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Abstract

Current anomaly detection paradigms face inherent limitations in
simultaneously addressing structural anomalies (e.g., geometric dis-
tortions) and logical anomalies (e.g., semantic inconsistencies), due
to conflicting feature representation requirements between these
two anomaly categories. We propose UniAD, a novel dual-branch
teacher-student framework that achieves unified anomaly detection
through synergistic integration of complementary expertise from
heterogeneous vision models without requirements of extra manual
annotations. In particular, our framework integrates two frozen
expert models as teachers: (1) a structural teacher specializing in
geometric-sensitive patterns, and (2) a logical teacher focusing on
semantic-aware representations via component relationship mod-
eling. To resolve feature conflicts while preserving complementary
information, the student network is equipped with one shared
backbone and two independent branches. One branch employs
multi-scale feature alignment with the structural teacher while an-
other branch establishing semantic correspondence with the logical
teacher through component-aware attention mechanisms. Further-
more, we introduce the text-guided semantic enhancement module
as a kind of logical guidance to facilitate the anomaly indicator. Ex-
tensive experiments on the challenging MVTec LOCO benchmark
validate that the scalability of our model to localize both geometric
distortions and semantic inconsistencies. The proposed method out-
performs existing single-purpose detectors, yielding 93.7% AUROC
for logical anomalies and 93.2% AUROC for structural anomalies.
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CCS Concepts

« Computing methodologies — Anomaly detection; « Infor-
mation systems — Multimedia information systems.
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1 Introduction

Image anomaly detection stands as a pivotal technology and tool in
the field of automation control. Moreover, this technique has wide-
ranging applications across various fields, including medical image
analysis [18, 47] and industrial inspection [6, 27]. Particularly in the
industrial anomaly detection, this technique is of paramount im-
portance. In this context, anomaly detection, also known as defect
detection, aims to identify samples that are defective or erroneous.
Common defects in samples include scratches, cracks, notches, etc.,
which are referred to as structural anomalies. Structural anomalies
usually involve the physical or architectural structure of system
components, indicating an abnormality in the whole structure of
object. Effective image anomaly detection techniques can signifi-
cantly enhance product quality and efficiency, reducing economic
losses and waste caused by defective products.

In industrial detection, unsupervised methods do not require
labeled data, which is often costly and time-consuming to obtain.
This makes unsupervised methods more practical for large-scale
applications, especially when labeled data are scarce or unavail-
able. Most existing anomaly detection models employ unsupervised
learning methods to address structural anomaly tasks, with main-
stream approaches including image reconstruction-based meth-
ods [15, 28] and feature embedding-based methods [7, 25, 37],
among others. Through these methods, a variety of models have
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Figure 1: Here we show both normal and anomalous samples
in the MVTec LOCO AD dataset. It include logical anomalies,
structural anomalies, and normal images from top to bottom
(anomalous regions highlighted in red). In this work, we
also harness the textual component description to explicitly
modeling semantic cues.

Component
Description

achieved high detection performance in handling structural anom-
aly tasks [30, 31, 36]. However, these models are all built for struc-
tural anomalies and do not perform satisfactorily when it comes to
another type of anomaly detection task—logical anomaly detection.

Unlike structural anomalies, logical anomalies do not manifest
as obvious notches or defects that are easily identifiable, but rather
as logical errors, violating the inherent constraints of normal im-
ages. For instance, permissible objects appear in invalid positions,
or required objects are entirely absent, as shown in the first row
in Fig. 1. Current structural anomaly detection models, which ex-
cel in detecting visual irregularities, are less effective in logical
anomaly detection. This is because logical anomalies often involve
minimal changes in item composition or position that do not alter
the appearance of image significantly but break its logical rules.
Compared with the structural anomaly detection models, logical
anomaly detection models achieve impressive results by paying
more attention to the relationships among objects within the im-
age and their logical consistency with the environment, including
the existence of objects and their relative positions [17, 29]. Yet,
these logical anomaly detection models overly focus on the rela-
tionships between components and overlook potential structural
defects within the components themselves, resulting in a decline
in structural anomaly detection capability.

Anomaly detection in industrial scenarios requires distinguish-
ing structural anomalies (e.g., cracks) from logical anomalies (e.g.,
misplaced components). While structural anomalies demand fine-
grained geometric analysis, logical anomalies rely on semantic
understanding of component relationships. Existing methods focus
on either geometric or semantic features, leading to fragmented
solutions. UniAD bridges this gap by integrating geometric cues
(e.g., texture, shape distortions) and semantic cues (e.g., object re-
lationships, contextual validity). The structural branch employs a
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structural teacher to encode multi-level local features, while the
logical branch leverages a logical teacher to model global compo-
nent interactions. A student network integrates both perspectives
through dual-branch distillation, aligning geometric patterns and
semantic constraints. Additionally, the text guidance enhances se-
mantic consistency via textual descriptions. Our contributions are
as follows:

e We design a dual-branch teacher-student architecture that in-
tegrates geometric and semantic cues through heterogeneous
knowledge distillation. It resolves feature conflicts while preserv-
ing complementary information, facilitating a unified framework
to simultaneously detect structural and logical anomalies.

o To resolve ambiguities in complex logical scenarios, we introduce
a text-guided semantic enhancement module. By leveraging a pre-
trained vision-language model, we generate textual descriptions
of component layouts and encode them into semantic features.
During testing, text similarity metrics quantify deviations from
language-defined logical rules, providing complementary seman-
tic signals beyond visual features.

e On the challenging MVTec LOCO benchmark, our framework
achieves 93.7% AUROC for logical anomalies and 93.2% for struc-
tural anomalies, surpassing the single-cue models by a clear
margin. Ablation studies confirm that integrating both cues is
critical to unified anomaly detection.

2 Related Works

Structural Anomaly Detection. Structural anomaly detection pri-
marily focuses on the physical structure of objects or regions in im-
ages. One of the commonly used approaches focuses on the feature
embedding utilization. These feature embedding-based methods
transform raw data into a low-dimensional feature space, where
anomaly detection is performed. Among them, multi-dimensional
feature extraction with ResNet [16] stands out as a notable example.
For instance, in RD [10], the student model learns multi-dimensional
features from the teacher model to encode normal features. Sim-
pleNet [31] trains a discriminator capable of distinguishing between
normal and pseudo-anomalous features generated through local
feature transformations by learning the differences between local
features of normal images and those after transformation, ultimately
achieving anomaly detection. In these methods, generating suitable
feature representations is critical. Improper feature extraction may
lead to image information loss and reduced detection accuracy.
Another type of approach, termed image reconstruction-based
method, focuses on reconstructing the input image and detect-
ing anomalies by comparing it with the original. Recently, nu-
merous outstanding models have emerged using VAE (Variational
Autoencoders) [4, 8, 32, 38] and GAN (Generative Adversarial Net-
works) [1, 13] to detect anomalies. However, one major drawback
of these methods is that they may misclassify anomalies similar to
normal cases in structure, increasing false negatives.
Logical Anomaly Detection. Logical anomaly detection mainly
focuses on the logical relationships between objects and their sur-
rounding environment within an image. Recently, segmentation-
based methods have become a prominent choice for logical anomaly
detection as they can effectively reflect the logical relationships
between normal samples. Typically, segmentation-based methods
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begin by dividing training samples into multiple representative com- Selection of the Teacher Models. To comprehensively detect
ponents, followed by conducting comparative analyses on each seg- both structural and logical anomalies, we select two distinct teacher
mented component. Models such as ComATY[ PCComAD j6, models with complementary strengths, driven by the speci ¢ na-
and PSAD 2( fall into this category. ComAD 29 clusters feature ture of these two anomaly types. Speci cally, the structural teacher
maps generated by the pretrained DIN®] [network to extract model, dedicated to handling structural anomalies, is structured
representative component features, which are then match against to produce feature maps containing information at di erent levels.
the corresponding features of test samples during the test phase to By integrating these multi-level features, the model can develop
derive anomaly scores. These methods achieve satisfactory perfor- detailed and ne-grained local representations as ours geometric

mance in detecting obvious missing or replaced items and positions
but are less e ective in identifying subtler defects in objects.
Text-guided Anomaly Detection In recent years, there has been

a growing emergence of anomaly detection methodd, [19 22,

26 417] guided by textual information. Speci cally, text-guided in-
dustrial image anomaly detection represents an approach that in-
tegrates natural language processing (NLP) with computer vision
techniques, aiming to leverage textual descriptions to guide or en-
hance the identi cation of anomalies in industrial images. For exam-
ple, LogicAD [LY uses autoregressive multimodal vision-language
models (AVLMs) 23 24, 35 for logical anomaly detection. More
speci cally, LogicAD integrates AVLMs with format embeddings
and a logical reasoning module, enabling it to detect logical anom-
alies in images using only textual prompts, without requiring addi-
tional visual annotations. Furthermore, it provides explanations for
the detected anomalies. However, this approach heavily relies on
high-quality textual input; if the textual descriptions are inadequate,
the performance of the model may be compromised.

3 Method

Our method, UniAD, a dual-branch teacher-student framework that
synergizes geometric cues from structural branch and semantic
cues from logical branch. As shown in Fig. 2, UniAD comprises four
key components: one structural teacher, one logical teacher, one
student model, and one text-guided semantic enhancement module
The student model is equipped with two independent branches to
distill the geometric and semantic priors from two teachers. We
also introduce the text guidance to store component descriptions
for semantic veri cation. During the test phase, we only keep the
student model to extract both structural anomaly score and logical
error heatmap with the help of the reference text.

3.1 Heterogeneous Feature Distillation

Most existing feature-distillation-based anomaly detection meth-
ods tend to rely on a single perspective, either structural or logical,
limiting their ability to detect both types of anomalies. This paper

aims to design a model capable of handling structural and logi-
cal anomalies simultaneously. Traditional single-teacher-student
models have limitations in the amount of knowledge that a single

teacher model can impart to the student model. Concretely, we
design the dual-teacher-single-student architecture that the stu-
dent model can aggregate knowledge from multiple sources. Our
method allows the student model to learn essential cues from the
teacher models, each cue tailored to di erent anomaly detection

cues, similar to models likedl, 36 that use local features to identify
structural anomalies. On the other hand, for the logical anomaly
detection, we deliberately choose a logical teacher model, capable of
capturing holistic global information and emphasizing relationships
between components within an image, which represent semantic
cues. This choice is inspired by recent studi@§|[ which under-
score the importance of component-level features for identifying
logical anomalies. The complementary strengths of these two types
of teacher models provide comprehensive learning resources for the
student model, then the complementary strengths of dual-teacher
is demonstrated by the ablation experiment in Table 6.

Design of the Student Model. After selecting the teacher mod-
els, the next step is to design the student model. This necessitates
taking into account the heterogeneity between teacher and student
models, which can include di erences in semantics, dimensions, and
feature representations. To bridge these gaps, the student model
must be designed with strong feature extraction capability and
adaptability. In this paper, we incorporate a dual-branch architec-
ture to enhance the student model's ability to process and integrate
heterogeneous knowledge from the teacher models. Concretely, the
dual-branch are 1) Structural Branch: the student model extracts
multi-scale features to capture local information via learning from
the structural teacher. 2) Logical Branch: the student model ex-
tracts component-level feature via learning from the logical teacher
and generates segmentation maps. We use a shared student model

. and two separate teachers in two aspects: 1) Decouple structural
and logical cues. Task-speci ¢ branches ensure that structural and
logical cues are e ectively decoupled. 2) Computation cost. This
shared structure e ectively halves the number of parameters and
cuts down the inference time. Besides, considering the importance
of ne-grained feature encoding and multi-level feature consistency
between the student and teacher models, the student model em-
ploys an identical backbone as the structural teacher. Table 4 shows
how di erent backbone networks a ect performance.

3.2 Structural Branch for Geometric Cue

Structural Feature Distillation. To e ectively extract geometric
cues through the structural branch, we design a multi-scale feature
alignment strategy inspired by the knowledge distillation meth-
ods [39. Speci cally, we select multi-level features generated by the
structural teacher model, including the low-level multi-dimensional
features6a4ghigh-level feature$gc afor the student model to learn,
as shown in Fig. 2. The goal is to align the output of student model
more closely with that of the structural teacher model by learning
and integrating multi-level features, enhancing its ability to obtain

tasks. Therefore, the key lies in selecting suitable teacher models ne-grained geometric cues and detect structural anomalies. This

and integrating them with the student model to e ciently learn
their knowledge about geometric and semantic cues.

choice avoids learning biases that can result from relying on a sin-
gle type of feature. The experimental results of selecting di erent
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