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ABSTRACT: The deployment of supervised anomaly detection is typically limited by the high cost of
annotation, privacy constraints, and the scarcity of anomalous samples. These constraints have motivated the
use of vision-language pre-trained models for zero-shot anomaly detection. However, existing CLIP-based
methods still face three limitations: a shared set of prompts is applied across feature layers, anomaly maps
are fused by fixed strategies, and image-level anomaly scores are determined solely by global image-text
similarity. These limitations reduce the accuracy of pixel-level localization and weaken the reliability of
image-level anomaly prediction. To overcome these limitations, LaRP-CLIP is proposed. It introduces
layer-aware prompt decoupling to better match feature layers with different semantic characteristics,
adaptive fusion with error-prior-guided local refinement to produce cleaner and more precise anomaly
maps, and a prototype branch to improve image-level scoring. Experiments on four industrial datasets and
seven medical datasets show that LaRP-CLIP achieves strong performance in both image-level detection and
pixel-level localization.

KEYWORDS: Zero-shot anomaly detection, Vision-language models, Layer-aware prompts, Local
refinement, Prototype branch.

1 Introduction

Anomaly detection aims to identify samples that deviate from normal patterns and plays
an important role in industrial quality inspection, medical image analysis, and intelligent
manufacturing [1-5]. Traditional supervised anomaly detection methods usually require a large
number of normal and anomalous samples for each new product category during training [6-8]. In
real industrial scenarios, however, data collection is costly, privacy constraints are common, and
anomalous samples are often extremely scarce [9,10]. Therefore, this paper focuses on zero-shot
anomaly detection, where the goal is to detect anomalies in unseen target domains without requiring
target-domain training samples [11-15].

To reduce dependence on target-domain annotation, zero-shot anomaly detection (ZSAD)
has attracted increasing attention in recent years [16,17]. This paradigm relies on pre-trained
vision-language models, such as Contrastive Language-Image Pre-training (CLIP) [18], and
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performs anomaly detection without requiring anomalous samples from the target domain. Among
existing ZSAD approaches, CLIP-based methods have drawn particular interest because of their
strong cross-modal representation capability [19-24]. As shown in Figure 1(a), these methods
usually extract multi-layer features from a ViT backbone, compute similarity scores with a shared
set of text prompts to obtain layer-wise anomaly maps, fuse these maps for pixel-level prediction,
and use global image features for image-level anomaly scoring.

Despite recent progress, existing CLIP-based ZSAD methods still exhibit three major limitations.
At the pixel level, all feature layers typically share the same set of text prompts, as illustrated
in Figure 1(b). This design is suboptimal because shallow layers mainly capture texture details,
whereas deep layers encode higher-level structure and semantics. Using the same prompts across
all layers therefore introduces a mismatch between prompt semantics and feature characteristics,
which degrades the quality of the resulting anomaly maps. Moreover, layer-wise anomaly maps
are usually combined by a fixed fusion strategy that cannot adapt to the content of each input
image. Responses from different layers may also conflict on the same defect, resulting in blurred
boundaries and increased noise in the fused maps.

At the image level, existing methods usually rely only on global image—text similarity, as
shown in Figure 1(c). When the input image contains a complex background or normal samples
exhibit slight appearance variations, the global similarity score can be easily affected by irrelevant
regions or benign changes. This weakens the robustness of image-level anomaly scoring.
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Figure 1: Typical pipeline and three major limitations of existing CLIP-based zero-shot anomaly detection
methods. (a) Overall workflow. (b) Pixel-level limitations: all layers share the same text prompts and use
fixed fusion. (c) Image-level limitation: reliance on global image-text similarity.

To address these limitations, LaRP-CLIP is proposed. The main contributions of this paper are
summarized as follows:
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¢ Layer-Aware Prompt Decoupling: The learnable prompts are divided into three independent
groups, namely Global Prompts, Shallow Prompts, and Deep Prompts. This design allows
different feature layers to interact with prompts that better match their semantic characteristics,
thereby reducing the mismatch between shallow-layer texture information and deep-layer
semantic representations.

¢ Adaptive Weighted Fusion and Local Refinement: Learnable layer-wise weights are
introduced to adaptively fuse the anomaly maps from multiple layers. In addition, an
Error-Prior Guided Local Relation Refiner is designed to perform local correction by modeling
inter-layer response discrepancies, producing anomaly maps with clearer boundaries and less
noise.

*  Prototype Branch: During inference, high-confidence normal patch features are selected from
the current test image to construct an image-specific normal prototype. This prototype is
then combined with the global similarity score, which helps reduce the influence of complex
backgrounds and normal appearance variations and improves the robustness of image-level
anomaly scoring.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3
presents the proposed method. Section 4 reports the experimental results and analysis. Section 5
concludes the paper.

2 Related Work
2.1 Traditional Anomaly Detection Methods

Traditional anomaly detection methods are generally divided into supervised and
unsupervised paradigms. Supervised methods rely on a sufficient number of normal and
anomalous samples for each category during training [3,25]. In industrial practice, however,
anomalous samples are often scarce, annotation is expensive, and data sharing may be restricted by
privacy or production constraints. These factors greatly hinder the rapid deployment of anomaly
detection models on new product lines.

Unsupervised methods are usually trained with normal samples only and identify anomalies
through reconstruction error [26], autoencoding mechanisms [27], or one-class modeling [28].
Although such methods avoid the need for anomalous training data, they are still tied to the
distribution of the training domain. Once the product type, surface texture, or imaging condition
changes, their performance often degrades noticeably. This weak cross-domain generalization
makes them less suitable for settings that require rapid deployment on unseen categories.

2.2 Zero-Shot Anomaly Detection

To reduce dependence on target-domain annotation, zero-shot anomaly detection (ZSAD) has
received increasing attention in recent years [29,30]. The goal of ZSAD is to detect anomalies in a
target domain without using anomalous samples from that domain during training [16]. Earlier
studies mainly relied on reconstruction-based schemes or distribution modeling. In complex
industrial scenes, however, reconstruction quality is easily affected by normal appearance variation,
which weakens the distinction between normal samples and true anomalies [17,18].

With the development of large-scale foundation models, recent ZSAD research has shifted
toward transfer-based solutions. Instead of learning anomaly-specific representations from
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Table 1: Comparison of representative CLIP-based zero-shot anomaly detection methods.

Method Venue Prompt Design Layer-specific Prompting Adaptive Fusion Local Refinement Prototype Guidance
AnomalyCLIP [20] ICLR’24 Learnable object-agnostic X X X X
WinCLIP [19] CVPR’23 Hand-crafted templates X X X X
AA-CLIP [24] CVPR’25 Anomaly-aware prompts X X X X
GenCLIP [21] PR’26 Generalized prompts X X X X
LaRP-CLIP - Layer-aware prompts 4 4 4 v

target-domain data, these methods attempt to transfer general visual or cross-modal knowledge
acquired during large-scale pre-training to downstream anomaly detection tasks. This shift has
made vision-language models an important direction for zero-shot anomaly detection.

ZSAD is related to zero-shot learning (ZSL), where semantic knowledge is transferred to
recognize unseen classes. Recent ZSL studies, such as SVIP [31], further improve visual-semantic
alignment by modeling semantically contextualized visual patches. However, unlike ZSL
that focuses on unseen category recognition, ZSAD aims to detect category-agnostic abnormal
patterns in unseen domains. LaRP-CLIP adapts this semantic transfer principle to anomaly
detection through normal/abnormal cross-modal alignment, layer-aware prompt decoupling,
and image-specific prototype construction.

2.3 CLIP-based Zero-Shot Anomaly Detection Methods

The emergence of CLIP [18] has accelerated the development of CLIP-based ZSAD methods
because of its strong image—text alignment capability. WinCLIP [19] is an early representative
method that performs zero-shot anomaly classification and segmentation through a window-based
inference scheme and prompt-template ensemble. AnomalyCLIP [20] further introduces
object-agnostic learnable prompts and optimizes them with both image-level and pixel-level
supervision, showing that CLIP can be adapted more effectively to zero-shot anomaly detection.

Subsequent studies have mainly focused on improving prompt design, feature utilization,
and anomaly discrimination. AA-CLIP [24] strengthens anomaly awareness in both the textual
and visual spaces, thereby improving the discrimination between normal and abnormal patterns.
GenCLIP [21] further explores prompt generalization and multi-layer feature usage to improve
transferability across datasets. Despite this progress, most existing methods still rely on a single
prompt form across different layers and use fixed fusion strategies, which limits their ability to
handle layer-wise semantic differences and image-specific normal variations.

Table 1 summarizes representative CLIP-based ZSAD methods and highlights the differences
from LaRP-CLIP.

Decoupled prompts and local refinement have been explored in prompt learning and
segmentation literature but are not claimed as isolated contributions. The novelty of LaRP-CLIP
lies in adapting these ideas for CLIP-based ZSAD: prompt decoupling is driven by the semantic
hierarchy of ViT layers, local refinement is guided by inter-layer anomaly-response disagreement,
and image-level scoring is enhanced by an inference-time normal prototype. This approach directly
addresses cross-layer semantic mismatch, fixed map fusion, and unreliable global-only scoring in
existing CLIP-based ZSAD methods.



122

123

124

125

126

127

128

129

130

131

132

133

3 Method
3.1 Overall Architecture
LaRP-CLIP is designed for both pixel-level anomaly localization and image-level anomaly

classification in the zero-shot setting. As shown in Figure 2, given an input image x € R3*/1*W
the visual encoder extracts a global image feature together with multi-layer local patch features.

4

Meanwhile, the prompt learner generates text prompts for different semantic levels, which are
then projected into a unified semantic space by the text encoder. The method contains two
complementary branches: a pixel-level branch for anomaly localization and an image-level branch
for robust anomaly scoring.
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Figure 2: LaRP-CLIP consists of three main components: layer-aware prompt decoupling (left), adaptive
weighted fusion with local refinement (middle), and the Prototype Branch for robust image-level scoring

(right).

Let the global feature extracted by the visual encoder be denoted by f, € RP, and let the
selected multi-layer patch features be

F={F,F% ..., Ft}, F e RN>D, (1)

where Nj is the number of patches at the /-th layer and D is the feature dimension.
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The pixel-level branch is built upon three steps: layer-aware semantic alignment, adaptive
cross-layer fusion, and local refinement. To better match the heterogeneous semantics of different
ViT layers, the local prompts are decoupled into shallow prompts and deep prompts, allowing
patch features from different layers to be aligned with anomaly semantics at suitable granularities.
Based on the resulting layer-wise anomaly responses, learnable layer weights are introduced to
perform adaptive fusion across layers. A lightweight Error-Prior Guided Local Relation Refiner is
then applied to the fused anomaly map to suppress noisy responses and improve local boundary
quality.

The image-level branch is introduced to improve the robustness of anomaly scoring. During
inference, a Prototype Branch constructs an image-specific normal prototype from high-confidence
normal patches selected from the current test image. This prototype serves as an intra-image
normal reference and is combined with the global similarity score, so that image-level anomaly
prediction becomes less sensitive to background clutter and benign appearance variation.

3.2 Layer-Aware Local Prompt Learning

Local anomaly representations exhibit clear hierarchical differences across ViT layers. Shallow
features mainly encode edges, textures, and other high-frequency local patterns, and are therefore
more suitable for describing fine-grained anomalies such as scratches, cracks, and stains. By
contrast, deep features place greater emphasis on structure, shape, and semantic consistency,
making them more suitable for structural anomalies such as missing parts, misalignment, and
deformation. If all layers share a single set of local prompts, features from different semantic levels
are forced into the same text space, which leads to a clear semantic granularity mismatch.

To alleviate this issue, LaRP-CLIP divides the learnable prompts into three groups, namely
global prompts, shallow prompts, and deep prompts. After the text encoder, the corresponding
text embeddings are written as

[(¢", "), (8",8"), (d",d")] € R**P, 2

where the superscripts 7 and a denote the normal and abnormal classes, respectively.
The layers used for local anomaly modeling are divided into a shallow set S and a deep set D,
satisfying

SuD=1{12,...,L}, SND=20. 3)
For the patch features F' at the I-th layer, each patch feature is first normalized by

I

f-l— fi
1 - 7
I£1112

where f! denotes the i-th patch feature at layer . The text embeddings are normalized in the
same way. If [ € S, the shallow prompt embeddings (5",8") are used; if | € D, the deep prompt
embeddings (d",d") are used.

(4)
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The similarity between the i-th patch and the corresponding normal or abnormal text
embedding is defined as

zi.=7(f)'e, ce{na}, 6)

where 7 is the temperature coefficient and &' denotes the text embedding assigned to layer I. The
anomaly response of the i-th patch is then obtained by binary softmax:

NI 7 ©
Y exp(z,) +exp(zl,)
The anomaly map of the I-th layer is written as
I _ I N
M’ = Reshape ({p;,};2;)- @)

For image-level scoring, the global feature interacts only with the text embeddings
corresponding to the global prompts. The resulting text-driven anomaly score is defined as

exp (1 f7 §")
exp(Tgf;gA”) + eXP(TgnggA“)

(8)

Stext =

With this design, shallow patch features are aligned with shallow anomaly semantics,
deep patch features are aligned with deep anomaly semantics, and the global feature is used
for image-level anomaly judgment. In this way, the cross-modal alignment process becomes
layer-aware, which helps reduce the semantic mismatch introduced by using a shared prompt
across all feature layers.

3.3 Layer-Adaptive Fusion and Local Relation Refinement

The layer-wise anomaly maps { M’} | differ in detail sensitivity, structural stability, and noise
level. Fixed fusion or equal-weight averaging cannot fully exploit the complementary information
carried by different layers. To address this issue, LaRP-CLIP introduces a set of learnable fusion
parameters {a'}|- |, which are normalized by softmax to obtain the layer weights:

wl:M, I=1,...,L )
Y1 exp ()
The fused anomaly map is then computed as
- l
Mtused = ZwlM . (10)

I=1

This design allows the contribution of each layer to be learned from data, rather than being
fixed in advance.

Although adaptive fusion improves the integration of multi-layer responses, the fused map
may still contain local noise or imprecise boundaries. This issue becomes more evident when
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different layers produce inconsistent responses in the same region. To capture such disagreement,
an error prior is introduced to measure the deviation of each layer from the fused result. For the
[-th layer, the deviation map is defined as

El = |Ml - Mfused|- (11)

The aggregated error prior is then written as
L
Eprior = Z lel' (12)
I=1

The error prior provides a local measure of cross-layer inconsistency. Regions with similar
responses across layers tend to have small values, whereas regions with conflicting responses yield
larger values. Based on this cue, LaRP-CLIP concatenates the fused anomaly map with the error
prior and feeds them into a lightweight local relation refinement module. This module adopts a
3 x 3 convolutional structure to predict a residual correction:

AM = ¢([Mfusedr Eprior])- (13)
The final pixel-level anomaly map is given by
Mfinal = Miused + AM. (14)

The refinement module is used to correct local errors in the fused anomaly map rather than to
regenerate the entire prediction. It mainly adjusts regions with blurred boundaries, discontinuous
responses, or noticeable local noise, while preserving the main structure provided by the preceding
layer-wise fusion stage.

3.4 Prototype Branch

Relying only on global text matching is often insufficient for stable image-level anomaly
scoring, because it does not fully reflect the local distribution of anomaly evidence within an image.
This limitation becomes more apparent when anomalous regions are small, the background is
complex, or normal samples exhibit noticeable appearance variation. To improve the robustness of
image-level scoring, a Prototype Branch is introduced during inference. This branch constructs a
normal prototype from high-confidence normal regions in the current test image and uses it as an
additional reference for anomaly judgment.

The layer-wise anomaly maps are first accumulated to obtain a text-driven anomaly map:

L
Mt = Y M. (15)
1=1

The patch features from the last layer, denoted by {p;}~ ,, are then used as local semantic
representations. The map My is downsampled to the patch grid to produce an anomaly score g;
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for each patch. Based on these scores, a set of high-confidence normal patches is selected, and its
index set is denoted by AV. The normal prototype is computed as

YieN Wipi
norm — ’ 16
Pror Yien Wi (16)

where w; is derived from g;, so that patches with lower anomaly scores receive larger weights.
The deviation of each patch from the normal prototype is then measured by

i = 1 — cos(pi, Prorm)- (17)

These deviations are reshaped into a two-dimensional map to form the prototype-guided anomaly
map, which is further combined with the text-driven anomaly map to obtain an auxiliary anomaly
map for image-level scoring. Since image-level prediction is more influenced by the most salient
anomalous regions than by the average response over the whole image, top-k pooling is applied to
the fused map to obtain the auxiliary score smap. The final image-level anomaly score is defined as

Stext T Asmap
1+A 7

Sfinal = (18)
where A is a balancing coefficient.

Unlike a fixed normal template shared across all images, the Prototype Branch derives a normal
reference directly from the current test image. This makes the image-level score less sensitive to
background clutter and benign appearance variation. The branch is used only for image-level
scoring and does not affect the generation of pixel-level anomaly maps.

The Prototype Branch is excluded from training because it is designed as a non-parametric
test-time adaptation module. It constructs an image-specific normal prototype from high-confidence
normal patches in each test image, rather than learning a fixed prototype from auxiliary training
data.

3.5 Training Objective

To jointly optimize image-level anomaly discrimination and pixel-level anomaly localization,
LaRP-CLIP uses a combined training objective. The overall loss is defined as

L= »Cimg + »Cpixel/ (19)

where Ling is the image-level loss and L is the pixel-level loss.
For image-level supervision, let y € {0,1} denote the image label and let sy« denote the global
text-driven anomaly score. The image-level loss is defined by binary cross-entropy:

Limg = —ylogsext — (1 —y) log(1 — Stext)- (20)
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For pixel-level supervision, the intermediate outputs are not treated as independent prediction
targets. Instead, the loss is divided according to the two stages of the pixel-level branch, namely
alignment and refinement:

ﬁpixel = Ealign + ArLref, (21)

where L,ji¢, supervises the front-end layer-aware semantic alignment and adaptive fusion, L
supervises the refinement stage, and A, is the weight assigned to the refinement term.

The alignment loss is applied to the shallow-layer anomaly maps, the deep-layer anomaly
maps, and the fused anomaly map:

1

Ealign = |S’ Z /:'seg(MI/ Y)

les

1
D] & Loes(MY) 2
leD

+ /\f['seg (Mfused/ Y)/

_|_

where Y is the pixel-level ground-truth mask, M! is the anomaly map at layer I, Mgygeq is the
adaptively fused anomaly map, and S and D denote the shallow-layer set and deep-layer set,
respectively. The function Leg(-) denotes the segmentation loss, implemented as a combination
of focal loss and dual-channel Dice loss for the normal and abnormal classes. The coefficient A ¢
controls the relative contribution of the fused-map supervision.

This design serves two purposes. First, separate supervision on shallow and deep anomaly
maps encourages the decoupled prompts to learn anomaly semantics at different granularities.
Second, direct supervision on M4 ensures that the fusion stage itself produces a discriminative
anomaly map before refinement.

The refinement loss is applied only to the final anomaly map:

'Cref = ﬁseg(Mﬁnalr Y) + A ||Mf'ma1 - Mfused”lr (23)

where A, is the weight of the residual regularization term. This term limits the difference between
the refined anomaly map and the fused anomaly map, thereby constraining the magnitude of the
correction introduced by the refinement module.

The Prototype Branch is used only during inference and is therefore not included in the training
objective.

3.6 Training and Inference Procedure

To improve the readability and reproducibility of the proposed method, the pseudo code of
LaRP-CLIP is provided in Algorithm 1. The algorithm summarizes the complete training and
inference procedure, including layer-aware prompt matching, adaptive fusion with local refinement,
and the Prototype Branch for image-level scoring. During training, the loss in Eq. (19) is used to
optimize the learnable parameters. During inference, all learnable parameters are fixed, and only
the forward pass is performed to obtain the final anomaly scores.
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Algorithm 1 The pseudo code of LaRP-CLIP for zero-shot anomaly detection.

Require: Input image x € R3*H*W pre-trained visual and text encoders, learnable prompts
{d!, <", g% s",s%,d",d"}, refinement module ¢, balancing coefficient A
Ensure: Pixel-level anomaly map Mgp,1, image-level anomaly score sging)

1: Extract global feature f; and multi-layer patch features F = {F'}L {Eq. (1)}
2: Generate and normalize global, shallow, and deep text embeddings: (¢",$"), (8",5%), (cf”, cf”)
(Eq. )
3: Partition the selected layers into shallow set S and deep set D {Eq. (3)}
4: foreachlayer/ =1,...,L do
5:  Normalize patch features: fll = f/llf ilHZ {Eq. (4)}
6:  Select the corresponding prompt embedding according tol € Sorl € D
7. Compute similarity scores: zf/c =1(fHTe {Eq. (5)}
8:  Compute the anomaly response pf, , and form the anomaly map M' {Egs. (6), (7)}
9: end for
10: Compute normalized layer weights w; by softmax {Eq. (9)}
11: Fuse the layer-wise anomaly maps: Mgyged = Zlel w;M! {Eq. (10)}

12: Compute deviation maps and error prior: E' = |M' — Mysed], Eprior = Zlel w;E! {Egs. (11),

(12)}

13: Predict residual correction and obtain the final anomaly map: AM = ¢([Mused, Eprior]),

Mﬁnal = Mfused +AM {EqS (13)/ (14)}
14: Compute the global text-driven anomaly score Siext {Eq. (8)}
15: Accumulate the layer-wise anomaly maps: Miext = Y1 q M {Eq. (15)}

16: Select high-confidence normal patches and compute the normal prototype pnorm  {Eq. (16)}
17: Compute the prototype-guided auxiliary score smap by top-k pooling

18: Compute the final image-level score: sgna; = (1 — A)Stext + ASmap {Eq. (18)}
19: if training then

20:  Compute the total loss £ = Limg + Lpixel {Egs. (19)-(23)}
21: end if

22: return Miinal, Stinal

4 Experiments

4.1 Experimental Settings

The experiments are evaluated on the MVTec AD [32], VisA [23], MPDD [33], and BTAD
[34] industrial defect datasets, as well as the HeadCT [35], BrainMRI [35], Br35H [36], ISIC [37],
CVC-ColonDB [38], CVC-ClinicDB [38], and TN3K [39] medical imaging datasets. For evaluation
metrics, pixel-level performance is measured by pixel-level AUROC and PRO, while image-level
performance is measured by image-level AUROC and AP.

All experiments were conducted on a single NVIDIA RTX 4090 GPU (24 GB VRAM) using
Python 3.12.7 and the PyTorch 2.0.0 framework. The Adam optimizer was employed with an initial
learning rate of 1 x 1073, a batch size of 8, and a total of 15 training epochs. To ensure reproducibility,
the random seed was fixed at 111. The visual backbone network adopts the pre-trained CLIP model
(ViT-L/14@336px), with the input resolution uniformly set to 518 x 518. During training, only the
parameters of the learnable prompt learner are optimized, while the CLIP visual encoder remains
frozen.
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Table 2: Quantitative comparison on industrial defect datasets (MVTec AD, VisA, MPDD, BTAD).

Methods  CLIP [18] CLIP-AC [18] WinCLIP [19] VAND [22] CoOp [40] AnomalyCLIP [20] AACLIP [24] GenCLIP [21] LaRP-CLIP
Image-level (AUROC, AP)1

MVTec AD (74.1,87.6) (71.5,864)  (91.8,96.5) (86.1,93.5) (88.8,94.8)  (91.5,96.2) (90.5,949)  (909,96.1)  (92.8, 96.5)
VisA (664,715) (65.0,70.1)  (78.1,81.2) (78.0,81.4) (62.8,68.1) (82.1, 85.4) (79.0,81.9)  (83.3,87.5)  (86.0, 88.0)
MPDD  (543,654) (56.2,66.0)  (63.6,69.9) (73.0,80.2) (55.1,642)  (77.0,82.0) (56.0,66.6)  (73.7,79.6)  (77.7,80.7)
BTAD (34.5,52.5) (51.0,62.1)  (682,70.9) (73.6,68.6) (66.8,77.4) (88.3, 87.3) 92.9,96.5)  (90.0,96.9)  (91.6,94.3)
Pixel-level (AUROC, PRO)1
MVTec AD (384,11.3) (38.2,11.6)  (85.2,64.6) (87.6,44.0) (33.3,6.7) (91.1, 81.4) (923,857)  (92.7,88.1)  (91.5,85.8)
VisA (46.6,14.8) (47.8,17.3)  (79.6,56.8) (94.2,86.8) (24.2,3.8) (95.5, 87.0) (94.8,83.7)  (92.7,88.1) (96.7,91.7)
MPDD  (62.1,33.0) (58.7,29.1)  (76.4,489) (94.1,83.2) (154,2.3) (96.5, 88.7) (95.7,84.8)  (96.2,89.3)  (97.6,90.1)
BTAD (30.6,44)  (32.8,83)  (72.7,273) (60.8,25.0) (28.6,3.8) (94.2,74.8) (945,79.1)  (93.6,75.6) (94.8,77.5)

Table 3: Quantitative comparison on medical imaging datasets (HeadCT, BrainMRI, Br35H, ISIC,
CVC-ColonDB, CVC-ClinicDB, TN3K).

Methods CLIP [18] CLIP-AC [18] WinCLIP [19] VAND [22] CoOp [40] AnomalyCLIP [20] AACLIP [24] GenCLIP [21] LaRP-CLIP
Image-level (AUROC, AP)T

HeadCT (56.5,58.4) (60.0,60.7) (81.8,80.2) (89.1,89.4) (78.4,78.8) (93.4,91.6) (84.8,87.4) (96.1,96.2)  (96.7,97.3)

BrainMRI (73.9,81.7) (80.6, 86.4) (86.6,91.5)  (89.3,90.9) (61.3,44.9) (90.3,92.2) (90.3, 93.3) (92.4,94.4) (95.6,96.4)

Br35H (78.4,78.8) (82.7,81.3) (80.5,82.2) (93.1,92.9) (86.0,87.5) (94.6,94.7) (86.9, 88.6) (95.0,95.0)  (97.7,97.6)
Pixel-level (AUROC, PRO)T

ISIC (33.1,5.8) (36.0,7.7) (83.3,55.1) (894,77.2) (51.7,15.9) (89.7,78.4) (94.0,79.7) (93.1,88.1)  (92.5,83.0)

CVC-ColonDB (49.5,15.8) (49.5,11.5) (70.3,32.5) (78.4,64.6) (40.5,2.6) (81.9,71.3) (80.2, 56.6) (80.3,87.8)  (81.8,71.0)

CVC-ClinicDB (47.5,18.9) (48.5,12.6) (51.2,13.8) (80.5,60.7) (34.8,2.4) (82.9,67.8) (81.3,53.2) (81.3,82.8)  (85.2,67.1)

TN3K (42.3,7.3) (35.6,5.2) (70.7,39.8)  (73.6,37.8) (34.0,9.5) (81.5, 50.4) (75.9, 44.7) (73.8,80.6)  (82.5,51.9)

The prompt learner uses a learnable prompt length of 12, a text embedding depth of 9, and
feature layers selected as [6,12,18,24]. The temperature coefficient is T = 0.07, the balancing
coefficientis A = 1.0, A F=1A =05 and Ap = 0.2. The Prototype Branch is enabled during the
testing phase with top-k set to 8.

4.2 Main Results

Table 2 and Table 3 summarize the quantitative comparison between LaRP-CLIP and
state-of-the-art zero-shot anomaly detection methods on industrial defect datasets and medical
imaging datasets, respectively. The highest value of each metric (AUROC or AP/PRO) is
highlighted in red and the second-highest value is highlighted in blue.

On the four industrial defect datasets, LaRP-CLIP achieves the best image-level performance
on MVTec AD and VisA, with AUROC/AP scores of (92.8, 96.5) and (86.0, 88.0), respectively.
On MPDD and BTAD, it also remains among the strongest competitors, yielding the second-best
image-level results. For pixel-level evaluation, LaRP-CLIP consistently ranks first or second across
all four datasets and surpasses previous CLIP-based methods in both AUROC and PRO in most
cases. In particular, compared with AnomalyCLIP, the pixel-level performance is improved from
(95.5, 87.0) to (96.7,91.7) on VisA and from (96.5, 88.7) to (97.6, 90.1) on MPDD. The results show
that LaRP-CLIP performs consistently well across industrial datasets with diverse defect patterns
and visual characteristics.

On the medical imaging benchmarks, LaRP-CLIP also shows strong transferability. It achieves
the highest image-level AUROC and AP on HeadCT, BrainMRI, and Br35H, with scores of (96.7,
97.3), (95.6, 96.4), and (97.7, 97.6), respectively. For pixel-level anomaly localization, LaRP-CLIP
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attains the best AUROC on CVC-ClinicDB and TN3K, while remaining highly competitive on ISIC
and CVC-ColonDB. It also achieves strong PRO performance, particularly on datasets where lesion
boundaries are difficult to delineate. This cross-domain performance indicates that LaRP-CLIP
remains reliable even when the target anomalies differ markedly from the training domain in both
appearance and imaging style.

It is also observed that LaRP-CLIP does not achieve the best PRO on all medical datasets.
On ISIC and CVC-ColonDB, lower PRO scores indicate incomplete localization for lesions with
irregular, low-contrast, or ambiguous boundaries. This suggests that although LaRP-CLIP shows
competitive cross-domain transferability, stronger boundary-aware modeling is still needed for
challenging medical lesions.

Figure 3 presents a qualitative comparison of anomaly maps produced by different prompt
strategies. The three prompts show notably different response patterns across samples. The Shallow
Prompt is more sensitive to local appearance variations and can better preserve fine-grained details,
making it effective for subtle texture anomalies. The Deep Prompt generates more compact
and semantically aligned activation on abnormal regions, which is beneficial for anomalies with
relatively clear structural semantics. In contrast, the Global Prompt frequently produces diffuse
or less discriminative responses, leading to incomplete localization or increased background
interference. This comparison indicates that different ViT layers capture anomaly cues at different
semantic granularities, while the proposed layer-aware prompt decoupling offers a more suitable
mechanism for aligning prompt representations with layer-specific features.

Shallow Deep Global

Image
Prompt Prompt Prompt

Figure 3: Qualitative comparison of anomaly maps generated using different prompts. From left to right:
input image, ground-truth mask, anomaly map using Shallow Prompt, Deep Prompt, and Global Prompt.
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Figure 4 presents qualitative anomaly localization results of LaRP-CLIP on representative
samples from both industrial and medical domains. The third row shows the fused anomaly maps
obtained after multi-layer aggregation, while the fourth row shows the refined anomaly maps after
applying the Error-Prior Guided Local Relation Refiner. As observed, the fused maps can already
roughly highlight the abnormal regions, but they still contain scattered responses and imprecise
boundaries in several cases. After refinement, the anomaly regions become more compact and
better aligned with the ground-truth masks, with reduced background interference and clearer
structural outlines. This improvement is consistently visible in both industrial samples with thin or
irregular defects and medical samples with relatively compact lesion regions, indicating that the
refinement stage is beneficial for producing more precise pixel-level localization.

Industrial Domain Medical Domain

Image

Ground
Truth

Fused
Anomaly
Maps

Refined / 3
Anomaly K \ \ @

Maps

carpet grid tile wood capsule skin colon thyroid

Figure 4: Qualitative anomaly localization results of LaRP-CLIP on representative samples from industrial
and medical domains. From top to bottom: input image, ground-truth mask, fused anomaly map, and
refined anomaly map. The refined maps exhibit clearer boundaries and reduced background interference
compared with the fused maps.

Figure 5 presents a qualitative comparison between the global similarity map and the
prototype-guided similarity map. The selected high-confidence normal prototype regions in
the second column are used to build an image-specific normal reference for the current test sample.
Compared with the global similarity map, which tends to exhibit scattered or distracting responses
on normal structures, the prototype-guided similarity map yields cleaner activations and better
highlights the actual abnormal regions. The improvement is visible across samples from both
industrial and medical domains, indicating that the Prototype Branch helps reduce the influence of
normal appearance variation and complex background content during anomaly localization.
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Figure 5: Qualitative results showing the effect of the Prototype Branch. From left to right: input image,
selected high-confidence normal prototype regions (red dots), global similarity map, and prototype-guided
similarity map.

4.3 Ablation Study

To assess the contribution of each component in LaRP-CLIP, an ablation study is conducted on
MVTec AD. The results are reported in Table 4, where image-level performance is evaluated by
AUROC and AP, and pixel-level performance is evaluated by AUROC and PRO.

As shown in Table 4, removing any component leads to a decline in performance, indicating
that each module contributes to the overall capability of the framework. Among all variants,
removing the Layer-Aware Prompt Decoupling causes the largest performance drop, with
image-level results decreasing from (92.8, 96.5) to (88.4, 93.7) and pixel-level results decreasing
from (91.5, 85.8) to (87.9, 80.2). This result suggests that aligning prompt representations with
the semantic granularity of different ViT layers is critical for both anomaly classification and
localization, which is also consistent with the qualitative comparison in Figure 3.

When the Adaptive Weighted Fusion is removed, the performance decreases to (89.7, 94.9) at
the image level and (89.1, 82.6) at the pixel level, suggesting that fixed fusion is less effective for
aggregating anomaly cues from multiple layers. Removing the Local Relation Refiner also results
in a noticeable decline, particularly in pixel-level localization, where the PRO score drops from
85.8 to 81.9. This observation is consistent with the qualitative comparison in Figure 4, where the
refinement stage produces cleaner anomaly regions and clearer boundaries.
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Table 4: Ablation study on MVTec AD. “w/0” denotes the removal of the corresponding component.

Variant Image-level  Pixel-level
Full LaRP-CLIP (92.8,96.5) (91.5,85.8)
w/o Layer-Aware Prompt Decoupling (88.4,93.7) (87.9, 80.2)
w/o Adaptive Weighted Fusion (89.7,94.9) (89.1, 82.6)
w /o Local Relation Refiner (90.2,95.1) (884, 81.9)
w /o Prototype Branch (90.5, 95.4) (91.0, 85.1)

Table 5: Sensitivity analysis of A and top-k on MVTec AD. Image-level results are reported as (AUROC, AP).

Parameter  Setting  Image-level

A 0.0 (91.6,96.1)
A 0.5 (92.4,96.4)
A 1.0 (92.8, 96.5)
A 2.0 (92.5,96.3)
A 4.0 (92.1, 96.0)
top-k 1 (92.0,96.1)
top-k 4 (92.5, 96.4)
top-k 8 (92.8, 96.5)
top-k 16 (92.6, 96.4)
top-k 32 (92.2,96.1)

By comparison, removing the Prototype Branch leads to a relatively smaller drop, from (92.8,
96.5) to (90.5, 95.4) at the image level and from (91.5, 85.8) to (91.0, 85.1) at the pixel level. Although
its effect is less pronounced than that of the other modules, it still brings consistent gains, indicating
that image-specific normal prototypes help stabilize anomaly scoring under appearance variation.
This trend is also supported by the visual comparison in Figure 5, where the prototype-guided
similarity maps show more concentrated responses on abnormal regions and less interference from
normal structures.

The results reveal clear performance degradation when any component is removed. Removing
layer-aware prompt decoupling leads to the largest drop, decreasing image-level AUROC by 4.4%
and pixel-level AUROC by 3.6%, confirming its critical role in resolving semantic granularity
mismatch across layers. Removing the Error-Prior Guided Local Relation Refiner causes noticeable
declines in pixel-level metrics (AUROC drops by 3.1% and PRO by 4.0%), highlighting its
importance in sharpening boundaries and suppressing noise. Eliminating the Prototype Branch
primarily affects image-level robustness, while equal-weight fusion and the absence of error prior
both result in suboptimal fusion quality.

To further evaluate the influence of key hyperparameters, sensitivity analyses are conducted
on MVTec AD. Three factors are considered: the balancing coefficient A, the top-k value used in
prototype-guided pooling, and the shallow/deep layer partition. Since A and top-k directly affect
the final image-level anomaly score, their influence is evaluated using image-level AUROC and
AP. The shallow/deep layer partition affects layer-aware prompt matching and anomaly map
generation, and is therefore evaluated using pixel-level AUROC and PRO.

As shown in Table 5, LaRP-CLIP remains stable with different A and top-k values. When A = 0,
the score relies only on global text similarity, leading to weaker detection. Increasing A incorporates
local anomaly evidence, improving performance, but too large a A overemphasizes local responses,
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Table 6: Sensitivity analysis of shallow/deep layer partition on MVTec AD. Pixel-level results are reported
as (AUROC, PRO).

Layer Partition (S/D)  Pixel-level

[6]/[12,18,24] (90.7, 84.6)
[6,12]/[18,24] (915, 85.8)
[6,12,18]/[24] (91.0, 85.1)

slightly degrading performance. The best result is achieved at A = 1.0, where global and local
evidence complement each other.

For top-k, a very small value is more sensitive to noisy local activations, while a very large
value may include normal background regions and dilute anomaly evidence. The setting top-k = 8
achieves the best performance and is therefore adopted as the default configuration.

Table 6 shows that assigning only layer 6 to the shallow group lacks sufficient texture
supervision, while assigning layer 18 weakens the distinction between shallow and deep prompts.
The best pixel-level performance is achieved with the partition [6,12]/[18,24], aligning with the
ViT feature hierarchy: shallow layers capture texture, while deep layers encode structure and
semantics.

4.4 Time Complexity Analysis

Let N denote the number of image patches and L denote the number of selected feature layers.
In LaRP-CLIP, the extra computation beyond the frozen CLIP backbone comes from layer-wise
prompt matching, adaptive fusion, refinement, and prototype construction.

Layer-aware prompt matching and patch—text similarity computation across L layers require
O(LN). Adaptive weighted fusion and error-prior estimation are also performed on layer-wise
anomaly responses, with complexity O(LN). The Local Relation Refiner is implemented using
lightweight 3 x 3 convolutions and has complexity O(N). The Prototype Branch, including
high-confidence patch selection and prototype construction, also scales as O(N).

The total additional complexity is therefore O(LN), excluding the frozen backbone. This is
on the same order as existing CLIP-based methods that rely on multi-layer inference. On a single
NVIDIA RTX 4090 GPU, with an input resolution of 518 x 518, LaRP-CLIP takes about 280 ms to
process one image during inference.

5 Conclusion

This paper presents LaRP-CLIP, a zero-shot anomaly detection framework for industrial and
medical images. The framework introduces layer-aware prompt decoupling, adaptive weighted
fusion with an Error-Prior Guided Local Relation Refiner, and a Prototype Branch for image-specific
normal prototype construction. These designs are intended to alleviate three common issues
in existing CLIP-based anomaly detection methods, namely semantic granularity mismatch
across layers, inflexible fusion across feature levels, and interference from background or normal
appearance variations.

Experimental results on multiple industrial defect and medical imaging datasets show that
LaRP-CLIP achieves strong performance in both image-level detection and pixel-level localization.
The qualitative results further show that the proposed framework produces cleaner anomaly
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responses and more precise boundaries in challenging cases. These results suggest that LaRP-CLIP
is a practical zero-shot solution for anomaly detection in scenarios where anomalous samples are
limited or unavailable. Future work will consider extending the framework to multi-class anomaly
settings and to more complex real-world environments.
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