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Abstract—Few-shot industrial anomaly detection aims to iden-
tify unseen defects using only a limited number of normal
samples. However, most existing approaches still rely heavily
on auxiliary industrial datasets for training. In this paper,
we propose a novel self-supervised CLIP-guided for few-shot
industrial anomaly detection, which eliminates the need for
auxiliary industrial data. Specifically, we first introduce a pseudo-
anomaly generation strategy that synthesizes both structural and
textural anomalies. Then, leveraging the cross-modal semantic
understanding capability of CLIP, we contrast the multi-scale
visual features with learnable textual prompts to achieve anomaly
localization grounded in language semantics. Inspired by the
human cognitive process of identifying anomalies through refer-
ence comparison, we introduce a support set composed of a few
normal samples and perform semantic-level feature alignment
with the query set via CLIP visual encoder, thereby enhancing
anomaly discrimination. Furthermore, we also introduce Adapter
to alleviate the semantic offset problem between text and image
modalities in industrial scenarios of CLIP, and enhance the
model’s robustness to the spatial structure differences between
query set and support set. Extensive experiments conducted
on the MVTec AD, the VisA, the BTAD and the MPDD
datasets demonstrate that our method achieves competitive
results under the few-shot setting. Moreover, its effectiveness
and deployability are validated through real-world application
in battery spot-welding defect inspection. The code is available
at https://github.com/YiKuiZhai/SCF-AD.

Index Terms—CLIP, cross-modal, representation alignment,
industrial anomaly detection, few-shot.
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Fig. 1. Comparing the training and inference pipelines of SCF-AD and
mainstream anomaly detection paradigms. (a) Vanilla anomaly detection.
(b) Few-shot anomaly detection with auxiliary industrial dataset. (c) Self-
supervised few-shot anomaly detection without auxiliary industrial dataset.

IN industrial measurement, accurate anomaly detection is
crucial for ensuring product quality and system reliability

by identifying rare and unforeseen abnormal states from pre-
dominantly normal data streams [1]–[3]. Traditional defect de-
tection methods, such as SIFT-based handcrafted features [4],
can be integrated with Automated Optical Inspection (AOI)
systems [5] but suffer from limited and cumbersome feature
extraction, making them ineffective in dynamic environments
and against unseen anomalies, thus lacking generalization.

In contrast, deep learning–based approaches can be in-
tegrated with vision measurement devices to perform tasks
such as defect classification [6], segmentation [7], or object
detection [8], but these methods usually rely on a large number
of labeled defective samples for supervised training. This
dependence limits their practicality, as abnormal instances are
often extremely scarce and expensive to annotate in real-world
industrial settings [9]. Industrial anomaly detection, however,
enables the detection and localization of unknown anomalies
using only normal samples, offering superior generalization
and deployment flexibility. These advantages have made it
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datasets. The results demonstrate that it achieves highly
competitive performance compared to existing state-
of-the-art methods. Furthermore, its effectiveness was
validated in a real-world battery spot-welding defect
detection scenario.

The rest of this paper is structured as follows. Section II
surveys the literature on industrial anomaly detection, focusing
on both traditional techniques and the latest progress in few-
shot learning methods. Section III provides a comprehensive
explanation of the proposed SCF-AD framework. Section
IV presents the experimental section, detailing the datasets,
evaluation metrics, experimental setup, ablation studies, and
comparative experiments. Section V concludes the paper and
discusses potential directions for future research.

II. RELATED WORKS
A. Vanilla Industry Anomaly Detection

Reconstruction-based. These methods identify and localize
anomalous regions by learning to reconstruct only normal
images and measuring differences between the original and
reconstructed images. Li et al. [11] developed a method
based on an Adversarial Autoencoder, in which the first-
stage reconstructed image is re-fed into the model for a
second reconstruction to produce clearer images. Zhang et
al. [12] proposed a method that restores multi-level semantic
features and compares residuals to locate multi-scale detailed
defects. Although reconstruction-based methods perform well
in anomaly detection, they struggle to accurately recover
defects with low contrast or those difficult to distinguish from
the background.

Embedding-based. These methods extract features of normal
samples using pretrained networks and detect anomalies by
measuring the feature distance to test samples. These methods
mainly fall into several paradigms: One paradigm is memory
bank-based methods, such as PatchCore proposed by Roth
et al. [13], which build a memory bank of normal features,
compress it using coreset sampling, and locate anomalies
via nearest neighbor search. Another category is knowledge
distillation-based methods, where a student network is trained
to imitate the teacher network’s normal feature outputs, de-
tecting anomalies through feature discrepancies. However, the
conventional symmetric teacher-student network architecture
limits the ability to express anomalies. To address this, Zhu
et al. [14] proposed an asymmetric structure to enhance the
expression of anomaly feature differences between teacher
and student networks. Furthermore, flow-based methods map
complex normal feature distributions to simple prior distribu-
tions through a series of invertible transformations, identifying
anomalies via low likelihood values. However, conventional
flow models struggle to handle anomalies with large variations
in scale. To address this, Zhou et al. [15] proposed MSFlow,
a multi-scale framework employing asymmetric parallel flow
structures for multi-scale feature processing, and introduced
fusion flows for information exchange, thereby better gener-
alizing to anomalies of various sizes.

Anomaly generation-based. These methods aim to com-
pensate for the absence of real anomaly samples by de-
signing proxy tasks. The mainstream idea is to synthesize

pseudo-anomalies on normal images and train models to
distinguish normal from anomalous regions. Li et al. [16]
proposed CutPaste, which creates structural anomalies by
cutting and pasting patches within the same image, thereby
disrupting its original structure. Zavrtanik et al. [17] proposed
DRAEM, which uses Perlin noise to generate irregular masks
for anomalous regions and randomly samples patches from
an external texture dataset as anomaly textures, overlaying
both onto normal training images to create pseudo-anomalies.
Cao et al. [18], in their CDO method, add simple random
noise patches onto normal images to aid training, aiming to
better separate normal and anomalous feature distributions in
feature space and alleviate model overgeneralization. Chen
et al. [19] proposed U²D²PCB, which directly extracts defect
regions from limited real defect samples and synthesizes them
onto defect-free images to create more realistic training data.
Zhai et al. [38] proposed an innovative framework for con-
tainer marking anomaly detection, which employs a Cellular
Anomaly Generation Strategy to synthesize pseudo-anomalous
samples resembling real images and incorporates a Siamese
network to detect anomalies based on inter-image differences.
In this work, we integrate DRAEM and variants of CutPaste to
respectively simulate texture and structural anomalies in real-
world scenarios, providing new insights for self-supervised
training under few-shot conditions.

B. Few-shot Industry Anomaly Detection

The aforementioned conventional anomaly detection meth-
ods generally rely on training with a large number of normal
samples, as illustrated in Fig. 1(a). This results in high data
collection costs and low deployment efficiency in modern
industries with rapid product model iterations. To address
this challenge, researchers have explored FSAD. For instance,
PatchCore [13], as previously mentioned, demonstrated robust
performance even under few-shot settings. Huang et al. [20]
proposed RegAD, which uses a cross-category image regis-
tration network to align features between query images and
normal support set images, detecting anomalies based on fea-
ture discrepancies. Zhu et al. [21] developed ADFormer, which
features a dual CNN-Transformer backbone to capture both
local and global features, and employs self-supervised bipartite
matching to reconstruct query images from normal support
images, using reconstruction errors to localize anomalies.

Recently, the emergence of large multimodal models [1],
[35], [39], [40] with robust generalization capabilities has
opened up new avenues for few-shot anomaly detection
(FSAD) research. Some approaches leverage CLIP’s strong
vision-language alignment ability, using textual prompts to
guide the model in understanding the semantics of “normal”
and “anomalous”. Jeong et al. [41] proposed WinCLIP, which
enhances CLIP’s ability to localize local anomalies via a
windowing strategy and compositional prompt engineering. Li
et al. [30] presented FADE, incorporating a language-sensitive
Grounding Everything Module to further improve image-text
alignment, while automatically generating prompts with large
language method to better capture the concepts of anomalies
and normality. Chen et al. [31] proposed APRIL-GAN, which
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Fig. 2. The proposed self-supervised few-shot anomaly detection framework. It comprises pseudo- anomaly generation, learnable text prompts, Adapters, a
Decoder, and frozen CLIP-V and CLIP-T. The pseudo-anomaly generation module is removed during inference. The framework operates solely on a few-shot
set of target-class normal images for training, without requiring any auxiliary industrial data.

adds learnable linear layers after multiple stages of the image
encoder to effectively map multi-scale image features into a
shared vision-language space, addressing the issue that CLIP’s
intermediate features cannot be directly compared with text
features. Zhu and Pang [32] proposed InCTRL, designed to
learn residuals between query images and normal sample
prompts, which not only compares their feature differences
visually but also integrates semantic prior knowledge guided
by text prompts for few-shot anomaly detection. Gu et al. [42]
took this further with AnomalyGPT, leveraging the reasoning
capability of large vision-language models and prompt fine-
tuning, enabling the model not only to localize anomalies but
also to diagnose and describe anomalies conversationally.

However, most of the aforementioned methods [20], [21],
[31], [32], [42] follow the ”auxiliary data + few-shot reference
matching” paradigm illustrated in Fig. 1(b), relying on large-
scale external datasets for training. For example, RegAD and
ADFormer employ a ”leave-one-out” training protocol on the
MVTec AD [43], where data from the other 14 categories
is used as auxiliary training when testing a specific cate-
gory. Meanwhile, CLIP-based methods like APRIL-GAN and
InCTRL require training on large auxiliary industrial datasets
such as VisA [44] when tested on the MVTec AD dataset.
Recently, methods such as AnomalyDINO [45] and PromptAD
[46] have also emerged that avoid these auxiliary industrial
datasets. These approaches, however, primarily employ the k-

shot normal samples to construct a reference memory bank for
feature matching. In particular, PromptAD constructs Manual
Abnormal Prompts by relying on object-customized manual
anomaly suffixes, which implies a dependency on prior expert
knowledge regarding specific defect types. In contrast, as
depicted in Fig. 1(c), the method proposed in this work
explores a novel paradigm that requires no external auxiliary
industrial data and trains the model solely via self-supervised
learning on k-shot normal samples from the target category
for anomaly detection through pseudo-anomaly generation.

III. PROPOSED METHOD

A. Framework Overview

Current FSAD methods generally rely on additional training
data to learn generalized semantic features, but such auxiliary
industrial data is often difficult to obtain in industrial settings,
and the semantic shift across different categories limits the
model’s transferability. Meanwhile, although the CLIP pos-
sesses strong vision-language alignment capabilities, it still
suffers from modality shift and spatial structural discrepancies
in industrial domains, which significantly impact anomaly
perception performance. To address this, we propose SCF-
AD, a self-supervised CLIP-guided few-shot framework for
industrial anomaly detection, which enables accurate detec-
tion and localization using only a limited number of normal
samples, without relying on external auxiliary industrial data.







TABLE I
ANOMALY DETECTION AND LOCALIZATION (IMAGE-AUROC/ PIXEL-AUROC, %) ON THE MVTEC AD DATASET EVALUATED UNDER 2-SHOT, 4-SHOT,
AND 8-SHOT SETTINGS. - INDICATES THAT THE RESULT WAS NOT REPORTED IN THE ORIGINAL PAPER. METHODS MARKED WITH * REQUIRE AUXILIARY

INDUSTRIAL DATASETS FOR TRAINING. THE BEST RESULTS ARE SHOWN IN BOLD.

k=2 k=4 k=8
Category

DifferNet RegAD* ADFormer* InCTRL* SCF-AD DifferNet RegAD* ADFormer* InCTRL* SCF-AD DifferNet RegAD* ADFormer* InCTRL* SCF-AD

Carpet 78.4/- 96.5/98.9 99.7/98.7 99.7/- 100/99.6 78.6/- 97.9/98.9 99.7/98.7 100/- 100/99.6 78.5/- 98.5/98.9 99.7/98.8 100/- 100/99.6

Grid 62.1/- 84.0/77.4 96.8/94.7 97.4/- 99.9/98.6 60.5/- 91.2/85.7 97.2/96.2 99.8/- 99.9/98.7 78.5/- 91.5/88.7 98.6/97.1 99.9/- 99.9/98.9

Leather 90.7/- 99.4/98.0 100/99.3 100/- 100/99.7 91.2/- 100/99.1 100/99.3 100/- 100/99.6 92.2/- 100/98.9 100/99.3 100/- 100/99.6

Tile 97.0/- 94.3/94.3 98.4/94.6 100/- 98.6/98.6 98.0/- 95.5/94.9 98.7/94.7 99.9/- 99.1/98.8 99.6/- 97.4/95.2 99.0/94.8 99.8/- 99.4/98.7

Wood 98.1/- 99.2/93.5 99.7/95.0 99.6/- 98.5/97.2 96.4/- 98.6/94.7 99.6/95.2 99.5/- 98.7/97.0 99.4/- 99.4/94.6 99.8/95.2 99.6/- 98.4/97.4

Bottle 99.3/- 99.4/98.0 99.8/98.3 99.8/- 99.7/97.8 99.3/- 99.4/98.4 99.6/98.4 100/- 99.9/97.5 99.4/- 99.8/97.5 99.9/98.4 100/- 100/97.8

Cable 85.3/- 65.1/91.7 95.3/94.3 88.4/- 84.7/92.1 85.3/- 76.1/92.7 96.2/94.4 88.8/- 80.3/92.0 87.9/- 80.6/94.9 97.1/94.4 93.2/- 83.9/92.0

Capsule 73.0/- 67.5/97.3 78.5/97.9 86.0/- 85.9/96.9 80.3/- 72.4/97.6 81.9/98.2 86.8/- 94.6/98.2 78.6/- 76.3/98.2 87.1/98.5 89.0/- 95.3/98.3

Hazelnut 94.9/- 96.0/98.1 99.5/98.6 96.8/- 99.1/97.9 95.8/- 95.8/98.0 99.6/98.7 97.2/- 99.3/98.5 97.9/- 96.5/98.5 99.9/98.9 97.5/- 99.7/98.3

Metal nut 61.9/- 91.4/96.9 97.8/94.1 94.2/- 98.7/85.0 67.3/- 94.6/97.8 98.8/94.9 94.6/- 99.2/86.6 67.6/- 98.3/96.9 98.9/95.3 94.7/- 99.9/88.4

Pill 83.2/- 81.3/93.6 91.5/93.4 89.3/- 94.5/90.6 84.0/- 80.8/97.4 92.4/93.7 87.4/- 93.9/90.9 82.1/- 80.6/97.8 93.4/93.9 88.8/- 94.6/91.2

Screw 73.4/- 52.5/94.4 82.0/98.4 80.3/- 86.2/98.4 72.5/- 56.6/95.0 85.6/98.6 81.5/- 89.1/98.2 75.0/- 63.4/97.1 86.3/98.9 82.5/- 90.1/98.5

Toothbrush 60.8/- 86.6/98.2 85.9/98.1 96.0/- 97.8/98.6 62.5/- 90.9/98.5 90.1/98.6 96.3/- 98.6/98.8 60.8/- 98.5/98.7 97.8/99.1 97.5/- 99.7/98.9

Transistor 61.8/- 86.0/93.4 93.6/87.9 87.5/- 93.4/92.8 62.2/- 85.2/93.8 95.6/89.7 89.5/- 94.8/93.8 63.3/- 93.4/96.8 97.5/90.3 90.3/- 96.2/95.5

Zipper 89.2/- 86.3/95.1 89.8/98.6 95.4/- 99.9/99.0 84.8/- 88.5/94.0 93.0/98.7 96.4/- 100/99.1 87.3/- 94.0/97.4 93.5/98.8 97.0/- 100/99.3

Means 80.6/- 85.7/94.6 93.9/96.1 94.0/- 95.8/96.2 81.3/- 88.2/95.8 95.2/96.5 94.5/- 96.5/96.5 83.2/- 91.2/96.7 96.6/96.8 95.3/- 97.1/96.8

Ltotal = Lfocal + λLdice (16)

Where A denotes the anomaly probability map output by
the model, and M represents the pixel-level pseudo labels
generated by the synthetic anomaly module. The parameters
α, γ, ε, λ are set to 1, 2, 1 × 10−5 and 1, respectively.

IV. EXPERIMENTS

To validate the effectiveness of SCF-AD, systematic com-
parative experiments are conducted on four challenging bench-
marks: MVTec AD, VisA, BTAD, and MPDD. Furthermore,
detailed ablation studies on the MVTec AD dataset and a real-
world test on battery spot-welding defects are performed to
assess its practical applicability.

A. Experimental Setting

1) Dataset: We conducted comparative experiments on the
MVTec AD [43], VisA [44], BTAD [52], and MPDD [53]
datasets. All ablation studies were performed on the MVTec
AD dataset, which covers 15 industrial product categories with
diverse defect types and is widely used to assess the accuracy
and robustness of industrial anomaly detection methods. The
VisA dataset is a more recent and challenging benchmark with
12 categories featuring complex scenes and subtle defects.
The BTAD dataset provides 3 additional distinct industrial
product categories for evaluation. The MPDD dataset in-
cludes 6 categories of metal parts with significant spatial
and viewpoint variations. During training, pseudo anomalies
were synthesized using texture backgrounds sampled from
the Describable Textures Dataset [47]. To evaluate real-world
applicability, we further constructed a battery spot-welding
anomaly detection dataset (BSW AD [54], [55]), as shown in

Fig. 6, consisting of 8,184 images captured by AOI systems
across 10 typical welding types. Among them, 922 images
are pixel-wise annotated with defects such as Welding Burn,
Welding Shift, and Missing Welds. The dataset features com-
plex backgrounds and subtle structural variations, reflecting
the practical challenges of industrial inspection tasks.

Evaluation Metrics: We conducted a comprehensive eval-
uation using six standard metrics. At the image level, we
assessed anomaly detection performance using the Area Under
the Receiver Operating Characteristic curve (Image-AUROC),
the Area Under the Precision-Recall curve (Image-AUPR), and
the maximum F1-score (Image-F1-max). At the pixel level, to
accurately measure anomaly localization quality, we employed
the pixel-wise AUROC (Pixel-AUROC), the maximum pixel-
wise F1-score (Pixel-F1-max), and the Per-Region Overlap
(Pixel-PRO), which is specifically designed to evaluate the
overlap coverage of varying anomaly regions.

B. Comparison with State-of-the-art Methods

To validate the performance of SCF-AD, we conducted
comparisons on the MVTec AD dataset, the VisA dataset,
BTAD dataset, and the MPDD dataset against several repre-
sentative methods, including DifferNet [56], PatchCore [13],
RegAD [20], ADFormer [21], InCTRL [32], WinCLIP [41],
APRIL-GAN [31], FADE [30], AnomalyGPT [42], and INP-
Former [57]. It is worth noting that RegAD and ADFormer
adopt a “leave-one-out” training strategy, in which 14 out
of the 15 categories in MVTec are used as the training set.
InCTRL, APRIL-GAN, and AnomalyGPT are trained on the
VisA and tested on the target classes of MVTec AD, requiring
k-shot samples of the target class as references. In contrast, our
method relies solely on the k-shot normal images of the target



TABLE II
ANOMALY DETECTION AND LOCALIZATION (%) ON THE MVTEC AD, VISA, AND BTAD DATASETS EVALUATED UNDER 1-SHOT, 2-SHOT, AND 4-SHOT

SETTINGS. METHODS MARKED WITH * REQUIRE AUXILIARY INDUSTRIAL DATASETS FOR TRAINING. THE BEST RESULTS ARE SHOWN IN BOLD, AND THE
SECOND-BEST RESULTS ARE UNDERLINED.

Dataset Method Image-AUROC Image-AUPR Image-F1-MAX Pixel-AUROC Pixel-PRO Pixel-F1-MAX
k=1 k=2 k=4 k=1 k=2 k=4 k=1 k=2 k=4 k=1 k=2 k=4 k=1 k=2 k=4 k=1 k=2 k=4

MVTec

PatchCore 83.4 86.3 88.8 92.2 93.8 94.5 90.5 92.0 92.6 92.0 93.3 94.3 82.3 79.7 84.3 53.0 50.4 55.0
WinCLIP 93.1 94.4 95.2 96.5 97.0 97.3 93.7 94.4 94.7 95.2 96.0 96.2 87.1 88.4 89.0 55.9 58.4 59.5

AnomalyGPT* 94.1 95.5 96.3 – – – – – – 95.3 95.6 96.2 – – – – – –
FADE* 93.9 95.2 96.3 96.8 97.6 98.1 94.8 95.0 95.5 95.4 95.8 96.2 88.3 88.9 89.5 54.6 55.8 57.0

APRIL-GAN* 92.4 92.6 92.8 – – – 92.4 92.6 96.0 95.1 95.5 95.9 90.6 91.3 91.8 54.2 55.9 56.9
INP-Former 96.6 97.0 97.6 98.2 98.2 98.6 96.4 96.7 97.0 97.0 97.2 97.0 92.6 93.1 92.9 64.0 65.6 65.6

SCF-AD(Ours) 95.0 95.8 96.5 98.0 98.3 98.5 95.2 95.7 96.2 95.0 96.2 96.5 90.1 91.3 92.2 53.0 56.2 57.2

VisA

PatchCore 79.9 81.6 85.3 – – – 81.7 82.5 84.3 95.4 96.1 96.8 80.5 82.6 94.9 38.0 41.0 43.9
WinCLIP 83.8 84.6 87.3 85.1 85.8 88.8 83.1 83.0 84.2 96.4 96.8 97.2 85.1 86.2 87.6 41.3 43.5 47.0

AnomalyGPT* 87.4 88.6 90.6 – – – – – – 96.2 96.4 96.7 – – – – – –
FADE* 86.7 89.2 91.9 87.9 90.2 91.9 84.7 85.9 87.0 97.5 97.8 98.0 88.9 89.8 90.0 42.3 44.4 46.4

APRIL-GAN* 91.2 92.2 92.6 – – – 86.9 87.7 88.4 96.0 96.2 96.2 90.0 90.1 90.2 38.5 39.3 40.0
INP-Former 91.4 94.6 96.4 92.2 94.9 96.0 91.8 90.8 93.0 96.3 97.2 97.7 89.5 91.8 93.1 47.3 50.4 54.3

SCF-AD(Ours) 91.4 92.3 92.6 92.7 93.7 94.0 88.0 88.5 89.3 96.7 97.0 97.2 86.4 87.2 88.9 37.1 38.1 38.2

BTAD

PatchCore 88.8 92.8 94.1 86.6 93.7 95.8 82.8 88.2 92.7 96.0 96.7 97.0 74.9 76.6 78.2 45.5 48.7 50.8
WinCLIP 84.9 85.9 87.0 79.7 82.2 83.8 77.8 78.8 80.1 95.6 96.5 95.8 66.0 66.0 66.7 47.9 49.2 49.6

AnomalyGPT* 65.1 64.7 64.7 73.2 73.3 73.2 79.6 80.6 80.9 78.5 78.6 78.4 70.3 67.0 66.4 22.8 23.2 22.6
FADE* 69.7 73.0 75.2 71.4 72.5 72.9 71.0 70.0 73.7 85.5 86.6 88.0 50.7 52.4 54.9 29.9 30.7 33.5

APRIL-GAN* 92.5 92.9 92.8 95.7 96.4 95.3 91.8 91.8 91.8 94.0 94.4 94.4 79.4 79.2 79.4 52.5 53.9 54.0
INP-Former 89.6 91.8 93.2 96.5 97.2 97.2 91.8 92.2 92.3 96.4 97.3 97.2 73.1 77.3 78.1 63.7 65.1 65.6

SCF-AD(Ours) 93.7 94.0 94.2 95.3 95.9 96.1 91.6 92.3 92.7 96.8 96.8 97.0 77.1 78.9 78.4 57.8 60.5 59.3

MPDD

PatchCore 63.1 62.0 67.1 67.2 64.7 74.5 79.4 79.0 83.7 95.8 96.3 96.9 88.2 89.3 90.2 24.1 24.3 30.7
WinCLIP 70.7 73.0 75.5 72.9 75.3 80.1 81.3 82.1 83.7 96.3 96.5 94.8 88.5 89.9 89.1 31.5 33.5 35.1

AnomalyGPT* 75.7 74.0 73.0 77.4 75.8 73.6 82.2 81.3 80.9 96.6 96.4 96.7 78.6 77.7 77.2 34.8 34.1 33.0
FADE* 63.2 68.2 68.1 71.9 75.3 76.5 79.7 82.0 81.0 85.8 88.9 89.1 68.6 71.1 71.3 16.1 17.1 18.4

APRIL-GAN* 79.9 82.2 85.6 83.8 86.8 90.0 81.9 84.9 86.4 96.6 96.6 96.7 90.9 91.1 91.0 40.1 40.5 41.1
INP-Former 74.5 78.3 82.3 79.3 82.7 83.5 81.5 83.3 88.1 96.2 97.3 97.7 89.4 92.8 93.6 32.0 40.2 40.0

SCF-AD(Ours) 85.3 88.8 90.6 86.1 91.1 92.6 85.1 90.2 91.1 96.3 97.0 97.3 88.9 89.5 91.3 35.5 36.1 41.4

category, without requiring any auxiliary industrial data. The
evaluation results of the aforementioned methods are taken
from their original papers. Unless otherwise specified, all SCF-
AD results are averaged over three independent runs under
identical settings.

To ensure an accurate and fair comparison, we adopt the
state-of-the-art results directly from the original publications
of each method, unless otherwise specified. Similarly, some
evaluation metrics are marked with “-” as these results were
not available in the corresponding papers. A key exception is
the BTAD and the MPDD datasets, for which public few-shot
baseline results are not available. For these benchmarks, we
re-implemented the competing baseline methods to provide
a comprehensive and fair comparison. Since these studies
employ different few-shot evaluation settings (e.g., k=1, 2, 4
and k=2, 4, 8), we present our comparative analysis in separate
tables to align with their respective frameworks. We evaluated
our proposed SCF-AD under all of these k-shot settings to
guarantee a direct and fair comparison against each group of
methods.

Comparison on the MVTec AD dataset. Tables I and II
present the performance of state-of-the-art anomaly detection
methods on the MVTec dataset. In Table I, our method
consistently achieves the highest mean scores in both image-
level and pixel-level AUROC across all settings (k=2, k=4,
and k=8). In Table II, facing the latest competitors, SCF-AD
maintains highly competitive results. While INP-Former shows

strong performance, our method ranks within the top two in the
majority of settings. For instance, in terms of Image-AUROC,
SCF-AD consistently follows INP-Former as the second-best
method across k = 1, 2, and 4. In pixel-level localization,
SCF-AD also secures strong performance, ranking among the
top methods and surpassing APRIL-GAN and FADE in Pixel-
AUROC at k = 2 and k = 4. This demonstrates that SCF-AD
remains a robust framework for industrial anomaly detection.
Qualitatively, Fig. 3(e) illustrates the visual detection results
of SCF-AD on the MVTec dataset, demonstrating its excellent
capability in localizing anomaly regions.

Comparison on the VisA dataset. Table II summarizes
the performance on the VisA dataset. SCF-AD continues
to demonstrate excellent generalization ability, securing the
second-best results in Image-AUROC, Image-AUPR, and
Image-F1-MAX across the majority of k-shot settings. No-
tably, at k = 1, SCF-AD matches the performance of INP-
Former in Image-AUROC of 91.4% and achieves the highest
Image-AUPR of 92.7%, proving its effectiveness even in
extremely low-shot scenarios. Qualitatively, the visualization
results in Fig. 4 further confirm SCF-AD’s robustness on
the VisA dataset, showcasing its ability to precisely localize
defects across diverse categories.

Comparison of the BTAD dataset. Table II presents
the image-level and pixel-level detection performance of
the competing methods on the BTAD dataset. Our method
demonstrates a strong and robust performance, consistently
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Fig. 3. Qualitative visualization results on the MVTec AD dataset. (a) Normal sample. (b) Anomaly sample. (c) w/o Support Set. (d) w/o Adapter. (e) Ours.
(f) Ground Truth.

achieving the best results in Image-AUROC across all k-shot
settings (k=1, 2, and 4). Regarding pixel-level localization,
our method exhibits exceptional precision, particularly in the
1-shot setting. Notably, at k = 1, SCF-AD achieves a leading
Pixel-AUROC of 96.8%, surpassing INP-Former. Furthermore,
while slightly trailing INP-Former at k = 2 and k = 4, our
method consistently ranks as the second-best. Qualitatively,
the visualization results in Fig. 4 further validate the efficacy
of SCF-AD on the BTAD dataset.

Comparison on the MPDD dataset. Table II presents the
image-level and pixel-level detection performance of the com-
peting methods on the MPDD dataset. SCF-AD demonstrates
clear dominance in image-level detection, achieving the best
results in Image-AUROC, Image-AUPR, and Image-F1-MAX
across all k-shot settings. Regarding pixel-level localization,
our method consistently ranks as the second-best in Pixel-
AUROC across all k-shot settings. Qualitatively, the visualiza-
tion results in Fig. 4 further confirm the robustness of SCF-
AD on the MPDD dataset, showcasing its precise anomaly
localization under viewpoint transformations.

C. Ablation Study

We conducted ablation experiments on the MVTec AD
dataset under few-shot settings with k=2, k=4, and k=8 to
evaluate the model’s performance and analyze the impact of
key components.

1) The Influence of Adapter: Quantitatively, we designed
three groups of comparative experiments (Table III) to evaluate
the effectiveness of the Adapter and analyze its performance
variations under different component configurations. First,
under the full configuration (A vs. G), introducing the Adapter
consistently improved performance across all k-shot settings.
For example, under the k=8 setting, Image-AUROC improved
from 96.0% to 97.2% and Pixel-AUROC from 93.8% to
96.8%. Similar gains were observed under the k=2 and k=4

TABLE III
ABLATION STUDY ON KEY COMPONENTS (IMAGE-AUROC/

PIXEL-AUROC, %)

ID Support Set Learnable Token Adapter k=2 k=4 k=8
A ✓ ✓ × 93.8/93.2 94.5/92.3 96.0/93.8
B ✓ × ✓ 74.8/81.7 67.7/76.5 67.5/78.2
C × ✓ ✓ 95.5/95.1 96.2/95.6 96.6/95.8
D ✓ × × 67.7/77.4 72.2/79.1 74.5/77.0
E × × ✓ 94.2/95.2 95.7/95.5 95.8/95.6
F × ✓ × 95.0/95.3 95.8/95.5 95.8/95.4
G ✓ ✓ ✓ 96.0/96.2 96.6/96.6 97.2/96.8

TABLE IV
ABLATION STUDY ON PSEUDO-ANOMALY GENERATION RATIOS

(IMAGE-AUROC/ PIXEL-AUROC, %)

ID α (Normal) β (Texture) γ (Structure) k=2 k=4 k=8
A 0.3 0.7 0.0 95.5/95.5 96.8/96.1 96.5/96.0
B 0.3 0.0 0.7 94.6/95.6 95.2/95.8 96.1/96.1
C 0.3 0.5 0.2 95.8/96.2 96.5/96.5 97.1/96.8
D 0.3 0.2 0.5 95.1/95.5 95.9/96.3 96.0/96.3
E 0.3 0.35 0.35 94.7/95.6 96.2/96.1 96.5/96.2
F 0.0 1.0 0.0 72.3/87.5 72.6/87.4 74.7/87.3
G 0.0 0.0 1.0 93.8/95.1 93.4/95.4 95.9/95.9
H 1.0 0.0 0.0 95.7/95.4 96.2/95.9 96.2/96.2

conditions, confirming that the Adapter effectively mitigates
cross-modal discrepancies and enhances structural perception.
However, without Learnable Tokens (D vs. B), the Adapter
did not yield consistent performance gains, and even showed a
significant drop under the k=4 and k=8 settings. The Adapter’s
adaptation ability depends on a stable semantic reference
signal. Without learnable tokens, the model lacks a clear se-
mantic direction, making it difficult for the Adapter to achieve
precise alignment. This may introduce errors and interfere with
structural modeling, leading to misjudgments. Moreover, even
without using the support set (F vs. C), the introduction of the
Adapter still led to performance improvements.
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Fig. 4. Qualitative visualization results on the Visa, BTAD, and MPDD datasets. From top to bottom, the rows represent normal samples, defective samples,
detection results, and the ground truth.

Fig. 5. Feature Distribution Visualization using t-SNE with and without Adapter. Normal image and normal prompt features are compactly aligned, while
anomaly prompt features are more dispersed and further away from the normal image features in the embedding space with Adapter.

To evaluate whether the Adapter can effectively mitigate the
modality shift issue of CLIP in industrial semantic scenarios,
we conducted a qualitative analysis on the alignment between
query image features and prompt text features. Specifically,
test set from five categories and associated prompts were
embedded and visualized via t-SNE in 2D semantic space (Fig.
8). The results show that after introducing the Adapter, the
features of normal images cluster closely with the “Normal”
prompt, while the “Anomaly” prompt is clearly separated,
leading to sharper semantic boundaries. In contrast, without
the Adapter, the distributions of image and text features are
disordered, especially in categories such as carpet, hazelnut,
and zipper, showing poor modal alignment and weakened
semantic distinction between normal and anomalous states.
Moreover, to intuitively demonstrate the impact of Adapter
on localization accuracy, Fig. 3(d) and (e) illustrate the results
without and with Adapter, respectively. It can be observed that
the model achieves more accurate localization of anomalous
regions after incorporating the Adapter (Fig. 3(e)).

To verify the robustness of the Adapter against spatial
structural disturbances, we designed a rotation robustness test
experiment. As shown in Fig. 7, we selected the metal nut
and screw categories from the MVTec AD dataset, which
exhibit no orientation variations across samples, and applied
random rotations (0° to ± 30°) to the test set to evaluate the
variation in model performance under different angles. In the
experiments, we compared the performance with and without
the Adapter under k = 2, 4, and 8 settings, and averaged the
results over three random seeds. The experimental results show
that the model performance degrades to some extent after
rotation, mainly due to the interpolation artifacts introduced
during rotation, which create boundary regions inconsistent
with the background and lead to misclassification. However,
compared with models without the Adapter module, those
equipped with Adapter exhibit significantly reduced perfor-
mance fluctuations, indicating improved robustness.

2) The Influence of Learnable Token: To evaluate the
effectiveness of the Learnable Token, we conducted three sets
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Fig. 6. Samples from the BSW AD dataset. The left panel contains normal samples and the right panel contains defective samples. Each category consists
of two rows: the first row is the original image, and the second is a magnified close-up view.

of comparative experiments under different module configura-
tions (Table III). In the complete configuration (G vs B, k=2),
the introduction of the Learnable Token improved Image-
AUROC and Pixel-AUROC by 21.2% and 14.5%, respectively,
indicating its significant contribution to aligning with semantic
prompts. Even without the support set branch (C vs E) or
the Adapter (A vs D), the Learnable Token still delivered
noticeable performance improvements, further confirming its
ability to provide stable semantic guidance.

3) The Influence of Support Set: To evaluate its effec-
tiveness, we compared the performance changes with and
without this component under different configurations (Table
III). When lacking the Adapter or semantic guidance (F vs
A, E vs B), introducing the support set actually led to per-
formance degradation. Although the support set provides nor-
mal sample references, without Learnable Tokens, the model
lacks a semantic anchor, making the structural comparison
semantically ambiguous; without an alignment mechanism,
the structural references are prone to mismatches and false
positives. Moreover, to intuitively demonstrate the impact of
Adapter on localization accuracy, Fig. 3(c) and (e) illustrate
the results without and with support set, respectively. It can be
observed that the model achieves more accurate localization of
anomalous regions after incorporating the Adapter (Fig. 3(e)).

4) The Influence of Anomaly Generation: To evaluate
how the composition ratio of anomalous samples affects model
performance, we define the proportions of normal images,
texture-based and structure-based pseudo anomalies in the
training set as α, β, and γ, respectively, where α + β + γ = 1.
This composition strategy not only determines the distribution
of anomalous samples in training but also directly influences
the model’s attention to and perception of different anomaly
types. For instance, in MVTec AD, categories like leather, grid,
and wood mainly exhibit texture anomalies, while transistor
and metal nut are dominated by structural defects (e.g., mis-
placed and bending), requiring stronger structural modeling.
Experimental results show that a pseudo-anomaly composition
of “0.3 normal / 0.5 texture / 0.2 structure” consistently yields
the best performance across various few-shot settings (Table
IV), confirming the generalization capability of this design

Fig. 7. Robustness analysis against spatial misalignment with and without
Adapter. Models equipped with Adapter exhibit consistently more stable per-
formance across varying rotation degrees, demonstrating improved robustness
to spatial misalignment.

Leather Metal_nutMetal_nut

Bottle Zipper

Fig. 8. Feature Distribution Visualization using t-SNE for Normal (blue),
Real Anomaly (orange), and Generated Anomaly (green) Samples.

across diverse industrial anomaly patterns.
In addition, the t-SNE visualizations in Fig. 8 provide





D. Real-World Application

In modern manufacturing, the rapid iteration of product
models renders it impractical to collect a large number of
normal samples for every new model. Consequently, the self-
supervised FSAD paradigm is particularly well-suited for such
scenarios. To comprehensively evaluate the practical appli-
cability and deployment adaptability of the proposed SCF-
AD method in this context, we conducted an application
verification on a real-world battery spot-welding task. To
this end, we constructed a BSW AD dataset, in which all
images were collected from an actual production line using
AOI equipment. As shown in Fig. 6, the dataset covers ten
representative types of spot welds, including both normal
and defective samples, such as Welding Burn, Welding Shift,
and Missing Welds. As illustrated in Fig. 9, the operational
workflow of the inspection system is as follows: the AOI
device captures images of the weld surfaces and transmits them
to a data center; subsequently, an AI server equipped with
our algorithm performs automatic defect detection; finally, the
results are visualized on a front-end interface for real-time
monitoring and analysis by plant personnel.

Quantitatively, we conducted a comprehensive comparison
of SCF-AD against several state-of-the-art few-shot anomaly
detection methods, including WinCLIP, APRIL-GAN, RegAD,
and ADFormer, on the BSW AD dataset in terms of both
performance and complexity, as shown in Fig. 10. In terms
of performance, SCF-AD consistently outperformed all com-
parison methods across all settings from 1-shot to 8-shot in
both Image AUROC and Pixel AUROC. This demonstrates
that our method can achieve accurate defect detection and
localization even with very few normal samples. Regarding
model complexity, although we employed CLIP ViT-L/14 as
the backbone with a total parameter size of 432.6M, the GPU
memory usage remains only 2,854 MiB, which is significantly
lower than most compared methods. Most importantly, SCF-
AD achieves a high inference speed of 126.3 FPS, which
surpasses all other methods and highlights its well-optimized
structure and superior computational efficiency. This high-
speed inference capability is particularly important for real-
world deployment. Moreover, the total training time was
approximately 0.4 hours, demonstrating its potential for rapid
model deployment and iteration.

Qualitatively, Fig. 11 presents the visualization results of
different methods on various defective samples. The anomaly
heatmaps generated by our method align more closely with
the actual defect contours and exhibit less background noise,
demonstrating superior localization capability. For instance, in
the second row’s “Missing Welds” sample, only our method
successfully and precisely localized the missing welds, while
all other methods failed to effectively detect this anomaly.

V. CONCLUSION

This paper addresses the common reliance of existing FSAD
methods on external auxiliary industrial data for training, and
proposes a novel self supervised CLIP-guided framework for
few shot industrial anomaly detection. The proposed approach
requires no external auxiliary industrial data and performs
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Fig. 11. Qualitative visualization of results on BSW AD dataset.

anomaly detection and localization using only a few normal
samples from the target category. Furthermore, a learnable
Adapter is introduced to mitigate the semantic misalignment
between text and image modalities in CLIP under industrial
scenarios, and to enhance the model’s robustness to spatial
structural discrepancies between the query and support sets.
Extensive experiments on the MVTec AD dataset validate the
effectiveness and superiority of the proposed SCF-AD method.
In a real-world battery spot-welding defect detection task, our
method achieves excellent detection accuracy and inference
efficiency, demonstrating its feasibility for practical industrial
deployment.

Despite the excellent performance demonstrated by the
proposed SCF-AD method, several inherent bottlenecks re-
main. The current framework still follows a “one-model-
per-category” paradigm without a unified detection scheme





detection network with cellular anomaly generation for container mark-
ing,” IEEE Trans. Instrum. Meas., vol. 74, pp. 1–17, 2025.

[39] X. Shen, L. Li, Y. Ma, S. Xu, J. Liu, Z. Yang, and Y. Shi, “Vlcim: A
vision-language cyclic interaction model for industrial defect detection,”
IEEE Trans. Instrum. Meas., vol. 74, pp. 1–13, 2025.

[40] Z. Yang, J. Wang, X. Ye, Y. Tang, K. Chen, H. Zhao, and P. H. S. Torr,
“Language-aware vision transformer for referring segmentation,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 47, no. 7, pp. 5238–5255, Jul.
2025.

[41] J. Jeong, Y. Zou, T. Kim, D. Zhang, A. Ravichandran, and O. Dabeer,
“Winclip: Zero-/few-shot anomaly classification and segmentation,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), 2023,
pp. 19 606–19 616.

[42] Z. Gu, B. Zhu, G. Zhu, Y. Chen, M. Tang, and J. Wang, “Anomalygpt:
Detecting industrial anomalies using large vision-language models,” in
Proc. AAAI Conf. Artif. Intell., vol. 38, no. 3, 2024, pp. 1932–1940.

[43] P. Bergmann, M. Fauser, D. Sattlegger, and C. Steger, “Mvtec ad — a
comprehensive real-world dataset for unsupervised anomaly detection,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), 2019,
pp. 9584–9592.

[44] Y. Zou, J. Jeong, L. Pemula, D. Zhang, and O. Dabeer, “Spot-the-
difference self-supervised pre-training for anomaly detection and seg-
mentation,” in Proc. Eur. Conf. Comput. Vis. (ECCV), vol. 13690, 2022,
pp. 392–408.

[45] S. Damm, M. Laszkiewicz, J. Lederer, and A. Fischer, “Anomalydino:
Boosting patch-based few-shot anomaly detection with dinov2,” in Proc.
IEEE Winter Conf. Appl. Comput. Vis. (WACV), Feb. 2025, pp. 1319–
1329.

[46] X. Li, Z. Zhang, X. Tan, C. Chen, Y. Qu, Y. Xie, and L. Ma, “Promptad:
Learning prompts with only normal samples for few-shot anomaly
detection,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2024, pp. 16 848–16 858.

[47] M. Cimpoi, S. Maji, I. Kokkinos, S. Mohamed, and A. Vedaldi,
“Describing textures in the wild,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit. (CVPR), 2014, pp. 3606–3613.

[48] M. Baugh, J. Tan, J. P. Müller, M. Dombrowski, J. Batten, and B. Kainz,
“Many tasks make light work: Learning to localise medical anomalies
from multiple synthetic tasks,” in Med. Image Comput. Comput. Assist.
Interv. (MICCAI), vol. 14220, 2023, pp. 162–172.
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