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Abstract. Identifying logical anomalies in industrial settings remains
a significant challenge for conventional anomaly detection methods, as
these defects involve subtle violations of component relationships, quanti-
ties, and arrangements rather than structural flaws. In this paper, we pro-
pose a Neuro-Symbolic Logical Anomaly Detection (NeSy-LAD) frame-
work that integrates deep learning-based visual analysis with explicit
symbolic reasoning to address these complex constraints. At the core of
our approach is the Neural Pattern Discovery (NPD) module, a novel
rule-extraction engine that autonomously identifies component-specific
visual signatures without manual supervision and learns a comprehensive
taxonomy of nine distinct rule types. These symbolic rules are integrated
into a Logic Tensor Network (LTN), enabling end-to-end differentiable
reasoning that grounds logical constraints in visual data. By combin-
ing data-driven feature extraction with symbolic reasoning, NeSy-LAD
provides human-readable explanations of detected anomalies through ex-
plicit rule-violation analysis—a capability no competing method offers—
while achieving competitive detection performance on the MVTec LOCO
dataset. Crucially, all rule parameters are discovered automatically from
normal training images without manual specification, making the frame-
work directly applicable across diverse product categories.

Keywords: Logical Anomaly Detection - Neuro-Symbolic Al - Logic
Tensor Networks - Interpretable Rule Extraction - Visual Pattern Dis-
covery

1 Introduction

Industrial anomaly detection is a crucial task in manufacturing quality control,
aimed at identifying products that deviate from their expected specifications.
Existing methods primarily use feature-based approaches to detect pixel-level
deviations from normal patterns. These approaches have proven effective for
structural anomalies but often fail to capture the complex relationships and
constraints that define logical anomalies. Logical anomalies involve violations
of constraints on the arrangement, quantities, and relationships among compo-
nents, which conventional deep learning approaches often struggle to identify.
For instance, as depicted in Figure 1, verifying that a breakfast box contains
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Fig. 1. Examples of logical anomalies presented in the MVTec LOCO dataset.

the correct components, a juice bottle carries the right label, or a pushpin box
holds the expected number of pins demands relational reasoning beyond pixel
statistics and, critically, requires an explanation that an operator can act on,
not just a binary flag.

In safety-critical production, black-box anomaly scores are insufficient: oper-
ators must know which constraint was violated to intervene effectively. Neuro-
symbolic AI (NeSy) [8] addresses this by combining neural perception with ex-
plicit symbolic reasoning, enabling models to detect violations and explain them
in human-readable terms.

In our preliminary work [6], we introduced the NeSy Logical Anomaly Detec-
tion (NeSy-LAD) framework, which integrates deep learning-based component
segmentation with symbolic rule extraction and logical reasoning. In this paper,
we significantly extend NeSy-LAD through four enhancements: automatic prod-
uct subtype discovery via adaptive clustering with type-specific rule application;
a nine-type rule taxonomy with semantic kernel mapping for human-readable
pattern descriptors; a dual-pipeline architecture separating logical from struc-
tural detection; and Bayesian hyperparameter optimization replacing manual
tuning. Together, these yield substantial performance improvements with richer,
type-aware explanations.

The main contributions of our work are as follows:

— We introduce an automatic product type discovery system that identifies
subtypes within categories using adaptive clustering and applies specialized
type-specific rules for each discovered variant;

— We propose a comprehensive NeSy approach for logical anomaly detection
that integrates an Enhanced Neural Pattern Discovery module that au-
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tonomously learns component-specific visual signatures and extracts a com-
prehensive nine-type rule taxonomy—including multimodal patterns, kernel
relations, co-occurrence, count, area, histogram, presence, color, and patch
histogram rules—with semantic kernel mapping for interpretable pattern de-
scriptors;

— We implement systematic Bayesian hyperparameter optimization using Tree-
structured Parzen Estimator to learn optimal rule-type weights and fusion
parameters, replacing manual tuning; and

— We incorporate a Logic Tensor Network (LTN) [1] reasoning framework that
enables differentiable logical reasoning and provides human-readable expla-
nations of detected anomalies.

2 Related Work

2.1 Logical Anomaly Detection

Traditional methods for industrial anomaly detection have primarily focused on
feature-based techniques. Approaches such as PatchCore [19], SimpleNet [15],
and AST [20] demonstrate strong performance in detecting structural anomalies
but often fall short in identifying logical anomalies, which involve intricate re-
lationships and constraints among components. Early efforts in logical anomaly
detection addressed this challenge by segmenting components and comparing
their region features to stored prototypes in a memory bank [141]. Subsequent
enhancements introduced multiple memory banks to capture both local and
global feature representations [11].

More recent studies employ the Segment Anything Model (SAM) [12] for com-
ponent segmentation, followed by lightweight networks utilizing DINO-derived
features [9], statistical anomaly scoring for zero-shot detection [17], or compo-
sitional modeling strategies like SALAD [7]. While these approaches reduce re-
liance on manual annotations, they lack explicit mechanisms for understanding
and explaining inter-component relationships.

In parallel, vision-language model (VLM)-based approaches have emerged
to address logical anomalies. For example, LogSAD [23] integrates patch-level
and compositional feature matching using VLMs for multi-granularity detection.
LogicQA [13] utilizes VLMs to generate anomaly-relevant questions, enhancing
interpretability, whereas LogicAD [10] incorporates VLM-extracted textual fea-
tures into logical reasoning modules. LogiCode [24] introduces a large language
model-driven pipeline that employs detailed LOCO annotations. However, Log-
icAD and LogicQA are designed primarily for few-shot scenarios, and LogiCode
depends on custom, dataset-specific annotation schemes. Despite the progress
made by these VLM-based methods, their reliance on foundation model reason-
ing rather than explicit symbolic logic frameworks limits their formal reasoning
capabilities and the interpretability of their outputs in structured settings.
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2.2 Neuro-symbolic Systems

Neuro-symbolic systems combine the strengths of connectionist models (neural
networks) and symbolic reasoning (logic-based approaches), offering a unified
paradigm for learning and inference [8]. One notable framework in this space is
the Logic Tensor Network (LTN) [1], which facilitates differentiable logical rea-
soning within neural networks. By jointly optimizing both network parameters
and logical formulas in an end-to-end manner, LTNs enable models to capture
statistical patterns while adhering to explicitly defined logical constraints. This
integration has paved the way for NeSy learning cycles, a conceptual model that
connects neural and symbolic components in a closed feedback loop comprising
three phases: (1) knowledge extraction, where neural models generate symbolic
representations from data; (2) user interaction, where human experts refine the
symbolic knowledge; and (3) knowledge injection, where the refined symbolic
information is reintegrated to guide further neural learning.

Several studies have explored individual components or combinations of these
phases. ERIC [22] presents a method to derive symbolic rules from CNN acti-
vations, thereby offering interpretable insights into the learned representations.
Building on this, Ngan et al. [16] proposed an interactive framework for extract-
ing symbolic rules in radiological imaging, enabling expert feedback to inform
model behavior. In the field of visual reasoning, Serrano et al. [21] introduced a
probabilistic abduction framework that integrates neural networks with vector-
symbolic architectures, learning interpretable rules from visual data and per-
forming inference via probabilistic logic. These neuro-symbolic methods provide
a powerful foundation for logical anomaly detection by enabling models to rea-
son over component relationships, enforce consistency with domain-specific rules,
and offer interpretable explanations for violations of expected logical structures.

3 Methodology

Our Neuro-Symbolic Logical Anomaly Detection (NeSy-LAD) framework tackles
the challenge of identifying logical anomalies through a dual-level system. The
core contribution of this work is the Logical Detection Pipeline, which integrates
deep learning-based component segmentation with a Neural Pattern Discovery
(NPD) module. This module identifies component-specific visual signatures and
extracts a structured taxonomy of nine rule types (e.g., multimodal patterns, re-
lational constraints). These rules are encoded into a Logic Tensor Network (LTN)
to enable differentiable symbolic reasoning. Complementing this, the Structural
Detection Pipeline targets conventional visual anomalies such as scratches and
dents. It utilizes multi-scale feature analysis, drawing on texture, gradient, and
intensity features derived from encoder representations.

By combining these two pipelines, NeSy-LAD offers comprehensive anomaly
detection, capturing both high-level semantic inconsistencies and low-level struc-
tural defects (see Fig. 2).
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Fig. 2. Overview of the proposed pipeline for logical anomaly detection.

3.1 Feature Extraction and Kernel Analysis

We employ a WideResNet-50 backbone pre-trained on ImageNet for feature ex-
traction. In contrast to multi-layer feature aggregation strategies, our approach
leverages only the final convolutional layer, which captures high-level semantic
representations well-suited for reasoning about component identity and spatial
arrangement. Given an input image x € R?°6X256X3 pormalized using ImageNet
statistics, the backbone network produces a final feature map with spatial di-
mensions H x W and C' = 2048 channels. Each channel functions as a learned
semantic pattern detector, capturing specific visual features across the dataset.
We denote these extracted feature maps as f € RT*WXC where each channel
acts as a kernel that responds to particular visual pattern. These feature maps
form the foundation for our component signature discovery process.

3.2 Kernel Activation Extraction

Kernels in the final convolutional layer act as semantic pattern detectors. We
quantify the presence of these patterns by computing a scalar activation value
k¢ for each kernel ¢ € {1,...,C}. To ensure robustness against scale differences
and outliers, we first apply Z-normalization to each feature map channel inde-
pendently, followed by a mean absolute value aggregation:

f(i,j,C) — Hc
Oc+ €

(1)

where . and o, are the spatial mean and standard deviation of channel ¢, and
€ = 1075 ensures numerical stability. This normalization standardizes the re-
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sponse magnitude across different kernels, ensuring that naturally high-activation
features do not dominate the logical reasoning process.

To convert continuous activations into logical predicates, we learn component-
specific thresholds. We consider a generic kernel K. as activated if the value of
that kernel exceeds the 20th percentile of its activation distribution on normal
training samples for component c¢. This establishes a robust lower bound for fea-
ture presence, requiring that a test sample exhibit at least the activation strength
found in the top 80% of normal instances to be considered valid.

3.3 Component Segmentation and Geometric Analysis

We implement the component segmentation module using the DeepLabV3+ ar-
chitecture [5], enhancing it with U-Net-style skip connections [18] to enable
precise pixel-level identification of components. The network processes multi-
scale feature maps extracted from the WideResNet-50 backbone and feeds them
through an Atrous Spatial Pyramid Pooling (ASPP) decoder [1] to produce se-
mantic segmentation maps.

For each segmented component m, we extract a set of geometric features
essential for logical reasoning:

— Normalized Area (A,,): area of the component as a percentage of the
whole image;

— Compactness (M,,): computed as the area/perimeter ratio;

— Aspect Ratio (AR,,): defined as the ratio between height and width of
the component’s bounding box;

— Centroid (z,,, Ym): coordinates of the component’s centroid normalized to
image dimensions.

To define normalcy, we compute the mean yy' and standard deviation o"

for each feature g across normal training samples. We consider a feature in the
normal range if it falls into the pg' & zo7" interval, where 2 is a free parameter
that can be set or learned for each feature.

3.4 Automated Type Discovery and Component Pattern Learning

To automatically determine category structure, we extract a global signature
from each training image that captures its compositional characteristics. The
signature g; = [a;; ¢;; 83 v;] € R combines four feature groups: kernel activation
statistics (a; € R%) including diversity and dominance metrics, normalized area
proportions for each component class (¢; € R7), spatial layout characteristics
(s; € R3) such as component count and distribution entropy, and visual com-
plexity indicators (v; € R3) measuring activation patterns. We perform adaptive
clustering on normalized signatures g; using K-means with silhouette analysis
to automatically discover product subtypes within each category. Product types
represent visually distinct variants of the same category. The silhouette score
S (k) measures cluster quality (ranging from —1 to 1, where higher values indicate
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better-defined clusters) by comparing within-cluster cohesion to between-cluster
separation. We select k* that maximizes S(k) under the constraints S(k) > Tiin
and minimum cluster size of 5. If k* = 1 or S(k*) < 7yin, the category is
single-type and all samples share unified rules; otherwise, the category is multi-
type with k* subtypes, each receiving specialized rules tailored to its specific
configuration. This automatic type discovery enables the framework to handle
products with multiple valid configurations without manual specification, im-
proving detection accuracy by applying configuration-specific constraints rather
than attempting to fit all variants with a single rule set.

For each component m, we compute area-weighted kernel activations and
rank them by importance using a score based on the mean-to-variance ratio. We
select the top kernels as discriminative features. Additionally, we extract texture-
based statistics, including activation strength, diversity, and high-frequency ra-
tios. These features are aggregated into a structured component signature X,,,
which captures both semantic and statistical patterns, supporting efficient eval-
uation and rule-based reasoning.

3.5 Semantic Kernel Mapping for Interpretability

To enable interpretable rule expressions, our framework automatically discov-
ers semantic meanings for discriminative kernels by analyzing their activation
patterns across training samples. For each component m and its discriminative
kernels &k € D,,, where D,, is the top-ranked kernels selected by importance
scores, we compute correlation coefficients between kernel activations and geo-
metric properties A? and ARin, respectively, the normalized area and aspect
ratio as described above. Strong correlations (|p| > 0.3) reveal semantic relation-
ships, enabling automatic assignment of descriptive names. For instance, kernels
with high positive correlation with the normalized area of a specific component
act as detectors of instances where the component is large, while a large negative
correlation with the aspect ratio identifies compact components.

3.6 Enhanced Rule Extraction with Nine-Type Taxonomy

Importantly, while the taxonomy defines nine rule types, all rule parameters
(i.e., thresholds, component identities, statistical ranges, and reliability weights)
are automatically discovered from normal training images without any manual
specification per product. The same taxonomy applies unchanged across all five
MVTec LOCO categories; the number and content of instantiated rules vary au-
tomatically to reflect each product’s complexity. Leveraging learned component
signatures, the Enhanced ERIC framework autonomously constructs a taxonomy
of 9 distinct rule types to comprehensively capture both semantic and structural
anomalies.

Type 1: Multimodal Component Pattern Rules combine visual fea-
tures with geometric constraints to define a component’s normal appearance.
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For each component ¢, we generate a rule requiring satisfaction of both discrim-
inative kernel activations and geometric properties:

Ri(z): ( /\ Kr(x) > 9k> A (/\ featy(z) € [pg £ 20g]> — Normal.(z) (2)

keD.

Rule evaluation employs continuous fuzzy logic for differentiability. We use a
sigmoid function o(10 - (k — 6)) to smooth the decision boundary around the
threshold for kernel satisfaction and a Gaussian-like decay function for geometric
features, ensuring smooth gradients during training.

Type 2: Kernel Relational Rules capture interactions between compo-
nent pairs (mg, mp) . We extract relational features including visual similarity
(Kmy, * Kmy ), contrast (|Km, — Km,|), and spatial metrics (centroid distance, size
ratio). Let F denote the set of extracted relational features between a compo-
nent pair. The rule structure enforces that all features fall within learned normal
ranges:

Ro(mg,mp) : /\ (fj € pj £ 30;) — ValidRelation(z) (3)
JEF

where f; represents the j-th relational feature, and uj, o; are its mean and
standard deviation computed from normal training samples. We employ an auto-
mated discovery process using Gaussian Mixture Models (GMMs) with Bayesian
Information Criterion (BIC) selection to determine the number of distinct rela-
tional patterns that exist, enabling the model to capture multi-modal relational
patterns between component pairs.

Type 3: Component Co-occurrence Rules capture statistical patterns
of component presence across normal training images. The extraction process
analyzes segmentation maps to identify present components and maintains co-

occurrence counters for each component pair. The co-occurrence probability is
__ co-occurrence _count(cq,Cp)
P(Cb‘ca) - presence _count(cq)

. A rule is generated when the conditional
probability exceeds 80%, ensuring only strong associations are captured.

Type 4: Component Count Rules enforce quantity constraints for each
component type by analyzing instance count distributions. We identify separate
instances of each component from binary masks, and we compute statistics as
mean (u$;) and standard deviation (0%;) of the number of instances for com-
ponent c¢. For instance, the breakfast box class has exactly 2 oranges in each
training image; thus, we learn that p%*"?¢ = 2 and o3y*"? = 0. The formal
structure ensures observed counts fall within learned ranges:

Ra(x) : count.(x) € puf £ 20% (4)

Type 5: Component Area Rules detect geometric anomalies through
statistical constraints on component sizes. We compute statistical models from
the normalized area of each component in the training images in the form of
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mean (s, and standard deviation oa,. Nominal samples will satisfy, for all
components, the rule:

Rs(z) : Ac(x) € pa, £ oa, (5)

Type 6: Component Histogram Rules establish statistical baselines for
component area distributions. For each sample i, we compute the histogram
of component areas h() = [A,,,A,,,...,A¢]. The reference distribution is the
mean across training samples: up = % Zfil h(®) while the variability is captured

by standard deviation: oy, = \/ﬁ Zfil (h() — uh)z.

Type 7: Component Presence Rules define binary constraints for com-
ponent existence. Presence frequency f. is computed as the ratio between the
number of training images containing that component and the total number of
training images. Components with high frequencies generate mandatory pres-
ence rules. Low frequencies generate forbidden presence rules. We define two
thresholds 75, and 7; such that:

R fe > T, — required component (6)
T fe <7 — forbidden component

Type 8: Component Color Rules ensure spectral consistency by detecting
discoloration or incorrect fluid types. Rules are generated only for components
with stable chromatic characteristics. Color features are extracted in HSV space
with circular statistics for Hue:

1 1
uy = arctan 2 Tl Z sin(hp),W Z cos(hy) (7)
‘ | peEM¢e ‘ | peEM¢e

where h,, is Hue in radians and M ¢ denotes pixels belonging to component c. For
each valid component, we extract statistical color parameters u$, and o These
parameters define the expected color range used during testing. The formal rule
structure is:

Rs(z) : (AH(c,x) < Tiye N S(c, ) > Smin) — correct_ color,(z) (8)

Type 9: Patch Histogram Rules detect spatial structural anomalies through
multi-scale local pattern analysis. A sliding window extracts patches and com-
putes color histogram vectors hy, € R for each patch. Normal spatial distri-
bution is modeled using multivariate Gaussian distributions. An Anomaly Z-
Threshold (Z7) is learned from held-out validation using 95th percentile with
trimmed statistics: Zp = 225=Hval The learned parameters define the normal

Oval
spatial pattern distribution used during testing. The formal rule structure is:

Ro(x) : (Zscore(x,8) < ZF) — Normal(x) (9)
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3.7 Logic Tensor Network Integration

The Enhanced Logic Tensor Network (LTN) integrates extracted symbolic rules
into a differentiable framework, enabling continuous logical reasoning over learned
component features. Each rule is formalized as a fuzzy predicate, combining ker-
nel activations, geometric properties, statistical attributes, and spatial patterns
into a unified logic-based formulation.

Rule satisfaction is computed using differentiable fuzzy logic operators:

oanp(a,b) =a-b, ¢rur(z,0) =0c((x —0)-10), ¢mpla,c)=1—a+a-c

These operators enable the smooth evaluation of rule conditions, with satisfac-
tion values in the range [0, 1] indicating the degree of compliance.

Each rule j is assigned an initial reliability weight w; € [0, 1] that determines
its influence during inference. These weights are initialized from ERIC confidence
scores, w; = fi(Dyrain), Where f, computes statistical reliability for rule type ¢
from training data Dypain. For statistical rules (count, area, histogram), confi-
dence reflects pattern consistency measured by coefficient of variation; for mul-
timodal rules, it combines geometric stability with discriminative power. Higher
weights indicate more reliable rules that consistently hold across normal samples,
while lower weights indicate rules with greater variability. The LTN also trans-
fers normalization statistics from training (kernel scalers, histogram mean/std,
geometric ranges) to ensure consistent feature scaling during inference. For multi-
type categories, type-specific rule sets ng) are stored for each detected subtype
k.

3.8 Structural Anomaly Detection Pipeline

While the logical pipeline reasons about component relationships and constraints,
the structural pipeline detects physical defects such as scratches, dents, and
surface irregularities through visual feature analysis. This separation enables
independent optimization of both detection paradigms. The structural detector

extracts three complementary feature types from the encoder’s final feature map
fe RH xWxC .

Texture Features: Capture local pattern variations through learned con-
volutional filters:

ftex = Cothex(f); Viex = [,U/tex; Jtex] (]-0)

where figex = AvgPoOl(fiex) and oo, = \/AvgPool(f2,) — p2,, + € provide sta-
tistical texture characterization.

Gradient Features: Detect edge irregularities using Sobel-based gradient

operators:
Ve=8xf, V,=8,xf, m=,/VZ4+V2+te (11)
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where S, and S, are Sobel kernels. The gradient magnitude m is processed
through learned filters:

fgrad = Convgrad(m)7 Vgrad = [Mgrad; max(fgrad)] (12)

Intensity Features: Statistical distribution analysis through higher-order
moments:
Vint = [Ma 0-27'737 74] (13>

where p is mean, o2

tive pooling.

variance, v3 skewness, and 74 kurtosis, computed via adap-

The complete visual feature vector combines all three modalities:
Vyisual = [Vtex; Vgrad; Vint] S Rd (14)

During training on N normal samples {x;}~ ,, we construct a statistical
model of the normal feature distribution:

N N
Ly~ Ly ,
Muormal = N Vvisual(xi)7 O normal = N (Vvisual(xi) - H’normal) +€
i=1 i=1

(15)
For test sample X¢est, structural anomaly is quantified via normalized Maha-
lanobis distance:

. _ d 2
dyors = Vv1sua1(xtcst) H’normal’ Setructural = MiN (Hnorm|’ 10> (16)

O normal 10

where the division by 10 and clamping to [0, 1] ensures bounded anomaly scores
compatible with the logical pipeline.

3.9 Inference in NeSy-LAD

For each test image Xest, kernel activations are extracted and normalized accord-
ing to Section 3.2. In parallel, a DeepLabV3+ generates a pixel-level component
segmentation map and geometric descriptors are extracted from each compo-
nent as described in Section 3.3. A normalized component histogram h € R¥ is
computed from the segmentation map, where hy represents the area proportion
of component class k.

Enhanced LTN Rule Evaluation with Type-Aware Rule Selection, For multi-
type categories, the test image’s global signature gies; is extracted, normalized,
and classified via nearest cluster center ¢*:

7 = argmin | grest — ;2 (17)

where c; are cluster centers from training. The type-specific rule set Rgt*) is
selected; for single-type categories, the unified rule set is used.
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Rule Satisfaction Computation, For each test image, individual rule satisfac-
tions S; € [0,1] are computed using the fuzzy logic operators and rule-specific
formulas defined in Section 3.6. Each rule type (multimodal patterns, relational
constraints, count, area, histogram, presence, co-occurrence, patch histogram) is
evaluated against the extracted features and geometric descriptors.

Hierarchical Weighted Aggregation, The LTN aggregates rule satisfactions
through a two-level hierarchy. First, within each rule type ¢, individual satisfac-
tions are combined using their initial reliability weights w; from Section 3.7:

o DR, Si Wi

S, = (18)
' > jer, Wi

where R; contains all rules of type t. Second, these type-averaged satisfactions
are combined using optimized type-importance weights wy:

ZteT wy - St
ZteT wy

where w} are learned once via Bayesian optimization (Tree-structured Parzen
Estimator with 500 trials on 20% validation data, maximizing image-level AU-
ROC over o € [0.0,0.8] and w; € [0.1,1.0]). This hierarchical scheme enables
fine-grained per-rule control via w; and coarse-grained category control via wy.
The LTN satisfaction is then converted to an anomaly indicator:

SLTN = (19)

SLTN_anomaly =10~ SLTN (20)

Visual-Logical Score Fusion. The structural anomaly score Sgtructural (Sec-
tion 3.8) and logical anomaly indicator SLTN_anomaly are combined using the
optimized fusion weight o* (learned via Bayesian optimization):

Sﬁnal == 04* : Sstructural + (1 - 05*) ‘ SLTN_anomaly (21)

Binary Classification. Continuous anomaly scores Sgna € [0, 1] are converted
to binary predictions using threshold 7% optimized via F1-score maximization
on validation data:

2 - Precision(r) - Recall(7)

7T atgmax it (7) = arg o Precision(7) + Recall(7) (22)
is_anomalous = (Sfpa1 > 7%) (23)

Interpretable Explanations. For each detected anomaly, the system identifies
violated rules (satisfaction < 0.8) and generates human-readable explanations
containing: (1) rule type and category (e.g., multimodal pattern, histogram con-
straint), (2) affected components, and (3) observed versus expected values. This
symbolic reasoning provides transparency into anomaly decisions, addressing the
interpretability limitations of black-box approaches.



Neuro-Symbolic Logical Anomaly Detection with Interpretable Neural Rules 13

o= _

/Breakfast box Logical anomaly: \‘ ------- ———= ———— —— _}

' Missi ts: : Component Presence:
lissing components: Original Image __ Component Segmentation | -  Apple (Comp 2) must be present  0.000 (VIOLATED)

c 1

Missing Oranges (Comp 3) | gewerose 7 Orange (Comp 3) must be present + 0.000 (VIOLATED)
Missing Apple (Comp2) | Area Rule: Granola(Comp 5) should have area between 0.134 and 0.272 > 1.00 (SATISFIED)
! Multimodal Pattern:
- Apple medium compact pattern > 0.000 (VIOLATED)

Banana small compact pattern » 0.933 (SATISFIED)
| Kernel Relational: - B pple Mode 0 correlation » 0.000 (VIOLATED)
| Component Co-occurrence: - Banana implies Apple > 0.000 (VIOLATED)
| Component Count: - Apple should have 1-3 instances  0.00 (Found 0) I

Normal Sample / Logical Anomaly

,4

S e e e e e e
e

Ce
4 Splicing Connector Logical Component Color: \

' _3"0"‘:%" cable color Original image  Component Segmentation | Color Connector Body: Connector_Body should be Red (Hue ~8.2) > 1.000 (SATISFIED)
> Color Cable: Cable should be Yellow (Hue 22.3%) > 0.000 (VIOLATED)

Component Presence:

Connector_Body present > 1.000 (SATISFIED)

Cable present » 1.000 (SATISFIED)
Kernel Relational: - Connector_Body-Cable similarity > 1.000 (SATISFIED)
Multimodal Pattern:

Connector_Body: medium wide pattern (kernel_691 > 0.04) » 0.973 (SATISFIED)
Logical Anomaly Cable: small wide pattern (kernel_956 > 0.007) » 0.929 (SATISFIED) j

_

Normal Sample

N

Fig. 3. Rule violation traces for two detected anomalies. Each violated rule reports the
observed value and expected range. See Section 4 for discussion.

Table 1. Comparison of MVTec LOCO performance with state-of-the-art methods,
measured by image AUROC (%). The top row indicates the type of component seg-
mentation used.

Category SimpleNet PatchCore AST EfficientAD|PSAD*
[15] [19] [20] [2] [11]
Logical Anomalies (LA)

ComAD CSAD LogSAD SALAD|Ours
[14] 9] [23] 7

Breakfast Box 77.1 74.8 80.0 85.5 100.0 91.1 94.4 - 92.9 98.7
Juice Bottle 87.8 93.9 91.6 98.4 99.1 95.0 94.9 - 99.7 91.6
Pushpins 69.0 63.6 65.1 97.7 100.0 95.7 99.5 - 100.0 | 92.3
Screw Bag 51.6 57.8 80.1 56.7 99.3 71.9 99.9 - 93.9 |100.0
Splicing Connectors 72.0 79.2 81.8 95.5 91.9 93.3 94.8 - 96.0 | 89.6
Average (LA) | 715 73.9 79.7 86.8 | 98.1 | 89.4 96.7 89.3 96.5 | 94.4
Structural Anomalies (SA)
Breakfast Box 80.9 80.1 79.9 88.4 84.9 81.6 91.1 - 85.7 | 75.3
Juice Bottle 90.4 98.5 95.5 99.7 98.2 98.2 95.6 - 99.6 | 80.3
Pushpins 81.6 87.9 77.8 96.1 89.8 91.1 97.8 - 98.8 78.7
Screw Bag 83.3 92.0 95.9 90.7 95.7 88.5 93.2 - 96.0 | 91.2
Splicing Connectors 82.6 88.0 89.4 98.5 89.3 94.9 92.2 - 98.6 72.3
Average (SA) | 837 89.3 87.7 94.7 | 91.6 | 90.9 94.0 93.1 95.7 | 79.5
Total Average | 776 81.6 83.7 90.7 | 94.8 | 90.1 95.3 91.2 96.1 | 86.9

4 Experiments

We evaluate our Enhanced NeSy-LAD framework on the MVTec LOCO dataset [3],
which comprises five product categories: breakfast box, juice bottle, pushpins,
screw bag, and splicing connectors. Following established protocols [3], we use
Area Under the ROC Curve (AUROC) as our primary evaluation metric. All
experiments are conducted on normal training images only, with evaluation on
both normal and anomalous test images. The framework is implemented us-
ing PyTorch with WideResNet-50 for feature extraction and DeepLabV3+ for
component segmentation. Images are resized to 256 x 256 pixels.



14 M. Dahmardeh et al.

NeSy-LAD achieves 94.4% logical AUROC, only 2.1 points below SALAD
(96.5%), while providing per-rule satisfaction traces that SALAD, CSAD, and all
other methods in Table 1 cannot produce. our Fig. 3 demonstrates the qualitative
output directly. The structural AUROC (79.5%) reflects a deliberate trade-off:
the structural pipeline complements logical reasoning rather than competing
with appearance-specialized detectors. Logical Anomalies Strong performance on
breakfast box (98.7%), screw bag (100.0%), and pushpins (92.3%) demonstrates
effective rule extraction and LTN reasoning. Challenges in juice bottle (91.6%)
stem from segmentation quality issues with small fruit icons. Splicing connectors
(89.6%) faces fine-grained type distinction difficulties due to visually similar
configurations. reflects our design emphasis on interpretable logical reasoning
over black-box pattern matching.

5 Conclusions

NeSy-LAD addresses a strictly harder problem than anomaly detection alone:
every decision must be accompanied by a formal, rule-grounded explanation
auditable by a human operator. Achieving 94.4% logical AUROC—within 2.1
points of the state of the art—with full symbolic transparency is the core re-
sult. Our approach provides: (1) explicit symbolic reasoning with Logic Tensor
Networks enabling formal verification of anomaly decisions, (2) human-readable
rule-based explanations through semantic kernel mapping, and (3) differentiable
end-to-end training that jointly optimizes neural pattern recognition and logical
reasoning. Unlike discriminative methods that learn implicit decision boundaries,
our neuro-symbolic approach offers transparency and interpretability critical for
industrial deployment where explainability is mandatory.
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