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Abstract. Current anomaly detection methods primarily focus on struc-
tural anomalies, while paying insu�cient attention to anomalies that vi-
olate logical constraints. Conversely, top-performing logical anomaly de-
tection approaches address this by modeling global semantic consistency,
but perform poorly on subtle structural anomalies due to inadequate de-
tection granularity. In this paper, we propose LogiCo, a uni�ed frame-
work for Logical and structural anomaly detection via Component-level
feature reconstruction. Unlike existing methods that rely on explicit
global semantic modeling, LogiCo employs a novel component-level fea-
ture reconstruction technique to capture inter-component logical con-
straints. Speci�cally, LogiCo maps pre-trained image features into a dis-
crete component-level feature space and performs collaborative feature
reconstruction at both component and patch levels, enabling it to ef-
fectively detect both logical and structural anomalies. Furthermore, to
address the speci�c challenge of count-related logical anomalies, we inte-
grate a segmentation-map discriminator that extends the model's capa-
bility to identify quantitative inconsistencies. LogiCo achieves state-of-
the-art performance on both logical and structural anomaly detection
across four benchmarks, including MVTec-LOCO, MVTec-AD, VisA,
and Real-IAD, demonstrating its superiority and practical feasibility.
The code is available at https://github.com/cnulab/LogiCo.

Keywords: Logical Anomaly Detection · Surface Anomaly Detection ·

Component-level Feature Reconstruction · Component Segmentation

1 Introduction

Image anomaly detection has emerged as a fundamental problem in industrial
vision. Given the inherent scarcity of defective samples in real-world scenarios,
this task is typically formulated as an unsupervised learning paradigm [12,28,37].
Anomalies are generally classi�ed into two types: structural anomalies and log-
ical anomalies. Structural anomalies are characterized by unseen local visual
patterns, such as scratches, breakage, and stains. In contrast, logical anomalies
represent invalid con�gurations that deviate from production �ows or assem-
bly requirements, such as missing components, incorrect locations, and count

https://github.com/cnulab/LogiCo
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Fig. 1: (a): Examples of structural and logical anomalies. (b): Comparison of the overall
pipelines between LogiCo and global semantic modeling-based methods. (c): Compari-
son of LogiCo with other methods on anomaly detection and localization performance.

anomalies, as illustrated in Fig. 1(a). Prevalent unsupervised anomaly detection
approaches [10, 11, 17, 33, 52, 53] typically model the feature distribution of im-
age patches. While e�ective for structural defects, these methods are intrinsically
constrained by their local modeling schemes, failing to capture long-range logical
dependencies. To mitigate this, recent state-of-the-art (SOTA) logical anomaly
detection methods [14,18,21,31,36] usually employ an additional global detection
branch to learn the global semantic consistency, forming a global-local architec-
ture, as shown in Fig. 1(b). The global branch discards spatial structure, allowing
it to e�ectively capture overall appearance patterns and thereby help identify
logical anomalies. Nevertheless, due to the lack of �ne-grained discriminative
information, the global branch struggles to detect subtle structural anomalies,
which may impair the model's capability for structural anomaly detection. Fur-
thermore, the global branch is typically unable to predict pixel-level anomaly
maps, leading to mismatched anomaly detection and localization results. Cur-
rently, the performance of logical anomaly detection methods in detecting struc-
tural anomalies is still notably inferior to that of specialized structural detection
methods.

To address the above issues, we propose LogiCo, a uni�ed framework for log-
ical and structural anomaly detection. Unlike previous works limited by coarse-
grained global consistency modeling, LogiCo consistently preserves the image's
spatial layout, thereby facilitating precise anomaly detection and localization, as
illustrated in Fig. 1(b). LogiCo consists of three key components: a Component-
level Reconstruction Network (CRN), a Structural Reconstruction Network (SRN),
and a Segmentation Map Discriminator (SMD). Speci�cally, the CRN is trained
to restore discretized component-level feature maps to their normal pre-trained
counterparts, thereby capturing inter-component logical inconsistencies. The
SRN reconstructs �ne-grained local features under cross-attention guidance, en-
abling precise detection of structural anomalies. The SMD models quantity con-
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straints by learning the normal patterns of component segmentation maps, fa-
cilitating the identi�cation of count-related anomalies. Compared with existing
methods, LogiCo signi�cantly extends the scope of detectable anomalies while
preserving high detection accuracy. As illustrated in Fig. 1(c), LogiCo surpasses
existing methods in logical anomaly detection, achieving SOTA performance in
both anomaly detection and localization. For structural anomalies, it achieves
performance comparable to or exceeding that of top-tier methods. Our main
contributions are summarized as follows:

� We propose LogiCo, a uni�ed framework for logical and structural anomaly
detection. LogiCo captures local structural consistency and global logical
constraints in a �ne-grained discriminative space, e�ectively addressing the
limitations of existing methods regarding detection scope and granularity.

� We introduce a novel component-level feature reconstruction technique, which
transforms the complex modeling of multiple logical constraints into a uni�ed
reconstruction paradigm. This allows for the precise detection and pixel-level
localization of logical anomalies without compromising spatial structures.

� LogiCo achieves SOTA logical and structural anomaly detection perfor-
mance on four benchmarks: MVTec-LOCO, MVTec-AD, VisA, and Real-
IAD, demonstrating its e�ectiveness and potential for real-world applica-
tions.

2 Related Work

Structural Anomaly Detection. Structural anomalies are prevalent in �elds
such as industrial manufacturing [3,5,20,40,55] and medical imaging [7,42,43,51],
prompting extensive research. Since such anomalies typically manifest as local-
ized abnormal patterns, existing methods usually employ local feature model-
ing schemes. Among them, reconstruction-based methods [13, 45, 47�49] train
models to learn the normal patterns of images, and identify anomalous regions
via pixel-wise or patch-wise reconstruction. Knowledge distillation-based meth-
ods [2,6,11,17,38] train a student network to learn the normal feature distribution
of the teacher network. In the inference phase, they localize anomalous regions
via patch-level feature comparison. Deep feature embedding-based methods learn
the normal feature distribution during training, for instance, by constructing
memory banks [1, 8, 33] or utilizing normalizing �ows [16, 24, 46]. Subsequently,
anomaly detection is achieved by measuring the deviation between query features
and the learned feature distribution. Despite these advances, the above meth-
ods lack global perception capabilities, and thus often fail in detecting logical
anomalies. Anomaly synthesis-based methods [19, 25, 34, 52] train anomaly de-
tection models using synthetic anomalous samples. These approaches emphasize
that synthetic anomalies can e�ectively simulate real-world anomalies. However,
for logical anomaly detection, synthesizing realistic logical anomalous samples
in either the pixel space or the continuous feature space remains a signi�cant
challenge [39,54].
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Logical Anomaly Detection. Logical anomaly detection focuses on cap-
turing global semantic constraints and long-range dependencies; it has broad
application prospects yet remains underexplored. Bergmann et al. [4] released
MVTec-LOCO, the �rst dataset for logical anomaly detection, and proposed
GCAD, a logical anomaly detection framework based on global-local knowledge
distillation. GCAD employs a global network branch with a low-dimensional bot-
tleneck to learn global context and overall semantic constraints. E�cientAD [2]
inherits the core idea of GCAD and identi�es logical anomalies by comparing the
reconstruction error between two reconstruction networks with di�erent model
capacities. Sugawara et al. [36] observed that E�cientAD remains ine�ective
at detecting certain types of logical anomalies, such as missing components or
count-related anomalies. To address this, they introduced a global detection
branch that disregards inter-component spatial relationships and instead mod-
els global semantic consistency using a Gaussian probability model [32] to predict
image-level anomaly scores. Recent works such as CSAD [18], SALAD [14], and
PSAD [21] have integrated global semantic modeling with component segmen-
tation techniques, achieving SOTA performance in logical anomaly detection.
However, due to the limited detection granularity of the global branch, these
methods struggle with subtle structural anomalies, thereby limiting their prac-
tical application.

3 Method

The overall pipeline of the proposed LogiCo is illustrated in Fig. 2. Given an
input image, LogiCo �rst employs open-vocabulary semantic segmentation to
generate component segmentation maps. Guided by these maps, pre-trained im-
age features are discretized and mapped into a component-level feature space.
During the training phase, LogiCo synthesizes pseudo-anomalous features by
manipulating the segmentation maps. A Component-level Reconstruction Net-
work (CRN) is then trained to restore these features back to their normal, pre-
trained counterparts, thereby capturing underlying logical inconsistencies. For
structural anomalies, LogiCo employs cross-attention guided reconstruction to
compel the Structural Reconstruction Network (SRN) to restore the anomaly
features, ensuring comprehensive recall of the anomalous regions. Additionally,
a Segmentation Map Discriminator (SMD) is integrated to identify irregularities
in segmentation maps, enhancing the detection of quantity-related anomalies.

3.1 Component-level Feature Reconstruction

We employ DINOv3 [35] for feature extraction and open-vocabulary seman-
tic segmentation, which aligns image and text embeddings into a joint embed-
ding space. Speci�cally, for an input image I ∈ RH×W×3, we de�ne a set of
text prompts {P1, P2, . . . , PK} to describe its component categories, such as
{�Peach�, �Orange�,...}, where H and W represent the height and width of the
image, respectively, and K is the number of component types. We then extract
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Fig. 2: Overview of the proposed LogiCo pipeline, which consists of a Component-
level Reconstruction Network (CRN), a Structural Reconstruction Network (SRN), and
a Segmentation Map Discriminator (SMD). The CRN and SRN learn global logical
constraints and local structural consistency to detect logical and structural anomalies,
respectively, whereas the SMD learns quantity rules to identify count-related anomalies.

the pre-trained feature X = ϕv(I) ∈ Rh×w×c and project it into the joint em-
bedding space, yielding Xp = ϕp(X) ∈ Rh×w×cp , where ϕv(·) and ϕp(·) denote
the DINOv3 vision encoder and the projection head, respectively, while c and cp
represent the feature dimensions before and after projection. For text prompts,
we use the DINOv3 text encoder ϕt(·) to embed them into the embedding space
to obtain {P1,P2, . . . ,PK}, where Pk = ϕt(Pk) ∈ Rcp denotes the embedding of
the k-th prompt. Utilizing the shared embedding space between text embeddings
and projected image features, we compute their similarity at each spatial loca-
tion and then generate the segmentation map G ∈ {1, 2, . . . ,K}h×w by assigning
each patch to the component category with the highest similarity:

G(i, j) = argmax
k∈{1,2,...,K}

cos(Xp(i, j),Pk), (1)

where (i, j) denotes the spatial coordinates. Finally, we apply a simple post-
processing procedure to re�ne the segmentation maps, for example by �ltering
out very small connected components. In contrast to recent works [14, 18, 21,
30], we do not rely on overly re�ned segmentation maps to avoid additional
computational overhead.

Based on the generated segmentation map, we transform the pre-trained fea-
ture into a discretized component-level representationXc ∈ Rh×w×c. Speci�cally,
we �rst compute the component prototypes {f1, f2, · · · , fK} via component-level
average pooling:

fk =
1

|Ωk|
∑

(i,j)∈Ωk

X(i, j), (2)

where Ωk = {(i, j)|G(i, j) = k} denotes the spatial indices of the k-th compo-
nent. Then, we construct the discretized feature map Xc via a lookup operation
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Image Segmentation Map Deletion Replacement Addition Erasure

Fig. 3: Examples of segmentation maps generated by various anomaly synthesis meth-
ods.

by assigning the corresponding component prototype to each spatial location:

Xc(i, j) = fG(i,j). (3)

It o�ers two key advantages: (1) The component-level feature map preserves the
image's spatial layout and essential information for logical anomaly detection
while �ltering out irrelevant textural details, thereby facilitating the modeling
of logical consistency. (2) The discretized feature space facilitates anomaly syn-
thesis; speci�cally, by manipulating the segmentation maps during the lookup
phase, we can generate diverse logical anomalies to enhance model training.

We design four anomaly synthesis strategies for LogiCo: component deletion,
replacement, addition, and erasure, as shown in Fig. 3. Deletion: Replacing
the component with its neighboring background to remove it. Replacement:
Replacing one component with another. Addition: Employing CutPaste [25] to
duplicate a component at a di�erent location, thereby increasing the component
count. Erasure: Distinct from Deletion, Erasure only removes partial regions of
a component. When a component consists of a single connected region, Erasure
performs an erosion operation to alter its shape. When it comprises multiple
connected regions, Erasure deletes parts of regions to reduce the component
count. By integrating these methods, we generate diverse anomalous segmenta-
tion maps, which are then used to construct the anomalous component-level fea-
ture maps X ′

c. Subsequently, a Component-level Reconstruction Network (CRN)
ψc is trained to restore these features into their normal pre-trained representa-
tions: XL = ψc(X

′
c) ∈ Rh×w×c. To this end, we optimize ψc with the cosine

distance loss:
LLog = 1− cos(XL, X). (4)

The logical anomaly map SL ∈ Rh×w is de�ned as the patch-wise cosine distance
between the reconstructed features and the original pre-trained features. Our
key insight lies in reconstructing synthesized anomalous features back to pre-
trained features rather than their normal discretized counterparts. This provides
a continuous learning target that facilitates model convergence and prevents
degeneration into trivial solutions. Furthermore, this reconstruction paradigm



LogiCo: A Uni�ed Framework for Logical and Structural Anomaly Detection 7

enhances LogiCo's robustness against segmentation noise; even in the presence
of noisy segmentation maps, the CRN can still generate normal reconstructed
features to avoid false positive detections.

3.2 Cross-attentive Structural Reconstruction

Component-level reconstruction preserves the components' spatial layout, en-
hancing the granularity of logical anomaly detection. However, due to the lack
of intra-component structural information, its capability for structural anomaly
detection remains limited. To this end, we introduce a Structural Reconstruction
Network (SRN) to reconstruct the �ne-grained pre-trained features for structural
anomaly detection:Xs = ψs(X) ∈ Rh×w×c. Similar to the CRN, the loss function
is de�ned as LStr = 1− cos(Xs, X), and the structural anomaly map Ss ∈ Rh×w

is computed as the patch-wise cosine distance. The key challenge in the above
process is controlling the reconstruction capability of the SRN to prevent it from
preserving anomaly cues, which would result in an �identical shortcut� [17,45,49].
To address this, we propose Cross-attentive Structural Reconstruction, a novel
method bridging logical and structural anomaly detection. It utilizes the CRN
to guide the structural reconstruction process, compelling the SRN to restore
anomalous features to their normal representations. Recall that local structural
information is discarded during the feature discretization; consequently, the fea-
ture space of CRN is free of structural anomalies. Meanwhile, it retains the
overall spatial layout of the image, providing a valuable reference for structural
reconstruction. Speci�cally, for the h-th intermediate-layer feature Xh

s ∈ Rhw×c

from the SRN, we extract the corresponding layer feature Xh
L ∈ Rhw×c from the

CRN to re�ne the reconstruction process via a cross-attention mechanism:

Qh = Xh
sW

h
Q, Kh = Xh

LW
h
K , Vh = Xh

LW
h
V ,

X̂h
s = FFN(Attention(Qh,Kh, Vh)), (5)

where Qh,Kh, Vh ∈ Rhw×c denote the query, key, and value matrices, respec-
tively, andWh

Q,W
h
K ,W

h
V ∈ Rc×c are the learnable projection weights.Attention(·)

and FFN(·) represent the attention operation and the feed-forward network,
while X̂h

s is the reconstructed feature map. The above cross-attention operation
uses the anomaly-free Xh

L as the key-value pair, explicitly mapping Xh
s to its

normal representation, thereby enhancing the reliability of reconstruction while
avoiding missed detections. In our implementation, the CRN and SRN adopt
Autoencoder and U-Net architectures of the same depth, respectively. Specif-
ically, we insert a self-attention layer into each CRN block to capture global
semantics and generate guiding features, and place a cross-attention layer at the
corresponding location in the SRN to enable cross-attentive reconstruction. We
omit the residual connection in the standard cross-attention module to prevent
the leakage of anomalous information.
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3.3 Segmentation Map Discriminator

The Segmentation Map Discriminator (SMD) is speci�cally designed to detect
quantity-related logical anomalies. We �nd that learning constraints related
to component quantity is challenging in the feature space, whereas segmen-
tation maps o�er a more intuitive representation. The SMD directly predicts
the anomaly mask based on the segmentation map: SD = ψD(G) ∈ [0, 1]h×w,
where 0 and 1 denote normal and anomalous pixels, respectively. We employ a
lightweight fully convolutional U-Net model as our SMD, trained using synthetic
segmentation map-mask pairs (G′,M), as illustrated in Fig. 3. We optimize the
SMD using Binary Focal Loss [27], denoted as:

LDis = Focal(ψD(G
′),M). (6)

3.4 Training and Inference

We jointly train the di�erent branches within LogiCo, with the overall loss func-
tion de�ned as:

L = LLog + LStr + LDis. (7)

In the inference phase, we omit the anomaly synthesis and perform the same
segmentation and reconstruction steps to obtain anomaly maps SL, Ss, and SD

for the query image. Subsequently, we compute the means and standard devia-
tions of these anomaly maps on the validation set, utilizing these statistics for
normalization and anomaly score fusion:

S = max{SL − µ(SL)

σ(SL)
,
Ss − µ(Ss)

σ(Ss)
,
SD − µ(SD)

σ(SD)
}. (8)

To comprehensively capture diverse types of anomalies, we derive the overall
anomaly map S ∈ Rh×w by taking the element-wise maximum across these
maps. Finally, we upsample S to the image resolution to obtain the pixel-level
anomaly score, while its maximum is used as the image-level anomaly score.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct extensive evaluations on four anomaly detection bench-
marks: MVTec-LOCO [4], MVTec-AD [5], VisA [55], and Real-IAD [40]. MVTec-
LOCO [4] is a benchmark speci�cally designed for logical anomaly detection,
comprising 3,644 images across �ve categories, each featuring diverse logical
and structural anomalies. The MVTec-AD benchmark [5] comprises 5,354 im-
ages across 15 industrial products, where certain categories such as �cable� and
�transistor� contain logical anomalies like missing or misplaced components.
The VisA benchmark [55] comprises 10,821 images across 12 products. Certain
categories present signi�cant challenges due to their intricate structures and the
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Table 1: Comparison of LogiCo with other anomaly detection methods. † denotes
methods speci�cally designed for logical anomaly detection.

Method
MVTec-LOCO MVTec-AD VisA Real-IAD

I-AUC sPRO I-AUC P-AUC P-AP PRO I-AUC P-AUC P-AP PRO I-AUC P-AUC P-AP PRO

PatchCore [33] 75.6 34.4 99.1 98.4 65.8 94.4 94.9 98.5 48.0 91.0 91.7 98.9 39.6 92.8

UniNet [41] 83.0 65.5 99.2 98.6 64.3 95.4 97.9 98.7 45.6 93.0 91.7 99.2 40.9 95.8

INP-Former [29] 79.3 63.0 99.5 98.4 69.6 95.5 98.4 98.7 49.2 93.9 93.2 99.3 48.4 95.6

Dinomaly [17] 83.4 64.8 99.6 98.8 71.2 95.5 98.9 99.3 57.7 94.8 93.7 99.4 48.1 95.7
† GLCF [44] 78.1 63.7 93.9 96.4 49.0 80.5 87.1 96.1 28.5 73.2 85.4 95.1 26.1 75.3

† AnomalyMoE [15] 88.2 63.6 99.5 98.1 67.0 94.4 98.1 99.0 54.6 94.9 90.5 97.8 35.8 83.9
† CSAD [18] 92.9 70.6 95.8 97.7 56.3 86.6 90.6 97.0 31.1 73.7 83.4 96.3 29.8 78.9

† SALAD [14] 93.2 63.3 97.2 96.9 52.6 81.1 97.4 97.4 32.7 75.7 88.8 96.2 30.2 77.9
† LogiCo 96.3 72.9 99.6 98.7 70.2 95.0 98.5 99.3 60.1 93.7 93.8 99.4 53.3 95.3

Table 2: Comparison between LogiCo and other logical anomaly detection methods
on the MVTec-LOCO dataset. † indicates that the results are taken from the original
paper. LogiCo+ denotes LogiCo using SAM-re�ned [22] component segmentation maps.

Method
Fine-grained

Segmentation

Detection (I-AUC) Localization (sPRO)

Logical Structural AVG Logical Structural AVG

GLCF [44] ✗ 72.9 83.2 78.1 58.7 68.6 63.7
†GCAD [4] ✗ 86.0 80.6 83.3 71.1 69.2 70.1

†E�cientAD [2] ✗ 86.8 94.7 90.7 - - -
SALAD [14] ✗ 91.7 94.7 93.2 57.4 69.2 63.3
LogiCo ✗ 96.5 96.0 96.3 63.6 82.2 72.9

PSAD [21] ✓ 97.7 91.3 94.5 - - -
LogSAD [50] ✓ 89.3 91.6 90.4 58.3 78.8 68.6
CSAD [18] ✓ 92.6 93.1 92.9 65.5 75.6 70.6

†SAM-LAD [30] ✓ 95.8 85.5 90.7 85.6 80.7 83.2

LogiCo+ ✓ 97.1 96.2 96.7 76.2 84.6 80.4

presence of multiple target objects. The Real-IAD benchmark [40] comprises
151,050 multi-view images across 30 di�erent products, with some categories
exhibiting subtle structural anomalies that are di�cult to detect. We adopt the
single-view experimental setting, following recent works [23,26,53].

Implementation Details. We utilize DINOv3 ViT-B/16 [35] as our visual
backbone and extract feature maps from the �nal (12th) layer. All images are
resized to a resolution of 512Ö512 for both semantic segmentation and anomaly
detection. For the texture classes in the MVTec-AD dataset [5], we treat them as
a single component and disable the anomaly synthesis and SMD. Otherwise, we
uniformly sample from the four anomaly synthesis strategies and apply the same
con�guration across all other image classes. For the MVTec-AD [5], VisA [55],
and Real-IAD [40] datasets, we hold out 20% of the training images to compute
the means and standard deviations of the anomaly maps for normalization.

Metrics. For the MVTec-AD [5], VisA [55], and Real-IAD [40] datasets,
we evaluate anomaly detection performance using image-level AUROC (I-AUC)
and anomaly localization performance using pixel-level AUROC (P-AUC), av-
erage precision (P-AP), and per-region overlap (PRO) [6]. For the MVTec-
LOCO dataset [4], we employ I-AUC and saturated PRO (sPRO) [4] to evaluate
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Image GT LogiCo CSAD AnomalyMoESALADUniNet Dinomaly

Fig. 4: Qualitative comparison of LogiCo and other methods on logical anomaly de-
tection.

anomaly detection and localization performance, respectively, noting that sPRO
is speci�cally designed for logical anomalies. Following previous work [4, 14,18],
metrics for logical and structural anomalies are computed separately, and their
average is reported as the overall metric.

Baselines. For structural anomaly detection, we use PatchCore [33], UniNet
[41], INP-Former [29], and Dinomaly [17] as our baseline methods. For logical
anomaly detection, we use GLCF [44], AnomalyMoE [15], CSAD [18], SALAD
[14], GCAD [4], E�cientAD [2], PSAD [21], LogSAD [50], and SAM-LAD [30] as
baseline methods. For INP-Former [29], Dinomaly [17], and AnomalyMoE [15],
we use the same backbone and image size as LogiCo to ensure a fair comparison.
To enable a comprehensive and uni�ed evaluation with consistent metrics and
more challenging datasets, we rigorously reproduce the baselines using their
o�cial code, with detailed reproduction protocols provided in the Appendix.
Unless otherwise speci�ed, all reported results are reproduced results.

4.2 Experimental Results

Tab. 1 presents the performance of LogiCo compared to other methods across dif-
ferent benchmarks. Current SOTA methods like Dinomaly [17] and INP-Former
[29] excel on benchmarks focusing on structural anomalies, such as MVTec-
AD [5], VisA [55], and Real-IAD [40]. However, they struggle to generalize to
the logical anomalies present in the MVTec-LOCO dataset [4]. Conversely, meth-
ods explicitly designed for logical anomalies, such as CSAD [18], SALAD [14],
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Image GT LogiCo CSAD AnomalyMoESALADUniNet Dinomaly

Fig. 5: Qualitative comparison of LogiCo and other methods on structural anomaly
detection.
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Fig. 6: Examples of component segmentation on the MVTec-LOCO dataset.

and AnomalyMoE [15], detect logical defects more e�ectively but lag signi�-
cantly behind on benchmarks characterized by subtle structural anomalies, par-
ticularly on the challenging VisA [55] and Real-IAD [40] datasets. In contrast,
LogiCo demonstrates superior performance across all benchmarks. Speci�cally,
it achieves an impressive 96.3% I-AUC and 72.9% sPRO on the MVTec-LOCO
benchmark [4], while performing on par with or even surpassing top-performing
methods on other structural anomaly detection benchmarks. Tab. 2 further re-
ports the logical and structural anomaly detection and localization performance
of di�erent methods on the MVTec-LOCO dataset [4]. Among them, some ap-
proaches [14, 21] achieve strong anomaly detection performance due to their
global semantic modeling capabilities, but perform poorly in anomaly localiza-
tion. In contrast, some methods [18, 30] excel at anomaly localization by lever-
aging �ne-grained segmentation maps, yet show limited performance in anomaly
detection. By comparison, LogiCo achieves a favorable trade-o� between these
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Table 3: Comparison of computational e�ciency between LogiCo and other methods.

Method
Training
Time (h) ↓ Images/s ↑ Performance on MVTec-LOCO ↑

(Log.-AUC/Str.-AUC/Log.-sPRO/Str.-sPRO)

Dinomaly [17] 0.7 30.2 73.71 / 93.04 / 45.83 / 83.74
AnomalyMoE [15] 18.0 15.2 82.79 / 93.57 / 58.36 / 68.78

SALAD [14] 1.7 37.6 91.73 / 94.69 / 57.39 / 69.22
LogSAD [50] 0.2 0.3 89.29 / 91.58 / 58.31 / 78.81
LogiCo 1.0 17.4 96.53 /96.03 /63.63 / 82.16

Table 4: Ablation study results of LogiCo components on the MVTec-LOCO dataset.

CRN SRN SMD Cross-Attn.
Detection (I-AUC) Localization (sPRO)

Logical Structural Logical Structural

✓ - - - 90.88 84.59 67.51 70.07
- ✓ - - 75.34 94.86 53.00 81.55
- - ✓ - 85.63 61.20 58.05 35.21
✓ - ✓ - 96.87 82.47 64.22 62.84
- ✓ ✓ - 86.85 93.84 56.79 80.00
✓ ✓ - - 89.43 94.94 67.71 81.98
✓ ✓ - ✓ 90.05 95.95 68.08 84.71

✓ ✓ ✓ - 95.81 94.82 63.04 81.05
✓ ✓ ✓ ✓ 96.53 96.03 63.63 82.16

two aspects. Moreover, when using �ner segmentation maps, LogiCo obtains
a substantial performance improvement. Figs. 4 and 5 present the qualitative
results of LogiCo and other methods on logical and structural anomalies, re-
spectively. The results demonstrate that LogiCo precisely localizes various types
of anomaly regions, signi�cantly extending the detectable range of existing meth-
ods and emphasizing its feasibility for real-world scenarios.

Fig. 6 displays the component segmentation results of LogiCo on the MVTec-
LOCO dataset. Unlike prior works that rely on elaborate segmentation pipelines
[18, 21, 30, 50], LogiCo adopts a simple open-vocabulary segmentation scheme,
signi�cantly reducing computational overhead. Moreover, LogiCo demonstrates
robustness against segmentation noise. Speci�cally, in the Juice Bottle cate-
gory, it yields an I-AUC of 98.93% and an sPRO of 82.67% (refer to the Ap-
pendix for per-category metrics), despite the segmentation module struggling
to distinguish between speci�c juice types. We attribute this to LogiCo's robust
reconstruction capability, which e�ectively restores normal feature representa-
tions from noisy inputs, thereby mitigating false positives. More experimental
results and analysis on component segmentation are provided in the Appendix.

Tab. 3 compares the computational e�ciency of di�erent methods. The ex-
periments are implemented in PyTorch and conducted on a single Nvidia RTX
5090 GPU. At inference time, we set the batch size to 1 to mimic practi-
cal deployment scenarios. Bene�ting from a simpli�ed component segmentation
pipeline, LogiCo eliminates the need to train an additional component segmenta-
tion model [14,18,21], which shortens its training time and enables it to meet the
practical demands of rapid product iteration and updates. Furthermore, LogiCo
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Table 5: Ablation study results of anomaly synthesis on the MVTec-LOCO dataset.

Anomaly Synthesis
Method

Detection (I-AUC) Localization (sPRO)

Logical Structural Logical Structural

Deletion 85.70 94.64 46.03 81.13
Replacement 88.47 95.44 53.08 82.04

Erasure 90.29 95.81 52.81 82.37
Addition 93.41 95.01 61.45 81.99

Addition+Deletion 93.73 95.24 61.90 82.12
Addition+Replacement 94.58 95.35 62.68 82.09

Addition+Erasure 95.73 95.59 62.29 82.39

Addition+Replacement+Deletion 94.88 95.55 62.84 81.89
Addition+Erasure+Deletion 95.99 95.72 63.36 82.08

Addition+Erasure+Replacement 96.26 95.91 63.65 82.13
All 96.53 96.03 63.63 82.16

Table 6: Ablation study results on di�erent backbones and image sizes.

Backbone Image Size
MVTec-LOCO MVTec-AD

I-AUC sPRO I-AUC P-AUC P-AP PRO

DINOv2-R [9]
2242 94.42 69.48 99.30 98.14 65.98 93.19
4482 95.67 71.85 99.55 98.58 68.09 94.27

DINOv3ViT-S [35] 5122 95.50 70.20 99.49 98.43 68.81 94.37

DINOv3ViT-B [35]
2562 94.78 69.65 99.04 98.33 66.81 93.75
3842 95.59 71.38 99.40 98.47 68.30 94.26
5122 96.28 72.90 99.59 98.68 70.19 95.00

DINOv3ViT-L [35] 5122 95.80 73.88 99.70 98.73 70.98 95.29

achieves a high inference speed of 17.4 FPS at a resolution of 512× 512, thereby
e�ectively balancing anomaly detection performance and e�ciency to meet the
requirements of real-world scenarios.

4.3 Ablation Study

Ablation Study on LogiCo Components. Tab. 4 validates the e�ectiveness
of each component within LogiCo. As a key module of LogiCo, the CRN provides
the primary capability for logical anomaly detection. When used independently,
it achieves a logical-AUC of 90.88% and a logical-sPRO of 67.51%, which outper-
forms a wide range of logical anomaly detection methods [2,4,44,50]. In contrast,
the SRN is mainly responsible for detecting structural anomalies, compensating
for CRN's limitations in this aspect. The introduction of the SRN improves the
structural anomaly detection scores by approximately 10%. Furthermore, by em-
ploying cross-attentive reconstruction, SRN's anomaly detection and localization
performance is further enhanced, with structural AUC and sPRO increasing by
1.01% and 2.73%, respectively, thereby demonstrating its indispensability. The
SMD module is primarily designed to identify quantity-related logical anoma-
lies, thereby expanding the detection scope of LogiCo. However, incorporating
SMD may compromise anomaly localization performance. Since it operates on
segmentation maps devoid of appearance details, it can e�ectively identify the
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Table 7: Ablation study results on di�erent intermediate layers.

Layers
MVTec-LOCO MVTec-AD

I-AUC sPRO I-AUC P-AUC P-AP PRO

Early Layers{1,2,3,4,5,6} 93.33 67.15 99.19 98.00 65.18 94.14

Middle Layers{4,5,6,7,8,9} 93.51 68.83 99.40 98.20 68.84 95.38

Late Layers{7,8,9,10,11,12} 95.70 71.24 99.57 98.36 69.03 95.26

Even-numbered Layers{2,4,6,8,10,12} 95.28 70.68 99.56 98.52 70.34 95.26

Final Layer{12} 96.28 72.90 99.59 98.68 70.19 95.00

anomalous component but fails to pinpoint the precise location of the anomaly
within it. Despite this limitation, we advocate using SMD for products subject
to quantity constraints to improve overall detection performance.

Ablation Study on Anomaly Synthesis. Tab. 5 investigates the impact
of di�erent anomaly synthesis methods. Compared with using a single anomaly
synthesis method, using multiple strategies simultaneously leads to signi�cant
performance improvements. Furthermore, for the MVTec-LOCO dataset, the
Addition and Erasure operations demonstrate superior performance, which
may be attributed to their ability to generate diverse anomalies. Our anomaly
synthesis process operates within a discrete pixel space, facilitating straightfor-
ward customization tailored to the logical constraints of speci�c products. This
�exibility signi�cantly enhances LogiCo's adaptability and scalability across di-
verse application scenarios.

Ablation Study on Feature Extraction. Tab. 6 reports the anomaly de-
tection performance of LogiCo using di�erent backbones and image sizes. When
using the popular DINOv2-R backbone [9], LogiCo consistently delivers excel-
lent results, con�rming its broad e�ectiveness across various pre-trained models.
Furthermore, we observe that performance improves notably as the backbone
size and input image resolution increase; however, this incurs a higher computa-
tional overhead. In this paper, we employ DINOv3 ViT-B [35] with a resolution of
512×512 as the default con�guration to balance performance and computational
e�ciency. Tab. 7 investigates the impact of extracting pre-trained features from
di�erent intermediate layers, using DINOv3 ViT-B as the backbone. For multi-
layer settings, we reconstruct the averaged feature representation. We observe
that LogiCo bene�ts from feature maps at deeper layers; speci�cally, utilizing late
layers improves anomaly detection performance by 2.37% on MVTec-LOCO and
0.38% on MVTec-AD compared to early layers. It is worth noting that LogiCo
achieves the best overall performance when using only the �nal layer. This can
be ascribed to the Gram Anchoring technique [35] employed by DINOv3, which
imposes additional consistency constraints on the �nal layer during pre-training,
enabling it to generate higher-quality feature maps.

5 Conclusion

In this paper, we proposed LogiCo, a uni�ed framework for logical and structural
anomaly detection. LogiCo learns diverse logical constraints via component-level
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feature reconstruction, and extends its detection capability by integrating cross-
attentive structural reconstruction with segmentation map discrimination, e�ec-
tively addressing the limited detection scope and granularity of existing meth-
ods. Speci�cally, LogiCo comprises a component-level reconstruction network,
a structural reconstruction network, and a segmentation map discriminator, all
operating in a �ne-grained discriminative space, enabling e�ective detection of
diverse anomalies. Extensive experiments on multiple benchmarks demonstrate
that LogiCo achieves SOTA performance in both logical and structural anomaly
detection. In future work, we aim to further enhance LogiCo's adaptability across
diverse application scenarios, speci�cally by developing learnable anomaly syn-
thesis strategies and optimization mechanisms.
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