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Abstract
In integrated circuit manufacturing, wafer anomaly detection is of
great importance for defect analysis and yield improvement. How-
ever, wafer images in real industrial scenarios often exhibit com-
plex textures and strong background interference, posing signifi-
cant challenges to automated detection. Existing methods largely
rely onmanually annotated samples, category priors, or text-guided
knowledge, which suffer from difficulties in data acquisition, high
annotation costs, and limited cross-scenario generalization. To ad-
dress these issues, we propose the first zero-shot wafer defect de-
tection method that does not require text input, termed RWAD.
Without requiring anomaly category annotations or textual prompts,
the proposed method directly reconstructs normal features from
wafer images to effectively perceive and identify anomalous re-
gions. Specifically, we design a reliability-aware normal pattern
extraction mechanism, which estimates patch-level normal relia-
bility by jointly considering local neighborhood consistency and
prototype distance, thereby suppressing the interference of sus-
picious regions in normal pattern modeling. Building upon this,
we design a Normal-Pattern-Guided Dual-branch Decoder and fur-
ther propose a dilated long-range remote-context decoding strat-
egy, which enables suspicious regions to bypass locally contami-
nated neighborhoods, retrieve contextual information from distant
high-reliability normal regions, and adaptively fuse such informa-
tion with refined normal patterns to enhance the discriminabil-
ity between normal and anomalous regions. Experimental results
demonstrate that, even without annotations or textual priors, the
proposed method can effectively adapt to complex wafer scenarios
and achieve promising detection performance and generalization
capability.
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Figure 1: Evolution of wafer defect detection paradigms, il-
lustrating the transition from manual inspection to auto-
matic defect detection and from text-guided to text-free
anomaly detection methods.

1 Introduction
Wafer manufacturing is a critical process in which high-purity sili-
con wafers are fabricated into semiconductor chips.This process is
highly complex, and various defects may arise during manufactur-
ing. However, evenminor defects can impair chip performance and
reliability and significantly reduce product yield. Therefore, reli-
able defect detectionmethods are essential for ensuringwafer qual-
ity [24]. Accordingly, extensive industrial research has focused on
wafer inspection and defect detection [11, 16, 18].

Current wafer defect detection methods can generally be di-
vided into supervised and unsupervised approaches. A large num-
ber of studies have adopted supervised learning frameworks for
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wafer defect detection [5, 33, 34]. These methods typically require
large amounts of data and fine-grained annotations to support clas-
sification, localization, or segmentation tasks, and they often achieve
strong detection performance. However, their effectiveness in stan-
dard evaluation settings comes at the cost of a heavy reliance on
annotated data. In industrial applications, obtaining high-quality
annotations is not only expensive but also time-consuming. More-
over, as new defect types continually emerge, existing models of-
ten struggle to transfer directly to new task scenarios.

To address this issue, industrial defect detection has increas-
ingly shifted toward unsupervised approaches [9, 21, 22, 33]. Unsu-
pervised detection methods require only normal samples for train-
ing and aim to automatically identify samples that deviate from
normal patterns without anomaly labels or manual annotations.
Since normal data usually constitute the majority and exhibit rela-
tively stable distribution characteristics, the model can first learn
the structure, distribution patterns, or feature representations of
normal samples, and then regard samples with large deviations
from normal patterns as anomalies. Compared with supervised
methods, unsupervised anomaly detection is more suitable for real-
world scenarios where anomalous samples are scarce, unknown,
or difficult to annotate. Nevertheless, unsupervised learning also
faces substantial challenges. Industrial data often exhibit complex
and unstable structures and are easily affected by noise, anomalous
samples, and redundant information. At the same time, significant
inter-sample variation and diversity further complicate the task.
As a result, conventional unsupervised anomaly detection strate-
gies still struggle to fully meet the demands of complex semicon-
ductor manufacturing scenarios.

In recent years, with the rapid development of large-scale pre-
trained models, vision-language pre-training models represented
byCLIP [29] have demonstrated strong cross-modal semantic align-
ment capabilities and have attracted widespread attention in zero-
shot and few-shot recognition tasks [6, 17, 19]. By leveraging the
knowledge accumulated during pre-training, such models provide
a new perspective for alleviating data scarcity in industrial scenar-
ios. However, text-guided methods still suffer from evident lim-
itations [36, 37]. Vision-language models tend to focus more on
modeling the class semantics of foreground objects rather than the
abnormality or normality of the image itself. Meanwhile, for each
sample, hundreds of corresponding text descriptions often need to
be generated, which not only incurs high construction costs but
also increases the complexity of the method. For wafer images,
the differences among samples are large and the feature patterns
are highly complex, making it difficult to use accurate text to com-
prehensively and precisely describe them. This further leads to a
clear mismatch between textual semantics and defect-related vi-
sual features, limiting the applicability and generalization capabil-
ity of text-guided methods in wafer defect detection tasks.

Therefore, addressing the above issues, removing the dependence
on text prompts, and directly learning image representations from
visual features have become important goals in zero-shot wafer
defect detection. Based on this motivation, we propose RWAD, the
first zero-shot wafer defect detection method that does not require
text input. Compared with cross-modal methods that rely on lin-
guistic priors, text-free zero-shot anomaly detection pays more at-
tention to distributional differences in feature space and avoids

the performance limitations caused by inaccurate textual descrip-
tions, insufficient semantic coverage, and modality gaps. This par-
adigm is more suitable for handling fine-grained, weak-semantic,
and hard-to-describe anomalous regions in semiconductor manu-
facturing images. Our method relies only on priors derived from
normal samples and visual representations, allowing effective iden-
tification and localization of unknownwafer defects.Themain con-
tributions of this paper are summarized as follows:
• We propose RWAD, the first text-free zero-shot anomaly detec-
tion framework for wafer inspection. It directly models normal
patterns from visual features and detects anomalies through re-
construction errors.

• We design a reliability-aware normal pattern extraction mecha-
nism that estimates patch-level reliability using local neighbor-
hood consistency and prototype distance. It suppresses suspi-
cious regions during prototype aggregation to learn cleaner and
more stable normal representations.

• We design a Normal-Pattern-Guided Dual-branch Decoder with
a dilated long-range remote-context decoding strategy. It avoids
potentially contaminated local neighborhoods and retrieves con-
textual information from distant high-reliability normal regions,
improving feature reconstruction and anomaly localization.

• Experiments demonstrate that RWAD achieves strong detection
performance and generalizationwithout anomaly annotations or
textual priors.

2 Related Work
2.1 Wafer Surface Defect Detection
Wafers serve as the fundamental substrate for integrated circuit
manufacturing, and their surface quality directly affects chip per-
formance, reliability, and final yield. However, wafer surface im-
ages usually exhibit highly repetitive structural textures and com-
plex background interference, while defect regions are often subtle,
sparse, and morphologically diverse, making defect detection and
localization highly challenging.

Early wafer defect detection methods mainly relied on tradi-
tional machine learning or supervised deep learning frameworks.
For example, early approaches performed defect detection by com-
bining handcrafted features with conventional classifiers. Gómez-
Sirvent et al. employed a feature-selection-based support vector
machine framework for semiconductorwafer defect classification [12].
With the development of deep learning, convolutional neural net-
work based models have been widely adopted for wafer defect clas-
sification and segmentation. For instance, Cheon et al. proposed
a CNN framework for wafer surface defect classification and un-
known defect category detection [7], Saqlain et al. designed a deep
convolutional network for wafer defect identification under class-
imbalanced scenarios [31], and de la Rosa et al. combined a light-
weight SqueezeNet architecture for semiconductor wafer defect de-
tection and classification [8]. Although thesemethods have achieved
promising results, they generally depend on sufficient training sam-
ples and accurate pixel-level annotations, and thus often show lim-
ited effectiveness when data are scarce or new defect types emerge.

In real semiconductor manufacturing environments, anomalous
samples are scarce and costly to collect, while defect patterns may
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vary significantly across different product layouts and process con-
ditions, which further limits the applicability of supervised meth-
ods. Therefore, many unsupervised anomaly detection methods
for industrial inspection have recently emerged. For example, FD-
UAD [3] enhances defect perception in complex industrial scenar-
ios through a multimodal imaging-based unsupervised anomaly
detection framework, while GLASS [4] and RD++ [32] improve in-
dustrial anomaly detection and localization from the perspectives
of anomaly synthesis and reverse distillation, respectively. Never-
theless, existing unsupervised wafer anomaly detection methods
still face difficulties in detecting subtle defects under complex back-
grounds and in modeling normal patterns when appearance vari-
ations across categories are large. Furthermore, under the zero-
shot setting, the distribution of normal features across different
wafer categories may shift significantly, which further increases
the difficulty of stable normal pattern modeling. Therefore, there
is an urgent need to develop an automated framework that can ef-
fectively identify and localize wafer defects under limited-data or
even target-domain annotation-free settings.

2.2 Few-shot/Zero-shot Anomaly Detection
Methods

With the increasing scarcity of anomalous samples and the high
cost of annotation in industrial scenarios, few-shot and zero-shot
anomaly detection have attracted growing attention. These meth-
ods aim to identify and localize anomalous samples with very lim-
ited or even no anomaly annotations in the target domain, thereby
alleviating the dependence of traditional supervised methods on
large-scale labeled data and providing a more flexible and efficient
solution to the data scarcity problem in real-world industrial envi-
ronments.

Existing few-shot and zero-shot anomaly detectionmethods can
generally be divided into two categories. One category is based
on pretrained vision-language models, which align image features
with normal/abnormal semantics through text prompts, fine-grained
descriptions, or anomaly-aware adaptation mechanisms. For ex-
ample, AdaCLIP, FiLo, AA-CLIP, and PA-CLIP improve zero-shot
anomaly detection and localization from the perspectives of hy-
brid prompt learning, fine-grained anomaly description, anomaly-
aware adaptation, and prompt adaptation, respectively [2, 14, 25,
27], while Anomaly-OV further enhances zero-shot anomaly detec-
tion and reasoning with multimodal large models [35]. The other
category focuses more on leveraging a small number of normal
samples for contextual modeling or directly characterizing nor-
mal patterns, and treats regions deviating from the normal dis-
tribution as potential anomalies. For instance, InCTRL achieves
cross-domain anomaly detection through few-shot normal sample
prompts and in-context residual learning [38], One-to-Normal en-
hances adaptability in few-shot scenarios from the perspective of
anomaly personalization [20], and INP-Former further improves
anomaly detection performance with a stronger normal prototype
modeling mechanism [23].

Although these methods have achieved promising results on
general industrial anomaly detection tasks, they still exhibit clear

limitations in wafer defect detection scenarios. Text-based meth-
ods usually require constructing a large number of correspond-
ing textual descriptions for each sample, while the large variations
among wafer samples make it difficult to describe them accurately
with text. Methods based on normal patternmodeling, on the other
hand, usually rely on modeling the normal distribution, yet wafer
images are difficult to represent in a stable and accurate manner.
Meanwhile, defect signals can easily interfere with the normal dis-
tribution, which further limits the recognition accuracy and gener-
alization capability of suchmethods inwafer defect detection tasks.
Therefore, how to stably characterize the normal patterns of wafer
images without relying on complex text prompts, while improving
robust recognition and localization of subtle defects, remains a key
challenge in zero-shot wafer anomaly detection.

3 Method
3.1 RWAD Framework
In this section, we propose the RWAD framework for zero-shot
wafer defect detection without textual prompts. Unlike methods
that rely on category descriptions or manually designed prompts,
RWAD learns normal patterns directly from image features and
suppresses anomalous noise through reliability-guided normal pat-
tern modeling, which leads to more stable defect response maps.

The overall framework consists of three components:
• a pretrained visual encoder for extracting multi-level patch
token features;

• a Reliability-Guided Normal Pattern Extractor, which learns
a set of prototypes to identify suspicious tokens and reduce
their influence during normal pattern modeling in wafer im-
ages;

• a normal-pattern-guided decoder and a reliability-guided re-
mote context decoder for reconstructing normal structures
and generating anomaly maps.

Given an input image I ∈ ℝ𝐻×𝑊×3, we first feed it into a pre-
trained visual encoder 𝑄 to extract multi-level feature representa-
tions and introduce a set of learnable prototypes:

ℱ𝑄 = {F(𝑙)𝑄 ∈ ℝ𝑁×𝐶 }
𝐿
𝑙=1 , 𝑁 = 𝐻𝑊

𝑘2 ,
𝒫 = {p𝑚 ∈ ℝ𝐶 }𝑀𝑚=1.

(1)

𝐻 and𝑊 denote the input height and width, respectively; 𝐿 is the
number of feature levels, 𝐶 is the channel dimension, 𝑘 is the down-
sampling factor, and 𝑀 is the number of prototype tokens. Based
on the encoded features and the learnable prototypes, we estimate
a reliability score for each token according to its local consistency
and prototype distance. Let r = {𝑟𝑖}𝑁𝑖=1 denote the token-wise reli-
ability set. Then, the refined normal patterns (RNPs) are obtained
by

𝒫𝑟 = Agg(𝒫,ℱ𝑄 ; r), (2)

where 𝒫𝑟 denotes the refined normal patterns and Agg(⋅) is the
reliability-guided prototype aggregation operation.

After that, the refined normal patterns 𝒫𝑟 are fed into a normal-
pattern-guided decoder𝐷𝑝 , while the encoded featuresℱ𝑄 together
with the token-wise reliability r are fed into a reliability-guided
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Figure 2: Overall framework of the proposed RWAD.

remote-context decoder 𝐷𝑐 :
ℱ𝑝

𝐷 = 𝐷𝑝(𝒫𝑟 ) , ℱ𝑐𝐷 = 𝐷𝑐(ℱ𝑄 , r) . (3)
Finally, the outputs of the two branches are fused as

ℱ𝐷 = ℱ𝑝
𝐷 + (1 − r) ⊙ ℱ𝑐𝐷 (4)

where ⊙ denotes element-wise multiplication. The anomaly map
is finally obtained by measuring the discrepancy between the en-
coded features and the reconstructed features. During inference,
we directly load the model parameters trained on the source do-
main and transfer them to the target wafer dataset without requir-
ing any target-domain textual descriptions or additional annota-
tions.

3.2 Visual Feature Encoding
Here, we adopt a pretrained DINOv2 ViT encoder [26] and keep
it frozen to preserve the generic feature representation capability
learned from large-scale natural image data, while reducing the
optimization difficulty caused by additional trainable parameters.
As the visual feature extraction backbone, the frozen encoder can
stably produce hierarchical patch token representations, providing
unified feature inputs for the subsequent reliability-guided normal
pattern modeling and dual-branch decoder reconstruction.

Given an input wafer image I ∈ ℝ𝐻×𝑊×3, we feed it into a pre-
trained DINOv2 ViT encoder 𝑄 to extract visual representations

with hierarchical semantic information. Instead of using only the
last-layer feature, we select the outputs of several intermediate
Transformer blocks as feature sources, so as to preserve both shal-
low texture details and deep semantic context. The output of the
𝑙-th selected layer is F(𝑙)𝑄 = 𝑄(𝑙)(I) ∈ ℝ𝑁×𝐶 , where 𝑁 denotes
the number of patch tokens and 𝐶 denotes the channel dimension.
Since the [CLS] token does not directly participate in pixel-level
anomaly localization, we remove it in the subsequent processing
and retain only the patch token representations.

To fuse visual information from different levels, we average the
token features of the selected layers to obtain the final encoded
feature representation:

ℱ𝑄 = 1
|𝒮| ∑𝑙∈𝒮

F(𝑙)𝑄 , (5)

where 𝒮 denotes the set of selected intermediate layers. This strat-
egy effectively integrates shallow local textures with deep global
semantic information, thereby enhancing the model’s representa-
tion capability for defects of different scales.

3.3 Reliability-Guided Normal Pattern
Extractor

Existing anomaly detection methods based on normal reference
modeling [13, 28, 30] can generally be divided into two categories.
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The first stores local normal representations from training samples
and performs token-level matching with the test image. The sec-
ond dynamically derives global normal cues from the test image
itself. However, such dynamic extraction strategies usually oper-
ate on the entire image directly, making the learned normal ref-
erences vulnerable to contamination by anomalous regions and
noisy patterns, which may in turn degrade detection accuracy. To
address this issue, our approach jointly incorporates local consis-
tency and prototype distance to estimate wafer-specific normal re-
liability, thereby suppressing the influence of suspicious features
during normal pattern modeling.

To capture stable normal patterns in wafer images, RWADmain-
tains𝑀 learnable prototype tokens, denoted by𝒫 = {p𝑚 ∈ ℝ𝐶 }𝑀𝑚=1.
To adapt these prototypes to the current input, we employ prototype-
to-image cross-attention, with prototypes as queries and image to-
kens as keys and values, to produce coarse pattern embeddings
𝒫 = Agg(𝒫,ℱ𝑄).

Since anomalous or noisy regions may still interfere with nor-
mal pattern modeling, we further estimate the reliability of each
token from two complementary perspectives: local neighborhood
consistency and prototype distance. For the 𝑖-th token, these two
quantities are computed as

𝑐𝑖 = 1
|𝒩(𝑖)| ∑

𝑗∈𝒩(𝑖)
cos(f̂𝑖, f̂𝑗), 𝑑𝑖 = 1 −max𝑚 cos(f̂𝑖, ̂p̃𝑚), (6)

where 𝒩(𝑖) denotes the neighborhood centered at token 𝑖, f̂𝑖 is the
normalized token feature, and ̂p̃𝑚 denotes the normalized coarse
pattern embedding. Intuitively, normal tokens are expected to be
more consistent with their neighbors and more compatible with
the learned pattern set. These two cues are then combined to form
a suspiciousness score:

𝑠𝑖 = 𝛼(1 − 𝑐𝑖) + 𝛽𝑑𝑖, (7)

where 𝛼 and 𝛽 control the relative contributions of local consis-
tency and prototype distance. Based on this score, the reliability
weight is defined as

𝑟𝑖 = 1 − 𝜎(𝛾 𝑠𝑖 + 𝛿). (8)

In this way, more suspicious tokens are assigned lower reliability
values. Using the token-wise reliability weights r = {𝑟𝑖}𝑁𝑖=1, we per-
form reliability-guided aggregation to obtain the refined normal
patterns (RNPs):

𝒫𝑟 = Agg(𝒫,ℱ𝑄 ; r). (9)
Compared with the coarse pattern embeddings, 𝒫𝑟 is less affected
by suspicious regions and therefore provides a cleaner and more
stable representation of the normal structures in the input wafer
image.

3.4 Normal-Pattern-Guided Dual-Branch
Decoder with Remote Context

After obtaining the refined normal patterns 𝒫𝑟 , we further con-
struct a dual-branch decoding mechanism to reconstruct the en-
coded token features into representations that are closer to nor-
mal patterns. Specifically, the decoder consists of a normal-pattern-
guided branch and a reliability-guided remote-context branch.The

former uses the RNPs as structural priors to guide token recon-
struction toward the normal distribution, while the latter intro-
duces long-range contextual cues to compensate for insufficient lo-
cal information and suppresses the influence of unreliable regions
through reliabilityweighting.Through the collaboration of the two
branches, the model can more stably recover normal structures un-
der complex wafer textures and enlarge the discrepancy between
anomalous regions and normal patterns.

Let ℱ𝑄 denote the fused feature representation from the en-
coder. Before decoding, a lightweight bottleneck produces H0 =
MLP(ℱ𝑄) ∈ ℝ𝑁×𝐶 . Starting from H0, the normal-pattern-guided
branch interacts with the RNPs 𝒫𝑟 ∈ ℝ𝑀×𝐶 to generate normal-
pattern-constrained reconstruction features. At stage 𝑡 , the token
features H𝑡 and RNPs are normalized and linearly projected into
queries Q𝑝 , keys K𝑝 , and values V𝑝 . Instead of standard softmax
attention, their similarity is reweighted by a learnable head-wise
scale 𝜆𝑝 and passed through a non-negative activation, yielding
A𝑝 = ReLU((Q𝑝K⊤𝑝 ) ⊙ 𝜆𝑝). The value embeddings are then aggre-
gated and refined by a feed-forward network:

H𝑡+1𝑝 = A𝑝V𝑝 + FFN(Norm(A𝑝V𝑝)) . (10)

In this manner, token representations are explicitly constrained by
the RNPs, encouraging the reconstructed features to approach nor-
mal patterns.

Although the normal-pattern-guided branch is effective for nor-
mal patternmodeling, relying solely on the RNPsmay still be insuf-
ficient in wafer images with repeated textures and strong local sim-
ilarity. Many anomalous regions remain locally similar to normal
ones, making them difficult to distinguish based only on nearby
cues. To alleviate this issue, we further introduce a reliability-guided
remote-context branch, which retrieves complementary informa-
tion from long-range spatial relations.

Given the current token features H𝑡 ∈ ℝ𝑁×𝐶 and remote mem-
ory M𝑡 ∈ ℝ𝑁×𝐶 , we normalize and linearly project them into
Q𝑟 , K𝑟 , and V𝑟 . A hollow mask Ω blocks neighboring positions
while preserving long-range context, and the reliability weights
r ∈ [0, 1]𝑁 suppress unreliable responses. The resulting remote
attention is

A𝑟 = Softmax(Norm(Q𝑟 )Norm(K𝑟 )⊤
√𝑑

+ log(r) + Ω) . (11)

Its value aggregation and residual enhancement are jointly written
as

H𝑡+1𝑟 = A𝑟V𝑟 + FFN(Norm(A𝑟V𝑟 )) . (12)

Rather than simply enlarging the receptive field, this branch per-
forms selective global aggregation under reliability constraints, en-
abling the model to seek more stable support from distant normal
structures when local regions are ambiguous or unreliable. To fully
exploit the complementarity of the two branches, we finally adopt
a reliability-gated fusion strategy:

H𝑡+1 = H𝑡+1𝑝 + (1 − r) ⊙H𝑡+1𝑟 , (13)

where ⊙ denotes element-wise multiplication. This design makes
the model rely more on normal-pattern-guided reconstruction for
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reliable tokens, while assigning greater importance to the remote-
context branch for unreliable ones. Through such a dynamic bal-
ance between local recovery and global compensation, the decoder
can better preserve normal regions while reducing the risk of over-
restoring anomalous regions under locally similar textures.

Overall, the decoding process in RWAD can be viewed as a col-
laborative reconstruction mechanism that integrates RNP-based
structural priors, remote-context compensation, and reliability-gated
fusion. This design allows the model to recover normal structures
more accurately while preserving more discriminative reconstruc-
tion residuals in anomalous regions, thereby providing stronger
signals for subsequent anomaly map generation.

3.5 Loss Function
To optimize RWAD, we employ a joint objective consisting of a
reconstruction loss and a pattern gathering loss:

ℒ = ℒ𝑟𝑒𝑐 + 𝜆ℒ𝑝𝑟𝑜𝑡𝑜 , (14)

where 𝜆 = 0.2 in all experiments. The reconstruction loss super-
vises the consistency between encoder features and decoder fea-
tures at multiple levels:

ℒ𝑟𝑒𝑐 = 1
𝐿

𝐿
∑
𝑙=1

(1 − cos(E𝑙 ,D𝑙)) . (15)

To encourage the model to focus on hard-to-reconstruct tokens,
we adopt an adaptive reweighting strategy during optimization. In
addition, the pattern gathering loss measures the minimum cosine
distance between each token feature and the learned refined nor-
mal patterns (RNPs):

ℒ𝑝𝑟𝑜𝑡𝑜 = 1
𝑁

𝑁
∑
𝑖=1

min𝑘 (1 − cos(f𝑖,p𝑘)) . (16)

This objective encourages the RNPs to capture stable normal pat-
terns while improving the robustness of reconstruction under com-
plex wafer textures.

4 Experiments
4.1 Experimental Settings
We evaluate RWAD from both image-level and pixel-level perspec-
tives. For image-level anomaly classification, we adopt AUROC,
AP, and F1-max to measure the ability to distinguish normal and
anomalous images. For pixel-level defect localization, we also adopt
AUROC,AP, and F1-max to evaluate the accuracy of localized anom-
aly regions.

We employ a pretrained DINOv2-reg ViT-B/14 [26] as the image
encoder, with an input resolution of 392×392. Multi-level features
extracted from intermediate encoder blocks are used to construct
multi-scale representations. The number of learnable prototypes is
set to 6. The decoder consists of a normal-pattern-guided decoder
and a remote-context decoder. All experiments are conducted on
an NVIDIA RTX A6000 GPU. During training, only the learnable
prototypes, bottleneck projection layers, and decoder parameters
are optimized, while the image encoder remains frozen.We use the
AdamWoptimizer with an initial learning rate of 1×10−3, a weight

Figure 3: Normal, anomaly, and ground-truth mask exam-
ples from PWmicro-AD.

decay of 1 × 10−4, and a batch size of 16. The model is trained for
200 epochs with a warm cosine learning rate scheduler.

We compare these anomaly detection methods under the zero-
shot setting, including CLIP [29], WinCLIP [17], PromptAD [19],
DRA [10] andAnomalyGPT [15]. Among them,OriginalCLIP,Win-
CLIP, and PromptAD are CLIP-based methods, for which we use
ViT-B/16+ pretrained on LAION-400M as the backbone.

4.2 Our Dataset
To evaluate the effectiveness of ourmethod in realistic cross-domain
industrial scenarios, we establish a zero-shot detection settingwith
PWmicro-AD as the target-domain benchmark. This dataset is de-
signed for patterned wafer inspection and contains 15 categories
of patterned wafer images, with a total of 7,127 high-resolution
RGB samples, including 4,918 normal samples and 2,209 anoma-
lous samples.The anomalous images cover various fine-grained de-
fect types, such as particles and structural deformations, and all of
them are equipped with pixel-level ground-truth masks, enabling
evaluation at both the image level for anomaly classification and
the pixel level for defect localization. Our dataset is illustrated in
Fig. 3, where (a)–(g) show different types of samples in the dataset.
The dataset will be made publicly available on the project website.

As the source-domain training data, we adopt the widely used
MVTec AD dataset [1], which contains both texture and object cat-
egories of industrial defects and can provide general anomaly rep-
resentation capability for the model. In our experiments, RWAD is
trained only on MVTec and then directly deployed on PWmicro-
AD for testing. During this process, no anomaly annotations from
the target domain are used, no target-domain fine-tuning is per-
formed, and no text prompts are introduced, thereby realizing a
strict zero-shot wafer anomaly detection setting.

4.3 Results Analysis
From the overall results reported in Table 1, it can be observed
that RWAD achieves excellent performance in both image-level de-
tection and pixel-level localization, yielding the best overall detec-
tion results. Specifically, RWAD attains 0.938, 0.974, and 0.922 on I-
AUROC, I-AP, and I-F1-max, respectively. Compared with Anoma-
lyGPT, which is the closest competitor in image-level performance,
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Table 1: Comparison of RWAD with other anomaly detec-
tion methods under the zero-shot setting.

Method Image-level Pixel-level

AUROC AP F1-max AUROC AP F1-max

OriginalCLIP [29] 0.738 0.877 - 0.199 0.012 -
WinCLIP [17] 0.789 0.898 0.859 0.286 0.014 0.041
DRA [10] 0.619 0.794 0.824 0.637 0.068 0.116
PromptAD [19] 0.824 0.920 0.855 0.917 0.547 0.555
AnomalyGPT [15] 0.890 0.946 - 0.913 0.476 -
RWAD 0.938 0.974 0.922 0.938 0.571 0.572

Figure 4: Visualization of method comparison under the
zero-shot setting.

RWAD improves I-AUROC and I-AP by 0.048 and 0.028, respec-
tively, further validating its advantage in image-level anomaly recog-
nition. Meanwhile, RWAD also performs remarkably well in pixel-
level localization, achieving 0.938, 0.571, and 0.572 on P-AUROC, P-
AP, and P-F1-max, respectively. Comparedwith PromptAD, RWAD
further improves P-AUROC, P-AP, and P-F1-max by 0.021, 0.024,
and 0.017, respectively, indicating that the proposed method not
only identifies anomalous images more accurately but also delin-
eates defective regions more precisely. These results fully demon-
strate that RWAD maintains excellent image-level detection per-
formance while further enhancing fine-grained defect localization,
thereby achieving stronger overall performance in zero-shot wafer
anomaly detection. The qualitative detection results are shown in
Fig. 4.

RWAD achieves these improvements mainly because it can con-
struct cleaner normal patterns. On the one hand, the reliability-
guided normal pattern extraction mechanism suppresses the inter-
ference of potentially anomalous regions during prototype learn-
ing, making the constructed normal patterns cleaner and more sta-
ble. On the other hand, the long-range remote-context decoding
strategy is able to retrieve effective information from distant high-
reliability normal regions even when local neighborhoods are con-
taminated, thereby improving reconstruction quality and enhanc-
ing the separability between normal and anomalous regions.There-
fore, the leading performance of RWAD on pixel-level metrics val-
idates the effectiveness of the proposed method for fine-grained
anomaly localization.

Figure 5: Visualization of RNP attention extraction.

Figure 6: k-shot experimental results of RWAD
(AUROC/AP/F1-max).

The visualization results in Fig. 5 further demonstrate the effec-
tiveness of the proposed reliability-guided normal pattern extrac-
tion. It can be observed that the attention of the extracted RNPs is
mainly concentrated on normal structural regions, while anoma-
lous patches are largely suppressed. This indicates that the pro-
posed extractor can effectively reduce the interference of suspi-
cious regions during prototype aggregation and learn cleaner nor-
mal representations, which is beneficial for subsequent reconstruc-
tion and anomaly localization.

Furthermore, to further validate the effectiveness and stability
of RWAD, we conduct experiments under different 𝑘-shot settings,
as shown in Fig. 6. The results show that RWAD still maintains
strong detection performance even under extremely low-shot con-
ditions. Under the 1-shot setting, the model already achieves high
image-level and pixel-level performance. When the shot number
increases to 2, the performance is further improved, especially on
the pixel-level metrics, which increase from 0.992/0.766/0.711 to
0.994/0.787/0.728. Meanwhile, the performance gap among the 2-
shot, 4-shot, and 8-shot settings is already small, indicating that
RWAD can learn stable and representative normal patterns with
only a few normal samples.

Combinedwith the comparative results discussed above, RWAD
not only achieves strong performance in both image-level detec-
tion and pixel-level localization, but also demonstrates good ro-
bustness under low-shot settings. In particular, under the 2-shot
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Figure 7: Detection results under the 2-shot setting.

Table 2: Ablation study of RWAD (AUROC/AP/F1-max).

RNP Remote Context Image-level Pixel-levelExtractor Decoder

× × 0.876/0.940/0.892 0.906/0.508/0.526
3 × 0.931/0.970/0.919 0.906/0.554/0.562
3 3 0.938/0.974/0.922 0.938/0.571/0.572

setting, themodel already achieves nearly optimal detection and lo-
calization performance with low data cost, which further validates
the effectiveness of the reliability-guided normal pattern model-
ing and long-range remote-context decoding strategy in low-shot
scenarios. The qualitative detection results are shown in Fig. 7.

4.4 Ablation Study
To verify the effectiveness of the proposed components, we con-
duct ablation studies on the RNP Extractor and the Remote Context
Decoder. When both modules are removed, the model degenerates
into a basic framework that employs standard cross-attention to
extract coarse normal patterns and uses only the normal-pattern-
guided decoder branch for feature reconstruction. All model vari-
ants are evaluated under the same zero-shot setting and evaluation
protocol to ensure a fair comparison.

The ablation results are shown in Table 2. When only the RNP
Extractor is introduced, both image-level and pixel-level perfor-
mance improve over the baseline. The image-level AUROC, AP,
and F1-max increase from 0.876/0.940/0.892 to 0.931/0.970/0.919.
Although the pixel-level AUROC remains at 0.906, the pixel-level
AP and F1-max increase from 0.508 and 0.526 to 0.554 and 0.562,
respectively. These results indicate that the RNP Extractor can re-
duce the interference of suspicious regions during normal pattern
aggregation and obtain cleaner and more reliable normal represen-
tations. The resulting normal patterns provide more stable guid-
ance for subsequent feature reconstruction, improving image-level
anomaly recognition and enhancing the discrimination of anoma-
lous pixels.

After further introducing the Remote Context Decoder, themodel
achieves consistent improvements and obtains the best overall re-
sults. The image-level AUROC, AP, and F1-max reach 0.938, 0.974,
and 0.922, respectively, while the pixel-level AUROC, AP, and F1-
max reach 0.938, 0.571, and 0.572, respectively. Compared with the
model using only the RNP Extractor, the complete model achieves

Figure 8: Detection results in the 0-shot ablation study. The
third and fourth rows present the results without the RNP
Extractor and Remote Context Decoder and those of the full
RWAD.

more evident improvements in pixel-level performance. This is be-
cause the Remote Context Decoder can bypass potentially contam-
inated local neighborhoods and retrieve complementary informa-
tion from distant regions with high normal reliability. When local
structures are anomalous or provide insufficient information, such
long-range normal context offers a more stable reference for fea-
ture reconstruction, reducing the influence of local contamination
and further improving anomaly localization. The qualitative visu-
alization of the ablation study is shown in Fig. 8.

Compared with the baseline without the two proposed mod-
ules, the complete model produces clearer and more concentrated
responses in anomalous regions while reducing noisy responses
in normal regions. The quantitative and qualitative results jointly
demonstrate that the RNP Extractor and the Remote Context De-
coder play different yet complementary roles in RWAD. The for-
mer constructs cleaner andmore reliable normal patterns, whereas
the latter further improves reconstruction quality by exploiting
long-range normal context. Their combination enables the model
tomaintain strong image-level anomaly detection performancewhile
achieving more accurate pixel-level defect localization.

5 Conclusion
This paper proposes RWAD, the first text-free zero-shot anomaly
detection framework for industrial wafer inspection. RWAD di-
rectly models normal patterns from visual features without anom-
aly annotations, category priors, or textual prompts. It combines a
reliability-guided normal pattern extractor with a dual-branch de-
coder to suppress suspicious regions and improve normal feature
reconstruction. Experiments on PWmicro-AD demonstrate strong
performance in both image-level anomaly detection and pixel-level
defect localization, providing an effective solution forwafer inspec-
tion with scarce annotations.
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