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Abstract

Modern industrial quality control heavily relies on auto-
mated anomaly detection. While few-shot anomaly detec-
tion addresses the challenge of limited labeled data, real-
world inspection faces a vast diversity of anomaly types,
sizes, and shapes. We identify the primary cause for the
anomaly detection difficulty as the progressive loss of detect
cues as they pass through deep feature extraction pipelines.
To counteract the defect cue fading, we propose a Defect
Cue-Preserved Structural Feature Refinement model, re-
ferred to as DCP-SFR. Recognizing that early-stage cues
are paramount, we design a conditional anomaly cue am-
plification module to produce an initial anomaly score map,
which is then enhanced to increase the contrast between
anomalous and normal regions. The amplified cues is sub-
sequently used for reconstruction-based anomaly localiza-
tion, by anchoring attention on true anomaly regions to pre-
serve spatial integrity and prevent drift. Further, we in-
corporate a structure-aware segmentation refinement stage
to improve anomaly segmentation in terms of edge align-
ment, thereby significantly improve boundary accuracy. On
the MVTec AD and VisA benchmarks, DCP-SFR achieves
state-of-the-art performance, with an image-level AUROC
of 97.3% and a pixel-level AUROC of 98.2%, demonstrat-
ing strong cross-domain generalization performance.

1. Introduction

Automated anomaly detection (AD) is a foundational tech-
nology for controlling industrial product quality. Conven-
tional AD is often constrained by a reliance on substantial
annotated data [15, 21, 22, 30, 32, 37, 39, 40, 43]. While
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Figure 1. Image examples of the three key FSAD challenges.
Compared with the leading FSAD models, the proposed DCP-SFR
achieves superior performance in focusing more on anomalous re-
gions and localizing defect boundaries.

zero-shot anomaly detection (ZSAD) removes such a de-
pendency [1, 4, 6, 12, 23, 28, 47], an absence of refer-
ence images makes it difficult to reliably localize defects
that lack strong, explicit visual cues. By contrast, few-shot
anomaly detection (FSAD) offers a more practical solution,
leveraging a small set of reference images to enable rapid
deployment across diverse products [13, 16, 17, 35, 48].
The main challenge for real-world FSAD lies in contend-
ing with a wide variety of defect types, scales and unseen
patterns. The variety and complexity of defects underscores
the critical importance of subtle, anomaly-related cues for
accurate detection. On the other hand, the signal loss in-
herent in multi-stage feature extraction pipelines leads to
defect cue fading, a phenomenon manifesting as mislocal-
ized anomalous regions and compromised boundary preci-
sion. Therefore, preserving the vital defect cues is of great
significance to precise anomaly detection.

Existing FSAD models can be broadly categorized into
three categories. The methods of the first category aim to
model the normality, often through a reconstruction strat-
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egy, like FastRecon [13]. Reconstruction-based models de-
tect anomalies as the regions with high reconstruction error
but can misclassify normal samples in complex scenes due
to limited reference coverage. The methods of the second
category are developed to synthesizes anomalies to augment
training data, such as SPD [48], AnomalyDiffusion [16] and
AnomalyAny [35]. However, synthetic defects are always
accompanied by the domain discrepancy that confuses de-
fect representation learning. The methods of the third cate-
gory perform the comparison between the features extracted
from the local regions of a target image and normal refer-
ences. A critical prerequisite for a meaningful comparison
is ensuring that the features are spatially aligned, as ad-
dressed by early methods like RegAD [17] which focused
on feature-level alignment. Subsequently, the focus of re-
search shifted toward leveraging powerful pretrained mod-
els, such as CLIP [33] and DINOv2 [31], to extract rich
semantic and structural features. State-of-the-art methods
like PatchCore [34], AnomalyGPT [14], WinCLIP [18], and
AnomalyDINO [8] operate by matching the features in a
well-established embedding space to compute discrepancy
scores. However, there is a lack of effective mechanism to
counteract the progressive fading of defect cues during pro-
cessing, which significantly limits the reliability of existing
approaches, as shown in Figure 1.

In this work, we propose DCP-SFR, a framework de-
signed to counteract progressive defect cue fading. The pro-
posed approach is built on a multi-stage information preser-
vation strategy, aiming to consistently enhance defect-
relevant structural information from initial extraction to fi-
nal prediction. Specifically, we incorporate a conditional
anomaly cue amplification module, which leverages multi-
level features and learnable prompts to perform an initial
differentiation between normal and anomalous regions. The
resulting prediction scores are then amplified to produce
high-contrast anomaly cues that robustly preserves initial
defect indication. Guided by the amplified cues, anomaly
cue-guided localization module achieves more precise de-
fect localization. By reconstructing the query features from
normal references, the resulting residual map, derived from
the difference between the original and reconstructed fea-
tures, effectively pinpoints defect locations. Structure-
aware segmentation refinement module by fusing the local-
ization map with a regularization map computed from vi-
sual feature similarity. A dedicated edge alignment regular-
ization is imposed to ensure that the segmentation result has
sharp and precise boundaries. Extensive experiments on the
MVTec AD and VisA datasets demonstrate that DCP-SFR
is able to achieves superior performance. The main contri-
butions of this work are summarized as follows:

¢ To address defect cue fading in FSAD, a problem largely
overlooked by prior works, we propose DCP-SFR to pre-
serve and refine defect cues throughout the pipeline, lead-

ing to superior performance in both segmentation and
image-level classification.

* To preserve defect cues, we design a conditional ampli-
fication module to enhance subtle initial signals, and the
amplified cues are leveraged to guide defect localization,
achieving high-precision anchoring on anomalous regions
and effectively preventing drift.

* We further impose structural alignment regularization,
which significantly enhances the contour fidelity of
anomaly segmentation, leading to the superior perfor-
mance of DCP-SFR over the existing FSAD methods.

2. Related Work

To provide an overview of FSAD, we categorize ex-
isting methods based on the adopted strategies: (1)
reconstruction-based methods, (2) anomaly generation
methods, and (3) feature comparison-based methods.

2.1. Reconstruction-based Methods

There are a number of FSAD methods [41, 42], which op-
erate on a core assumption that the representation learnt ex-
clusively from normal samples can be used to exactle recon-
struct the normal regions but will fail to reconstruct anoma-
lous ones. Anomaly detection is performed by subtracting
the reconstructed image from the query image, and the re-
sulting significant discrepancies indicate defects. FastRe-
con [13] leverages a limited amount of normal references to
reconstruct query images via a specialized regression model
with distribution regularization, and identity defects accord-
ing to reconstruction errors. However, due to the limited
references, the feature space learned by the reconstruction-
based methods provides inadequate coverage of normal pat-
terns, leading to a high rate of false positives.

2.2. Anomaly Generation Methods

To address the data imbalance inherent in anomaly detec-
tion, another category of FSAD methods focuses on aug-
menting training datasets by generating synthetic anoma-
lies. Early approaches relied on manually crafted defects.
For instance, SPD [48] performs self-supervised contrastive
learning by using non-generative anomalies, while Wang et
al. [36] proposed an energy-based model that reconstructs
the images with manually injected random noise.

A significant drawback of handcrafted anomalies is the
lack of realism. To overcome the issue, recent works lever-
age powerful generative models. AnomalyDiffusion [16]
and AnomalyAny [35] utilize diffusion models to gener-
ate defects that more closely match real-world distributions,
thereby partially alleviating the scarcity of real anomaly
samples. However, a challenge for the above generative
methods is the potential domain gap between synthetic and
real defects, which can cause the decision boundaries learnt
by the models deviate from the ground-truth regions.
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2.3. Feature Comparison-based Methods

Feature comparison-based methods detect anomalies by
measuring the similarity between features extracted from
query samples and those of normal references, leveraging
multi-scale or semantic correlations to highlight deviations
from learned normal patterns. SPADE [7], for instance,
performs a training-free kNN-based [11] feature compari-
son between query and reference images, where kNN re-
trieves the most similar features to assess normality. PaDiM
[9] models the normal feature distribution with multivari-
ate Gaussians from pretrained CNN embeddings and incor-
porates inter-level correlations to improve defect localiza-
tion. However, spatial misalignment between query and
reference features can hinder accurate anomaly detection.
To address spatial misalignment, RegAD [17] introduces a
generalizable feature alignment model, alleviating the mis-
alignment problem. Several more recent and influential
methods focuses on memory-bank-based feature matching.
PatchCore [34] constructs a coreset of representative nor-
mal patch features for efficient similarity scoring. Build-
ing on the memory bank, GraphCore [38] aims to learn a
visual isometric invariant features as an anomaly measure-
ment feature for more precise detection.

Another research line leverages the pre-trained cross-
modal model like CLIP [33]. WinCLIP [18] implemented a
training-free, multi-scale feature comparison between query
and reference images, demonstrating the potential of vision-
language models for industrial inspection. Li et al. [26]
proposed a transformation to warp query features closer to
the normal manifold, improving similarity matching.

In addition, it is an effective way to fine-tune or adapt
CLIP for FSAD, typically by learning effective textual
prompts or image patch representations. APRIL-GAN [5]
remaps image features into a joint embedding space to im-
prove text-image alignment. Similarly, SimCLIP [10] in-
corporates adapters and prompt tuning to enhance cross-
modal synergy for effective ZSAD. SimCLIP is further ex-
tended to FSAD in SimCLIP+ via relational modeling over
visual embeddings. On the other hand, PromptAD [25] con-
structs a large number of negative samples used to guide
prompt learning in one-class setting. InCTRL [46] trains a
generalist anomaly detection model using in-context resid-
ual learning with normal prompts, enabling cross-domain
anomaly detection without target-specific fine-tuning.

Beyond the CLIP-centric paradigm, researchers have
also leveraged other powerful pretrained Large Language
Models (LLMs) for FSAD. AnomalyGPT [14] couples vi-
sual encoders with LLMs to allow for multi-turn interac-
tive querying for defect analysis. ADFormer [45], which
fuses CNN features with transformer layers to capture both
local textures and long-range dependencies. The DINOv2

31] model has emerged as a popular visual backbone, and
AnomalyDINO [8] directly leverages it for feature compar-

ison. LogSAD [44] adopts a hybrid strategy to integrate
DINOV2 with the Segment Anything Model (SAM) [20] to
enhance final mask prediction. INP-Former [29] extracts
an intrinsic normal prototype from the query image and re-
constructs only normal tokens, with reconstruction errors
serving as the anomaly indicator.

Difference from the existing methods: The above meth-
ods treat few-shot anomaly detection as a static, one-shot
matching problem, and overlook the progressive nature of
defect cue fading within deep feature extraction pipelines.
Compared with prevalent feature-matching methods that
compute discrepancy scores with a fixed feature represen-
tation, we propose DCP-SFR, which leverages dynamic
anomaly cues to refine the entire detection process. Toward
this end, we design a conditional amplification module to
enhance weak defect signals, and then use the resulting cues
to guide a reconstruction-based localization process.

3. Methodology

To address the progressive fading of anomaly signals across
the detection pipeline, we propose DCP-SFR, a unified
framework for few-shot anomaly detection, as illustrated in
Figure 2. DCP-SFR is designed to address the two subtasks:
image segmentation and anomaly segmentation. There are
a Conditional Anomaly Cue Amplification module (CACA)
and an Anomaly Cue-guided Localization module (ACL),
built on top of pretrained models, which form a shared
processing core that is applied to both subtasks. For the
segmentation task, a Structure-aware Segmentation Refine-
ment module (SSR) is appended to enhance boundary pre-
cision. The primary distinction lies in the features they pro-
cess: the segmentation task operates on spatial patch fea-
tures that preserve locational information, while the clas-
sification task operates on the global class token that ag-
gregates overall image context. We will first detail the core
modules from the perspective of the segmentation task (Sec.
3.1-3.3). Subsequently, we will describe how the classifica-
tion task leverages a parallel processing stream with a sim-
ilar logic and conclude with the overall model optimization
strategy (Sec. 3.4).

3.1. Conditional Anomaly Cue Amplification

A primary challenge in AD is the fading of subtle defect
cues, which are often overshadowed by background noise.
To tackle the issue, we design an effective module to con-
ditionally amplify potential anomaly signals based on the
semantic guidance from learnable prompts, preserving sub-
tle defect cues from early feature extraction layers.
Specifically, we leverage two pretrained models as back-
bones: a CLIP [33] model, comprising an image encoder
E7 and a text encoder E; and a DINOv2 [31] image en-
coder Ep. Given a query image x and K reference normal
images {z}|k = 1,..., K'}, we extract features using these
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Figure 2. Overview of the DCP-SFR framework. The architecture comprises a CACA Module and an ACL Module, forming a shared core
built on pretrained features for both segmentation and classification subtasks. Besides, the SSR maintains geometric accuracy and edge

sharpness of segmentation result.

backbones. To preserve early-stage defect cues that might
fade in deeper layers, we extract patch features from multi-
ple intermediate layers of E:

{fclsafp} :El(x)’ (1)
{féls,krf;:/;,k} = El(l’;c),

where f.; is the class token and f, is a set of multi-level
patch features from the query image . Specifically, f, is
denoted as {f, ;|j = 1,...,m}, where m = 4 and each el-
ement f, ; corresponds to the features from the 6th, 12th,
18th, and 24th layers, respectively. Analogously, féls, i de-
notes the class token from the k-th reference image x}c,
and f, ; represents the set of patch features, {f, ; ;|7 =
1,...,m}. In addition, we adopt Ep to extract features that
are more attentive to fine-grained details:

{gclsagp} = ED($)7 2

{géls,lm gé,k} = ED(‘T;c)v

where g.s and g, are the class token and patch features
from the query image, ggls’ , and g;)’ &, are the corresponding
features from the reference images.

We utilize learnable prompts to guide our model toward
precise anomaly detection. We define the set of class cate-
gories as C = {normal, anomaly}. For each category c € C,
we design a corresponding learnable prompt p. with the fol-
lowing structure:

Pnormal = [Ul] [UQ] ce [UHL

3
Panomaly = [Tl] [T2] s [Tn] [damaged]7 ©)

where [U1]...[U,] and [T3]...[T,,] are randomly initialized
sequences of learnable vectors, and n is the specified length.
In this design, we use the word ‘[damaged]’ as a semantic
anchor for the anomaly prompt. This anchor provides the
model with a generic prior about the concept of anomaly.
The associated learnable vectors, [T4]...[T},], are then re-
sponsible for capturing and adapting to the diverse and sub-
tle defect patterns specific to each task during training. The
pretrained text encoder £ maps these class prompts p. into
their corresponding embedding vectors: f. = Er(p.).

We interact the learned prompt embeddings f. with the
preserved multi-level image patch features f,, ; to generate
an initial anomaly score map, denoted as Sjpi:

i m exp (< fanomalyyfp,j > /7') (4)
j=1 Ecec exp (< fcafp,j > /7-)’

where < -,- > represents the cosine similarity operation
and 7 is a temperature hyperparameter. For each patch fea-
ture fp, ; from the m different layers, the above formula
aims to compute the probability of belonging to the anomaly
class. siy is obtained by averaging the resulting probability
maps from the multiple layers, resulting in a more robust es-
timation. As a result, we effectively translate the preserved
early-stage cues into an initial anomaly map that pinpoints
regions semantically aligned with the concept of anomaly,
providing critical guidance for the subsequent stages.

Sinit =

To enhance the contrast of the initial anomaly score map
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Sinit, We perform refinement by learning a non-linear trans-

formation A as follows:
1

T+ o AGm)” ©)
where A functions to amplify even faint anomaly responses
while suppressing the signal values in normal regions. The
amplified anomaly score map S.mp leads to a clearer sep-
aration between anomalous and normal areas. The high-
contrast map serves as a critical spatial signal to guide
the subsequent module to focus more on high-probability
anomaly regions.

Samp =

3.2. Anomaly Cue-guided Localization

While the previous stage amplifies and highlights potential
defect cues, a more specific module is required for pre-
cise localization. Our Anomaly Cue-guided Localization
module achieves the goal by leveraging the amplified cue
map to guide a reconstructive process. The main idea be-
hind the module is to reconstruct an anomaly-free version of
the query features, conditioned on the spatial guidance pro-
vided by the anomaly cue Samp. By computing the residual
between the original features and the reconstructed features,
we can precisely identify and localize defects that cannot be
reconstructed by normal patterns.

We reconstruct the anomaly-free query features using a
module of stacked cross-attention layers. The initial recon-
structed feature fO_ is generated by using the fine-grained

rec
features g, of the query image as the query:

fre = Y(WG9p, Wk, Wy 3,)
(W8a) Wrap"\ 1o,
\/@ ( Vgp)a

where Y represents the cross-attention operation, Wg, Wy,
and WY are learnable linear projection matrices for the ini-
tial layer, and dj, is the dimension of the key vectors. In the
above equation, g;, denotes the mean of all K reference im-
age features {g;, , }, providing a stable reference of normal
patterns as the key and value.

Next, the fO. is fed into N, stacked cross-attention
blocks for layer-wise refinement. In the z-th layer, the out-

put from the previous layer frgifl) is spatially modulated by
the anomaly cue s,y and then used as the new query:

(6)

= Softmax (

R = 1&7D 0 (1= sump), -
free = TWQ I Wica, Wig,),

where © denotes element-wise multiplication, and the pro-
jection matrices Wé, WE, and W¢ are unique to each re-
finement layer z € {1,..., N;.}. The (1 — sump) Suppresses
the features in the regions marked by the anomaly cue, com-
pelling the current layer to rely more on the normal refer-
ence features g,,. After the refinement with V. stacked lay-
ers, the final reconstructed feature fr]e\ﬁ is obtained, and the

reconstruction-based residual map 6. is then derived by
computing the L1 distance between the original and recon-
structed features:

Orec = ng - frje\irHl? ®)
The residual map d, pinpoints the precise locations of de-
fects. The anomaly cue-guided reconstruction strategy en-
sures that the localization is not only accurate by learning
the deep structure of normal patterns but also robust against
background noise.

3.3. Structure-aware Segmentation Refinement

Considering that residual map d,. may still contain false
positives caused by normal texture variations, and exhibit
coarse boundaries. We introduce a further refinement strat-
egy designed to simultaneously enhance the structural ac-
curacy of the segmentation result. Toward this end, we per-
form a non-parametric cosine similarity matching to filter
false positives and impose structural alignment regulariza-
tion to obtain precise anomaly contours.

We treat the feature map g, as a set of spatial feature vec-
tors (tokens), denoted as g, = {g, (1) }~_,, where L denotes
the number of vectors. Our strategy involves the compari-
son of each query token g, (!) against a comprehensive fea-
ture memory bank M, which aggregates all normal patterns
from the K reference images as follows:

K
M= gy D}is- ©)
k=1

The comparison yields a similarity map W, where each
value represents the maximum cosine similarity between a
query token and all the tokens within the memory bank as
follows:

V(1) = max < gp(1),t > . (10)
A regularization map is derived from this similarity map by
inversion: S¢os = 1 — ¥, where the regions highly similar to
normal patterns will have scores close to zero and are thus
effectively suppressed.
We obtain the segmentation result $ by a weighted fusion
of the residual map .. and the regularization map Scos:

5= 6rec + >\Scos> (11)
where A is weighting factor. This fusion strategy brings two
advantages: dp. derived from reconstruction residuals, of-
fers high sensitivity in detecting all potential anomalous re-
gions, while at the same time s¢os provides high precision
by rejecting false positives.

To address the issues of diffuse segmentation boundaries
and spurious predictions on isolated background regions,
we impose structural alignment regularization to enhance
contour fidelity and improve boundary precision, and the
corresponding loss function Lo measures the edge con-
sistency between our final predicted segmentation map $§
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and the ground-truth s. We adopt an edge extractor, de-
noted as O(-), to obtain the edge maps: Seqee = O(s) and
Sedge = O(8), and L is defined as follows:

~edge edge
jdze:i i e:'_eC ) (12)
Do (855)2 + 20 (575)2 + ¢
where ( is a smoothing factor to prevent division by zero. ¢
indicates the i-th query image in the training data.

The cosine similarity matching strategy reduces false
positives in the segmentation result, while the structural
alignment enhances boundary fidelity. Minimizing L¢
leads to the final segmentation map § becomes reliable in
terms of content and structure.

3.4. Model Optimization

Lo=E; |1-

Image classification via global-local prediction fu-
sion. To perform image-level binary classification (nor-
mal/anomaly), our model combines global information de-
rived from class tokens with local cues from the segmenta-
tion map.

Analogous to Eq. (4), the class token f.;s is compared
with the learned prompt embeddings f. to obtain an initial
global anomaly score. Additionally, a reconstruction mod-
ule, logically identical to the one in Sec. 3.2, takes the class
token g5 and its reference g/, as input to produce a recon-
structed token g .. The residual, Mrec = ||geis — 9%5l]15
captures the deviation of the global features from the nor-
mal prototype and is fed into a lightweight adapter net-
work C' to generate the final global classification score,
gglobal = C(nrec)~

On the other hand, the model extracts local criteria di-
rectly from the final segmentation map, 5. We design an-
other lightweight network, x(-), which takes the segmen-
tation map § as input and predicts a sampling percentage,
p = k(8), and we select the top-p% of pixels from §. The
mean value of these pixel scores constitutes the classifica-
tion score Yiocal based on local cues. The final image-level
classification result is a weighted fusion of the global and
local scores as follows:

:’Q = gglobal + M@locala (13)

where p is weighting factor and ¢ represents the predicted
label. In the process of model training, we establish clear
objectives tailored to anomaly classification, and the cross-
entropy loss function L is defined as follows:

Lop = Ea[—(ylog(y) + (1 —y)log(1—=9))], (14
where y represents the ground truth label.

Anomaly Segmentation. Anomaly areas are typically
much smaller than normal areas and we thus adopt a com-
bination of focal loss function L£ge.q; [27] and dice Loss
function £ p;.. [24] to optimize the model as follows:

LFocal :Ex[—()é(l - §)’Y(S log(é)

-0 (1—s)log(l—g8), O

where § is the final segmentation map, s is the ground truth,
~ is the focus factor used to adjust the weight of difficult and
easy samples. In the above equation, « is the balance factor
used to adjust the influence between positive and negative
samples. We also employ Lpice to directly optimize the
spatial overlap of the segmentation masks as follows:
‘CDice = Em[l - 2A§Z Sisi F C ]; (16)
PR DI e
where ( is a very small number used to prevent the denom-
inator from being zero.
By integrating the above loss functions, the optimization
formulation of our proposed model is expressed as follows.
TIl@iH ACCE + ACFocal + ACDice + 6£Ca (17)

where O represents all the trainable parameters in our
model, 5 is the weighting factor for L. It is worth not-
ing that we train all the trainable components from scratch.

4. Experiments

We conduct comprehensive experiments on MVTec AD [2]
and VisA [48] to evaluate the performance of our proposed
framework. We begin by detailing the datasets, competitive
methods, and implementation details. Subsequently, We
present and analyze the main quantitative and qualitative
results. Finally, a series of ablation studies are presented to
investigate the contributions of individual components.

4.1. Experimental Settings

Datasets. We evaluated the effectiveness of DCP-SFR on
two public industrial datasets: MVTec AD and VisA, which
contain non-overlapping object categories and distinct de-
fect types. The datasets comprise images representing 27
categories of industrial products, such as candle, bottle, zip-
per, pill and printed circuit board (PCB). Both datasets pro-
vide high-resolution images with pixel-level annotations of
common objects, which are 7002 to 10242 for MVTec AD
and about 1500 % 1000 for VisA.

Evaluation metrics and comparison methods. We
evaluate the performance of methods on both image-level
classification and pixel-level segmentation tasks. For classi-
fication, the metrics are the image-level Area Under the Re-
ceiver Operating Characteristic curve (i-AUROC), the Area
Under the Precision-Recall curve (i-AUPR), and the max-
imum F1-score (i-Fl1-max). For segmentation, we report
the pixel-wise AUROC (p-AUROC), the Per-Region Over-
lap score (p-PRO) [3], the pixel-wise maximum F1-score
(p-F1-max), and the pixel-level Average Precision (p-AP).
We conduct a comparative analysis against representative
FSAD methods: WinCLIP [18], APRIL-GAN [5], Anoma-
lyGPT [14], PromptAD [25], InCTRL [46], and Anomaly-
DINO [8]. For a fair comparison, the competing methods
are implemented using the publicly available source codes.

Implementation details. DCP-SFR is implemented in
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Table 1. Quantitative comparison between DCP-SFR and the competing methods on industrial datasets. Boldface indicates the best results

and underline indicates suboptimal results.

MVTec AD MVTec AD VisA VisA
Classification Segmentation Classification Segmentation

Setup Method Public i-AUROC i-AUPR i-Fl-max | p-AUROC p-PRO p-Fl-max p-AP | i-AUROC i-AUPR i-F1-max | p-AUROC p-PRO p-Fl-max p-AP
WinCLIP+ CVPR’2023 93.1 96.5 93.7 95.2 87.1 55.9 473 83.8 85.1 83.1 96.4 85.1 413 33.0
APRIL-GAN  CVPR’2023 92.0 95.8 924 95.1 90.6 54.2 518 91.2 933 86.9 96.0 90.0 385 30.9
AnomalyGPT ~ AAAT'2024 94.1 93.7 92.5 95.3 86.9 50.8 475 87.4 80.0 80.2 96.2 88.6 3717 29.1
1-shot PromptAD CVPR’2024 94.6 96.1 94.2 959 90.1 56.0 539 86.9 86.9 81.4 96.7 915 40.7 33.1

InCTRL CVPR’2024 94.1 96.9 94.0 - - - - 86.6 87.4 84.4 - - - -
AnomalyDINO  WACV’2025 96.6 98.2 95.8 96.8 92.7 60.2 56.5 87.4 89.0 84.3 97.8 92.5 45.1 40.1
DCP-SFR - 97.3 98.8 96.7 96.9 92.7 60.7 61.2 92.0 93.7 87.8 98.2 933 44.9 404
WinCLIP+ CVPR’2023 94.4 97.0 94.4 96.0 88.4 58.4 49.3 84.6 85.8 83.0 96.8 86.2 435 34.6
APRIL-GAN  CVPR’2023 924 96.0 92.6 95.5 91.3 559 534 922 94.2 87.7 96.2 90.1 39.3 31.6
AnomalyGPT ~ AAAI'2024 95.5 94.9 92.8 95.6 88.1 53.1 49.2 88.6 82.1 83.4 96.4 89.9 378 29.0
2-shot PromptAD CVPR’2024 95.7 96.3 94.1 96.2 90.3 56.4 550 88.3 87.5 82.9 97.1 91.8 40.7 34.2

InCTRL CVPR’2024 95.1 97.8 94.8 - - - - 88.0 88.6 86.0 - - - -
AnomalyDINO  WACV’2025 96.9 982 96.1 97.0 93.1 61.0 61.1 89.7 90.7 86.3 98.0 93.4 46.6 40.3
DCP-SFR - 97.7 98.9 97.0 97.1 93.3 61.6 61.7 92.5 94.2 88.0 98.4 938 46.9 40.6
‘WinCLIP+ CVPR’2023 952 97.3 94.7 96.2 89.0 59.5 50.7 87.3 88.8 84.2 972 87.6 47.0 34.9
APRIL-GAN  CVPR’2023 92.8 96.3 92.8 95.9 91.8 56.9 54.5 92.6 94.5 88.4 96.2 90.2 40.0 322
AnomalyGPT ~ AAAT'2024 96.3 95.1 929 96.2 88.5 54.9 51.1 90.6 82.6 83.7 96.7 90.4 384 30.8
4-shot PromptAD CVPR’2024 96.6 96.5 94.2 96.5 90.3 56.6 553 89.1 87.8 83.6 974 91.8 409 34.4

InCTRL CVPR’2024 95.1 97.6 95.1 - - - - 89.3 90.4 86.4 - - - -
AnomalyDINO ~ WACV’2025 97.7 98.7 96.6 97.2 934 61.8 61.5 92.6 92.9 88.8 98.2 94.1 46.4 40.5
DCP-SFR 98.0 98.9 96.8 97.5 93.5 619 618 92.8 94.7 88.9 98.6 94.2 47.1 40.6

/AC'*‘SSI Input WinCLIP+  APRIL-GAN  AnomalyGPT  PromptAD  AnomalyDINO DCP-SFR  Ground Truth
nomaly

Capsule
/faulty_imprint

Hazelnut
/hole

Pill
/contamination

PyTorch and trained on a single NVIDIA GeForce RTX
3090. We employ the ViT-L/14 @336px variant of the CLIP
model and the DINOvV2 as backbones, both of which remain
frozen during training. The length of the learnable prompt
vectors is set to 12, following AnomalyCLIP. The model
is trained for 25 epochs using a batch size of 8. We use
the Adam optimizer [19] with a learning rate of 0.01. The
weighting factors are set as follows: A\ in Eq. (11)is 1.0, u
in Eq. (13) is 2.0, a in Eq. (15) is 0.9, and (8 in Eq. (17) is
2.0. We find that our model converges effectively without
heavy tuning. For the cross-domain evaluation, we train the
models on MVTec AD and test on VisA, and vice versa.

4.2. Quantitative Comparison

We conducted experiments across 1-, 2-, and 4-shot set-
tings. As shown in Table |, DCP-SFR demonstrates al-
most consistent superiority across all evaluated scenarios on
both datasets. Even in the challenging 1-shot setting, DCP-
SFR maintains exceptional performance. On the MVTec
AD segmentation task, our model surpasses AnomalyDINO
by about 5 points in terms of AP, showcasing our model’s

|o|=loje]s]s

Figure 3. Qualitative comparison of segmentation results between DCP-SFR and the competing methods. The results demonstrate that
DCP-SFR accurately detects minor anomalies, minimizes background false positives, and preserves sharp segmentation edges.

robustness with extremely limited references. As the num-
ber of reference images increases, the performance of DCP-
SFR steadily improves, while at the same time achieving
state-of-the-art results across the board. Notably, in the
VisA segmentation task, the Fl-max score of DCP-SFR
dramatically increases from a suboptimal 44.9% in the 1-
shot setting to a state-of-the-art 47.1% in the 4-shot setting.
The results demonstrate that DCP-SFR is able to effectively
leverage the reference data, leading to a more precise and
reliable final segmentation.

4.3. Qualitative Comparison

We visualize the segmentation outputs of competing meth-
ods on representative samples, and Figure 3 clearly demon-
strates the superior capability of DCP-SFR in handling di-
verse and subtle defect types. In the ‘Capsule’ case, either
AnomalyGPT and PromptAD either produce diffuse, noisy
heatmaps or fail to capture the full extent of the faint imprint
defect. In contrast, DCP-SFR is able to generate a clean and
precise result that closely matches the ground truth. Simi-
larly, for the ‘Hazelnut’ example, WinCLIP+ and Promp-
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Figure 4. Performance gains from proposed modules.

Input features
Input of CACA

Output features

of CACA Ground Truth

Figure 5. Visualization of CACA input and output features. The
results show that CACA effectively amplifies of subtle anomalies
(row 1) and suppresses of background noise (row 2).

* Input features of anomaly images
w0 Input features of normal images

Output features of anomaly images
" * Output features of normal images

Figure 6. PCA visualization of ACL input and output features.

tAD tend to produce overly large and unfocused activation
areas around the small hole, while our method provides a
compact and accurately bounded heatmap. Finally, in the
complex ‘Pill’ case with multiple small defects, DCP-SFR
successfully identifies all distinct contaminated spots with
sharp boundaries, whereas other methods often merge them
into a single, blurry region or miss some of them. The re-
sults demonstrate the superior capability of DCP-SFR in
producing precise segmentation maps with sharp bound-
aries, underscoring the effectiveness of our proposed defect
cue-preservation and refinement strategies.

Table 2. Ablation study on the VisA under the 1-shot setting.

VisA VisA
Classification Segmentation
i-AUROC i-AUPR i-FI-max | p-AUROC p-PRO p-Fl-max p-AP
DCP-SFR 92.0 93.7 87.8 98.2 93.3 44.6 39.9
wlo SSR 91.1 93.1 87.3 97.1 91.7 41.0 350
w/o ACL 89.7 923 86.8 96.7 91.2 413 37.7
w/o CACA 91.5 932 87.2 97.4 92.5 432 39.0
.
4.4. Ablation Study

To validate the contribution of core components in DCP-
SFR, we conduct a series of ablation studies on the VisA
dataset under the 1-shot setting. We create three variants

DCP-SFR
DCP-SFR w/o SSR

O

Lrocat + Lpice

123456 78 91011121314151617 181920 21 22 23 24 25 26 27 28 29 30
Epoch

Figure 7. The impact of SSR on the training dynamic.

by disabling one module at a time: ‘DCP-SFR w/o CACA’,
‘DCP-SFR w/o ACL’ and ‘DCP-SFR w/o SSR’. The results
are summarized in Table 2 and visualized in Figure 4.

Removing CACA leads to a significant degradation in
segmentation performance. As shown in Table 2, the p-F1-
max score drops sharply from 44.6% to 43.2%, indicating
that without initial cue amplification, the model struggles
with small or low-contrast anomalies, and this can be visu-
ally confirmed in Figure 5. The absence of ACL results
in the most substantial performance drop, with the p-AP
score decreasing from 39.9% to 37.7%. The results high-
light the ACL’s crucial role in accurate anomaly localization
and background suppression. The PCA projections in Fig-
ure 6 further reveals that while the pre-localization features
of normal and anomaly samples are heavily mixed, the post-
localization features show a distinct separation: normal fea-
tures collapse into a tight cluster near the origin, while
anomaly features remain scattered, evidencing the power-
ful capability of ACL in learning a discriminative feature
space. Disabling SSR also causes a notable decline in seg-
mentation performance, with the p-AUROC score falling
from 98.2% to 97.1%. The impact of SSR on the training
dynamic is illustrated in Figure 7, and we can observe that
the full model only converges to a better solution but also
exhibits a faster convergence speed.

5. Conclusion

We presented DCP-SFR, a few-shot anomaly detection
framework to address the issue of defect cue fading in deep
feature extraction. By incorporating a conditional amplifi-
cation module, the defect cues are enhanced in the initial
signals derived from learnable prompts. Built on the de-
fect cues, a reconstruction-based localization module is em-
ployed to further distinguish anomalous regions from nor-
mal ones. By performing a structure-aware segmentation
refinement, DCP-SFR outperforms state-of-the-art methods
in the subtasks of image classification and anomaly segmen-
tation. Extensive experiments demonstrate the model’s gen-
eralization capabilities across diverse object categories and
anomaly types, confirming its potential as a scalable and
flexible solution for diverse few-shot learning tasks.
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