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Abstract

Many methods have demonstrated promising results in zero-
shot anomaly detection (ZSAD) by incorporating prompt
learning (PL) to fine-tune Vision-Language Models. How-
ever, the prompt learners proposed in recent studies re-
main relatively simple, such as learnable textual and visual
prompts. Relying solely on the current PL paradigm restricts
the ability to generate more precise prompts, thereby hin-
dering improved ZSAD performance. To mitigate this is-
sue, this paper proposes a high-order-aware prompt learn-
ing framework, termed HiPL, which facilitates the detection
of unseen anomalies through generating prompts fortified by
hypergraphs. Specifically, HiPL models high-order correla-
tions among patches through a dynamically constructed hy-
pergraph structure. Then we leverage a hypergraph seman-
tic convolution to capture potential collaborative information
by propagating high-order correlations by hyperedges. Mean-
while, HiPL introduces a Mixture-of-Experts prompt learner
(MoEPLer), where the experts within MoEPLer can generate
multiple distinct prompts based on the modeled high-order
correlations. Then, the final high-order-aware textual prompts
can be formed by synthetically considering each expert’s
prompt by gating weights. This enables a comprehensive un-
derstanding of potential anomalous patterns, thereby facilitat-
ing ZSAD performance. Large-scale experiments conducted
on 12 datasets, spanning natural, industrial, and medical do-
mains, demonstrate the validity of proposed HiPL.

Introduction
Anomaly detection (AD), as a critical link of deep learn-
ing, has been extensively applied in various fields, includ-
ing industrial defect inspection (Wang et al. 2023; Rudolph
et al. 2023; Jiang et al. 2024; Wang, Peng, and Fu 2024)
and medical imaging analysis (Guo et al. 2023; Chai et al.
2024; Rahman, Munir, and Marculescu 2024; Wei, Jiang,
and Xu 2025). Due to the rarity of anomalous samples, con-
ventional studies have a tendency to follow a one-model-
one-category paradigm and train the models in an unsuper-
vised manner. However, maintaining this tendency has be-
come increasingly challenging as factors such as the emer-
gence of new products or the need to protect commercial
secrets, which restrict the availability of sufficient normal

*Corresponding Author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

samples for training. Fortunately, recent advancements have
introduced the zero-shot learning paradigm as a promising
solution to this challenge.

With the rise of prompt learning, Vision-Language Mod-
els (VLMs) like CLIP (Radford et al. 2021) can be fine-
tuned to adapt to different downstream tasks (Radford et al.
2021; Rao et al. 2022; Zhou et al. 2022b,a; Zhu et al. 2023),
demonstrating exceptional generalization capacity. As a re-
sult, numerous CLIP-based methods have been proposed
for zero-shot anomaly detection (ZSAD), achieving impres-
sive performance across various domains and even surpass-
ing several existing full-shot AD methods. Following ear-
lier CLIP-based image classification methods (Radford et al.
2021), WinCLIP (Jeong et al. 2023) initially adopts pre-
defined prompt templates for few/zero-shot AD, as illus-
trated in Fig. 1(a). However, subsequent works have high-
lighted that such rigid templates make it challenging for
models to capture fine-grained details within images, such
as shapes and colors. To address this issue, recent works
(Gu et al. 2024; Li et al. 2024; Zhou et al. 2024b) adopt
learnable word embeddings to acquire textual prompts in a
static way (see Fig. 1(b)), while others (Zhou et al. 2022a;
Zha et al. 2023; Cao et al. 2024) explore dynamic prompt
learning via visual prompts (see Fig. 1(c)). Despite these ad-
vancements, both prevailing paradigms remain suboptimal.
A key reason is that most CLIP-based frameworks rely on
Transformer architectures, which, due to their self-attention
mechanism, capture pairwise correlations among all patches
(see Fig. 2(a)). This often introduces redundant information
(Chai et al. 2024), indirectly affecting prompt learning, so
the quality of prompts may degrade.

Recently, hypergraphs have demonstrated significant po-
tential in visual tasks. Unlike Transformers, hypergraphs can
capture complex high-order correlations, as shown in Fig.
2(b). Motivated by hypergraphs, this paper investigates how
to generate prompts with high grade for accurate ZSAD by
integrating high-order correlations to reduce redundancy.

To fulfill the goal, this paper proposes a novel prompt
learning framework, high-order-aware prompt learning
(HiPL), as shown in Fig. 1(d). Specifically, there are two
crucial steps: dynamic hypergraph construction and high-
order-aware prompt generation. 1) Unlike conventional
hypergraph-based methods that assign the fixed number of
vertices (e.g., vertices=3 with each vertex seen as a patch)
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Figure 1: Comparison of different prompt learning paradigms. Existing three common prompt learning methods: (a), (b), and
(c). Our high-order-aware prompt learning framework: (d).

for a hypergraph construction (see Fig. 2(b)), our aim is
to dynamically construct the hypergraph structure based
on the importance of different patches (see Fig. 2(c)). Be-
cause some patches include significant semantic informa-
tion, while others do not, e.g., backgrounds. Thus, we first
measure the semantic similarity of different patches. Based
on this, we dynamically construct a hypergraph structure
by generating different number of hyperedges for each ver-
tex. After this, a hypergraph semantic convolution is applied
on hypergraph to capture potential collaborative information
and facilitate message passing. 2) HiPL further introduces
Mixture-of-Experts prompt learner (MoEPLer), which con-
sists of multiple experts. With modeled high-order corre-
lations, MoEPLer empowers experts to generate different
prompts, as visualized in Fig. 1(d). At the same time, MoE-
PLer also integrates a cross-modal gating network, which
determines the final high-order-aware prompt generation by
comprehensively considering each expert’s initial prompt
through vision-text interaction weights. This helps more ef-
fectively understand generic normal and abnormal patterns.
Besides textual prompts, HiPL also introduces high-order-
aware visual prompts generated by a projection layer to tex-
t/image encoder for more effective modeling capabilities. In
summary, the main contributions are as follows:
• To our best knowledge, we are the first to extend VLMs

with hypergraphs to explore high-order-aware prompts,
proposing a novel prompt learning framework, dubbed
HiPL, for enhanced ZSAD performance.

• Proposing a novel dynamic hypergraph construction
method ensures that high-order correlations among cru-
cial patches within images can be modeled. Based on
this, high-order-aware textual and visual prompts are
formed via MoEPLer and a projection layer, respectively.

• Large-scale experiments on multiple datasets, covering
industrial, medical, and natural domains, demonstrate the
effectiveness of proposed HiPL.

Related Work
Zero-shot Anomaly Detection. Unlike traditional AD
methods (Guo et al. 2023; Rudolph et al. 2023; Jiang et al.
2025), ZSAD methods only train the model on one auxil-
iary dataset and then can test it on any other dataset with-

(a) Transformer (c) Ours (dynamic)(b) Hypergraph

Patch 

Figure 2: Comparison of the ability of different methods
to capture correlations among patches. (a) Pairwise corre-
lations; (b) High-order correlation modeling; (c) Dynamic
high-order correlation modeling.

out fine-tuning. WinCLIP (Jeong et al. 2023), for instance,
which is the pioneering ZSAD approach, employs off-the-
shelf VLMs with manual textual prompts to detect anoma-
lies. Followed by this, AnomalyCLIP (Zhou et al. 2024a)
proposes using learnable object-agnostic textual prompts
to capture generic anomaly semantics, while AnomalyGPT
(Gu et al. 2024) focuses on learnable class-specific textual
prompts but for unsupervised AD. In addition to textual
prompts, AdaCLIP (Cao et al. 2024) further achieves en-
hanced ZSAD performance by introducing visual prompts
to encoders. More recently, without relying on VLMs, some
methods like INP-Former (Luo et al. 2025) also achieve im-
pressive results, proving non-VLMs methods’ potential in
ZSAD field.

Prompt Learning. Compared to fine-tune the entire
framework for different tasks, prompt learning focuses on
optimizing the model to adapt to specific tasks based on in-
put prompts. CoOp (Zhou et al. 2022b) is the first to apply
prompt learning to the visual domain. PromptAD (Li et al.
2024) combines normal prompts with anomalous suffixes
to generate abnormal prompts for few-shot AD. Anomaly-
CLIP (Zhou et al. 2024a) introduces object-agnostic prompt
learning to understand the general concepts of normality and
abnormality. However, these methods typically fall under
static prompt learning paradigm, which may cause distribu-
tion shifts (Zhou et al. 2022a; Cao et al. 2024). In contrast,
CoCoOp (Zhou et al. 2022a) and AdaCLIP (Cao et al. 2024)
introduce dynamic prompts to enhance modeling ability.

Hypergraph Learning. Unlike traditional graph struc-
tures, hypergraphs can capture not only binary relationships
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Figure 3: Framework of proposed HiPL. There are two key steps: dynamic hypergraph construction and high-order-aware
prompt generation. 1) HiPL models high-order correlations among patches by a dynamically constructed hypergraph. 2) With
high-order correlations, HiPL acquires textual prompts by MoEPLer and obtains visual prompts via a projection layer (Proj.).

between vertices but also high-order correlations among
multiple vertices through their hyperedges. This capabil-
ity makes them valuable for applications across different
fields, including recommendation systems (La Gatta et al.
2022; Khan et al. 2025), social networks (Yang et al. 2020;
Meng and Motevalli 2024), and data mining (Jin, Wang, and
Zhang 2019). Recently, hypergraph learning methods have
gradually been used for visual tasks. Hyper-YOLO (Feng
et al. 2025) utilizes high-order information to improve visual
backbones for object detection, while Chai et al. (Chai et al.
2024) proposed an adaptive hypergraph neural network for
medical image segmentation, showing their effectiveness in
capturing complex relationships within images. For the first
time, through combining hypergraphs with VLMs, this pa-
per explores high-order-aware prompt learning for ZSAD.

Preliminary: Hypergraphs
Unlike ordinary graphs, a hypergraph comprises hyper-
edges, each connecting multiple vertices, which helps es-
tablish high-order correlations. Let G = {V, E ,W} be a
hypergraph, where the vertex set and the hyperedge set are
respectively marked as V and E , and W ∈ R|E|×|E| repre-
sents a diagonal matrix, with Wi,i representing the weight
of the ith hyperedge. For convenience, the hypergraph can
be denoted by an incidence matrix H ∈ {0, 1}|V|×|E|, where
H(v, e) = 1 if the hyperedge e includes the vertex v ∈ V ,
and H(v, e) = 0 otherwise. Let vertex and hyperedge ma-
trices respectively be Dv and De, where the corresponding

ith diagonal element in these two matrices is
∑|V|

i=1 Hie and∑|E|
e=1 Hie. In this paper, we consider patches as a set of ver-

tices and construct the hypergraph structure based on them.

Methodology
Overall Framework
Fig. 3 illustrates the proposed prompt learning framework,
HiPL, which contains two key innovations: dynamic hyper-
graph construction and high-order-aware prompt genera-
tion. In the first step, a hypergraph structure is first dynam-
ically constructed through generating varying hyperedges
for each vertex based on the semantic similarity among
patches. Then, a hypergraph semantic convolution (HSC)
is introduced to further propagate high-order correlations
among patches with homogeneous semantics. In the sec-
ond step, with such high-order correlations, HiPL introduces
MoEPLer, which enables multiple experts to generate tex-
tual prompts. The final high-order-aware textual prompts are
then generated by comprehensively aggregating the prompt
from each expert via vision-text interaction weights. Be-
sides, visual prompts for the encoders are obtained by pro-
jecting the high-order-aware embeddings.

Dynamic Hypergraph Construction
Conventional hypergraph-based methods (Feng et al. 2019;
Peng et al. 2022) construct a hypergraph structure by using
a fixed number of vertices. In contrast, we propose to con-
struct the hypergraph based on the significance of patches in
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a dynamic way, as larger regions containing homogeneous
semantic information need to be assigned more neighbors.

Formally, given the patch embeddings FP ∈ RN×D after
transforming and removing [cls] token, which can be viewed
as a graph with N vertices with D features at each vertex,
where N and D are respectively the number of patches and
feature dimension. Notably, the [cls] token is not involved in
hypergraph construction, as it represents global information.
Here, we consider a vertex as a patch. The detailed steps of
dynamic hypergraph construction are as follows:

• To reduce computational overhead caused by cluster-
based algorithms and generate different number of hy-
peredges for each vertex based on its importance, we first
measure the semantic similarities among patches through
cosine similarity:

S =
FP · (FP )

⊤

∥FP ∥ · ∥FP ∥
∈ RN×N , (1)

where S is a similarity matrix.
• Inspired by (Chai et al. 2024) that determines the number

of hyperedges by introducing a scale factor that controls
vertex degree matrix Dv , we propose to dynamically as-
sign heperedges by an incidence matrix generated by a
sigmoid function:

I = Sigmoid(α(S + 10−4)), (2)

where I represents the incidence matrix and α is a large
number that avoids values approaching 0. Then, the patch
can include a hyperedge to connect another patch with
high similarity based on I ′ = [I > 0.5].

Therefore, our dynamic hypergraph is defined as Gd =
{Vd, Ed}. The vertex and hyperedge sets are represented as
Vd = {F i

P ∈ RD}Ni=1 and Ed = {Ek(v)|v ∈ Vd}, where
Ek(v) denotes the set of the k highest-similarity neighbors
of vertex v.

After dynamic hypergraph construction, the HSC is de-
signed to capture potential collaborative information and
facilitate high-order semantic correlations. Motivated by
(Feng et al. 2019), the HSC is mathematically defined as:

F̃P = a(FP + σ(D
− 1

2
v HWD−1

e H⊺D
− 1

2
v FPΘ)) + b, (3)

where a and b are a learnable weight matrix and a bias vec-
tor, respectively. Θ ∈ Rd×d is the learnable weight for HSC
layer. σ is the activation function. After HSC, the high-order-
aware patch embeddings F̃P can be generated. Then, we
obtain the global high-order-aware embeddings for prompt
learning, which can be expressed as follow:

F g
P = Linear(

1

N

N∑
i=1

F̃P (i, :)), (4)

where Linear(·) represents a linear layer.

High-order-aware Prompt Generation
Textual prompt generation. High-order-aware patch em-
beddings are generated through the constructed hypergraph,

which aids in learning generic semantic information (i.e., se-
mantics associated with seen categories may also be similar
to those of unseen categories (Zhou et al. 2024a; Cao et al.
2024)). Then, the next goal is to generate high-quality tex-
tual prompts for improved ZSAD performance. To enhance
flexibility, most of existing prompt learning methods (Zhou
et al. 2024a; Li et al. 2024; Zhou et al. 2024b) optimize tex-
tual prompts in a static manner:

tn = [V1] · · · [VL][class/object],
ta = [W1] · · · [WL][flawed][class/object],

where tn and ta respectively represent learnable textual tem-
plates for normality and abnormality, V and W denote learn-
able word embeddings, and L is the length of word em-
beddings. class and object are used in class-specific (Jeong
et al. 2023; Cao et al. 2024) and object-agnostic textual tem-
plates (Zhou et al. 2024a,b), respectively. However, build-
ing upon prior studies, it is found that the key to ZSAD lies
not only in capturing generic normal and abnormal seman-
tic representations (Zhou et al. 2024a) but also in generating
more precise prompts based on input visual patterns to avoid
static prompt learning (Li et al. 2024; Zhou et al. 2024a).
Thus, we expect that elaborate and dynamic textual prompts
are generated based on input high-order-aware embeddings.

To achieve it, inspired by the strong capability of Mixture-
of-Experts (MoE) (Shazeer et al. 2017; Meng et al. 2024) to
handling multiple tasks, we employ MoEPLer to generate
prompts with high grade. Specifically, MoEPLer consists of
K experts and a cross-modal gate function which determines
the final prompt generation. Based on input visual patterns,
our dynamic textual prompts can be obtained by modifying
prior templates:

tn =
K∑
i=1

G(concat(F g
P , [V1] · · · [VL]))

Ei(F
g
P + ([V1] · · · [VL]))[class/object],

ta =
K∑
i=1

G(concat(F g
P , [W1] · · · [WL]))

Ei(F
g
P + ([W1] · · · [WL]))[flawed][class/object].

Here, Ei represents the ith expert, where the architecture
for each expert is different, unlike the uniform architectures
used in prior MoE-based methods. To maintain efficiency,
the architecture for each expert is simple, e.g., convolutional
layers, MLPs, and attention mechanisms. G(·) is the output
of cross-modal gating function G, which is defined as:

G(x) =
exp(R(x))∑K

i=1 exp(Ri(x))
, (5)

where R(x), the matching score, is the output of our router
network R, which ensures that learnable word embeddings
interact with high-order-aware embeddings. R is a nonlinear
transformation:

R(x) = max(0, a1x+ b1)a2 + b2, (6)
where a1 and a2 are learnable weight matrices, and b1 and
b2 are bias vectors. Based on the cross-modal weights gener-
ated by G, we comprehensively consider each expert’s initial
prompt to form the final high-order-aware prompts.
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w/o HiPL w/ HiPL

2D Task Datasets WinCLIP AnomalyCLIP AdaCLIP MultiADS† AnomalyCLIP AdaCLIP
CVPR’23 ICLR’24 ECCV’24 ICCV’25 ICLR’24 ECCV’24

(I-ROC, AP)

MVTec (91.5, 96.5) (90.9, 96.0) (87.5, 91.0) (–, –) (93.5, 97.0) (90.5, 93.3)
VisA (78.6, 81.3) (81.5, 85.0) (80.8, 84.0) (82.5, 86.5) (84.5, 87.0) (85.0, 87.1)

BTAD (68.8, 70.9) (87.9, 87.3) (88.0, 89.5) (–. –) (88.9, 91.8) (89.0, 91.1)
MPDD (63.3, 69.5) (77.0, 82.0) (76.0, 76.5) (78.3, 78.4) (79.5, 82.9) (78.4, 80.3)

(P-ROC, PRO)

MVTec (85.1, 64.6) (91.0, 81.4) (88.0, 79.2) (89.1, –) (91.8,83.0) (89.9, 81.1)
VisA (79.6, 56.8) (95.0, 86.7) (95.0, 85.3) (95.0, 89.7) (95.9,88.0) (95.5, 86.4)

BTAD (73.0, 30.5) (94.2, 74.8) (92.1, 72.9) (–, –) (94.8, 79.5) (93.2, 74.0)
MPDD (75.9, 48.0) (96.0, 87.5) (96.3, 88.0) (95.8, 89.7) (96.5, 88.9) (96.7, 89.5)

3D Task Datasets CLIP PointCLIP AnomalyCLIP PointAD AnomalyCLIP PointAD
ICML’21 ICCV’23 ICLR’24 NIPS’24 ICLR’24 NIPS’24

(I-ROC, AP)

MVT 3D (60.1, 84.0) (78.1, 53.4) (52.4, 81.4) (77.3, 93.0) (55.3, 85.1) (82.0, 95.3)
Eyecandies (65.6, 67.2) (48.0, 50.5) (58.0, 59.5) (68.0, 72.1) (59.1, 61.2) (72.1, 75.3)

Real3D (65.7, 70.0) (57.0, 59.2) (54.1, 56.3) (74.3, 76.4) (57.2, 59.9) (77.0, 78.9)

(P-ROC, PRO)

MVT 3D (79.5, 53.0) (87.5, 53.8) (88.5, 61.2) (95.2, 84.4) (89.5, 63.9) (96.0, 85.5)
Eyecandies (80.1, 35.6) (46.4, –) (77.7, 46.2) (91.6, 70.8) (78.5, 50.3) (92.0, 72.8)

Real3D (43.2, –) (50.9, –) (49.5, –) (72.9, –) (55.5, –) (74.1, –)

Table 1: Performance comparison of ZSAD without and with HiPL across different industrial datasets. The best result is
highlighted. I-ROC: image-level AUROC and P-ROC: pixel-level AUROC. We reproduced these results using their publicly
available code. †: Results are taken from original paper (Sadikaj et al. 2025).

w/o HiPL w/ HiPL

Task Datasets WinCLIP MVFA-AD AnomalyCLIP AdaCLIP AnomalyCLIP AdaCLIP
CVPR’23 CVPR’24 ICLR’24 ECCV’24 ICLR’24 ECCV’24

(P-ROC, PRO)
Kvasir (69.7, 24.5) (81.9, –) (78.5, 45.0) (77.7, 43.7) (80.0, 47.4) (79.0, 45.2)

ClinicDB (51.2, 13.8) (83.9, –) (82.0, 67.1) (84.4, 68.1) (83.1, 68.9) (85.0, 69.5)
ColonDB (70.3, 32.5) (78.4, –) (80.9, 70.5) (85.4, 69.3) (81.6, 72.1) (86.2, 71.3)

Table 2: Performance comparison of ZSAD without and with HiPL across different medical datasets.

Visual prompt generation. High-order-aware visual
prompts can be achieved in the similar way. Following (Cao
et al. 2024), we introduce prompting layers to replace the
layers in encoders of CLIP. Prompting layers concatenate
dynamic visual prompt tokens to the original tokens T.

Formally, the high-order-aware embeddings are projected
into prompts P through a learnable linear layer. Let the ith

prompting layer be LP
i , the process is:

[Ti+1, ] = LP
i ([Ti,Pi]), (7)

[Ti+1,Pi+1] = LP
i ([Ti,Pi]), (8)

Loss functions. Following prior works (Gu et al. 2024; Li
et al. 2024), the commonly used dice loss and focal loss are
used to optimize pixel-level anomaly maps, and the focal
loss is used to optimize the image-level anomaly scores.

Experiments
Experimental Setup
Datasets and evaluation metrics. Extensive experiments
were conducted to evaluate HiPL on 12 commonly available
datasets, covering diverse industrial, medical, and natural
domains. For industrial scenarios, MVTec AD (Bergmann

et al. 2019), VisA, BTAD (Mishra et al. 2021), MVTec 3D
(Bergmann et al. 2021), Eyecandies (Bonfiglioli et al. 2022),
and Real3D-AD (Liu et al. 2023) were considered. In med-
ical imaging analysis, experiments were assessed on Kvasir
(Jha et al. 2020), CVC-ClinicDB (Bernal et al. 2015), and
CVC-ColonDB (Tajbakhsh, Gurudu, and Liang 2015). Be-
sides, two natural datasets (CIFAR10 and CIFAR100) were
used for zero-shot image classification.

Following prior works (Jeong et al. 2023; Zhou et al.
2024a), two detection metrics (image-level Area Under the
Receiver Operating Characteristic Curve (AUROC) and av-
erage precision (AP)) and two segmentation metrics (pixel-
level AUROC and PRO (Bergmann et al. 2020)) were re-
ported. For image classification, accuracy and Top-5 accu-
racy were considered.
Implementation details & baselines. The experiments
were conducted on a system equipped with an NVIDIA
GeForce RTX3090. The Adam and SGD optimizers were
respectively used for MoEPLer and hypergraph structure,
with a uniform learning rate of 0.001. The length of learn-
able word embeddings L was set to 12. Hyper-parameter K
was set to 4. Following prior works (Zhou et al. 2024a; Cao
et al. 2024), we trained all methods on MVTec AD dataset
and then tested them on any other dataset. For MVTec AD
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Figure 4: Qualitative results on the MVTec 3D-AD and
MVTec AD datesets. Each group, from left to right, consists
of image, ground-truth, anomaly map generated by meth-
ods w/o HiPL, and anomaly map generated by methods w/
HiPL. Method: PointAD (3D) and AnomalyCLIP (2D).

dataset, we fine-tuned methods on VisA dataset. For zero-
shot 3D AD, following (Zhou et al. 2024b), we under-
stood 3D information from 2D perspectives by rendering
point clouds into multi-view images. We trained methods on
MVTec 3D-AD and then assessed them on remaining two
datasets. As for MVTec 3D-AD, methods were trained on
Real3D-AD dataset. For zero-shot image classification, we
trained methods on certain categories of each dataset and
then tested them on the remaining categories. We run exper-
iments under three different seeds.

For ZSAD in 2D, the top competing methods including
MultiADS (Sadikaj et al. 2025), AnomalyCLIP (Zhou et al.
2024a), AdaCLIP (Cao et al. 2024), MVFA-AD (Huang
et al. 2024), and WinCLIP (Jeong et al. 2023). For ZSAD
in 3D, a recent leading method (Zhou et al. 2024b) was in-
cluded. However, due to few ZSAD methods in 3D, follow-
ing (Zhou et al. 2024b), we also included a leading point
cloud classification method, PointCLIP V2 (Zhu et al. 2023),
and fine-tuned AnomalyCLIP and CLIP for zero-shot 3D
AD. For classification, three representative methods were
considered: CoOp (Zhou et al. 2022b), CoCoOp (Zhou et al.
2022a), and ProText (Khattak et al. 2025). We replaced
prompt learning in existing methods with HiPL to show its
effectiveness.

Main Results
ZSAD performance on industrial datasets. As reported
in Table 1, in zero-shot 2D AD, without HiPL, WinCLIP
(Jeong et al. 2023) achieves superior results on the MVTec
AD dataset, while MultiADS (Sadikaj et al. 2025) out-
performs all competing methods across VisA and MPDD
datasets. However, after introducing HiPL, both Anomaly-
CLIP (Zhou et al. 2024a) and AdaCLIP (Cao et al. 2024)
achieve superior ZSAD performance across all datasets.
Hypergraph structure aids in modeling high-order correla-
tions among patches and learning generic semantic infor-
mation, which helps generalize to unseen objects. Then,
both methods can dynamically generate high-order-aware
prompts based on the high-order-aware embeddings.

Besides zero-shot 2D AD, HiPL was also adopted for

Methods CIFAR10 CIFAR100
CoOp (55.2, 70.3) (60.1, 77.9)

CoCoOp (58.4, 75.7) (68.9, 80.1)
ProText (57.9, 69.8) (66.5, 78.3)
CoOp‡ (56.0, 72.4) (61.5, 79.0)

CoCoOp‡ (59.9, 77.7) (70.3, 82.6)

Table 3: Performance comparison on two natural datasets,
with (accuracy, Top-5 accuracy) listed. The best result is
highlighted. ‡: w/ HiPL.

zero-shot 3D AD. Table 1 reports the results of several com-
peting methods over three 3D datasets. For the MVTec 3D-
AD dataset, without HiPL, PointCLIP V2 achieves optimal
I-AUROC results, while PointAD shows good performance
on P-AUROC metric. For the remaining two datasets, the
recent leading method PointAD achieves promising results
across multiple metrics. However, after introducing HiPL,
PointAD improves I-AUROC by 4.7%, AP by 2.3%, PRO by
1.1%, and showing a slight gain of 0.8% in P-AUROC on the
MVTec 3D-AD. Additionally, for Eyecandies and Real3D-
AD datasets, it also achieves superior results.

To provide more intuitive results, Fig. 4 shows the
anomaly segmentation results on two datasets. For MVTec
3D-AD dataset, without HiPL, PointAD can segment
anomalous regions but it may also wrongly identify normal
areas as anomalies. But, introducing HiPL to PointAD en-
sures that PointAD can more accurately segment anomalies.
Similarly, For MVTec AD, AnomalyCLIP also segments
anomalous regions effectively when using HiPL.
ZSAD performance on medical datasets. Following previ-
ous methods (Zhou et al. 2024a; Cao et al. 2024), we further
assessed the validity of HiPL after integrating it into meth-
ods on medical image datasets. Table 2 lists the detailed re-
sults. Without HiPL, AdaCLIP shows superior ZSAD per-
formance on medical datasets after being trained on the in-
dustrial dataset. However, after using HiPL, both Anomaly-
CLIP and AdaCLIP show comparable ZSAD performance
on these three datasets. In particular, “AnomalyCLIP+HiPL”
achieves the best results on the Kvasir dataset, while “Ada-
CLIP+HiPL” shows the best results on the ClinicDB and
ColonDB datasets. With HiPL, both methods have signif-
icantly improved metrics across all datasets, which further
demonstrates the effectiveness of HiPL.
Performance on natural datasets. We also evaluated the
effectiveness of HiPL on two natural datasets, CIFAR10
and CIFAR100, as shown in Table 3. Three classic zero-
shot image classification methods were compared: CoOp
(Zhou et al. 2022b), CoCoOp (Zhou et al. 2022a), and Pro-
Text (Khattak et al. 2025). Without HiPL, CoCoOp out-
performs all competing methods, including recent ProText.
With HiPL, both CoOp and CoCoOP markedly improves
these two metrics across two natural datasets. “CoOp+HiPL”
improves accuracy by 1.2% and Top-5 accuracy by 2.1% on
CIFAR10 dataset. With HiPL, CoCoOp also improves ac-
curacy by 1.4% and Top-5 accuracy by 1.1% on CIFAR10
dataset. For the CIFAR100 dataset, after using HiPL, they
still outperform their original prompt learning methods.
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PH
T I-ROC AP P-ROC PRO

– 92.5 96.5 91.4 82.5
✓ 93.5 97.0 91.8 83.0

Table 4: Study on the impact of high-order-aware textual
prompts (PH

T ) on performance. Method: AnomalyCLIP +
HiPL.

(PH
V) −→ ET (PH

V) −→ EI I-ROC AP P-ROC PRO
– – 87.5 91.0 88.0 79.2
✓ – 88.5 91.9 88.9 80.7
– ✓ 89.1 92.4 89.5 80.3
✓ ✓ 90.5 93.3 89.9 81.1

Table 5: Study on the impact of adding high-order-aware vi-
sual prompts (PH

V) to text encoder (ET) and image encoder
(EI) on performance. Method: AdaCLIP + HiPL.

L I-ROC AP P-ROC PRO
8 80.0 92.9 95.4 84.0

10 80.7 93.5 96.1 84.5
12 82.0 95.3 96.0 85.5
14 79.1 92.8 95.3 83.9

Table 6: Study on the number of learnable word embeddings
L. Method: PointAD + HiPL.

Ablation Study
Study on prompts. For high-order-aware textual prompts
PH

T , we assessed the effect of them on the performance of
AnomalyCLIP on the MVTec AD dataset. Notably, high-
order-aware visual prompts in its text encoder were not re-
moved. Table 4 shows that, without PH

T , the performance of
AnomalyCLIP declines, particularly with a significant drop
in the I-ROC evaluation metric. For high-order-aware visual
prompts PH

V, we considered AdaCLIP because of its two en-
coders (text and image) used originally. Table 5 lists the de-
tailed results. It is clear that adding PH

V to one of encoders
can increase the performance of AdaCLIP compared to its
original prompts in encoders. Also, text encoder with PH

V

shows better results in PRO, while image encoder with PH
V

achieves better image-level metrics. But, after adding PH
V to

both encoders shows the best results, improving I-AUROC
by 3.0%, AP by 2.3%, and P-AUROC and PRO by 1.9%.
Study on word embedding length. The length of learnable
word embeddings plays a critical role, as it similarly influ-
ences the quality of generated textual prompts. Table 6 in-
vestigates its impact on performance on the MVTec 3D-AD
dataset. With the increase of the length of word embeddings,
overall performance improves gradually. However, it is im-
portant to note that the excessively long embeddings can
lead to a decline in performance, with the best performance
achieved when L is set to 12.
Study on expert number and architecture. Another factor
affecting the quality of textual prompts is the number of ex-
perts, as different experts are responsible for distinct tasks.
Table 7 reports the results on the MVTec 3D-AD dataset,
The optimal number of experts is found to be 4. Particu-

K I-ROC AP P-ROC PRO
3 80.4 93.0 95.7 85.0
4 82.0 95.3 96.0 85.5
5 80.7 93.1 95.6 84.6
6 80.6 93.1 95.6 84.2

Table 7: Study on the number of experts K. Method:
PointAD + HiPL.

Combination I-ROC / AP / P-ROC / PRO
{MLP,MLP,MLP,MLP} 82.6 / 85.9 / 95.4 / 87.0
{Conv,Conv,MLP,MLP} 83.5 / 86.2 / 95.4 / 87.3
{Conv,Conv,Attn,Attn} 83.9 / 86.6 / 95.6 / 87.6

{Conv,Attn,MLP,Mamba} 84.5 / 87.0 / 95.9 / 88.0

Table 8: Study on the impact of expert architecture. Method:
AnomalyCLIP + HiPL.

n I-ROC AP P-ROC PRO
Manual setting

4 91.2 95.0 90.8 81.2
7 92.3 96.0 91.0 83.0
9 92.0 95.5 90.7 82.1

Dynamic generation
ours 93.5 97.0 91.8 83.0

Table 9: Study on the number of neighbors n. Method:
AnomalyCLIP + HiPL.

larly, fewer experts may be suitable for anomaly segmen-
tation tasks, while an excessive number of experts tends to
degrade performance. Besides, Table 8 shows the effect of
different combinations of architectures on performance on
the VisA dataset. It is found that the diversity of expert ar-
chitectures helps improve performance.
Study on neighbor number. Conventional hypergraph-
based methods construct hyperedges by allocating a fixed
number of neighbor to each vertex. However, this approach
is not ideal for accurately capturing the attributes of differ-
ent objects. Table 9 illustrates the impact of the number of
neighbors on performance on the MVTec AD dataset. It is
observed that manually setting neighbors n causes the re-
sults across different metrics to fluctuate. When n = 7, it
yields better performance. Differently, our method dynami-
cally generates neighbors, achieving optimal results.

Conclusion
In this paper, we propose a novel prompt learning framework
HiPL for enhanced ZSAD. HiPL introduces two key inno-
vations: dynamic hypergraph construction and high-order-
aware prompt generation. HiPL first models high-order cor-
relations among patches within images by dynamically con-
structing a hypergraph structure and implementing hyper-
graph semantics convolution. Then, with high-order corre-
lations, HiPL further introduces MoEPLer to generate final
high-order-aware textual prompts by comprehensively con-
sidering initial prompts generated by experts. Extensive ex-
periments demonstrate the effectiveness of proposed HiPL.
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