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Abstract. Zero-shot anomaly detection (ZSAD) requires detecting and
localizing diverse defects in unseen categories. Recent vision-language
model (VLM) based approaches improve ZSAD via prompt learning, yet
their prompts are often weakly grounded to transferable visual evidence,
making them prone to semantic drift under domain shifts and limit-
ing the reuse of normal/abnormal primitives. We propose a Variational
Prototype-conditioned prompting framework (VarProtoAD) that ex-
plicitly conditions prompt learning on visual prototypes discovered in the
feature space. Specifically, multi-layer patch tokens are ℓ2-normalized and
modeled with a variational von Mises–Fisher mixture to learn layer-wise
normal and abnormal prototype banks. These prototypes form multi-
cluster semantic anchors on the hypersphere and are naturally aligned
with cosine-based VLM matching, where anomalies correspond to direc-
tional deviations. Conditioned on these anchors, learnable prompt con-
text tokens interact with the prototype banks via confidence-gated cross-
attention, producing explicit prototype-conditioned prompts as well as
implicit deviation prompts derived from normal prototypes to better
cover unseen anomaly semantics. Finally, multi-layer image–text simi-
larities are fused within a unified framework to jointly produce image-
level anomaly scores and pixel-level anomaly maps. Experiments on 15
industrial and medical datasets demonstrate strong cross-domain per-
formance, indicating that VarProtoAD yields more stable and robust
prompt learning.
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1 Introduction

Zero-shot anomaly detection (ZSAD) aims to detect and localize anomalies in
unseen categories, without requiring any image of that category for training.
This task is central to industrial inspection [13,14,26,29,42] and medical imaging
[30,41] due to pervasive cold-start scenarios [6] and expensive defect annotation
when encountering novel categories. Robust generalization remains challenging
under domain shifts, where anomalies are subtle and open-ended, and normal
patterns vary across categories and datasets.
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Recently, vision-language models (VLMs), such as CLIP [33] and ALIGN [19],
have been widely adopted for ZSAD because of their powerful generalization ca-
pability. Consequently, a common paradigm [17,41] performs cross-modal match-
ing by comparing visual embeddings with text embeddings derived from “nor-
mal” and “abnormal” prompts. However, ZSAD focuses on subtle local defects,
but standard VLMs mainly capture coarse, global semantics. As a result, it often
misses small local anomalies, leading to weak localization and unstable perfor-
mance under domain shifts.

Motivated by this mismatch, recent VLM-based ZSAD methods have in-
creasingly focused on prompt learning. AnomalyCLIP [41] learns object-agnostic
normal/abnormal prompts and optimizes them with both image- and pixel-level
supervision (Fig. 1a). AdaCLIP [6] improves adaptability by combining image-
agnostic static prompts with instance-specific dynamic prompts (Fig. 1b). Con-
cretely, its dynamic prompts are generated from global image features (e.g., the
class token) via a lightweight generator, echoing instance-conditioned prompt
learning as in CoCoOp [39]. More recently, Bayes-PFL [32] models prompts as a
learnable distribution and samples diverse prompts to better cover the prompt
space. Despite these advances, a key limitation remains: prompt updates are only
weakly grounded in transferable local evidence. Optimizing prompts mainly in
an unconstrained text space, or conditioning them on coarse image-level fea-
tures, provides little fine-grained regularization across domains, leading to se-
mantic drift under domain shifts and hindering the discovery of reusable nor-
mal/anomalous primitives.

Building on this observation, we propose a Variational Prototype-conditioned
prompting framework for ZSAD (VarProtoAD), which grounds prompt learn-
ing on fine-grained visual prototypes discovered in the frozen VLM feature space.
Unlike prior conditioning schemes that rely on global image-level features, we in-
stead extract transferable visual evidence from multi-layer patch embeddings to
provide fine-grained anchors for prompting (Fig. 1c). Since cross-modal matching
in VLMs is often performed with cosine similarity in an ℓ2-normalized embed-
ding space, these patch tokens can be treated as directional data on a unit hy-
persphere. Building on this geometry, we introduce a prototype learning module
that fits a variational von Mises–Fisher (vMF) mixture [2,11] to the normalized
patch tokens, yielding stable layer-wise normal and abnormal prototype banks
as transferable semantic anchors. To inject these anchors into prompt learning,
we propose a confidence-gated cross-attention mechanism that enables learn-
able context tokens to selectively retrieve reliable prototype cues. Ultimately, we
obtain explicit normal/abnormal prompts conditioned on normal/abnormal pro-
totypes, together with implicit deviation abnormal prompts transformed from
normal prototypes to broaden coverage of unseen anomaly semantics.

Overall, our main contributions are as follows:

– We propose a prototype-anchored prompting paradigm for ZSAD that con-
ditions prompt learning on fine-grained, patch-level visual evidence via layer-
wise prototype banks, rather than coarse global feature conditioning.
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Fig. 1: Comparison of VLM-based prompting paradigms for ZSAD. (a) Tuning op-
timizes context tokens strictly in the text space, lacking explicit visual grounding.
(b) Instance-conditioned prompt learning using global visual features, providing only
coarse cues. (c) Guiding prompt learning with fine-grained visual prototypes, which
are learned via a vMF mixture from dense patch embeddings.

– We introduce a variational von Mises–Fisher mixture for learning reusable
hyperspherical normal/abnormal prototypes from patch embeddings.

– We design a confidence-gated cross-attention module that injects prototype
evidence into prompt contexts in a selective manner.

– VarProtoAD achieves superior performance on 15 industrial and medical
benchmarks, indicating the stable and generalization of our prompt learning
strategy.

2 Related Work

Zero-shot anomaly detection with VLMs. Zero-shot anomaly detection
(ZSAD) targets anomaly classification and localization on unseen categories, thus
requiring strong cross-category generalization, especially under cross-dataset do-
main shifts. With vision-language models such as CLIP [33] and ALIGN [19],
a prevalent paradigm performs cosine-based matching between visual embed-
dings (image-level and patch-level) and text embeddings derived from prompts
describing normality/abnormality. WinCLIP [17] is a representative VLM-based
baseline that achieves zero-/few-shot anomaly classification and segmentation by
prompt engineering and patch-level similarity aggregation. APRIL-GAN [7] en-
sembles normal/abnormal prompt templates to form text embeddings, whereas
CLIP-AD [8] samples multiple prompts and selects representative text embed-
dings for matching. Beyond handcrafted prompts, AnomalyCLIP [41] learns
object-agnostic normal/abnormal context tokens with image- and pixel-level su-
pervision, AdaCLIP [6] further combines shared static prompts with instance-
specific dynamic prompts conditioned on global image features. Bayes-PFL [32]
models prompts as a learnable distribution and samples diverse prompts to en-
large semantic coverage. While effective, these methods mainly adapt prompts in
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the text space or condition them on coarse global cues, which provides limited
explicit grounding to transferable fine-grained normal/abnormal evidence and
may lead to semantic drift under domain shifts. This leaves an open question
of how to ground prompt adaptation in reusable, fine-grained visual primitives
that remain stable across datasets.
Prompt Learning. Early VLM-based adaptation often relies on manual prompt
engineering, where hand-crafted templates are used to construct textual descrip-
tions for downstream tasks [12, 17, 38]. Prompt learning replaces such fixed
templates with trainable context tokens. CoOp [40] is a canonical formula-
tion that learns continuous context tokens in text space. Inspired by CoOp,
AnomalyCLIP [41] learns context tokens [V1] · · · [Vz], which are concatenated
with fixed template words [state][object] to form prompts and optimized with
image- and pixel-level supervision for ZSAD. CoCoOp [39] further introduces
instance-conditioned prompting to improve generalization by adapting prompts
based on image features. Following the idea of CoCoOp in the ZSAD setting,
AdaCLIP [6] conditions text-prompt learning on global image features to gener-
ate instance-specific dynamic prompts, aiming to improve cross-category transfer
under domain shifts. Our method also learns context tokens, but conditions them
on fine-grained patch-level evidence via prototype representations.

3 Preliminaries

3.1 Zero-shot Anomaly Detection

Zero-shot anomaly detection aims to detect and localize anomalies in previously
unseen target categories. Following recent VLM-based protocols [6, 32, 41], we
assume access to an auxiliary training set Daux = {(I, y,M)}, where y ∈ {0, 1}
indicates whether image I is normal or anomalous, and M ∈ {0, 1}H×W is the
pixel-level anomaly mask available during training. At test time, the model is
evaluated on target datasets with different unseen categories. The output is an
image-level anomaly score s(I) and a pixel-level anomaly map A(I) ∈ [0, 1]H×W .

3.2 VLM-based ZSAD

Existing VLM-based ZSAD pipelines [13,17] usually leverage pre-trained VLMs
to compare visual representations (global and dense) against text embeddings
derived from normality/abnormality text prompts. VLMs provide an image en-
coder Ev and a text encoder Et. Given an input image I, the vision encoder
can extract a set of visual embeddings consisting of a global image embedding
v ∈ RD and intermediate dense patch embeddings f

(l)
i ∈ RD:

v, {F(l)}l∈L = Ev(I), F(l) = [f
(l)
1 ; . . . ; f

(l)
N ], (1)

where L denotes a set of selected intermediate layers. On the text side, a prompt
is encoded by Et to obtain a text embedding t ∈ RD. CLIP compares a visual
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Fig. 2: VarProtoAD overall pipeline: layer-wise prototypes anchor prompt condition-
ing, and fused multi-layer logit margins yield image-level scores and pixel-level anomaly
maps.

token u ∈ RD with a text embedding by cosine similarity with temperature τ :

sim(u, t) =
⟨û, t̂⟩
τ

, û =
u

∥u∥2
, t̂ =

t

∥t∥2
. (2)

By contrasting similarities between visual embeddings and normal/ abnormal
text prompts, VLM-based ZSAD methods can derive the image- and pixel-level
anomaly score.

4 Method

4.1 Overview: Prototype-Conditioned Prompting

Recent VLM-based approaches improve ZSAD via prompt learning, yet prompts
are often weakly grounded in transferable visual evidence, making them prone
to semantic drift under domain shifts [6, 32, 41]. To address this, we propose
VarProtoAD, which anchors prompt learning with explicit prototypes discovered
in the frozen visual feature space.

As shown in Fig 2, VarProtoAD consists of three components: (i) layer-wise
normal/abnormal prototype banks are learned from intermediate patch embed-
dings via a variational von Mises–Fisher mixture to provide reusable visual an-
chors (§4.2); (ii) prompt context tokens are conditioned on these anchors through
confidence-gated cross-attention to obtain prototype-conditioned prompts with
improved stability under domain shifts (§4.3); and (iii) multi-layer image-text
similarities are fused to produce image- and pixel-level anomaly scores (§4.5).
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4.2 Layer-wise Prototype Banks via vMF Mixtures

To reduce semantic drift in prompt learning due to weak visual evidence, we
explicitly extract a compact set of reusable local visual primitives from frozen
vision features and use them as anchors for subsequent prompt conditioning.
Unlike global representations, dense patch embeddings capture recurring local
textures, parts, and defect-related patterns across categories and domains [41].
Moreover, patch embeddings from different depths provide hierarchical cues,
ranging from low-level textures to higher-level semantic patterns. Such multi-
layer features are widely used in anomaly detection to enable robust localization
[10,24], motivating our layer-wise prototype banks.

Most modern VLMs perform cross-modal matching via cosine similarity (cf.
Eq. (2)), where the similarity is mainly determined by the direction of ℓ2-
normalized embeddings. Consequently, the decision boundary is governed by
angular distances, and patch tokens can be viewed as directional observations on
the unit hypersphere. This makes hyperspherical clustering a geometry-consistent
way to summarize recurring local patterns. Building on this insight, we introduce
a variational vMF prototype learner that discovers layer-wise normal/abnormal
prototype banks directly in the frozen feature space. Unlike hard-assignment
clustering, our variational formulation produces temperature-controlled soft re-
sponsibilities and includes an explicit entropy term, which stabilizes prototype
discovery and yields a compact set of reusable anchors.
Patch sets. For each selected layer l ∈ L, patch tokens are collected from
auxiliary data and form two sets, S(l)

n and S(l)
a , corresponding to normal and

abnormal regions, respectively. Each patch token is ℓ2-normalized:

f̂
(l)
i =

f
(l)
i

∥f (l)i ∥2
∈ RD, ∥f̂ (l)i ∥2 = 1. (3)

Thus f̂ (l)i lies on the unit hypersphere SD−1 = {z ∈ RD : ∥z∥2 = 1}, where SD−1

denotes the unit sphere in RD.
Prototype banks. We maintain two banks per layer: {µ(l)

n,k}
Kn

k=1 for normal

prototypes and {µ(l)
a,k}

Ka

k=1 for abnormal prototypes, with unit-norm constraints
∥µ∥2 = 1.

Each prototype µ is a representative direction on the hypersphere capturing
a dominant cluster of patch embeddings, providing reusable reference points to
condition prompt updates and mitigate drift under domain shifts.
Variational vMF mixture. A vMF component on SD−1 has density p(f̂ |
z=k) = CD(κ) exp(κµ⊤

k f̂), where µk ∈ SD−1 is the mean direction and κ > 0
is the concentration. Given mixture weights π with πk ≥ 0 and

∑
k πk = 1, the

unnormalized log-responsibility (logit) for component k is

ek(f̂) = κµ⊤
k f̂ + log πk, (4)

which equals log p(z=k, f̂) up to the additive constant logCD(κ) (shared across
k when κ is fixed). We fix κ during training for stability and to avoid optimiz-
ing the κ-dependent normalization term. We then adopt a tempered variational



VarProtoAD: Zero-Shot Anomaly Detection 7

assignment as follows:

qk(f̂) =
exp(ek(f̂)/τq)∑K
j=1 exp(ej(f̂)/τq)

, (5)

We use a tempered responsibility q = softmax(e/τq) to stabilize training, where
τq controls the sharpness of the assignments; when τq = 1, it reduces to the
standard entropy-regularized soft assignment consistent with Eq. (6).
Objective and optimization. For a patch set S (normal or abnormal), we
minimize the following entropy-regularized variational objective:

Lvmf(S) = − 1

|S|
∑
f̂∈S

∑
k

qk(f̂)
(
ek(f̂)− log qk(f̂)

)
. (6)

We optimize Eq. (6) with mini-batch stochastic gradient optimization, where q
serves as a soft assignment that guides prototype updates.

Finally, to learn more discriminative and diverse prototypes, we additionally
introduce a simple separation loss Lsep to encourage normal and abnormal pro-
totype banks to be well separated, and an orthogonality loss Lorth to promote
diversity within each bank. The overall prototype loss is

Lproto =
1

|L|
∑
l∈L

(
Lvmf(S(l)

n ) + Lvmf(S(l)
a )
)
+ λsepLsep + λorthLorth. (7)

We defer the detailed definitions of Lsep and Lorth to the supplementary material.

4.3 Prototype-Conditioned Prompt Ensemble

Given the prototype banks learned in Sec. 4.2, we define a prototype-conditioned
prompt ensemble for ZSAD. The ensemble updates learnable context tokens by
querying the prototype banks and injecting prototype-derived residuals, such
that prompt representations are anchored to reusable visual primitives rather
than being optimized in a weakly constrained text space.
Learnable prompt contexts. An object-agnostic two-state prompting scheme
is employed same as AnomalyCLIP [41], consisting of normal and abnormal
states, with an ensemble of M prompts maintained for each state.

For each state s and prompt index m, Lc learnable context tokens Cs
m ∈

RLc×D are introduced. A prompt is assembled by inserting these context tokens
between a fixed start token and a fixed suffix:

Ps
m = [psot; Cs′

m; psuffix], tsm = Et(P
s
m). (8)

Here Cs′
m denotes the prototype-conditioned context tokens described below.

Prototype-to-prompt conditioning. Prototypes are concatenated into two
banks, Bn and Ba, and projected via MLPs into conditioning sets Zn and Za.
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Since explicit anomalies (Za) may not fully cover open-ended defects, we also
derive an implicit abnormal set Zimp by transforming normal prototypes:

Zn = Projnor(Bn), Za = Projabn(Ba), Zimp = Projdev(Bn). (9)

Consequently, normal prompts are conditioned on Zn, whereas abnormal prompts
are conditioned on either Za or Zimp, improving semantic coverage.
Confidence-gated cross-attention. Given a conditioning set Z ∈ {Zn,Za,Zimp},
the context tokens Cs

m for the corresponding state s ∈ {n, a, imp} are projected
into queries and updated via cross-attention. To improve stability, queries and
keys are ℓ2-normalized before the scaled dot-product:

Qs
m = Projq(C

s
m), As

m = softmax
(
τattnQ̃

s
mZ̃⊤

)
, Hs

m = As
mZ, (10)

where Projq(·) denotes a projection mapping, (̃·) denotes ℓ2-normalization, τattn
is a learnable temperature scale, and Z provides keys and values. The attention
output Hs

m aggregates prototype evidence for each context token.
To suppress noisy updates under diffuse attention, a token-wise confidence

gate γs
m,j ∈ [0, 1] is derived from the maximum attention probability. Let asm,j ∈

RK denote the j-th row of As
m, representing the attention distribution of the

j-th context token. The confidence score is defined as csm,j = maxk(a
s
m,j)k, and

the gate is formulated as:

γs
m,j =

√
max(0, csm,j − 1/K)

1− 1/K + ϵ
, (11)

where 1/K represents the expected confidence of a uniform distribution and ϵ
ensures numerical stability. Residual injection is then applied token-wise:

Cs′
m = LN(Cs

m) + γs
m ⊙ Projres(H

s
m), (12)

where LN(·) denotes Layer Normalization, γs
m groups the token-wise gates, and

⊙ is broadcasted element-wise multiplication. To ensure training stability, the
attention output Hs

m is refined by a MLP Projres(·), which comprises resid-
ual projections and layer normalizations. This gating strategy promotes strong
prototype conditioning under confident matching while preserving the original
context representation when attention remains uncertain.
Explicit and implicit prompts. By feeding the prototype-conditioned prompts
into the text encoder Et, we obtain the corresponding text embeddings. Specifi-
cally, conditioning the normal state on Zn yields tnm. For the abnormal state, con-
ditioning on Za and Zimp yields the explicit text embedding ta,expm and implicit
text embedding ta,imp

m , respectively. Thus, three prompt sets are constructed:

Tn = {tnm}Mm=1, Texp = {ta,expm }Mm=1, Timp = {ta,imp
m }Mm=1, (13)

and the complete abnormal prompt set is defined as Ta = Texp ∪ Timp. The
abnormal prompt space integrates prototype-grounded abnormal semantics from
Texp with deviation-based representations derived from Timp, resulting in more
stable and semantically enriched text embeddings.
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4.4 Training Objectives

We train VarProtoAD on the auxiliary dataset Daux = {(I, y,M)} with image-
level labels y ∈ {0, 1} and pixel-level masks M.
Prompt-ensemble logits. For any visual embedding u, we define a state logit
by softly aggregating similarities over the prompt set:

zs(u) = log

(
1

|Ts|
∑
t∈Ts

exp
(
sim(u, t)

))
, s ∈ {n, a}, (14)

where sim(u, t) is the similarity defined in Eq. (2). We then use the logit margin

∆(u) = za(u)− zn(u) (15)

as a unified anomaly evidence signal.
Patch-level loss. For each selected layer l ∈ L and patch token f

(l)
i , we compute

the logit margin ∆(f
(l)
i ) (Eq. (15)). During training, we fuse multi-layer patch

evidence by simple averaging:

∆patch
i =

1

|L|
∑
l∈L

∆(f
(l)
i ). (16)

We supervise the patch logits ∆patch
i with a combination of weighted binary

cross-entropy loss [34] and a Dice loss [25].
Image-level loss. We form image-level logits from global embedding v as[
zn(v), za(v)

]
and optimize a standard two-class cross-entropy loss. We further

include an MIL loss derived from patch logits to encourage consistency between
detection and localization.

The full training objective is:

L = Limg + λpixLpix + λprotoLproto. (17)

More details about training objective and optimization strategy refer to sup-
plementary material.

4.5 Inference Stage

Pixel-level anomaly map. Different layers may emphasize different defect pat-
terns. We therefore aggregate multi-layer patch logit margins with a temperature-
controlled smooth maximum. Define a generic smooth aggregation operator

ϕτa

(
{xj}Jj=1

)
= τa log

 1

J

J∑
j=1

exp(xj/τa)

 . (18)

For each patch index i, we fuse layer-wise margins by

∆fuse
i = ϕτa

(
{∆(f

(l)
i )}l∈L

)
, (19)
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and obtain the pixel-level anomaly map by converting fused logits to probabilities
and resizing:

A(I) = Upsample
(
Reshape

(
{σ(∆fuse

i )}Ni=1

))
∈ [0, 1]H×W , (20)

where σ(·) denotes the sigmoid function.
Image-level anomaly score. Using the same operator, we pool fused patch
logits into an image score

spatch(I) = ϕτa

(
{∆fuse

i }Ni=1

)
, s(I) = spatch(I) + λ∆(v), (21)

where τa is shared for both layer fusion and patch pooling, and λ balances
localized and global evidence.

5 Experiments

5.1 Datasets

We evaluate ZSAD on 15 real-world datasets from industrial inspection and
medical imaging. The industrial domain includes seven benchmarks: MVTec-
AD [3], VisA [23], BTAD [31], KSDD [35], KSDD2 [5], DAGM [37], and DTD-
Synthetic [1]. The medical domain includes eight datasets: HeadCT [22], Brain-
MRI [20], Br35H [15] (brain tumor classification), ColonDB [36], ClinicDB [4],
Endo [16], Kvasir [18] (colon polyp segmentation), and ISIC [9] (skin lesion seg-
mentation).

Following [6, 41], we perform auxiliary training on labeled dataset and di-
rectly evaluate on the remaining datasets without additional training. To avoid
category leakage, the auxiliary dataset should not share categories with the tar-
get test set. Although ClinicDB, ColonDB, Endo, and Kvasir are contain colon
polyp images, their visual distributions differ substantially. Thus, we follow Ada-
CLIP [6] and use MVTec-AD (industrial) and ClinicDB (medical) as auxiliary
datasets. When evaluating on MVTec-AD and ClinicDB themselves, we instead
use VisA and ColonDB for auxiliary training, respectively.

5.2 Evaluation Metrics

We follow AnomalyCLIP [41] for a fair comparison. For image-level detection,
we report AUROC and average precision (AP), which are threshold-free and
suitable for imbalanced anomaly detection [27, 28]. For pixel-level localization,
we report pixel-level AUROC and Per-Region Overlap (PRO), measuring pixel-
wise separability and region-level overlap, respectively.

5.3 Implementation Details

We use the public OpenAI CLIP model ViT-L/14@336 [33] as the backbone and
resize all images to 518 × 518 following prior work [6, 32, 41]. We use M = 12
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Table 1: Comparison with existing state-of-the-art methods for image-level anomaly
detection. Metrics are reported as AUROC / AP in (%). Bold numbers indicate the
best results, while underlined numbers denote the second-best results

Dataset WinCLIP APRIL-GAN AnomalyCLIP AdaCLIP Bayes-PFL Ours

Industrial

MVTec-AD 91.8 / 95.1 86.1 / 93.5 91.5 / 96.2 92.0 / 96.4 92.3 / 96.7 91.0 / 95.8
VisA 78.1 / 77.5 78.0 / 81.4 82.1 / 85.4 83.0 / 84.9 87.0 / 89.2 90.0 / 91.6
BTAD 83.3 / 84.1 74.2 / 71.7 89.1 / 91.1 91.6 / 92.4 93.2 / 96.5 94.0 / 96.4
KSDD 68.2 / - 96.8 / 92.5 97.8 / 94.2 97.1 / 89.1 94.1 / 73.3 97.9 / 94.1
KSDD2 93.5 / 77.9 90.3 / 74.4 92.1 / 77.8 95.9 / 95.9 97.3 / 97.9 96.7 / 97.6
DAGM 89.6 / 90.4 90.4 / 90.1 95.6 / 94.6 96.5 / 95.7 97.7 / 97.0 97.7 / 97.1
DTD-Syn. 95.0 / 97.9 83.9 / 93.6 94.5 / 97.7 92.8 / 97.0 95.1 / 98.4 96.6 / 98.5
Indust. Avg. 85.6 / - 85.7 / 85.3 91.8 / 91.0 92.7 / 93.1 93.8 / 92.7 94.8 / 95.9

Medical

HeadCT 83.7 / 81.6 89.3 / 89.6 95.3 / 95.2 93.4 / 92.2 96.5 / 95.5 96.5 / 96.8
BrainMRI 92.0 / 90.7 89.6 / 84.5 96.1 / 92.3 94.9 / 94.2 96.2 / 92.4 96.6 / 96.5
Br35H 80.5 / 82.2 93.1 / 92.9 97.3 / 96.1 95.7 / 95.7 97.8 / 96.2 99.0 / 99.0
Medical Avg. 85.4 / 84.8 90.7 / 89.0 96.2 / 94.5 94.7 / 94.0 96.8 / 94.7 97.4 / 97.4

Overall Avg. 85.6 / - 87.2 / 86.4 93.1 / 92.1 93.3 / 93.4 94.7 / 93.3 95.6 / 96.3

prompts with context length Lc = 12, and use a fixed value λ = 1 for all
benchmarks. For each selected layer, we set the numbers of normal and abnormal
prototypes to 96 and 24, respectively. We train the VarProtoAD 50 epochs using
Adam [21] with batch size of 48. All experiments are run on a single Tesla H100
GPU with 5 random seeds, results are averaged over categories in each target
dataset. More details of the implementation are provided in the supplementary
material.

5.4 Comparison to State of the Art

Baselines. We compare our method against representative VLM-based ZSAD
methods, including WinCLIP [17], APRIL-GAN [7], AnomalyCLIP [41], Ada-
CLIP [6], and Bayes-PFL [32].
Quantitative results. Tab. 1 and Tab. 2 summarize the quantitative com-
parison with representative VLM-based ZSAD methods. In terms of image-
level anomaly detection, VarProtoAD achieves the best overall average of 95.6%
AUROC and 96.3% AP, outperforming the strongest competitor (Bayes-PFL)
by +0.9% AUROC and +3.0% AP, with consistent gains on both industrial
(94.8%/95.9%) and medical (97.4%/97.4%) benchmarks. In terms of pixel-level
anomaly localization, VarProtoAD further delivers the best average localization
performance (94.8% pixel AUROC / 87.2% PRO), improving over Bayes-PFL
by +2.0% AUROC and +2.6% PRO; notably, the medical-domain average
rises from 87.7%/76.2% to 92.2%/81.3%, indicating sharper and more reliable
anomaly maps under cross-dataset shifts.
Qualitative comparison. Fig. 3 presents a qualitative comparison of anomaly
localization by visualizing the predicted maps of our method and contrasting
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Table 2: Comparison with existing state-of-the-art methods for pixel-level anomaly
localization. Metrics are reported as AUROC / PRO in (%). Bold numbers indicate
the best results, while underlined numbers denote the second-best results

Dataset WinCLIP APRIL-GAN AnomalyCLIP AdaCLIP Bayes-PFL Ours

Industrial

MVTec-AD 85.1 / 64.6 87.6 / 44.0 91.1 / 81.4 86.8 / 33.8 91.8 / 87.4 91.1 / 85.9
VisA 79.6 / 56.8 94.2 / 86.8 95.5 / 87.0 95.1 / 71.3 95.6 / 88.9 96.3 / 90.1
BTAD 71.4 / 32.8 91.3 / 23.0 93.3 / 69.3 87.7 / 17.1 93.9 / 76.6 94.2 / 78.3
KSDD 95.8 / - 92.9 / 84.3 98.1 / 94.9 97.7 / 36.1 96.5 / 91.1 98.5 / 94.8
KSDD2 97.9 / 91.2 97.9 / 51.1 99.4 / 92.7 96.1 / 70.8 99.6 / 97.6 99.6 / 98.6
DAGM 83.2 / 55.4 99.2 / 44.7 99.1 / 93.6 97.0 / 40.9 99.3 / 98.0 97.7 / 97.1
DTD-Syn. 82.5 / 55.4 96.6 / 41.6 97.6 / 88.3 94.1 / 24.9 97.8 / 94.3 98.7 / 95.1
Indust. Avg. 85.1 / - 94.2 / 53.6 96.3 / 86.7 93.5 / 42.1 96.4 / 90.6 96.6 / 91.4

Medical

ISIC 83.3 / 55.1 85.8 / 13.7 88.4 / 78.1 85.4 / 5.3 92.2 / 87.6 92.2 / 86.6
ColonDB 64.8 / 28.4 78.4 / 28.0 81.9 / 71.4 79.3 / 6.5 82.1 / 76.1 88.3 / 84.7
ClinicDB 70.7 / 32.5 86.0 / 41.2 85.9 / 69.6 84.3 / 14.6 89.6 / 78.4 93.0 / 85.7
Endo 68.2 / 28.3 84.1 / 32.3 86.3 / 67.3 84.0 / 10.5 89.2 / 74.8 94.6 / 88.9
Kvasir 69.8 / 31.0 80.2 / 27.1 81.8 / 53.8 79.4 / 12.3 85.4 / 63.9 93.1 / 60.5
Medical Avg. 71.4 / 35.1 82.9 / 28.5 84.9 / 68.0 82.5 / 9.8 87.7 / 76.2 92.2 / 81.3

Overall Avg. 79.4 / - 89.5 / 43.2 91.5 / 79.0 88.9 / 28.7 92.8/ 84.6 94.8 / 87.2

them with AnomalyCLIP [41] and Bayes-PFL [32]. Across the shown examples,
VarProtoAD tends to yield more concentrated anomaly responses that align bet-
ter with the annotated defect regions, while producing fewer diffuse activations
on normal structures. In addition, compared with the prompt-based baselines,
the predicted maps often show reduced spurious responses on visually salient yet
non-defective areas, and exhibit relatively clearer boundaries in several cases.
These observations suggest that the proposed prototype-conditioned prompting
can provide more stable localization results under cross-dataset evaluation.

5.5 Ablation Studies

In this section, ablation experiments are conducted on the VisA [23] and ColonDB
[36] datasets to further investigate the impact of the proposed VarProtoAD.
Ablation on prototype extraction. To verify the effectiveness of our method,
we evaluate different prototype extraction strategies: (i) No Prototype (prompt-
only, without a prototype bank), (ii) K-means Prototype (K-means cluster cen-
troid used as prototypes), and (iii) Variational vMF Prototype (ours). All vari-
ants share the same backbone, prompt settings, and training schedule; only the
prototype extraction module differs. As shown in Tab. 3, introducing visual
prototypes yields consistent improvements in both anomaly detection and local-
ization on VisA and ColonDB.

On VisA, replacing prompt-only with K-means prototypes improves the image-
level score from 85.4%/87.0% to 89.1%/90.3%, and slightly improves pixel-level
performance from 95.2%/86.8% to 95.5/87.6. Using variational vMF prototypes
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Fig. 3: Qualitative comparison of anomaly localization under cross-dataset evaluation.
The first five columns are from VisA [23], whereas the last four columns are from
KSDD [35], ISIC [9], ClinicDB [4], and Endo [16], respectively. The green curve is used
to mark the boundary of abnormal regions from the ground truth. In the heatmaps,
brighter colors indicate higher predicted anomaly values.

Table 3: The results with different prototype extraction methods.

Prototype VisA ColonDB

Image-level Pixel-level Pixel-level

No Prototype (Prompt-only) 85.4 / 87.0 95.2 / 86.8 84.5 / 76.2
K-means Prototype 89.1 / 90.3 95.5 / 87.6 87.2 / 82.2
vMF Prototype (Ours) 90.0 / 91.6 96.3 / 90.1 88.3 / 84.7

further increases the image-level score to 90.0%/91.6% and provides a clearer
gain on localization, improving pixel-level AUROC/PRO to 96.3%/90.1%. A
similar trend is observed on ColonDB: vMF improves pixel-level AUROC/PRO
from 84.5%/76.2% (prompt-only) to 88.3%/84.7%, outperforming K-means pro-
totypes significantly. Overall, across both datasets, the vMF prototype variant
achieves the best performance among the compared extraction strategies.
Ablation on prompt conditioning. The purpose of this experiment is to
evaluate the effectiveness of the confidence-gated cross-attention for prototype-
to-prompt conditioning. With the vMF prototype bank fixed, we compare dif-
ferent conditioning modes in Tab. 4. Prompt-only (no conditioning) serves as
the baseline and is identical to “No Prototype” in Tab. 3. We then enable proto-
type conditioning via cross-attention under three variants: Cross-Attn (No Gate)
(gate ≡ 1), Cross-Attn (Scalar-Gated) using a learnable global coefficient α, and
Cross-Attn (Confidence-Gated, Ours) using confidence-dependent gating.

As shown in Tab. 4, cross-attention conditioning improves performance over
the prompt-only baseline on both datasets (e.g., VisA image-level 85.4%/87.0%
→ 88.2%/89.3%; ColonDB pixel-level 84.5/76.2 → 86.5%/82.0%). Adding gat-
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Table 4: Ablation results with different prompt conditioning modes.

Conditioning VisA ColonDB

Image-level Pixel-level Pixel-level

Prompt-only (no conditioning) 85.4 / 87.0 95.2 / 86.8 84.5 / 76.2
Cross-Attn (No Gate) 88.2 / 89.3 95.6 / 87.9 86.5 / 82.0
Cross-Attn (Scalar-Gated) 88.7 / 90.0 95.8 / 88.6 87.2 / 83.1
Cross-Attn (Confidence-Gated, Ours) 90.0 / 91.6 96.3 / 90.1 88.3 / 84.7

Table 5: Ablation on explicit/implicit abnormal prompt composition.

Abnormal prompt setting VisA ColonDB

Image-level Pixel-level Pixel-level

Explicit-only (Ta = Texp) 89.2 / 90.7 96.1 / 89.8 87.6 / 84.1
Implicit-only (Ta = Timp) 89.1 / 90.5 96.1 / 89.9 87.5 / 84.2
Explicit+Implicit (Ours) 90.0 / 91.6 96.3 / 90.1 88.3 / 84.7

ing yields further gains, with the confidence-gated variant achieving the best re-
sults overall (VisA 90.0%/91.6% at image level and 96.3%/90.1% at pixel level;
ColonDB 88.3%/84.7% at pixel level). These results suggest that confidence-
aware gating provides a more effective conditioning strategy than ungated or
globally gated cross-attention under the same setting.
Ablation on explicit/implicit abnormal prompts. This experiment aims
to examine the contribution of the proposed explicit/implicit abnormal prompts.
All settings are kept identical (backbone, vMF prototype banks, and confidence-
gated conditioning), and only the abnormal prompt composition is varied. Specif-
ically, we compare three settings: (i) Explicit-only, where abnormal prompts are
conditioned only on abnormal prototypes Za; (ii) Implicit-only, where abnormal
prompts are constructed only from transformed normal prototypes Zimp; and
(iii) Explicit+Implicit (ours), which combines both prompt sets.

As shown in Tab. 5, the Explicit-only and Implicit-only variants achieve simi-
lar performance on both datasets. For example, on VisA they obtain 89.2%/90.7%
and 89.1%/90.5% at the image level, and comparable pixel-level results. Com-
bining the two prompt types yields the best overall results, reaching 90.0/91.6
at the image level and 96.3%/90.1% at the pixel level on VisA, and improving
ColonDB pixel-level performance to 88.3%/84.7%. These observations suggest
that combining explicit abnormal prototypes with implicit deviation prompts
provides complementary abnormal cues, which may contribute to more stable
prompt representations under cross-domain settings.

6 Conclusion

We proposed a variational prototype-conditioned prompting framework for zero-
shot anomaly detection. By learning layer-wise normal/abnormal prototype banks
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from ℓ2-normalized patch embeddings via a variational von Mises–Fisher mix-
ture, our method provides reusable hyperspherical anchors that align naturally
with cosine-based VLM matching. We further introduced confidence-gated cross-
attention to inject reliable prototype evidence into learnable context tokens,
together with implicit deviation prompts derived from normal prototypes to
broaden abnormal semantics. Extensive experiments on 15 datasets demonstrate
strong cross-dataset performance, indicating that grounding prompt learning in
visual prototypes improves the stability and transferability of prompt represen-
tations.
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