrect
component composition or co-occurrence, whereas Scratch and Paint are treated as local
surface anomalies. Since CAD-SD does not provide pixel-level ground-truth masks, we
report only image-level results on this dataset. MVTec AD contains 15 industrial categories
with image- and pixel-level annotations for local surface and structural defects [3]. It is used
as an additional benchmark for measuring generalization to conventional local anomalies.

Baselines and checkpoints. AnomalyCLIP is used as the primary development
baseline. We use its official implementation and the checkpoint trained on VisA [32] that
is released through the official repository [41]. WinCLIP is included as a training-free
CLIP-based reference and therefore requires no anomaly-detection checkpoint trained on
a source dataset. AA-CLIP is included as a stronger anomaly-aware baseline. Since no
official pretrained checkpoint was available, we trained AA-CLIP on VisA using the official
implementation [42]. Unlike its default 32-shot setting, we used the full VisA training set,
and the final-epoch checkpoints were used for all experiments. Detailed training settings
are provided below.

The VisA-trained AnomalyCLIP and AA-CLIP checkpoints are kept fixed when evalu-
ating MVTec LOCO AD, CAD-SD, and MVTec AD. Thus, no anomalous sample or anomaly
annotation from any target benchmark is used for detector training or checkpoint adapta-
tion. For the proposed method, only normal training images from the corresponding target
category are used to construct the relation prototypes. Prototype construction requires only
forward inference and does not update detector parameters. For CAD-SD, the text prompt
category is specified as screw assembly.

Implementation details. AnomalyCLIP and AA-CLIP use the CLIP ViT-L/14@336px
backbone, whereas WinCLIP uses ViT-B/16-plus-240 with LAION-400M pretrained weights
(laion400m_e31). AnomalyCLIP uses the official VisA-trained checkpoint, while AA-CLIP
uses the VisA-trained full-shot adapters described above. Input images are resized using
bicubic interpolation and center-cropped to 518 × 518 for AnomalyCLIP and AA-CLIP and
to 240 × 240 for WinCLIP, followed by standard CLIP normalization. These resolutions
yield relation-feature grids of 37 × 37, 15 × 15, and 37 × 37, respectively. For V2, the patch
features are ℓ2-normalized, and the relation graph is obtained from the last five visual-
transformer blocks; patch-to-patch attention is averaged over heads and row-normalized
after removing the class token. The resulting relation maps are bilinearly upsampled,
and ϵ = 10−6 is used for numerical stability. The original detector-specific anomaly-map
computations are retained, including Gaussian smoothing with σ = 4, and all detector and
relation-module settings are fixed across datasets without dataset-specific tuning.
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For AA-CLIP, full-shot training uses the official preprocessing and augmentation pipeline.
The text and image adapters are trained for 5 and 20 epochs using Adam (β1 = 0.5, β2 = 0.999),
with learning rates of 1 × 10−5 and 5 × 10−4 and batch sizes of 16 and 2, respectively; the
random seed is fixed to 111. Images are resized to 518 × 518 and normalized using the
standard CLIP statistics; the official geometric augmentations are applied during adapter
training, with additional color augmentation used only for the image adapter.

Normal reference images. The proposed relation module is training-free but uses
normal reference images from each target category to construct category-specific relation
prototypes. Unless otherwise specified, all normal images in the official training split are
used, without limiting the number of prototype samples. MVTec LOCO AD uses 1778 nor-
mal reference images across five categories (351 for breakfast box, 335 for juice bottle, 372 for
pushpins, 360 for screw bag, and 360 for splicing connectors). CAD-SD uses 400 normal images
for its single screw assembly category. MVTec AD uses 3629 normal images across 15 cate-
gories, ranging from 60 (toothbrush) to 391 (hazelnut) images per category. The sensitivity to
the number of normal reference images is analyzed in Appendix B.1.

Metrics. Dense anomaly localization is evaluated using pixel-level area under the
receiver operating characteristic curve (AUROC) and per-region overlap (AUPRO). Image-
level detection is evaluated using image AUROC and average precision (AP), where the
image anomaly score is computed from the top 5% of the raw anomaly map as described in
Equation (13). Because the proposed relation module modifies dense anomaly maps rather
than the detector-specific image scoring functions, both the baseline and the proposed
variants are evaluated using a common map-derived image scoring protocol. A common
map-derived image score is used for all detectors because their original implementations
employ different image-level scoring mechanisms. Using the same aggregation protocol
allows the effect of the proposed relation re-scoring to be compared under a unified evalua-
tion criterion rather than being influenced by detector-specific image-score definitions. All
metrics are computed separately for each object category and then averaged across object
categories. Pixel-level evaluation uses the normalized localization maps in Equation (3),
whereas image-level evaluation uses the raw anomaly scores in Equations (13)–(15).

Model-selection protocol. The proposed method contains no learnable parameters.
All design choices (attention source, number of attention layers, propagated feature layer,
positional cue, image-level aggregation strategy, and fusion formulation/weights) were
determined through the design-ablation study using AnomalyCLIP on the MVTec LOCO
AD logical split. No separate validation split was created. After fixing a single configuration,
the same settings were applied without modification to WinCLIP, AA-CLIP, CAD-SD,
and MVTec AD.

4.2. Main Logical-Anomaly Results on AnomalyCLIP

Table 1 reports the category-averaged results of AnomalyCLIP on the logical-anomaly
split of MVTec LOCO AD. Here, V1 denotes the attention-difference relation map, whereas
V2 denotes the feature-relation map constructed from attention-aggregated patch features.
V1 alone achieves only 51.0 pixel AUROC and 11.0 AUPRO, indicating that attention-
affinity deviations alone provide limited localization capability. Fusing V1 with the baseline
improves the localization performance to 52.4 AUROC and 24.3 AUPRO, but both remain
below the baseline results of 53.9 AUROC and 28.7 AUPRO. At the image level, V1 reaches
59.6 AUROC and 60.9 AP, while fusion with the baseline retains 59.6 AUROC but reduces
AP to 59.2. These results indicate that attention-difference information can increase the
overall anomaly response, but the resulting map remains too spatially diffuse to serve as a
reliable dense localization cue.
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Table 1. Results on the logical-anomaly split of MVTec LOCO AD using AnomalyCLIP. Pixel and
image metrics are averaged across object categories. The best results are marked in bold. The proposed
Baseline + V2 configuration achieves the best overall logical-anomaly performance, demonstrating
that the feature-relation map (V2) complements the original anomaly map more effectively than the
attention-difference map (V1).

Method Pixel AUROC Pixel AUPRO Image AUROC Image AP

Baseline 53.9 28.7 50.5 54.0
V1 only 51.0 11.0 59.6 60.9
Baseline + V1 52.4 24.3 59.6 59.2
V2 only 74.2 51.7 71.1 74.6
Baseline + V2 (Proposed) 74.4 52.7 71.7 74.0

In contrast, V2 alone achieves 74.2 pixel AUROC and 51.7 AUPRO, substantially out-
performing both the baseline and V1. This demonstrates that the proposed feature-relation
representation provides a much stronger cue for logical anomaly localization. Combining
V2 with the baseline yields the best overall results of 74.4 pixel AUROC, 52.7 AUPRO,
and 71.7 image AUROC, corresponding to absolute gains of 20.5, 24.0, and 21.2 percentage
points over the baseline, respectively. These gains show that the effect of relation re-scoring
is substantial on the primary logical-anomaly task. Although V2 alone achieves a slightly
higher image AP than the fused result, the proposed fusion consistently provides the
best overall balance between image-level detection and pixel-level localization. Therefore,
reporting both “V2 only” and “Baseline + V2” distinguishes the intrinsic capability of
the proposed relation scoring from its complementary effect when integrated with the
baseline detector.

Category-wise results are provided in Appendix C.1, Tables A6 and A7. The improve-
ments are observed across multiple object categories rather than being dominated by a
single category, while also revealing differences between improvements in global image
ranking and dense region localization, particularly for the screw bag category.

4.3. Generality Across WinCLIP and AA-CLIP

Table 2 evaluates the proposed relation formulation on two additional CLIP-based
anomaly detectors, WinCLIP and AA-CLIP. The same post hoc computation is applied
across detectors while each detector, its parameters, and its original anomaly map re-
main unchanged.

For WinCLIP, V2 alone substantially improves logical anomaly detection, increasing
pixel AUROC from 51.2 to 70.1, pixel AUPRO from 27.1 to 41.6, and image AUROC from
55.5 to 69.4. Although the fused result remains better than the original baseline, it is slightly
inferior to V2 alone in the localization metrics. Compared with AnomalyCLIP, the larger
improvement observed for WinCLIP suggests that the proposed relation representation
is particularly beneficial when the underlying baseline provides relatively weak patch-
wise localization. In this case, the relation cue becomes the dominant source of logical
anomaly evidence.

AA-CLIP exhibits a slightly different behavior. V2 alone achieves the highest image-
level performance, with 66.4 AUROC and 68.7 AP. At the pixel-level, it preserves a similar
pixel AUROC, but substantially reduces pixel AUPRO, indicating less accurate region
coverage than the baseline. Integrating V2 with the baseline yields a small numerical
increase in pixel AUROC from 62.9 to 63.6, while improving pixel AUPRO from 45.8 to
48.4 and image AUROC from 50.9 to 63.1. Given the small magnitude of the pixel-AUROC
difference, we do not interpret this change alone as evidence of a statistically meaningful
improvement. In contrast, Baseline + V1 yields only modest gains in AUPRO and the
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image-level metrics, reduces pixel AUROC, and remains clearly weaker than Baseline + V2
for localization.

Table 2. Generalization of the proposed relation formulation to WinCLIP and AA-CLIP on the logical-
anomaly split of MVTec LOCO AD. The best results are marked in bold. The results demonstrate
that the proposed feature-relation formulation generalizes across different CLIP-based detectors,
although the magnitude of the improvement depends on the baseline representation.

Baseline Method Pixel AUROC Pixel AUPRO Image AUROC Image AP

WinCLIP

Baseline 51.2 27.1 55.5 59.3
V1 only 56.1 24.3 62.1 60.0
Baseline + V1 55.5 27.2 60.2 61.6
V2 only 70.1 41.6 69.4 70.9
Baseline + V2 (Proposed) 65.8 39.3 69.4 70.7

AA-CLIP

Baseline 62.9 45.8 50.9 55.6
V1 only 51.4 11.5 57.2 58.8
Baseline + V1 59.3 46.2 55.2 57.1
V2 only 61.8 32.6 66.4 68.7
Baseline + V2 (Proposed) 63.6 48.4 63.1 65.7

Although AA-CLIP achieves the strongest baseline performance on the logical-
anomaly split, V2 is less effective with AA-CLIP than with AnomalyCLIP or WinCLIP, both
independently and after fusion. This contrast indicates that baseline anomaly-detection
performance and compatibility with relation-based modeling are not necessarily correlated.
The effectiveness of V2 therefore depends not only on the strength of the underlying de-
tector but also on whether its feature representation preserves information suitable for
semantic–spatial relation modeling.

Overall, the results demonstrate that the proposed feature-relation formulation gen-
eralizes consistently across different CLIP-based anomaly detectors despite their sub-
stantially different localization mechanisms. Complete category-wise localization and
image-detection results for WinCLIP and AA-CLIP on the logical-anomaly split of MVTec
LOCO AD are provided in Appendix C, Tables A10, A11, A14, and A15.

4.4. Positioning Against Logical-Anomaly-Specific Methods

Table 3 positions the proposed method relative to recent logical-anomaly-specific
approaches in terms of their required supervision, additional resources, and modeling
assumptions. Therefore, the reported image-level performance should be interpreted as a
qualitative comparison rather than a controlled leaderboard.

PSAD relies on manually annotated component masks to train an additional seg-
mentation network and construct multiple component- and patch-level memory banks.
SALAD removes manual component annotation but still requires a pseudo-label generation
pipeline based on DINO [39] and SAM-HQ [43], training of a component segmentation
network, and discriminative learning with synthetic logical anomalies. ObjectCore de-
pends on few-shot support images together with an open-world object detector and a
mask-generation model. LogicQA avoids task-specific training and annotation but re-
lies on a large pretrained vision–language model and repeated question-generation and
question-answering inference.

These methods explicitly model object composition, component relationships, or logi-
cal reasoning, providing strong priors for image-level logical anomaly detection. There-
fore, their reported AUROC is obtained under substantially different supervision,
reference-data, computational, and modeling assumptions, making direct performance
comparison inappropriate.
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Table 3. Comparison with representative logical-anomaly-specific methods on the logical-anomaly
split of MVTec LOCO AD. Image AUROC values are taken from the respective publications. The im-
age AUROC of the proposed method corresponds to the AnomalyCLIP Baseline + V2 fusion. The re-
sults are reported for reference because the methods rely on different supervision, auxiliary models,
and inference settings. The comparison highlights that the proposed method improves logical-
anomaly capability without introducing additional supervision, auxiliary networks, or task-specific
logical reasoning modules.

Method Required Supervision or
Reference Data

Additional Models and
Logical Modeling Output Image

AUROC

PSAD [25]
Manually annotated component
masks and additional unlabeled
normal images

A separately trained component
segmentation network, together
with component histograms,
composition embeddings,
and patch-level memory banks

Image-level anomaly score with
component- and segment-level
anomaly evidence

98.1

LogicQA [28]
A few normal reference images; no
manual annotation or
task-specific training

A pretrained VLM generates and
answers questions about component
presence, quantity, and
spatial arrangement

Image-level decision with a
natural-language explanation;
no dense anomaly map

87.6

SALAD [29]

Normal training images,
automatically generated
composition pseudo-labels,
and synthetic logical anomalies

DINO and SAM-HQ generate
pseudo-labels, followed by training
of a component segmentation model
and a discriminative
composition branch

Image-level anomaly score and
segmentation map 96.1

ObjectCore [30] A few normal support images;
4-shot results are reported

A fine-tuned open-world object
detector and a mask-generation
model, followed by object-level
bipartite matching

Image-level decision with
object-level anomaly attribution 80.8

Proposed

Normal training images only; no
component labels, anomaly samples,
manually specified logical rules,
or selected support shots

No separately trained auxiliary
module; semantic–spatial relations
from the CLIP visual transformer are
summarized as normal
relation prototypes

Map-derived image-level score
and dense pixel-level
anomaly map

71.7

In contrast, the proposed method introduces no additional annotations, object detec-
tors, mask generators, synthetic logical anomalies, or explicit reasoning modules. Instead,
it exploits the semantic–spatial relationships already encoded in pretrained CLIP features
and constructs only normal relation prototypes. The objective is not to replace dedicated
logical-reasoning systems or convert the baseline into a logical-anomaly-specific model.
Instead, the unchanged baseline map is fused with relation evidence extracted from the
same transformer, extending sensitivity to logical anomalies while retaining the detector’s
original dense anomaly pathway and requiring no separate logical-analysis pipeline.

4.5. Results on Structural Anomalies

Table 4 reports the corresponding results on the structural-anomaly split of MVTec
LOCO AD. Unlike logical anomalies, structural defects are typically characterized by
localized appearance changes, making accurate local evidence more important than rela-
tional context.

For AnomalyCLIP, V1 remains ineffective, achieving only 59.4/12.8 pixel AU-
ROC/AUPRO and 46.9/42.5 image AUROC/AP. Baseline + V1 restores much of the
lost local information (71.7/52.2), but still does not reach the baseline performance. V2
alone also substantially degrades region precision. Although Baseline + V2 achieves the
best pixel AUROC and image-level performance, it lowers pixel AUPRO compared with
the baseline, indicating that relation modeling improves pixel ranking and image-level
detection but does not consistently preserve accurate defect regions.
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Table 4. Results on the structural-anomaly split of MVTec LOCO AD. Pixel and image metrics
are averaged across object categories. The best results are marked in bold. The results show that
relation modeling is complementary to local appearance evidence for structural defects rather than a
replacement for it.

Baseline Method Pixel AUROC Pixel AUPRO Image AUROC Image AP

AnomalyCLIP

Baseline 74.8 57.7 67.9 68.1
V1 only 59.4 12.8 46.9 42.5
Baseline + V1 71.7 52.2 65.4 65.0
V2 only 77.7 41.7 64.3 60.2
Baseline + V2 (Proposed) 81.1 54.7 72.8 72.8

WinCLIP

Baseline 77.3 42.4 62.4 58.4
V1 only 70.9 35.9 55.3 48.8
Baseline + V1 74.2 44.8 61.3 56.7
V2 only 75.1 44.5 64.9 57.7
Baseline + V2 (Proposed) 80.8 54.9 67.5 63.7

AA-CLIP

Baseline 89.7 76.5 65.9 65.2
V1 only 59.2 12.5 48.9 45.0
Baseline + V1 88.1 68.9 53.5 49.4
V2 only 69.8 34.7 53.2 48.1
Baseline + V2 (Proposed) 89.2 73.7 64.0 60.8

For WinCLIP, the proposed V2 fusion improves both pixel AUROC (77.3 to 80.8) and
pixel AUPRO (42.4 to 54.9), demonstrating that relation context can complement a relatively
weak local anomaly map. In contrast, Baseline + V1 provides only a modest AUPRO gain
and decreases the other three metrics.

AA-CLIP exhibits a different behavior. The baseline already achieves the strongest
structural localization (89.7 pixel AUROC and 76.5 AUPRO), while both Baseline + V1
(88.1/68.9) and Baseline + V2 (89.2/73.7) reduce localization performance. Furthermore,
both relation-only variants remain substantially below the baseline, indicating limited
compatibility between AA-CLIP’s anomaly-aware features and the proposed relation
representation for structural defects in this setting.

Appendix C, Tables A8, A9, A12, A13, A16, and A17 provide the complete category-
wise results. Overall, the effectiveness of relation modeling is considerably more dependent
on the underlying detector for structural anomalies than for logical anomalies. These
results also explain why Baseline + V2, rather than V2 only, is the proposed configuration:
retaining the baseline map substantially restores local-defect evidence.

This observation is consistent with the nature of the two anomaly types. Structural
defects usually produce strong local appearance changes that are already captured by
patch-level representations, so replacing or averaging these responses with contextual
information can weaken localization accuracy. In contrast, logical anomalies often exhibit
only subtle local appearance changes, making deviations in semantic–spatial relationships
a more informative cue. These complementary characteristics define the scope of the
proposed relation modeling.

4.6. External Validation on CAD-SD

Table 5 reports image-level results on CAD-SD, where Over-coupling and Lacking are
treated as logical co-occurrence anomalies, while Scratch and Paint represent surface defects.
The results provide external evidence that relation-based scoring is particularly effective
for detecting co-occurrence violations.

https://doi.org/10.3390/electronics15184293

https://doi.org/10.3390/electronics15184293


Electronics 2026, 15, 4293 17 of 42

Table 5. Image-level results on CAD-SD. Logical comprises the Over-coupling and Lacking subsets,
whereas Surface comprises Scratch and Paint. Only image-level metrics are reported because CAD-SD
does not provide pixel-level annotations. The best results are marked in bold. The proposed relation
map is particularly effective for logical anomalies, whereas surface anomalies remain primarily
dependent on local appearance cues.

Baseline Subset Method Image AUROC Image AP

AnomalyCLIP

Logical
Baseline 50.0 27.8
V2 only 96.0 91.5
Baseline + V2 (Proposed) 92.0 80.8

Surface
Baseline 99.1 97.8
V2 only 100.0 100.0
Baseline + V2 (Proposed) 100.0 100.0

WinCLIP

Logical
Baseline 36.5 22.1
V2 only 98.7 97.4
Baseline + V2 (Proposed) 93.8 88.6

Surface
Baseline 76.6 62.6
V2 only 54.8 31.8
Baseline + V2 (Proposed) 74.3 57.5

AA-CLIP

Logical
Baseline 18.5 18.1
V2 only 68.1 54.8
Baseline + V2 (Proposed) 31.7 20.7

Surface
Baseline 91.1 86.7
V2 only 72.6 42.8
Baseline + V2 (Proposed) 93.9 90.9

For AnomalyCLIP, V2 alone increases logical-anomaly AUROC from 50.0 to 96.0 and
AP from 27.8 to 91.5. Baseline + V2 also substantially outperforms the baseline, although it
does not retain the full gain of the relation-only score. On the surface subset, all variants
achieve nearly saturated performance, making it difficult to assess anomaly-type specificity
from AnomalyCLIP alone.

WinCLIP provides the clearest separation between the two anomaly types. V2 alone
improves logical AUROC from 36.5 to 98.7 and AP from 22.1 to 97.4. In contrast, its surface
AUROC/AP decreases from 76.6/62.6 to 54.8/31.8. Baseline fusion recovers much of the
lost surface performance but remains slightly below the baseline. This contrast indicates
that relation scoring is highly informative for co-occurrence violations but cannot replace
the local appearance evidence required for surface-defect detection.

AA-CLIP exhibits a similar pattern. V2 alone raises logical AUROC from 18.5 to
68.1 and AP from 18.1 to 54.8, while reducing surface AUROC/AP from 91.1/86.7 to
72.6/42.8. Baseline + V2 retains only part of the logical improvement but slightly improves
the surface baseline to 93.9 AUROC and 90.9 AP. Together with the WinCLIP results,
this consistent pattern indicates that relation-only scoring is particularly effective for co-
occurrence anomalies, whereas fusion with the local baseline is important for preserving
appearance-based defect evidence.

Overall, the consistent behavior across all three detectors supports the intended role of V2:
it captures violations of normal semantic–spatial relationships that may not produce a strong
local appearance shift. In contrast, surface anomalies are more directly represented by local
feature deviations and therefore benefit less consistently from relation-only scoring. Complete
results, including the corresponding V1 variants, are provided in Appendix D, Table A18.
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4.7. Additional Evaluation on MVTec AD

Table 6 further evaluates the proposed method on MVTec AD, a widely used bench-
mark that primarily contains structural and surface defects. The results show that relation-
only scoring cannot generally replace the local anomaly evidence required for this setting.

Table 6. Results on MVTec AD. The best results are marked in bold. The results indicate that relation
modeling is most beneficial for categories containing stronger structural or configurational changes,
while remaining complementary to local appearance evidence.

Baseline Method Pixel AUROC Pixel AUPRO Image AUROC Image AP

AnomalyCLIP
Baseline 88.2 80.5 91.6 96.4
V2 only 80.9 51.4 84.9 92.8
Baseline + V2 (Proposed) 89.2 77.5 95.1 97.9

WinCLIP
Baseline 83.0 58.9 87.6 94.2
V2 only 88.3 70.2 87.8 94.3
Baseline + V2 (Proposed) 90.3 77.5 91.8 96.5

AA-CLIP
Baseline 91.0 88.0 92.0 96.3
V2 only 73.2 48.0 78.4 90.6
Baseline + V2 (Proposed) 89.5 81.6 94.4 97.3

For AnomalyCLIP, Baseline + V2 improves pixel AUROC from 88.2 to 89.2 and also
increases both image-level metrics. However, pixel AUPRO decreases from 80.5 to 77.5,
indicating that the fused response improves overall pixel ranking but produces less precise
region-level localization. V2 alone performs substantially below the baseline, further
showing that relation context is insufficient as a standalone cue for many MVTec AD defects.

For WinCLIP, relation modeling is consistently beneficial. Even V2 alone outperforms
the baseline across all pixel- and image-level metrics, improving pixel AUROC/AUPRO
from 83.0/58.9 to 88.3/70.2. Baseline + V2 further increases performance to 90.3/77.5 with
corresponding improvements in image AUROC and AP. Unlike the other detectors, these
results indicate that relation modeling itself provides a stronger anomaly representation
than the original WinCLIP baseline, while baseline fusion further combines complementary
local and relational evidence.

AA-CLIP shows a different fusion outcome. Its baseline already achieves 91.0 pixel
AUROC and 88.0 AUPRO, whereas Baseline + V2 reduces these metrics to 89.5 and 81.6,
respectively, despite improving image-level detection. Together with the decrease in
AnomalyCLIP AUPRO and the weak relation-only results, this finding shows that relation
context does not consistently improve dense localization when local structural cues are
already captured effectively by the transferred baseline.

Overall, the effectiveness of V2 on MVTec AD depends strongly on the underlying
detector. For WinCLIP, relation modeling alone already provides a stronger anomaly
representation than the original baseline, and fusion further improves performance by
combining local and relational cues. In contrast, AnomalyCLIP and AA-CLIP continue
to rely primarily on local texture, boundary, and material evidence for accurate dense
localization. As detailed by the category-wise results, relation re-scoring is most helpful for
categories containing orientation, component, or configuration changes, whereas texture-
dominated categories with strong baseline responses show smaller or negative changes.
Complete V1/V2 results and category-wise baseline and fusion results are provided in
Appendix E, Tables A19 and A20.
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4.8. Ablation Studies and Design Analysis

We evaluate the principal design choices on the logical-anomaly split of MVTec LOCO
AD using AnomalyCLIP. Table 7 summarizes the main comparisons, while complete
parameter sweeps are reported in Appendix B, Tables A1–A3.

Table 7. Main design ablations on the logical-anomaly split of MVTec LOCO AD using AnomalyCLIP.
Early-fusion variants use the preliminary formulation (Sbase + αSrel) with the best evaluated α,
whereas the attention-graph comparison reports relation-only V2 results. The final configuration
combines the selected q-k relation map with the baseline map using equal weights. The best results
are marked in bold.

Design Factor Configuration Pixel AUROC Pixel AUPRO

Baseline AnomalyCLIP 53.9 28.7

Relation content Position-only relation (best early fusion) 55.7 31.2
Raw-feature prototype (best early fusion) 63.2 38.2
Attention-propagated feature relation, i.e., V2 (best early fusion) 63.9 39.0
V2 + explicit position (best early fusion) 63.9 38.7

Attention graph DPAM v-v graph (V2 only, last 5 layers) 70.6 46.7
Original q-k graph (V2 only, last 5 layers) 74.2 51.7

Final combination q-k relation + equal fusion with baseline (β = 1) 74.4 52.7

Relation content. The first block of Table 7 compares four relation representations.
The position-only relation replaces semantic feature similarity with patch-coordinate infor-
mation, so that relation propagation depends only on spatial proximity. The raw-feature
prototype directly compares each patch feature Fi with the normal feature prototype at the
same spatial index, without attention-based feature propagation. The attention-propagated
feature relation corresponds to the proposed V2 formulation without the additional explicit
position term, where the patch features are propagated through the attention graph before
constructing the position-indexed normal prototype, whereas the fourth variant combines
the attention-propagated semantic features with an explicit coordinate-derived position
term. Under the preliminary early-fusion formulation, the position-only configuration
achieves 55.7 pixel AUROC and 31.2 AUPRO, providing only a modest improvement over
the AnomalyCLIP baseline of 53.9/28.7. The raw-feature prototype substantially improves
performance to 63.2/38.2, showing that position-indexed normal feature statistics them-
selves provide a strong anomaly cue. The attention-propagated feature relation further
improves performance to 63.9/39.0. Adding an explicit coordinate-derived positional term
produces 63.9/38.7 and therefore does not improve upon the attention-propagated feature
result. The complete relation-weight sweep in Table A1 of Appendix B shows the same
overall ordering.

These results show that position-indexed feature prototypes account for a substan-
tial portion of the improvement, while attention-based feature propagation provides an
additional gain. However, explicit coordinates are not the primary source of the gain.
Spatial information is already incorporated through the visual transformer: positional
embeddings affect attention formation across layers, while the category-specific prototype
(Pc,i) retains the expected patch index. Consequently, the attention-propagated feature rela-
tion (V2) can characterize deviations from a semantic–spatial relation pattern without an
additional absolute-coordinate term. Explicit positional cues may also introduce sensitivity
to alignment, scale, or viewpoint variation.

Attention graph. The second block compares the attention representation used to
define the relation graph. Using relation maps aggregated from the last five layers, DPAM
v-v attention obtains 70.6 pixel AUROC and 46.7 AUPRO, whereas the original q-k attention
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reaches 74.2/51.7. Because both configurations use V2 only, the difference directly reflects
the choice of relation graph rather than its fusion with the baseline.

This comparison supports the use of q-k attention as the semantic–spatial graph
for message passing. The q-k representation describes contextual dependencies between
patch queries and keys, while DPAM features provide the anomaly-sensitive content
propagated through these dependencies. In contrast, using the same v-v mechanism to
define the relation affinity and produce the anomaly-aware feature content may yield less
complementary information.

Table A2 in Appendix B further evaluates the number of aggregated attention layers
and the feature source. The one-, three-, and five-layer v-v variants remain relatively close,
with the best AUROC and AUPRO obtained by different aggregation depths. The selected
last-five-layer q-k configuration nevertheless outperforms all evaluated v-v alternatives
on both metrics. Using the preceding feature layer instead of the final layer also reduces
performance under the v-v setting, supporting the use of late semantic features.

Fusion formulation and weight. The final row of Table 7 combines the selected q-k
relation map with the baseline anomaly map. Equal weighting, corresponding to β = 1 in
βSbase + Srel, achieves the best overall result of 74.4 pixel AUROC and 52.7 AUPRO. This
slightly improves upon the relation-only q-k result of 74.2/51.7, indicating that the baseline
retains complementary local anomaly evidence.

The complete fusion analysis in Table A3 of Appendix B explains the transition from
the preliminary to the final formulation. Under Sbase + αSrel, performance improves con-
tinuously as α increases over the evaluated range, showing that the relation score should
not be treated as only a small correction to the baseline. After reparameterizing the fusion
as βSbase + Srel, performance remains stable across a broad range of β, and equal fusion
yields the highest observed AUPRO while retaining the best AUROC. We therefore fix
β = 1 without category-specific tuning.

Overall, the ablations support three design conclusions. First, spatially indexed feature
prototypes account for a substantial part of the improvement, while attention propagation
provides a further gain; explicit coordinate information alone is considerably less effective
and provides little additional benefit when combined with semantic features. Second,
original q-k attention provides a more effective relation graph than DPAM v-v similarity in
the evaluated configuration. Third, the relation branch provides a major complementary
logical-anomaly cue rather than merely a small correction to the baseline, while equal
fusion preserves complementary local evidence from the baseline.

4.9. Qualitative Analysis

Figures 2–5 present qualitative visualizations of the proposed method on representa-
tive logical, structural, co-occurrence, and surface anomalies using AnomalyCLIP. These
examples illustrate how semantic–spatial relation modeling influences the anomaly maps
and complement the quantitative results presented in the previous sections. The visu-
alizations are interpreted together with the relation formulation in Equations (10)–(12),
highlighting how deviations from the normal semantic–spatial relations contribute to
anomaly localization.

To examine the cross-detector applicability of the proposed relation modeling,
Figure A1 in Appendix A compares results from AnomalyCLIP, WinCLIP, and AA-CLIP
on the same MVTec LOCO AD logical-anomaly examples.

4.9.1. Logical Anomalies on MVTec LOCO AD

Figure 2 compares the AnomalyCLIP baseline, V1 only, V2 only, and their fused
variants on representative logical anomalies from MVTec LOCO AD. The examples include
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missing, misplaced, duplicated, and incorrectly connected components in the breakfast
box, juice bottle, pushpins, screw bag, and splicing connectors categories. The patch-wise
baseline mainly responds to locally unusual appearance and is therefore often weak when
the individual components remain visually plausible but violate the expected product
configuration through their presence, number, position, or connectivity.

V1 measures changes in the attention-connectivity pattern without considering the
feature content propagated through the relation graph. It can respond to broad configu-
rational changes, but its activation is often spatially diffuse or does not align clearly with
the component responsible for the logical violation. In contrast, V2 evaluates whether the
attention-aggregated feature content is consistent with the normal relation prototype at
each patch location. Therefore, it can assign a high anomaly score to a locally plausible
component when that component appears at an unexpected location, replaces an expected
part, occurs in an incorrect number, or participates in an abnormal spatial relationship.

Figure 2. Qualitative comparison on representative MVTec LOCO AD logical anomalies using
AnomalyCLIP. V1 measures changes in attention-connectivity, whereas V2 measures the L2 devi-
ation between attention-aggregated features and normal relation prototypes. Compared with the
patch-wise baseline and V1, V2 more clearly highlights components or expected regions associated
with missing, displaced, duplicated, or incorrectly connected parts, while Baseline + V2 preserves
complementary local anomaly evidence.

This distinction is visible across the examples in Figure 2. For breakfast box and splicing
connectors, V2 produces a more coherent response over the component or region involved in
the configuration error. For pushpins and screw bag, it better reflects changes in component
arrangement or count than the patch-wise baseline. In the juice bottle example, V2 responds
more selectively to the small component associated with the logical violation, whereas
the baseline mainly produces a broader appearance-driven response. These qualitative
observations are consistent with the quantitative results in Table 1, where V1 provides only
limited localization gains, whereas V2 yields substantially stronger pixel-level performance.
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Baseline + V2 combines complementary local and relational evidence. The baseline
preserves responses to locally unusual appearance, whereas V2 highlights components or
expected locations involved in the logical inconsistency. Across several examples, the fused
map produces a clearer response than either the baseline or V1-based fusion, although the
degree of improvement varies across categories.

4.9.2. Structural Anomalies on MVTec LOCO AD

Figure 3 exhibits a different response pattern from the logical anomalies. Structural
defects are typically characterized by localized appearance changes, such as cracks, de-
formations, or boundary irregularities, which are effectively captured by the patch-wise
baseline. Consequently, the baseline generally produces sharper localization than the
relation maps for small structural defects.

Figure 3. Qualitative comparison on representative MVTec LOCO AD structural anomalies using
AnomalyCLIP. The baseline responds more precisely to localized appearance changes, whereas
V2 primarily captures structural changes that influence semantic–spatial relations across multiple
patches. Baseline + V2 combines complementary local appearance and relation cues, with the degree
of improvement depending on the spatial extent of the defect.

V1 exhibits a similar tendency to V2 by responding to broader structural changes
rather than fine local appearance variations. However, because it measures only changes in
attention connectivity, its responses are generally more diffuse and less precisely aligned
with the structural defects than the baseline.

V2 evaluates deviations from normal semantic–spatial relations rather than local
appearance itself. When a defect is confined to a small portion of a patch, it may not
substantially alter the contextual relations between neighboring patches, resulting in a
relatively weak relation response. This behavior is evident in the juice bottle and splicing
connectors examples, where the baseline localizes the structural defects more precisely than
V1 and V2.

In contrast, when the structural anomaly affects a larger semantic region, both V1 and
V2 respond more strongly. The breakfast box example shows that V2 produces a more coher-
ent response over the defective food region, indicating that larger structural modifications
can also alter the semantic–spatial relations captured by the proposed representation.

These observations are consistent with the quantitative results in Table 4. The baseline
remains more effective for fine local defects, whereas relation modeling provides comple-
mentary structural evidence when a structural change affects a broader semantic region
or inter-patch geometry. Although the visual effect of fusion is not consistently distinct
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across these examples, the quantitative results indicate that combining local appearance
and relation cues can still benefit particular metrics and categories.

4.9.3. Co-Occurrence and Surface Anomalies on CAD-SD

Figure 4 further illustrates the different behaviors of the proposed relation modeling
on co-occurrence and surface anomalies in CAD-SD. Over-coupling and Lacking violate
the expected relationships between otherwise normal assembly components while largely
preserving their local appearance. Consequently, the patch-wise baseline often produces
relatively weak or incomplete responses because the individual screw and nut components
remain visually plausible.

Figure 4. Qualitative comparison on representative CAD-SD anomalies using AnomalyCLIP. V2
produces clear responses to co-occurrence anomalies (Over-coupling and Lacking) by highlighting
disrupted component relations, whereas surface anomalies (Scratch and Paint) remain primarily
characterized by local appearance changes. Baseline + V2 combines complementary local appearance
and relation cues.

V1 shows a similar qualitative tendency to V2 by responding to changes in component
configuration. However, its responses are generally more diffuse and less focused on the
components responsible for the co-occurrence violation. Incorporating the propagated
feature content in V2 produces more coherent responses over the altered assembly, making
the distinction between normal and abnormal configurations more evident.

As a result, V2 responds strongly to the altered assembly configuration in both Over-
coupling and Lacking, highlighting the affected components or their expected locations.
The fused map exhibits a similar response pattern, indicating that the relation cue dominates
the localization of co-occurrence anomalies. These qualitative observations are consistent
with the substantial improvement on the logical subset reported in Table 5.

A different behavior is observed for Scratch and Paint. These anomalies are primarily
characterized by localized texture or color changes rather than changes in component
relationships. Accordingly, the baseline remains the dominant source of localization,
while the relation maps provide relatively weaker responses. The fused maps there-
fore remain visually similar to the baseline, indicating that relation modeling contributes
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less when the anomaly is confined to local appearance without altering the underlying
component configuration.

4.9.4. Structural and Surface Anomalies on MVTec AD

Figure 5 illustrates the behavior of AnomalyCLIP on MVTec AD together with the
proposed V1 and V2 variants. Although MVTec AD is primarily used to evaluate surface
anomalies, its defect types are not uniformly limited to local texture or material changes.
Some samples also involve changes in object orientation, component arrangement, or struc-
tural integrity, making semantic–spatial relation cues potentially informative.

Figure 5. Qualitative results on MVTec AD using AnomalyCLIP. Although MVTec AD primarily con-
tains surface anomalies, some defects also disrupt object-level configuration or component relations.
The baseline remains effective for compact local defects, whereas V2 provides additional responses to
relation-sensitive anomalies such as flipped or displaced components. Therefore, their fusion can
improve localization when local appearance and semantic–spatial relation cues are complementary.

For compact local defects, such as the color anomaly in carpet, the baseline produces a
more precise response, whereas both V1 and V2 are relatively diffuse or weak. This behav-
ior is consistent with the lower V2-only AUPRO reported in Table 6, indicating that relation
modeling alone is not well suited to fine-grained surface localization. In contrast, V2 pro-
vides meaningful responses for relation-sensitive cases. For example, the flipped metal nut
violates the expected object orientation, while the transistor sample contains a large compo-
nent separated from its normal configuration. In these cases, V2 responds to the disrupted
object- or component-level relations rather than only to local appearance differences.

The coexistence of compact surface defects and relation-sensitive anomalies explains
why fusion can improve several aggregate metrics despite the weaker standalone localiza-
tion of V2. For purely local defects, the fused map largely follows the baseline response,
whereas for samples involving abnormal orientation or component configuration, V2
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can contribute complementary evidence. Therefore, the qualitative results support the
quantitative improvement of Baseline + V2 in Table 6: relation modeling does not uni-
formly improve every MVTec AD sample, but it can improve the overall performance by
addressing anomaly patterns that are not fully characterized by local appearance cues.

4.9.5. Interpreting the Relation Maps

The qualitative observations across Figures 2–5 are consistent with the perturbation
analysis in Equation (4). Relation modeling is most effective when an anomaly alters
semantic context or the spatial configuration of object components, producing changes
in both the propagated feature term, A∆F, and the attention structure term, ∆AF. Such
behavior is evident for logical anomalies in MVTec LOCO AD and CAD-SD, as well as
relation-sensitive samples in MVTec AD, where V2 highlights missing, displaced, flipped,
or structurally disconnected components. In contrast, compact local defects primarily pro-
duce localized feature perturbations with limited changes in attention structure, reducing
the contribution of relation modeling.

The visualizations also support the interpretation that the proposed prototypes encode
semantic–spatial rather than purely semantic information. In many examples, V2 responds
not only to the anomalous component itself but also to its expected location or surrounding
semantic context. This behavior is consistent with the use of positional embeddings in
attention computation together with the spatially indexed prototype Pc,i. It also explains
why explicitly appending coordinate information provides little additional benefit, as much
of the required layout information is already represented by the attention graph and the
position-specific prototypes.

Finally, the qualitative results clarify the complementary roles of local appearance and
relation modeling. Relation cues are particularly effective for anomalies involving object
configuration or component relationships, whereas the baseline remains more reliable
for compact texture and material defects. Consequently, the proposed fusion improves
robustness not because either cue is universally superior, but because the two cues respond
to different types of anomalous evidence.

5. Discussion
5.1. What the Relation Prototype Represents

The proposed prototype does not encode an explicit symbolic rule, such as “exactly
one component must be present” or “part A must be connected to part B.” Instead, it
represents the expected attention-aggregated feature at each patch position under nor-
mal configurations. Therefore, it models the first-order statistics of semantic–spatially
conditioned patch features rather than discrete logical constraints.

Semantic information is introduced through detector-specific patch features and
content-dependent attention, while spatial information is retained through transformer
positional embeddings and the position-indexed prototype Pc,i. This representation can
capture distributed dependencies involving component identity, expected location, orien-
tation, and surrounding context without requiring component annotations or manually
defined rules.

The same property also limits interpretability. The proposed method detects deviations
from normal semantic–spatial relations, but it does not explicitly determine whether the
underlying violation is caused by absence, duplication, incorrect count, displacement, or an
invalid connection. Therefore, methods based on explicit component parsing or visual
question answering may remain preferable when exact rule verification or human-readable
explanations are required [25,28,29].
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5.2. Why Image-Level and Pixel-Level Metrics Can Differ

Image-level and pixel-level metrics evaluate different properties of the anomaly re-
sponse. Image AUROC measures whether normal and anomalous images can be separated,
whereas pixel AUROC, AP, and AUPRO depend on how accurately the response overlaps
the anomalous region.

This distinction is particularly evident for V1. Changes in attention connectivity may
produce a detectable image-level signal even when the corresponding heatmap is spatially
diffuse. As a result, V1 can improve image-level separation without providing comparably
accurate localization. V2 produces substantially stronger localization than V1 by evaluating
feature deviations against spatially indexed normal prototypes, with attention aggregation
providing additional contextualization beyond the raw feature representation, but its
performance still depends on the spatial extent and type of anomaly.

Relation-only scoring is particularly effective for anomalies involving missing, dis-
placed, duplicated, flipped, or disconnected components, whereas compact local defects
may remain better localized by the baseline. Fusion can improve pixel-level performance
when the two maps contain complementary evidence, but its benefit need not be uniform
across datasets, backbones, or anomaly types. These observations motivate evaluating both
image- and pixel-level performance and interpreting relation modeling as a complementary
source of anomaly evidence rather than a replacement for local appearance cues.

5.3. Relation to Attention-Based Prior Work

SA-PatchCore also leverages self-attention to improve the detection of co-occurrence
anomalies [24], but it differs from our method in both the role assigned to attention and the
representation on which anomaly scoring is performed. In SA-PatchCore, self-attention is
incorporated into a PatchCore-style feature and memory-bank framework to enhance or
contextualize patch representations before conventional feature-space matching. Therefore,
attention serves primarily as a feature augmentation mechanism, while anomaly detection
remains based on distances between the resulting patch features and stored normal features.

Instead, our method treats attention as a semantic–spatial message-passing operator.
Given detector-specific CLIP patch features F and an attention matrix A, V2 forms the
propagated representation M = AF, where each patch receives semantic feature content
from other patches according to their learned semantic and positional affinities. Rather
than refining appearance features, we explicitly model the distribution of these propagated
relation messages under normal conditions and define anomaly scores as deviations from
category-wise normal prototypes in this relation space. Consequently, the anomaly rep-
resentation is fundamentally different from that of SA-PatchCore: the anomaly score is
computed from relation-message deviations, not from contextualized appearance features.
Although both methods employ self-attention to incorporate contextual information be-
yond local appearance, SA-PatchCore uses attention to improve feature representations for
conventional memory matching, whereas our method uses attention to construct an explicit
semantic–spatial relation representation for training-free relation re-scoring in CLIP-based
anomaly detectors.

5.4. Limitations and Future Directions

The proposed method relies on spatially indexed relation prototypes, assuming that
corresponding semantic components appear at approximately consistent patch locations
across normal and test images. This assumption is generally reasonable for controlled
industrial inspection, where the camera setup and object placement are constrained. How-
ever, translation, scale changes, rotation, viewpoint variation, or object misalignment that
moves normal semantic components across patch locations can produce relation devia-
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tions even in the absence of a true anomaly, potentially increasing false-positive responses.
The current method does not explicitly compensate for such geometric variation. Extending
the framework with object-centric alignment, position-tolerant matching, or pose-invariant
relation representations would improve its applicability to less constrained environments.

Another limitation is that each spatial relation prototype is represented by a single
mean. Although this formulation is simple and training-free, it may not adequately charac-
terize categories with multiple valid layouts, orientations, or component states. Multiple
prototypes, non-parametric relation memories, or probabilistic representations could model
multimodal normal configurations while also providing an estimate of relation uncertainty.
Such uncertainty could further indicate when the relation response is sufficiently reliable to
complement the baseline anomaly map.

The method identifies deviations from normal semantic–spatial configurations but
does not infer explicit logical rules. It can localize an abnormal component or region
without determining whether the underlying cause is an incorrect count, a missing part,
displacement, or an invalid connection. Integrating the dense relation map with component-
level recognition or vision–language reasoning could support explicit verification of these
anomaly types and provide human-readable explanations without discarding the localiza-
tion capability of the proposed representation.

The current implementation computes dense interactions between patch tokens, result-
ing in quadratic complexity with respect to the number of patches. This cost can become
substantial at high input resolutions, where small anomalies require finer tokenization.
Sparse neighborhood propagation, hierarchical token aggregation, or low-rank approxima-
tions could reduce the computational burden while retaining the contextual information
needed for relation modeling.

The design parameters were selected from a single benchmark rather than a separate
validation split. Although the resulting configuration generalized well to different detectors
and datasets without further tuning, future work should investigate validation protocols
that completely separate configuration selection from the final evaluation.

Finally, the proposed method relies on a fixed fusion weight selected empirically using
the alpha- and beta-weighting frameworks presented in Appendix B. Equal-weight fusion
yielded the best overall performance in the AnomalyCLIP-based validation experiments,
but a weight selected for a particular backbone and evaluation setting may not generalize
optimally across datasets or anomaly types. Therefore, adaptive fusion is an important
direction for future work; however, estimating map reliability without anomaly supervision
remains a challenging problem in the training-free setting. Moreover, CAD-SD contains
only a single object category and does not provide pixel-level annotations, which limits
both the statistical characterization of its image-level results and the dense quantitative
evaluation of co-occurrence anomalies. Therefore, the reported CAD-SD results should be
interpreted as external validation rather than as a comprehensive statistical assessment.
Future evaluation on more diverse co-occurrence benchmarks with pixel-level masks
and uncertainty estimates would enable a more comprehensive assessment of relation-
based localization.

6. Conclusions
We presented a training-free relation prototype re-scoring framework that broadens

the sensitivity of existing CLIP-based anomaly detectors to include logical anomalies.
The proposed method treats position-aware visual self-attention as a semantic–spatial
message-passing operator over detector-specific patch features and measures each patch by
its deviation from a category-wise normal relation prototype. Through matched standalone
and fusion experiments, we showed that direct attention differences, represented by V1,
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provide only limited and spatially diffuse anomaly evidence. In contrast, V2 captures
deviations in attention-aggregated feature content and therefore provides substantially
stronger localization cues for anomalies that disrupt expected component identity, position,
orientation, or configuration. The final method combines this relation evidence with the
baseline anomaly map using the empirically selected equal-weight fusion.

Experiments with AnomalyCLIP, WinCLIP, and AA-CLIP demonstrate that the pro-
posed relation re-scoring consistently strengthens logical anomaly localization and map-
derived image-level detection on MVTec LOCO AD. Results on CAD-SD further confirm its
sensitivity to co-occurrence violations, while evaluations on structural and surface anoma-
lies from different benchmarks clarify the complementary roles of local appearance and
semantic–spatial relation cues. In particular, the relation map is most effective for configura-
tional abnormalities, whereas the baseline remains important for compact texture and mate-
rial defects. This anomaly-type dependence is consistent with the intended complementary
role of the proposed relation cue: it is designed to supply semantic–spatial evidence that
is missing from local anomaly maps, not to replace appearance-based detection for every
defect type. Therefore, retaining both maps provides a practical mechanism for adding log-
ical sensitivity while preserving local evidence more effectively than relation-only scoring,
although the benefit of fixed fusion remains detector- and category-dependent.

Unlike approaches that require component annotations, explicit object extraction and
matching, additional composition-model training, or vision–language rule verification,
the proposed framework introduces no learnable parameters and directly exploits relational
information already present in CLIP representations. Therefore, it can be incorporated into
multiple CLIP-based detectors without changing their architecture, checkpoints, or training
procedures. Overall, the results establish attention-guided feature deviation as an effective
representation for dense logical anomaly analysis and provide a simple, general plug-in that
supplements local appearance modeling with sensitivity to semantic–spatial configuration.
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VLM vision–language model
DPAM dense prompt attention module
AUROC area under the receiver operating characteristic curve
AUPRO area under per-region overlap
AP average precision

Appendix A. Cross-Model Qualitative Analysis
Figure A1 presents qualitative comparisons across WinCLIP, AnomalyCLIP, and AA-

CLIP using the same logical anomaly examples from MVTec LOCO AD. Although the three
detectors produce different baseline anomaly maps, the proposed relation re-scoring often
adds responses in regions where the normal semantic–spatial configuration is violated.
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Figure A1. Cross-model qualitative comparison on MVTec LOCO AD logical anomalies. Across
WinCLIP, AnomalyCLIP, and AA-CLIP, relation re-scoring adds responses to semantic–spatial in-
consistencies, although the magnitude and localization quality of those responses vary by detector.
The relative contribution of the relation map reflects differences in the information already encoded
in each baseline patch representation.

The relative contribution of the relation map depends on the underlying detector.
For WinCLIP, relation re-scoring often introduces logical evidence that is only weakly rep-
resented in the baseline map. For AnomalyCLIP, the detector-specific patch representation
produces a strong relation response, resulting in highly consistent standalone and fused
localization. AA-CLIP starts from a stronger anomaly-aware baseline, but the relation map
still provides complementary responses for logical anomalies that are not fully emphasized
by local appearance alone.
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These examples show that the proposed formulation is detector-agnostic at the inte-
gration level: the same relation-prototype procedure can be applied without modifying the
backbone or retraining the detector. Rather than replacing the baseline anomaly map, rela-
tion re-scoring provides an additional semantic–spatial cue whose contribution naturally
varies according to the information already captured by the underlying detector.

Appendix B. Detailed Design and Fusion Ablations
This section provides the detailed ablation results underlying the design choices sum-

marized in Section 4.8. These experiments were conducted once on the AnomalyCLIP logi-
cal split to determine a single fixed configuration that was subsequently used unchanged in
all remaining experiments. The experiments examine three questions: whether the improve-
ment arises from spatially indexed feature prototypes alone or benefits from attention-based
feature propagation, and whether explicit positional cues provide additional information;
which attention and feature representations are most effective for V2; and how the baseline
and relation maps should be combined. Because the full feature–position sweep contains
many configurations with only marginal differences, Table A1 reports the best result for
each relation weight within each cue family, selected over the tested layer counts and,
for the combined cue, over the position weights. Tables A2 and A3 report the complete
configurations used to determine the final attention source, feature layer, and fusion rule.

Table A1. Ablation of raw-feature, attention-propagated feature-relation, and explicit positional cues
on the MVTec LOCO AD logical split. Each entry reports the best result for the corresponding relation
weight α, selected over the tested layer counts. For V2 + explicit position, the result is additionally
selected over position weights {0.1, 0.5, 1.0, 2.0}. All configurations use the preliminary fusion form
Sbase + αSrel. The best results are marked in bold.

Cue α = 0.005 α = 0.01 α = 0.03 α = 0.05
AUROC AUPRO AUROC AUPRO AUROC AUPRO AUROC AUPRO

Position-only 54.1 29.2 54.4 29.4 55.1 29.9 55.7 31.2
Raw-feature prototype 55.4 29.2 56.8 30.4 60.8 34.6 63.2 38.2
Attention-propagated feature relation (V2) 55.4 30.0 56.9 30.7 61.3 35.4 63.9 39.0
V2 + explicit position 55.3 30.1 56.7 31.3 61.2 35.7 63.9 38.7

Table A1 shows that spatially indexed raw-feature prototypes already account for
a substantial portion of the improvement over the baseline. Across the tested relation
weights, the raw-feature prototype consistently outperforms position-only scoring, reach-
ing 63.2 pixel AUROC and 38.2 AUPRO at α = 0.05, compared with 55.7/31.2 for position-
only scoring. Propagating the same feature content through the attention graph provides a
further improvement across the tested weights, reaching 63.9/39.0 at α = 0.05. This com-
parison indicates that the benefit of V2 cannot be attributed solely to attention propagation;
position-indexed normal feature statistics themselves provide a strong anomaly cue, while
attention-based contextual propagation further improves the representation. Adding an
explicit positional term to V2 yields small AUPRO gains at several low or intermediate
relation weights, but it does not improve the best overall result and is slightly inferior in
AUPRO at α = 0.05. Position-only scoring also remains close to the baseline throughout
the tested range, indicating that coordinate deviation alone provides limited evidence for
logical anomalies. Together, these results support the attention-propagated feature relation
as the relation content used in the subsequent analyses, while showing that an additional
coordinate-based score is unnecessary. Spatial information is already retained through
transformer positional embeddings and the position-indexed prototype.
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Table A2. Ablation of attention source, attention-layer count, and propagated feature layer for
V2-only scoring on the MVTec LOCO AD logical split. “v-v” denotes DPAM value–value attention,
whereas “q-k” denotes the original query–key attention. Feature layer −1 is the final layer and −2 is
the preceding layer. The best results are marked in bold.

Attention/Layers/Feature Pixel AUROC Pixel AUPRO

v-v/1/−1 69.9 45.7
v-v/3/−1 70.0 47.1
v-v/5/−1 70.6 46.7
v-v/5/−2 69.6 43.1
q-k/5/−1 74.2 51.7

The v-v results show that V2 is not highly sensitive to the exact number of final
attention layers, with one-, three-, and five-layer aggregation producing comparable perfor-
mance. In contrast, replacing the final-layer patch feature with the preceding-layer feature
reduces both AUROC and AUPRO, indicating that the final anomaly-aware representation
is better aligned with the category-wise relation prototype. The largest improvement is
obtained by replacing DPAM v-v attention with the original q-k attention while retaining
the final-layer feature. This result supports the final design in which q-k attention defines
the semantic–spatial propagation structure and detector-specific patch features provide the
propagated content.

Table A3. Fusion-weight analysis on the MVTec LOCO AD logical split. The upper block evaluates
the relation map as a weighted correction to the baseline, Sbase + αSrel. The lower block assigns
unit weight to the selected V2 relation map and varies the baseline contribution, βSbase + Srel. This
two-stage analysis is used to determine the equal-weight fusion adopted in the final method. The best
results are marked in bold.

Parameterization Weight Pixel AUROC Pixel AUPRO

Sbase + αSrel

α = 0.005 55.7 29.8
α = 0.01 57.4 30.8
α = 0.03 63.2 35.2
α = 0.05 66.8 37.4
α = 0.10 71.0 44.7

βSbase + Srel

β = 0 (V2 only) 74.2 51.7
β = 0.1 74.3 52.0
β = 0.3 74.3 51.9
β = 0.5 74.4 52.2
β = 0.7 74.4 52.5
β = 1.0 74.4 52.7

Table A3 shows that V2 should not be introduced merely as a weak residual correction.
Under the Sbase + αSrel parameterization, performance continues to improve as the relation
contribution increases, indicating that the relation map provides a major source of anomaly
evidence rather than a small refinement to the baseline. The second parameterization
therefore fixes the relation map at unit weight and varies the baseline contribution. Relative
to V2 only, adding the baseline consistently improves AUPRO, while AUROC changes by
at most 0.2 points over β ∈ [0.1, 1.0]. The best result is obtained at β = 1.0, corresponding to
equal-weight fusion. This empirical stability motivates the fixed equal-weight formulation
used in the main experiments.
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Appendix B.1. Sensitivity to the Number of Normal Reference Images

The proposed relation prototype is constructed from normal reference images of each
target category. To examine its dependence on the amount of target-domain normal data,
we vary the number of normal reference images per category on the MVTec LOCO AD
logical split using AnomalyCLIP and the final Baseline+V2 configuration. We evaluate
5, 10, 25, 50, 100, and 200 randomly sampled normal images per category, as well as all
available normal training images (335–372 images per category). For each limited-reference
setting, we report the mean and standard deviation over three random reference subsets;
the All setting uses all available normal images and is therefore deterministic.

Table A4. Sensitivity to the number of normal reference images per category on the MVTec LOCO AD
logical split. Limited-reference results are reported as mean ± standard deviation over three random
reference subsets. All denotes the use of all available normal training images for each category.

References/Category Pixel AUROC AUPRO Image AUROC Image AP

5 71.62 ± 0.42 48.18 ± 0.91 67.45 ± 1.43 69.42 ± 0.99
10 72.79 ± 0.56 50.06 ± 0.64 71.35 ± 0.57 73.31 ± 0.93
25 73.57 ± 0.42 51.47 ± 0.55 71.18 ± 1.00 73.42 ± 1.24
50 73.94 ± 0.23 52.05 ± 0.45 71.79 ± 0.14 73.91 ± 0.37

100 74.22 ± 0.18 52.38 ± 0.08 71.77 ± 0.08 73.87 ± 0.16
200 74.36 ± 0.02 52.80 ± 0.17 71.82 ± 0.23 74.06 ± 0.21
All 74.40 52.68 71.72 74.00

As the number of normal references increases, localization performance improves
progressively and approaches saturation. Pixel AUROC increases from 71.62 with five
references to 73.94 with 50 references and 74.40 when all normal images are used, while
AUPRO increases from 48.18 to 52.05 and 52.68, respectively. Image-level performance
converges even earlier: using only 10 references already yields 71.35 AUROC and 73.31 AP,
compared with 71.72 and 74.00 when all references are used. From 50 references onward,
both image-level performance and the variation across random reference subsets remain
highly stable. These results indicate that the proposed relation prototype benefits from
additional normal references but does not require the complete normal training set to
achieve performance close to the full-reference configuration.

For completeness, the numbers of normal reference images for the 15 MVTec AD
categories are: bottle (209), cable (224), capsule (219), carpet (280), grid (264), hazelnut (391),
leather (245), metal nut (220), pill (267), screw (320), tile (230), toothbrush (60), transistor (213),
wood (247), and zipper (240).

Appendix B.2. Image-Level Scoring Protocol

The main experiments use a unified Top-5% map-derived image score for both the
baseline and the proposed variants because the original CLIP-based detectors employ
different detector-specific image-level scoring mechanisms, while the proposed relation
module modifies dense anomaly maps rather than those detector-specific scoring functions.
To examine whether this unified aggregation substantially distorts the image-level behavior
of the baseline, we additionally report the original AnomalyCLIP image score on the MVTec
LOCO AD logical split in Table A5.

The official AnomalyCLIP image score yields higher baseline performance than the uni-
fied Top-5% map-derived score, improving image AUROC/AP from 50.5/54.0 to 57.3/60.0.
Nevertheless, Baseline+V2 reaches 71.7/74.0 under the unified protocol, remaining sub-
stantially above the original baseline reference. Although these two results are not directly
comparable because they use different scoring functions, the additional comparison indi-
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cates that the observed image-level improvement cannot be explained solely by the choice
of the Top-5% aggregation.

Table A5. Comparison of image-level scoring protocols on the MVTec LOCO AD logical split using
AnomalyCLIP. The official AnomalyCLIP score is reported for the original baseline as a reference,
whereas the common Top-5% map-derived score is used for the controlled baseline–proposed com-
parison throughout the paper.

Method Image Scoring Image AUROC Image AP

Baseline Official AnomalyCLIP 57.3 60.0
Baseline Top-5% map score 50.5 54.0
Baseline + V2 Top-5% map score 71.7 74.0

Appendix C. Category-Specific Behavior on MVTec LOCO AD
This appendix presents the category-wise pixel AUROC, pixel AUPRO, image AUROC,

and image AP for AnomalyCLIP, WinCLIP, and AA-CLIP on both the logical and structural
splits of MVTec LOCO AD. The following analysis focuses on categories that exhibit
distinctive localization, detection, or fusion behavior.

Appendix C.1. AnomalyCLIP

Tables A6 and A7 reveal several category-specific effects beyond the overall logical-
split improvement. The largest localization gains occur for breakfast box, where Baseline + V2
raises AUPRO from 12.8 to 60.5, and for pushpins, where AUPRO increases from 33.5 to
55.9. These categories contain spatially distributed logical violations, and the V2 response
covers the relevant configuration more completely than the baseline map. Juice bottle also
shows a consistent improvement in both pixel and image metrics.

A different pattern appears for screw bag. Baseline + V2 changes pixel AUROC only
marginally, from 61.8 to 61.5, but increases AUPRO from 39.4 to 55.6. This suggests that
V2 improves the spatial extent of the detected region without substantially changing the
overall ranking of anomalous and normal pixels. At the image level, however, neither V2
only nor fusion improves clearly over the baseline for this category, indicating that better
localization does not necessarily translate into stronger image-level separation.

The image results for breakfast box are particularly distinctive: V2 only reaches 98.5 AU-
ROC and 98.6 AP, substantially exceeding the baseline. In contrast, pushpins remains
difficult at the image level despite strong pixel improvements, suggesting that its anoma-
lous regions can be localized without producing a comparably strong global score. Across
all categories, V1 remains substantially weaker than V2 for localization, showing that direct
attention variation is insufficient to explain the category-wise gains.

Table A6. Category-wise pixel-level results for AnomalyCLIP on the MVTec LOCO AD logical split.
Each entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 51.5/12.8 56.7/7.1 51.2/12.2 85.9/59.2 86.1/60.5
juice_bottle 66.6/39.6 51.7/20.9 61.6/27.3 82.4/58.9 82.9/60.1
pushpins 38.1/33.5 52.5/14.4 44.3/28.6 77.6/54.7 76.6/55.9
screw_bag 61.8/39.4 45.9/7.7 55.7/39.0 60.5/54.8 61.5/55.6
splicing_connectors 51.3/18.3 48.4/5.1 49.4/14.5 64.7/30.7 64.9/31.3

Mean 53.9/28.7 51.0/11.0 52.4/24.3 74.2/51.7 74.4/52.7
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Table A7. Category-wise image-level results for AnomalyCLIP on the MVTec LOCO AD logical split.
Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 40.9/46.8 70.7/67.6 64.9/59.1 98.5/98.6 96.7/96.6
juice_bottle 55.3/68.9 57.0/68.4 59.1/70.2 83.2/90.7 84.3/90.9
pushpins 46.6/38.9 53.8/44.2 49.0/39.4 55.0/54.5 55.7/54.0
screw_bag 54.2/55.9 58.5/61.7 59.0/58.6 48.9/55.6 52.1/55.4
splicing_connectors 55.6/59.6 57.9/62.4 66.2/69.0 70.2/73.7 69.9/73.0

Mean 50.5/54.0 59.6/60.9 59.6/59.2 71.1/74.6 71.7/74.0

Tables A8 and A9 show that the effect of relation re-scoring is more category-dependent
for structural anomalies. Baseline + V2 improves pixel AUROC in most categories, with es-
pecially large gains for breakfast box and splicing connectors. However, AUROC and AUPRO
do not always move together. For breakfast box, fusion raises AUROC from 55.2 to 78.6
but lowers AUPRO from 49.2 to 45.1, implying improved pixel ranking but less accurate
region coverage.

The categories with strong baseline localization, such as juice bottle, pushpins, and screw
bag, benefit mainly from retaining the local anomaly map in the fusion. V2 only is con-
siderably weaker in AUPRO for these categories, whereas fusion restores part of the lost
region coverage and, for some categories, slightly exceeds the baseline. At the image
level, Baseline + V2 improves all five category AUROCs and produces the largest gain for
breakfast box. This indicates that relation evidence can strengthen category-level detection
even when its standalone pixel map is spatially diffuse.

Table A8. Category-wise pixel-level results for AnomalyCLIP on the MVTec LOCO AD structural
split. Each entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 55.2/49.2 57.8/5.5 53.8/45.9 76.9/27.4 78.6/45.1
juice_bottle 86.4/77.1 50.1/18.1 77.9/63.2 76.6/44.9 80.0/59.3
pushpins 85.2/59.5 70.7/27.0 83.4/56.7 82.4/54.2 86.5/63.7
screw_bag 87.4/62.5 59.9/5.3 84.9/58.8 81.0/48.8 88.0/63.7
splicing_connectors 59.8/40.2 58.5/8.1 58.6/36.5 71.4/33.2 72.7/41.5

Mean 74.8/57.7 59.4/12.8 71.7/52.2 77.7/41.7 81.1/54.7

Table A9. Category-wise image-level results for AnomalyCLIP on the MVTec LOCO AD structural
split. Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 55.4/62.9 49.9/47.9 59.2/62.4 68.8/72.3 72.4/77.3
juice_bottle 74.9/81.0 49.3/51.0 74.1/80.6 62.7/62.4 76.4/81.6
pushpins 74.3/68.7 41.7/31.8 68.2/60.6 70.7/60.2 78.4/73.2
screw_bag 69.6/67.9 49.3/41.2 65.8/64.4 60.6/55.8 71.0/69.1
splicing_connectors 65.1/60.0 44.4/40.8 59.6/56.8 58.8/50.3 66.0/62.7

Mean 67.9/68.1 46.9/42.5 65.4/65.0 64.3/60.2 72.8/72.8

Appendix C.2. WinCLIP

Tables A10 and A11 show that WinCLIP exhibits pronounced category variation
between V2-only and fused scoring. For breakfast box, V2 only is substantially stronger than
fusion at both pixel and image levels, reaching 86.4/64.0 for pixel AUROC/AUPRO and
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90.2/91.4 for image AUROC/AP. This result suggests that equal fusion with the relatively
weak baseline dilutes part of the stronger standalone relation response.

In contrast, juice bottle benefits clearly from fusion: Baseline + V2 reaches 85.2/59.0 at
the pixel level, exceeding both the baseline and V2 only. This category therefore contains
useful evidence in both the local and relation maps. Splicing connectors shows a related but
distinct pattern. V2 only provides the highest pixel AUROC, while fusion gives the highest
AUPRO, suggesting that the relation map improves anomaly ranking and the baseline
helps refine region overlap.

Pushpins remains the most difficult category. Although V2 improves pixel localization
over the baseline, its image AUROC is lower than the baseline, indicating that localized
relation responses do not aggregate reliably into an image-level score. These category
differences explain why WinCLIP V2 only and Baseline + V2 obtain similar aggregate
image performance despite noticeably different spatial behavior.

Table A10. Category-wise pixel-level results for WinCLIP on the MVTec LOCO AD logical split. Each
entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 56.5/17.2 60.7/25.5 45.4/12.8 86.4/64.0 72.0/40.6
juice_bottle 79.6/45.7 65.5/43.0 80.4/50.6 72.5/40.8 85.2/59.0
pushpins 23.1/20.3 46.1/14.7 43.2/16.5 63.0/28.7 50.4/26.0
screw_bag 56.9/13.7 47.9/20.3 51.1/12.3 60.9/38.4 57.3/21.8
splicing_connectors 39.9/38.7 60.3/17.7 57.2/43.6 68.0/36.0 64.1/49.1

Mean 51.2/27.1 56.1/24.3 55.5/27.2 70.1/41.6 65.8/39.3

Table A11. Category-wise image-level results for WinCLIP on the MVTec LOCO AD logical split.
Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 62.7/68.3 58.3/58.6 58.1/64.9 90.2/91.4 86.0/87.6
juice_bottle 53.1/69.6 72.0/78.3 64.4/75.8 76.2/85.5 76.5/86.6
pushpins 59.6/51.1 55.1/42.1 58.9/48.9 47.8/43.9 56.5/48.9
screw_bag 54.0/59.3 65.2/65.7 64.2/65.8 63.7/62.0 61.0/64.1
splicing_connectors 48.2/48.0 60.0/55.3 55.7/52.8 69.1/71.6 66.8/66.4

Mean 55.5/59.3 62.1/60.0 60.2/61.6 69.4/70.9 69.4/70.7

Tables A12 and A13 show that the effect of relation fusion varies considerably across
structural categories. The largest improvement occurs for juice bottle, where V2 only per-
forms substantially worse than the baseline, yet fusion increases AUPRO from 61.9 to 72.8.
This indicates that the relation response provides complementary evidence that becomes
effective only when combined with the local anomaly map.

A different behavior is observed for screw bag. Here, V2 only already achieves the
strongest standalone localization (82.6/51.4), whereas equal-weight fusion decreases both
AUROC and AUPRO. This category illustrates that the empirically selected fixed fusion
weight is not universally optimal and that the relative contribution of baseline and relation
cues remains category dependent.

In contrast, splicing connectors shows almost unchanged AUROC but a substantial
AUPRO improvement from 54.7 to 63.7 after fusion, suggesting that relation information
mainly improves region coverage while preserving the baseline ranking performance.
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Table A12. Category-wise pixel-level results for WinCLIP on the MVTec LOCO AD structural split.
Each entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 73.4/28.2 78.5/36.6 70.1/33.8 83.6/47.1 81.2/49.3
juice_bottle 89.4/61.9 52.2/47.1 83.8/70.0 54.7/39.7 86.2/72.8
pushpins 70.0/36.0 74.9/30.2 71.9/36.9 75.0/35.0 78.0/43.7
screw_bag 64.7/31.1 72.5/33.2 57.9/27.7 82.6/51.4 70.2/44.9
splicing_connectors 88.9/54.7 76.5/32.5 87.3/55.9 79.6/49.2 88.2/63.7

Mean 77.3/42.4 70.9/35.9 74.2/44.8 75.1/44.5 80.8/54.9

Table A13. Category-wise image-level results for WinCLIP on the MVTec LOCO AD structural split.
Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 51.9/55.2 49.4/50.7 49.3/53.6 72.4/75.1 65.5/70.5
juice_bottle 63.2/65.7 59.7/60.1 65.9/66.5 58.4/55.6 63.5/63.9
pushpins 59.4/48.8 51.0/36.8 56.1/45.1 56.7/38.2 59.4/46.2
screw_bag 72.9/66.9 59.7/45.9 72.1/58.6 80.3/70.2 84.3/79.1
splicing_connectors 64.4/55.5 56.5/50.5 63.0/59.4 56.9/49.6 64.6/58.8

Mean 62.4/58.4 55.3/48.8 61.3/56.7 64.9/57.7 67.5/63.7

Appendix C.3. AA-CLIP

Tables A14 and A15 show that AA-CLIP retains stronger category-specific baseline
localization than the other detectors, but relation evidence remains useful in selected cases.
For juice bottle, Baseline + V2 improves both pixel AUROC and AUPRO, reaching 80.1/52.7.
For screw bag, fusion lowers pixel AUROC relative to the baseline but raises AUPRO from
48.1 to 53.2, indicating improved coverage of the annotated region.

Splicing connectors exhibits an unusual metric pattern. The baseline already achieves
a very high AUPRO of 68.6 despite a moderate AUROC of 58.6. Baseline + V1 further
increases AUPRO to 71.9 while reducing AUROC, whereas V2 only performs poorly in
AUPRO. This suggests that the anomaly response is concentrated in the correct region
but does not rank all anomalous pixels consistently above the background. The category
therefore favors retention of the baseline spatial structure rather than standalone V2 scoring.

At the image level, V2 only produces very strong results for breakfast box and juice
bottle, but equal fusion reduces both scores. The opposite occurs for pushpins and screw
bag, where fusion partially recovers the weaker standalone relation score. Consequently,
the category-wise results illustrate why the AA-CLIP logical result benefits from relation
information overall but does not admit a uniformly optimal balance between standalone
and fused scoring.

Tables A16 and A17 confirm that AA-CLIP already provides highly competitive
structural localization across all categories. Baseline + V2 slightly improves pixel AUROC
for breakfast box and screw bag, but generally does not improve AUPRO. The strongest
baseline categories, screw bag and splicing connectors, already reach AUPRO values above
84, leaving little room for relation re-scoring.

Pushpins is the only structural category for which fusion slightly improves AUPRO
over the baseline, from 69.5 to 70.0, while preserving a similarly high AUROC. In contrast,
splicing connectors shows the largest degradation under Baseline + V2, with AUPRO decreas-
ing from 85.9 to 78.8. This suggests that the relation response can broaden or redistribute
an already precise baseline map in a way that reduces overlap quality.

https://doi.org/10.3390/electronics15184293

https://doi.org/10.3390/electronics15184293


Electronics 2026, 15, 4293 37 of 42

Table A14. Category-wise pixel-level results for AA-CLIP on the MVTec LOCO AD logical split. Each
entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 59.2/24.7 52.6/5.1 57.4/25.1 70.6/33.6 66.9/32.1
juice_bottle 79.7/46.6 54.5/18.6 78.4/46.4 73.0/45.8 80.1/52.7
pushpins 51.8/40.9 52.4/14.8 46.4/40.7 56.9/25.3 53.2/38.8
screw_bag 65.4/48.1 48.4/15.0 63.8/47.1 51.9/41.2 60.3/53.2
splicing_connectors 58.6/68.6 49.1/4.2 50.3/71.9 56.5/17.2 57.4/65.1

Mean 62.9/45.8 51.4/11.5 59.3/46.2 61.8/32.6 63.6/48.4

Table A15. Category-wise image-level results for AA-CLIP on the MVTec LOCO AD logical split.
Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 48.0/58.0 65.0/61.6 54.4/61.1 87.9/88.8 74.1/77.1
juice_bottle 45.6/59.8 59.1/70.9 52.7/65.9 79.2/87.8 66.4/77.5
pushpins 53.5/46.6 54.3/48.4 55.3/47.5 45.8/41.5 51.7/49.2
screw_bag 58.7/59.8 50.2/52.4 56.4/58.5 50.8/56.2 57.5/60.7
splicing_connectors 48.6/53.9 57.2/60.8 57.3/52.2 68.3/69.2 65.6/63.7

Mean 50.9/55.6 57.2/58.8 55.2/57.1 66.4/68.7 63.1/65.7

The image-level results show a similar pattern. Baseline + V2 remains close to the
baseline for pushpins and screw bag, but decreases performance for breakfast box, juice bottle,
and particularly splicing connectors. These category results indicate that the baseline is
already strong and relation scoring provides only limited additional evidence for these
predominantly local defects.

Table A16. Category-wise pixel-level results for AA-CLIP on the MVTec LOCO AD structural split.
Each entry reports pixel AUROC/AUPRO.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 81.0/68.9 55.8/5.5 80.3/54.5 69.8/22.8 84.4/68.0
juice_bottle 89.0/74.2 53.2/18.3 87.8/66.6 68.3/37.8 86.4/70.5
pushpins 91.3/69.5 66.3/15.0 89.3/65.5 75.4/43.6 90.3/70.0
screw_bag 91.5/84.1 63.1/13.8 88.0/71.5 79.0/43.8 92.4/81.4
splicing_connectors 95.7/85.9 57.8/10.1 95.1/86.3 56.5/25.7 92.6/78.8

Mean 89.7/76.5 59.2/12.5 88.1/68.9 69.8/34.7 89.2/73.7

Table A17. Category-wise image-level results for AA-CLIP on the MVTec LOCO AD structural split.
Each entry reports image AUROC/AP.

Category Baseline V1 Only Baseline + V1 V2 Only Baseline + V2 (Proposed)

breakfast_box 53.3/57.0 44.6/45.8 35.4/40.3 49.0/46.4 52.9/51.4
juice_bottle 70.0/77.4 52.5/55.4 68.6/71.3 49.6/52.4 66.3/72.5
pushpins 69.5/63.1 43.4/32.7 48.2/38.7 59.3/50.6 68.9/64.9
screw_bag 67.7/62.9 58.1/50.2 58.7/48.6 55.8/47.7 68.0/61.1
splicing_connectors 69.0/65.5 46.1/40.7 56.7/48.3 52.1/43.3 64.1/54.2

Mean 65.9/65.2 48.9/45.0 53.5/49.4 53.2/48.1 64.0/60.8
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Appendix D. Complete Variant Results on CAD-SD
Table A18 complements the main text by reporting the complete V1 variants in addition

to the baseline and V2 results. For AnomalyCLIP and WinCLIP, V1 improves over the
baseline on the logical subset but remains substantially weaker than V2, indicating that
direct attention-connectivity changes capture only part of the relevant relational structure.

AA-CLIP shows a notable exception: V1 only reaches 93.4 AUROC and 88.2 AP on the
logical subset, clearly outperforming both its baseline and V2-only result. CAD-SD logical
anomalies are defined by over-coupled or missing components within a rigid and repetitive
screw-assembly layout. Such changes directly alter the expected connectivity among
repeated parts, which can make attention-difference scoring particularly discriminative.
However, both V1 and V2 deteriorate markedly when fused with the AA-CLIP baseline.
The shared degradation of both fused variants is consistent with the weak transferred
baseline diluting the stronger standalone relation responses under equal-weight fusion.
On the surface subset, V1 only is consistently weaker than the baseline, further indicating
that direct attention-connectivity changes are better suited to relation-centric configuration
errors than to local appearance defects.

Table A18. Complete CAD-SD variant comparison. Results include the baseline, standalone V1 and
V2 relation maps, and their equal-weight fusion with the baseline. Logical denotes the Over-coupling
and Lacking subsets, while Surface denotes Scratch and Paint.

CLIP Detector Subset Variant Image AUROC Image AP

AnomalyCLIP

Logical

Baseline 50.0 27.8
V1 only 68.3 67.1
Baseline + V1 73.5 68.2
V2 only 96.0 91.5
Baseline + V2 (Proposed) 92.0 80.8

Surface

Baseline 99.1 97.8
V1 only 66.7 43.8
Baseline + V1 99.2 98.3
V2 only 100.0 100.0
Baseline + V2 (Proposed) 100.0 100.0

WinCLIP

Logical

Baseline 36.5 22.1
V1 only 53.5 30.3
Baseline + V1 44.0 25.1
V2 only 98.7 97.4
Baseline + V2 (Proposed) 93.8 88.6

Surface

Baseline 76.6 62.6
V1 only 51.0 28.4
Baseline + V1 70.2 49.5
V2 only 54.8 31.8
Baseline + V2 (Proposed) 74.3 57.5

AA-CLIP

Logical

Baseline 18.5 18.1
V1 only 93.4 88.2
Baseline + V1 68.5 51.5
V2 only 68.1 54.8
Baseline + V2 (Proposed) 31.7 20.7

Surface

Baseline 91.1 86.7
V1 only 60.7 35.2
Baseline + V1 88.0 79.8
V2 only 72.6 42.8
Baseline + V2 (Proposed) 93.9 90.9
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Appendix E. Complete Variant and Category-Wise Results on MVTec AD
Table A19 complements the main text by including the V1 variants. Across all three

detectors, V1 only performs substantially worse than V2 only, indicating that attention-
difference statistics alone do not transfer well to surface-defect localization. Baseline + V1
generally recovers much of the baseline performance but rarely provides additional gains,
suggesting that V1 contributes limited complementary information for MVTec AD. These
observations contrast with the CAD-SD logical results, where V1 can become competitive
on specific relation-centric anomalies.

Table A19. Complete MVTec AD variant comparison. Results include the baseline, standalone V1
and V2 relation maps, and their equal-weight fusion with the baseline. The best results are marked
in bold.

CLIP Detector Variant Pixel AUROC Pixel AUPRO Image AUROC Image AP

AnomalyCLIP

Baseline 88.2 80.5 91.6 96.4
V1 only 52.8 12.1 38.6 68.6
Baseline + V1 85.5 77.2 88.6 95.0
V2 only 80.9 51.4 84.9 92.8
Baseline + V2 (Proposed) 89.2 77.5 95.1 97.9

WinCLIP

Baseline 83.0 58.9 87.6 94.2
V1 only 78.1 49.1 58.4 78.2
Baseline + V1 82.9 64.5 85.2 92.8
V2 only 88.3 70.2 87.8 94.3
Baseline + V2 (Proposed) 90.3 77.5 91.8 96.5

AA-CLIP

Baseline 91.0 88.0 92.0 96.3
V1 only 55.2 11.4 39.3 68.4
Baseline + V1 90.8 83.2 89.4 95.2
V2 only 73.2 48.0 78.4 90.6
Baseline + V2 (Proposed) 89.5 81.6 94.4 97.3

Table A20 shows that the effectiveness of relation re-scoring depends strongly on the
object category. For AnomalyCLIP, the largest improvements occur on bottle, cable, metal
nut, and toothbrush, whereas several texture-dominated categories, including carpet, grid,
and tile, experience reduced localization performance. AA-CLIP exhibits a similar trend,
with gains concentrated on cable, metal nut, and transistor but decreases on categories where
the baseline is already highly accurate.

This behavior is consistent with the characteristics of the underlying defect types.
Although MVTec AD is primarily a surface-anomaly benchmark, several object categories
include defects that alter orientation, component presence, or spatial configuration in
addition to local appearance. Such defects provide relational cues that can be exploited by
relation re-scoring, whereas homogeneous texture anomalies already produce strong local
responses and leave less room for relational refinement. The more uniform gains observed
for WinCLIP are also consistent with its weaker baseline localization, which leaves greater
scope for complementary relation evidence. These trends further support retaining the
baseline map: the relation cue adds sensitivity to configuration changes, while the original
map preserves responses to texture-dominated defects.
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Table A20. Category-wise pixel-level results on MVTec AD for the baseline and the proposed
Baseline + V2 fusion. Each entry reports pixel AUROC/AUPRO.

Category AnomalyCLIP WinCLIP AA-CLIP
Baseline Proposed Baseline Proposed Baseline Proposed

bottle 82.5/78.5 90.8/82.2 78.9/57.4 89.8/75.7 91.2/86.8 90.2/82.0
cable 74.2/60.0 88.7/60.4 68.8/44.3 82.4/53.1 83.8/76.8 88.0/71.8
capsule 93.0/87.6 90.7/80.2 81.4/56.5 90.9/76.7 95.5/93.5 95.7/92.9
carpet 98.4/95.4 93.4/90.2 91.7/66.6 98.6/95.2 99.3/97.7 95.7/91.3
grid 94.2/79.7 85.3/63.0 74.3/39.5 92.7/80.8 97.6/93.9 90.0/75.9
hazelnut 96.9/93.9 95.1/91.6 96.9/83.4 96.0/84.1 97.7/92.7 95.1/82.5
leather 98.7/95.1 97.0/95.3 94.9/84.4 99.2/98.5 99.4/99.3 96.7/97.3
metal_nut 73.2/70.8 90.0/75.2 59.6/34.2 71.3/55.0 70.2/77.3 81.6/73.5
pill 90.7/89.8 85.4/84.6 89.2/54.2 86.6/77.8 84.9/92.9 83.2/91.8
screw 97.2/89.0 90.1/71.3 91.0/69.9 91.0/71.9 98.7/93.9 96.6/88.5
tile 93.2/84.5 88.1/80.1 80.4/57.6 89.0/80.1 88.5/85.8 77.3/66.4
toothbrush 89.4/87.9 96.8/81.7 85.0/67.3 96.0/77.5 95.2/91.0 96.6/90.5
transistor 66.0/55.7 72.8/62.2 77.3/43.8 82.5/63.1 69.2/56.5 74.0/59.0
wood 96.3/90.0 92.9/90.0 86.8/58.3 92.6/85.3 97.2/97.2 93.9/91.8
zipper 79.4/50.0 80.9/53.9 88.7/65.6 95.6/87.4 95.8/85.2 88.6/69.4

Mean 88.2/80.5 89.2/77.5 83.0/58.9 90.3/77.5 91.0/88.0 89.5/81.6
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