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Abstract. Zero-Shot Industrial Anomaly Detection (IAD) is critical
for rapid deployment in agile manufacturing. We investigate a highly
practical Batch Zero-Shot IAD setting, strictly constrained by small
intra-batch references and common pose variations. Directly applying
existing mutual-scoring methods fails because training-free features lack
generalized anomaly semantics and spatial robustness, resulting in am-
biguous scoring distances and an “anomaly-to-anomaly shortcut” during
matching, which can lead to missed detections. To address this, we pro-
pose DeMuS (Decoupled Mutual Scoring), a novel two-stage learning
framework. By training two lightweight adapters via a two-stage aux-
iliary process, our method extracts highly discriminative anomaly se-
mantics for accurate scoring (how-to-score), while explicitly decoupling
robust part-level correspondence learning (where-to-match) to guarantee
reliable physical alignment. This synergistic mechanism effectively pre-
vents semantic confusion under unaligned inputs. Extensive experiments
on MVTec AD, VisA, and Real-IAD demonstrate DeMuS achieves state-
of-the-art performance and superior robustness against pose shifts, main-
taining efficient inference for online inspection. Our code is available at
https://github.com/evoLonation/DeMuS.

Keywords: Anomaly Detection · Batch Mutual Scoring · Zero-Shot
Learning

1 Introduction

Industrial Anomaly Detection (IAD) deployment is chronically hindered
by data and annotation costs. Anomalous samples are naturally scarce and
highly diverse, while frequent product iterations require rapid algorithm de-
ployment with minimal supervision [1, 11, 29]. Traditional unsupervised meth-
ods [4,14,30,37,44] still rely on large collections of normal samples per category,
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Fig. 1: Challenges in Batch Zero-Shot IAD and our
DeMuS solution. (a) Practical scenario with unaligned
intra-batch samples. (b-c) Key failure modes of baseline mu-
tual scoring: (b) spatial shortcuts between anomalies and
(c) lack of anomaly-aware semantics. (d) DeMuS resolves
these via decoupled matching and scoring adapters.
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entailing prohibitive data collection and maintenance costs in high-throughput
lines. Consequently, Zero-Shot Anomaly Detection (ZSAD) [6, 33], which infers
directly without target domain training data, has emerged as a more scalable
solution for open industrial environments.

Benefiting from the advances in vision-language pre-training [36,47], a surge
of recent ZSAD works has followed a text-guided paradigm [9,16,20,31,49]. How-
ever, their generalization relies on text-driven semantic priors. Consequently,
they struggle to identify structural defects, such as missing components, which
are inherently indistinguishable without explicit normal visual references, thereby
fundamentally restricting their fine-grained anomaly localization capabilities [31].

To bypass text-guidance limitations, recent methods leverage visual priors
within the test set itself [2,3,23,27,48]. For instance, MuSc [27] establishes patch-
level visual correspondences across unlabeled test images. However, it assumes
access to the entire test set during inference, incurring prohibitive latency and
memory overheads. In real production lines, inspection occurs sequentially in
small batches. Motivated by this, we investigate Batch Zero-Shot IAD [2, 3,
48] (Fig. 1a), utilizing only intra-batch samples as references. Crucially, in this
realistic setting, samples inevitably exhibit significant Pose Variation (e.g.,
rotation and translation), strictly requiring methods to establish stable local
correspondences under unaligned inputs before identifying anomalies.

In this setting, pose variations force algorithms to rely on nearest neighbor
(NN) matching for part correspondences [21, 25, 37]. However, directly apply-
ing baseline mutual scoring features exposes a key failure mode: the anomaly-
to-anomaly shortcut. When abnormal samples coexist within a batch, a target
anomaly can erroneously match a similar-looking anomaly from a different part
in the reference image as illustrated in Fig. 1b [22]. Simultaneously, the pre-
trained feature space lacks anomaly-aware semantics, meaning that distance
variations often capture background perturbations rather than true anomaly
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severity (Fig. 1c). Both issues converge to yield spuriously small distances, lead-
ing to inevitable missed detections (false negatives).

To address this, we propose DeMuS (Decoupled Mutual Scoring), tailored
for Batch Zero-Shot IAD, as shown in Fig. 1d. Our core idea achieves decoupled
“part correspondence” (where-to-match) and “anomaly scoring” (how-to-score)
via a two-stage auxiliary training process. Using a frozen backbone and train-
able multi-scale adapters, the first stage trains a Matching Adapter via explicitly
constructed alignment supervision. By strictly focusing on robust physical align-
ment against pose shifts, it mechanistically eradicates the anomaly-to-anomaly
shortcut. Freed from spatial alignment burdens, the second stage trains a Scoring
Adapter to mine generalized anomaly semantics. It forces normal-normal pairs to
converge and anomalous pairs apart, drastically enhancing defect discriminabil-
ity. During inference, a single NN matching step generates soft correspondences,
followed by linear-weighted anomaly scoring. This decoupled design preserves
the computational efficiency of baseline methods while satisfying the strict la-
tency constraints of online inspection. Fig. 2 provides a compact overview of
DeMuS’s performance across three benchmarks.

The main contributions of this paper are summarized as follows:

– We formalize and study Batch Zero-Shot IAD under two practical de-
ployment constraints: limited intra-batch references and pose variation, and
analyze key failure modes of mutual-scoring-only inference in this protocol.

– We propose DeMuS, introducing auxiliary training to the mutual scoring
framework. Via explicit alignment supervision and a two-stage decoupled
learning paradigm, we effectively eradicate the anomaly-to-anomaly shortcut
and extract highly discriminative anomaly semantics.

– Extensive experiments on MVTec AD [5], VisA [52], and Real-IAD [42]
(including pose-variation evaluations and ablations) demonstrate that De-
MuS consistently improves performance and robustness over strong zero-shot
baselines with efficient inference.

2 Related Work

2.1 Text-Guided ZSAD with CLIP

Mainstream zero-shot anomaly detection (ZSAD) methods build on vision–language
pretraining (e.g., CLIP-style encoders [36, 41, 46]) and compute similarities be-
tween visual features and text features derived from normal/abnormal prompts
to generate anomaly scores and localization maps. WinCLIP [20] systemati-
cally introduces compositional prompt ensembles and multi-scale aggregation
for localization without target-domain tuning. However, since the original CLIP
is biased towards category-level semantic alignment, it often lacks fine-grained
anomaly awareness. To address this, recent works adapt the model using auxil-
iary annotated AD data in the source domain [7–10, 13, 16, 18, 24, 31, 34, 35, 49–
51]. For instance, AnomalyCLIP [49] learns object-agnostic prompts to capture
generic normality/abnormality. AdaCLIP [7] employs hybrid learnable prompts
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for test-time conditional adaptation, while AA-CLIP [31] disentangles anomaly-
aware anchors in the text space before aligning patch-level visual features. In
summary, while this branch improves separability via prompt learning on aux-
iliary data, its heavy reliance on text priors fundamentally limits its ability to
handle structural defects, which require explicit visual correspondences.

2.2 Leveraging Test-Set Information

Test-Set Visual Mutual Referencing. Unlike text-guided ZSAD, ACR [23]
and MuSc [27] incorporate the visual information of the test set into the inference
process, inspiring subsequent works [22, 28, 43]. MuSc utilizes nearest-neighbor
matching and mutual scoring among unlabeled test samples for fine-grained
anomaly localization. While its performance is compelling, MuSc implicitly re-
lies on a large reference set (or even the entire test set). In contrast, we focus on
the deployment-friendly Batch Zero-Shot scenario [3], restricting the reference
set to a small batch to meet real-time constraints. More importantly, we identify
that directly applying conventional mutual scoring in such restricted settings is
highly vulnerable to pose variations, which we explicitly tackle via our decoupled
spatial alignment mechanism.
Vision-Text Small-Batch Fusion. Some works explore pair-image or batch-
based protocols without relying on the entire test set [2, 3, 48]. PatchCLIP [2]
and Dual-Image Enhanced CLIP [48] introduce visual references via paired im-
ages while retaining the text-guided scoring framework. FiSeCLIP [3] discusses
batch-based testing and introduces cross-modal filtering to suppress noise from
unlabeled references. Unlike these early explorations that compensate small-
batch mutual reference with text guidance, our approach is entirely orthogonal.
We do not rely on text priors or cross-modal filtering. Instead, we propose a
pure visual solution that directly tackles the fundamental challenges of spa-
tial alignment and semantic confusion within the visual feature space, achieving
robust mutual scoring under unaligned inputs via a decoupled learning paradigm.
Online TTA and Memory Updating. Another pipeline continuously adjusts
model parameters or updates a memory bank during testing via test-time adap-
tation (TTA) or online updating [17, 26, 48]. While these methods can absorb
new observations sequentially, they require strong protocol assumptions, such
as cold-start accumulation. They are also more susceptible to feature drift and
higher maintenance costs in fast-paced production lines with frequent lighting
or product changes. Our method solely depends on immediate intra-batch ref-
erences without maintaining long-term online states, making it more robust for
scenarios with limited references and rapid distribution shifts.

2.3 FSAD with Memory Bank

This branch explicitly defines normality by introducing a few normal refer-
ence images, enabling rapid deployment via memory banks or retrieval mech-
anisms [9,16,19,21,37,51]. Early works like APRIL-GAN [9] and WinCLIP [20]
allow the provision of a few normal samples to complement their text-guided
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Fig. 3: Overview of the DeMuS framework. (a) Trainable Patch Adapter:
Adapts frozen pre-trained features via multi-scale convolutions. (b) Preprocess-
ing: Estimates spatial alignment on auxiliary data for robust “same-part” supervision.
(c) Two-Stage Training: Matching Adapter learns pose-invariant alignment, while
Scoring Adapter extracts discriminative anomaly semantics. (d) Inference: Matching
features establish top-k soft correspondences, enabling scoring features to compute ac-
curate semantic distances exclusively on aligned parts, effectively preventing shortcuts.

foundations without retraining for each target category. AdaptCLIP [16] achieves
state-of-the-art performance by supporting zero-/few-shot generalization using
lightweight adapters in a training-free manner on the target domain. From a
“reference mechanism” perspective, our method advances this philosophy into
a fully zero-shot and dynamic setting: rather than explicitly requiring offline-
collected normal images and maintaining a persistent memory bank, we treat
the unlabeled intra-batch samples as an ephemeral reference set. This essen-
tially achieves the rapid deployment of FSAD without the strict requirement of
few-shot normal templates.

3 Method

3.1 Problem Formulation

Unlike conventional single-image zero-shot AD, we introduce Batch Zero-Shot
IAD to mirror real-world manufacturing, where products are continuously in-
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spected in small batches without target-domain annotations. Formally, testing
occurs in batches Bt = {I(t)1 , . . . , I

(t)
B }, where a small B (e.g., 4 or 8) ensures

low latency. Since anomalies are rare, normal patches dominate [27]. Each target
I
(t)
a ∈ Bt is evaluated exclusively against the remaining intra-batch references:

R
(
I(t)a

)
= Bt \ {I(t)a },

∣∣∣R(
I(t)a

)∣∣∣ = B − 1. (1)

Real-World Constraints. This protocol imposes two stringent real-world con-
straints: (i) Restricted References: The model cannot access any pre-collected,
normal memory banks; it must rely entirely on the B − 1 immediate, unlabeled
neighbors. (ii) Pose Variation: Intra-batch samples inevitably exhibit spatial
misalignments (e.g., rotation, translation). This is the fundamental catalyst that
necessitates robust part-level matching before anomaly semantic comparison [25].
Auxiliary Training Data. To overcome the semantic ambiguity of pre-trained
features, we leverage a target-disjoint auxiliary dataset Daux with anomaly an-
notations [7, 9, 49]. Training is conducted exclusively on Daux to learn discrim-
inative anomaly semantics and robust spatial alignment. During target-domain
inference, the model adheres to the zero-shot protocol (no further tuning) and
detects defects referencing only the instantaneous batch Bt.

3.2 Overview

To tackle unaligned intra-batch inference, we propose DeMuS (Decoupled
Mutual Scoring) as illustrated in Fig. 3. Building upon a frozen pre-trained back-
bone, we introduce trainable multi-scale adapters to adaptively capture diverse
defect granularities. To provide reliable spatial supervision, we construct a cor-
respondence oracle via explicit alignment estimation on auxiliary data. Guided
by this oracle, our framework is optimized via a two-stage decoupled paradigm:
a Matching Adapter (gm) first learns pose-invariant physical correspondences
(where-to-match) to substantially mitigate spatial shortcuts; subsequently, freed
from alignment burdens, a Scoring Adapter (gs) extracts highly discriminative
anomaly semantics (how-to-score). During inference, gm computes top-k soft cor-
respondence weights via nearest-neighbor search, enabling gs to aggregate true
semantic anomaly distances exclusively on these aligned parts, thereby ensuring
precise and efficient online inspection.

3.3 Frozen Backbone and Multi-layer Tokens

Given an input image I, we extract multi-layer patch tokens using a frozen pre-
trained visual backbone. For a selected layer ℓ ∈ L, the token grid is F (ℓ)(I) ∈
Rh×w×c. We introduce an independent, trainable lightweight adapter g(ℓ)(·) for
each layer, yielding Z(ℓ)(I) = g(ℓ)(F (ℓ)(I)). To eliminate the impact of feature
scales, we apply ℓ2 normalization: Z̃

(ℓ)
u = Z

(ℓ)
u /(∥Z(ℓ)

u ∥2 + ϵ), where u is the
patch index and ϵ ensures numerical stability. We adopt distance-level fusion to
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Fig. 4: Visualization of alignment preprocessing. Examples of original unaligned
samples and their aligned results from the MVTec AD and VisA datasets.

aggregate multi-layer distances. For brevity, we encapsulate the distance metric
induced by the multi-layer features {Z(ℓ)(·)}ℓ∈L into a unified notation:

∥Zu(A)− Zv(B)∥2 ≜
1

|L|
∑
ℓ∈L

∥∥Z̃(ℓ)
u (A)− Z̃(ℓ)

v (B)
∥∥
2
. (2)

3.4 Trainable Multi-Scale Patch Adapter

Unlike the static multi-scale pooling utilized in MuSc [27], we propose a train-
able multi-scale Inception-style adapter [39, 40] (see Fig. 3a) to adap-
tively capture diverse defect granularities. This architecture is instantiated in-
dependently for the matching branch (gm) and the scoring branch (gs). Given
F ∈ Rh×w×c, a 1×1 convolution first reduces the channel dimension to cb, yield-
ing Fb. We then apply three parallel convolutional branches (1 × 1, 3 × 3, and
5×5) on Fb, concatenate their outputs, and project back to c channels via a 1×1
convolution to obtain ∆F . Finally, a residual connection is employed to preserve
pre-trained stability: F̂ = F + α ·∆F , where α is a scaling constant (e.g., 0.1).
Thus, the matching and scoring features are defined as P (I) = gm(F (I)) and
S(I) = gs(F (I)), respectively.

3.5 Training Preprocessing and Augmentation

Foreground Mask. Background regions disrupt matching. We generate a fore-
ground mask M(I) ∈ {0, 1}h×w via 1D PCA on the pre-trained patch fea-
tures followed by coarse thresholding, computing losses exclusively on foreground
patches. This preprocessing is only required during auxiliary training.
Correspondence Oracle. To construct “same-part” supervision (Fig. 3b), we
estimate an alignment transformation TA→B between intra-class image pairs
(A,B) using OpenCV’s findTransformECC on their masks (as visualized in
Fig. 4). For a patch u ∈ ΩA, we map its center to B and select its 4 near-
est discrete neighbors to form a candidate correspondence set P(u). This local-
ized neighbor selection accommodates slight deformations and minor alignment
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errors between objects. For non-alignable categories (e.g., repetitive textures),
P(u) is derived via simple NN matching on average-pooled pre-trained features.
Pose Augmentation. During training, we apply random affine augmentations
(rotation and translation) to prevent overfitting, decouple absolute positional
encodings, and simulate production line pose shifts. If augmentations GA and
GB are applied to images A and B to yield A′ and B′, the alignment matrix
is updated via TA′→B′ = GB T 0

A→B G−1
A , ensuring consistency between spatial

supervision and data augmentation.

3.6 Two-Stage Decoupled Training

Stage-1: Matching Adapter. gm learns stable same-part correspondences,
focusing on “where-to-match” while remaining invariant to anomalies and pose
shifts, as shown in Fig. 3c Left. For an intra-class pair (A,B) and u ∈ ΩA, we
select the patch v⋆(u) ∈ P(u) with the minimum feature distance as the positive
correspondence pair (target distance d̂ = 0). We further randomly sample v−(u)

from ΩB \ {v⋆(u)} to form a distractor pair (d̂ = 1), which prevents feature
collapse and enhances discriminability. gm is optimized via Mean Squared Error
(MSE) regression:

Lmatch =
∑

u∈ΩA

(
(∥Pu(A)− Pv⋆(u)(B)∥2 − 0)2︸ ︷︷ ︸

correspondence regression

+(∥Pu(A)− Pv−(u)(B)∥2 − 1)2︸ ︷︷ ︸
distractor regression

)
.

(3)
Stage-2: Scoring Adapter. As depicted in Fig. 3c Right, gs learns to distin-
guish anomaly semantics based on the established correspondences. We down-
sample the pixel-level anomaly annotations to the patch grid, yielding yu(I) ∈
{0, 1} (1 indicates anomaly). For each candidate pair (u, v), the target distance
is defined as d̂uv = 0 if both yu(A) = 0 and yv(B) = 0, and 1 otherwise. gs is
optimized via MSE regression on the same-part candidate set:

Lscore =
∑

u∈ΩA

∑
v∈P(u)

(
∥Su(A)− Sv(B)∥2 − d̂uv

)2
. (4)

This enforces anomaly-awareness: normal-normal pairs converge, while anoma-
lous pairs are pushed apart.

3.7 Inference: Decoupled Mutual Scoring

Given a target image A and a reference set R(A) = {R1, . . . , Rn} (where n =
B − 1), inference proceeds in two steps, as detailed in Fig. 3d.
Step 1: Matching-based soft correspondence (top-k NN). We compute
the N × N distance matrix D

(i)
u,v = ∥Pu(A) − Pv(Ri)∥2 on the flattened patch

grid (N = hw). For each target patch u, we retrieve the top-k nearest indices in
Ri, denoted as Ki(u), and compute the softmax-normalized weights:

wi,u,v =
exp

(
−D

(i)
u,v

)∑
v′∈Ki(u)

exp
(
−D

(i)
u,v′

) , v ∈ Ki(u). (5)
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Step 2: Anomaly Scoring on Correspondence. Using the scoring features
S(·), the anomaly score referenced by Ri is aggregated exclusively on the top-k
set:

s(i)u =
∑

v∈Ki(u)

wi,u,v · ∥Su(A)− Sv(Ri)∥2. (6)

We fuse scores across all references by adopting the most “normal” explanation:
Mu(A) = mini s

(i)
u , yielding the patch-level anomaly map. The image-level score

is maxu Mu(A).
Complexity. The primary O(nN2) overhead stems from computing the gm dis-
tance matrix, whereas the gs scoring adds only O(nNk) (k ≪ N). Thus, DeMuS
inherently preserves the same efficiency order as baseline mutual scoring [27],
easily satisfying small-batch online latency requirements.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on three popular industrial anomaly detec-
tion benchmarks: MVTec AD [5], VisA [52], and Real-IAD [42]. These encompass
57 distinct categories and 118,472 test samples, covering general object images,
textures, cluttered objects, and multi-view manufacturing scenarios.
Baselines. We compare against five state-of-the-art text-guided zero-shot meth-
ods: APRIL-GAN [9], AnomalyCLIP [49], AdaCLIP [7], AA-CLIP [31], and
AdaptCLIP [16]. For mutual scoring methods, we include MuSc [27] and its
variant equipped with DINOv3 [38], denoted as MuSc(DINOv3). MuSc and
MuSc(DINOv3) are the most direct comparisons, while text-guided methods
are included for comprehensive positioning. For fairness under our protocol, we
also implement intra-batch mutual-scoring variants of APRIL-GAN and Adapt-
CLIP by replacing their fixed memory bank with the remaining samples in the
current batch (reported as ‘-ms’).
Metrics. Following standard protocols [49], we report image-level Area Under
the ROC Curve (AUROC) and Average Precision (AP), alongside pixel-level
AUROC and Per-Region Overlap (AUPRO) [5], compactly tabulated as AUC,
AP, PAUC, and PRO.
Implementation Details. Following AA-CLIP [31], we use VisA as the primary
auxiliary training set, but switch to MVTec AD when evaluating VisA. For MuSc,
the reference set size is aligned with our batch size. For our method, we employ
the frozen DINOv3 (ViT-L/16) [15, 38, 45] as the backbone, utilizing features
from layers 6, 12, 18, and 24. We set k = 3 for top-k matching. All experiments
are conducted on a single H100 GPU. Input images are resized and cropped
to 512 × 512 to ensure exact division by the patch size (16). Unless otherwise
specified, the batch size is set to 4 for MVTec AD and VisA, and 8 for Real-IAD
(accounting for its 5 different capturing views per category).
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Table 1: Performance comparison with zero-shot methods on MVTec AD,
VisA, and Real-IAD. Top: Image-level metrics (AUC, AP). Bottom: Pixel-level met-
rics (PAUC, PRO). Best and second-best results are highlighted in bold and underlined.
The methods are categorized into Text-only and Vision-only based on the utilized in-
formation. Since the evaluation of mutual-scoring methods is sensitive to the sample
order, we report the mean and standard deviation (mean±std) across 5 random seeds.

MVTec AD VisA Real-IAD Average

Type Method AUC AP AUC AP AUC AP AUC AP

T
ex

t
on

ly APRIL-GAN 86.10 93.50 78.00 81.40 68.60 64.60 77.57 79.83
AnomalyCLIP 91.50 96.20 82.10 85.40 69.40 64.19 81.00 81.93
AdaCLIP 89.20 95.68 85.80 88.71 70.86 67.26 81.95 83.88
AA-CLIP 90.50 95.05 84.60 82.25 75.41 73.54 83.50 83.61
AdaptCLIP 93.50 96.60 84.80 87.20 74.20 71.90 84.17 85.23

V
is

io
n

on
ly MuSc 92.16

±0.57
96.32
±0.18

84.26
±0.44

85.80
±0.44

73.87
±0.13

66.74
±0.14 83.43 82.95

MuSc(DINOv3) 91.53
±0.56

95.74
±0.37

84.39
±0.61

85.85
±0.37

73.21
±0.11

63.90
±0.13 83.04 81.83

DeMuS 94.17
±0.34

96.89
±0.28

90.16
±0.19

91.70
±0.11

80.78
±0.10

77.60
±0.08

88.37
+4.20

88.73
+3.50

Type Method PAUC PRO PAUC PRO PAUC PRO PAUC PRO

T
ex

t
on

ly APRIL-GAN 87.60 44.00 94.20 86.80 94.60 43.60 92.13 58.13
AnomalyCLIP 91.10 81.40 95.50 87.00 95.08 83.96 93.89 84.12
AdaCLIP 88.70 44.00 95.50 51.21 95.84 39.14 93.35 44.78
AA-CLIP 91.90 87.23 95.50 84.77 95.04 81.55 94.15 84.52
AdaptCLIP 90.90 85.90 95.60 87.60 94.90 83.60 93.80 85.70

V
is

io
n

on
ly MuSc 96.07

±0.19
91.04
±0.40

96.38
±0.50

90.22
±0.29

96.53
±0.04

84.84
±0.16 96.33 88.70

MuSc(DINOv3) 96.40
±0.18

90.12
±0.32

96.65
±0.31

86.22
±0.67

95.77
±0.05

80.26
±0.17 96.27 85.53

DeMuS 96.15
±0.12

93.50
±0.11

96.94
±0.28

92.23
±0.06

97.64
±0.03

91.10
±0.04

96.91
+0.58

92.28
+3.58

4.2 Main Results

As presented in Tab. 1, our method comprehensively outperforms all text-guided
baselines across both image-level and pixel-level metrics. Notably, compared to
the current SOTA method AdaptCLIP, we achieve an improvement of 4.20%
in AUROC and 6.58% in AUPRO. When compared with the mutual scoring
baseline MuSc, our approach yields an average increase of 4.94% in image AU-
ROC and a remarkable 10.86% boost in image AP on the challenging multi-view
Real-IAD dataset. Pixel-level AUPRO is also improved by an average of 3.58%,
demonstrating superior fine-grained defect localization.

Furthermore, we benchmark against the highly competitive intra-batch vari-
ants of APRIL-GAN and AdaptCLIP, which utilize vision-language bimodal
information, as presented in Tab. 2. Despite relying exclusively on visual ref-
erences, our method remains superior, outperforming them by 1.51% in image
AUROC and 3.07% in AUPRO on average. Specifically, we observe substantial
gains on Real-IAD and MVTec AD, while remaining on par with the baselines
on VisA due to their strong text-guided priors.
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Table 2: Performance comparison with multi-modal mutual-scoring vari-
ants. We benchmark our vision-only DeMuS against the Text&Vision mutual-scoring
variants of competitive few-shot methods (denoted with an ’-ms’ suffix) to demonstrate
its cross-modal superiority.

MVTec AD VisA Real-IAD Average

Type Method AUC AP AUC AP AUC AP AUC AP

T
&

V APRIL-GAN-ms 91.66
±0.10

95.86
±0.10

90.44
±0.17

92.82
±0.15

78.48
±0.04

76.74
±0.05 86.86 88.47

AdaptCLIP-ms 93.58
±0.56

97.04
±0.34

89.20
±0.36

90.50
±0.37

77.68
±0.07

73.16
±0.10 86.82 86.90

V
is

.

DeMuS 94.17
±0.34

96.89
±0.28

90.16
±0.19

91.70
±0.11

80.78
±0.10

77.60
±0.08

88.37
+1.51

88.73
+0.26

Type Method PAUC PRO PAUC PRO PAUC PRO PAUC PRO

T
&

V APRIL-GAN-ms 94.48
±0.16

90.30
±0.11

96.04
±0.08

89.70
±0.09

96.52
±0.04

87.62
±0.07 95.68 89.21

AdaptCLIP-ms 93.64
±0.10

89.36
±0.10

96.94
±0.08

90.72
±0.13

96.40
±0.00

85.84
±0.05 95.66 88.64

V
is

.

DeMuS 96.15
±0.12

93.50
±0.11

96.94
±0.28

92.23
±0.06

97.64
±0.03

91.10
±0.04

96.91
+1.23

92.28
+3.07

Table 3: Performance comparison under the Pose Variation scenario. We
report absolute metrics and the performance retention rate (defined as the ratio of the
pose-varied performance to the default performance in Tab. 1). To simulate unaligned
real-world production lines, test samples are perturbed with random arbitrary-angle
rotations and translations within [−128, 128] pixels.

MVTec AD VisA Real-IAD Avg. Perf. Avg. Ret.

Method AUC AP AUC AP AUC AP AUC AP AUC AP

MuSc 81.30
±1.16

91.24
±0.43

71.41
±1.10

75.16
±1.00

65.94
±0.02

62.16
±0.06 72.88 76.19 87.41 91.82

MuSc(DINOv3) 78.80
±1.23

89.18
±0.67

70.49
±1.50

73.85
±1.26

60.59
±0.06

55.75
±0.09 69.96 72.93 84.13 88.81

DeMuS 90.79
±0.58

94.77
±0.32

83.60
±0.50

85.74
±0.32

76.54
±0.06

73.94
±0.16

83.64
+10.76

84.82
+8.63

94.63
+7.22

95.53
+3.71

Method PAUC PRO PAUC PRO PAUC PRO PAUC PRO PAUC PRO

MuSc 93.57
±0.13

84.76
±0.23

92.40
±0.79

83.96
±0.26

94.98
±0.02

79.65
±0.08 93.65 82.79 97.22 93.35

MuSc(DINOv3) 92.35
±0.48

76.55
±0.45

90.17
±0.20

68.74
±0.69

92.51
±0.04

70.22
±0.08 91.68 71.84 95.23 84.05

DeMuS 94.48
±0.28

90.55
±0.10

96.18
±0.15

90.19
±0.46

96.87
±0.02

88.66
±0.02

95.84
+2.19

89.80
+7.01

98.90
+1.68

97.32
+3.97

4.3 Robustness to Pose Variation

To simulate unaligned scenarios in actual production lines, we apply random
rotations and slight translations to the test samples. As shown in Tab. 3, our
method exhibits exceptional robustness under the Pose Variation setting. Com-
pared to mutual scoring baselines, our AUROC improves by an average of
10.74%. Remarkably, our method retains 95.53% of its original image AP and
97.32% of its original AUPRO despite severe spatial misalignment.
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Fig. 5: Qualitative segmentation results under default and Pose Variation scenar-
ios across MVTec AD, VisA, and Real-IAD. Columns from left to right display the
query image, ground truth, and the globally normalized anomaly heatmaps.

4.4 Qualitative Analysis

Figure 5 visualizes the pixel-level anomaly maps across different datasets. By ref-
erencing intra-batch samples, our approach successfully identifies subtle anoma-
lies indistinguishable in isolation, which text-guided methods frequently miss.
Moreover, compared to MuSc, our generated maps exhibit significantly higher
contrast between anomalous and normal regions, proving that our training effec-
tively disentangles normality from abnormality within the visual feature space.

4.5 Ablation Study

We conduct comprehensive ablation studies on MVTec AD and VisA to validate
each component, as shown in Tab. 4.
Pre-trained Backbone Selection. Tab.4 (rows 1–2) compares CLIP [36] and
DINOv3 [38] in the training-free setting. DINOv3 yields clear improvements
over CLIP on MVTec AD (+2.88% pixel AUROC, +3.18% AUPRO). This is
attributed to DINOv3’s self-supervised visual features being spatially smooth,
whereas CLIP’s global contrastive learning often introduces noisy local activa-
tions, as illustrated in Fig. 6. DINOv3 is also more amenable to the PCA-based
foreground separation used in our training preprocessing [12,32].
Decoupling of Matching and Scoring. Tab.4 (rows 3–4) evaluate two vari-
ants: (1) Matching-only (training only gm, using pre-trained features for scoring)
and (2) Scoring-only (training only gs, using it for both matching and scoring).
The Matching-only variant performs worse than the pre-trained baseline, lacking
anomaly awareness. Conversely, the Scoring-only variant suffers a 2.49% drop
in AP on VisA due to degraded correspondence matching. To investigate this,
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Fig. 6: 3D PCA compar-
ison of features on MVTec
AD and VisA.
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Fig. 7: Matching heatmaps for anomalous patches
onto the reference images. Comparison across MuSc,
Scoring-only, and DeMuS on MVTec AD and VisA.

Table 4: Ablation study of key components on MVTec AD and VisA. We evaluate
the impact of backbone selection (rows 1-2), decoupling strategy (rows 3-4), adapter
architecture (rows 5-6), and training preprocessing (rows 7-8).

Method MVTec AD VisA Average

AUC AP PAUC PRO AUC AP PAUC PRO AUC AP PAUC PRO

CLIP-pretrain 88.3 94.2 93.6 88.9 82.1 84.2 96.1 89.1 85.2 89.2 94.8 89.0
DINOv3-pretrain 89.3 94.2 96.5 92.1 81.9 83.8 95.9 83.5 85.6 89.0 96.2 87.8

Matching-only 88.4 94.0 96.4 91.8 76.9 79.7 95.3 80.3 82.6 86.8 95.8 86.1
Scoring-only 93.3 96.3 96.4 93.7 88.8 89.4 96.6 92.0 91.0 92.9 96.5 92.9

MLP 89.3 94.4 96.7 93.0 89.1 90.1 96.7 91.7 89.2 92.2 96.7 92.3
MLP+Avgpool 89.0 93.9 96.0 89.2 88.9 89.4 97.7 92.2 89.0 91.7 96.9 90.7

w/o Pose Aug. 91.6 95.0 95.9 92.9 88.3 89.1 97.2 91.4 89.9 92.1 96.5 92.2
Unaligned Oracle 91.2 94.9 96.1 93.6 87.7 89.4 96.7 91.8 89.5 92.1 96.4 92.7

DeMuS 94.2 97.0 96.4 93.7 90.4 91.9 97.0 92.3 92.3 94.5 96.7 93.0

Figure 7 visualizes the top-k nearest neighbor matching heatmaps (Eq. 5). With-
out gm, it fails to focus on corresponding physical parts, leading to inaccurate
semantic comparisons. Our decoupled design effectively mitigates this.

Multi-Scale Convolutional Adapter. Tab.4 (rows 5–6) shows that replac-
ing our multi-scale convolutional adapter with a standard Multilayer Percep-
tron (MLP) bottleneck drops image-level performance by 4.91% on MVTec
AD (where large-area anomalies are common). Even when applying MuSc-style
multi-scale aggregation to the MLP adapter, improvements remain marginal
and unstable. This confirms that trainable multi-scale convolutions are crucial
for accommodating defects of varying granularities.
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Fig. 8: Robustness degradation analysis under pose variations. We compare
the performance trajectories of our full DeMuS and the w/o Pose Aug. variant across
default and pose-varied scenarios.
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Alignment Supervision and Augmentation. Simplifying the Correspon-
dence Oracle to average-pooled NN matching (Unaligned Oracle) degrades per-
formance (Tab. 4, rows 7–8). Furthermore, Figure 8 reveals removing affine trans-
formations (w/o Pose Aug.) triggers catastrophic failure under pose-varied sce-
narios, as the model overfits to absolute positional semantics. Crucially, such
spatial robustness is not merely a byproduct of augmentation. Instead, our pre-
constructed alignment supervision acts as the fundamental anchor, enabling the
model to digest aggressive pose shifts and learn pose-invariant representations.
Impact of Batch Size. We analyze the accuracy-efficiency trade-off across
batch sizes B (Fig. 9). Extremely small settings (B = 2) yield sub-optimal
accuracy due to insufficient normal references. A substantial leap occurs at B = 4
(92.28% average AUROC), concurrently delivering the lowest per-image latency
(24.27 ms) via GPU parallelization. For B > 4, performance gains saturate while
the quadratic matching complexity steadily inflates latency, violating real-time
industrial constraints. Notably, DeMuS consistently outperforms MuSc across
all sizes. Thus, we adopt B = 4 to balance detection precision and speed.
Impact of Top-k Correspondences. As shown in Fig. 10, increasing nearest
neighbors (k) yields a clear trade-off: image-level metrics improve while pixel-
level metrics degrade. Although a larger k enhances image-level robustness by
smoothing out isolated noisy matches, it introduces looser spatial correspon-
dences that dilute exact defect boundaries, hindering fine-grained localization.
We adopt k = 3 to balance detection reliability and segmentation precision.
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5 Conclusion

In this paper, we investigate the practical Batch Zero-Shot IAD setting to
address stringent latency and unaligned spatial constraints in agile manufac-
turing. To overcome the semantic ambiguity and spatial vulnerability of pre-
trained features, we propose DeMuS, a decoupled mutual scoring framework.
DeMuS mechanistically separates robust spatial alignment (where-to-match)
from anomaly discrimination (how-to-score) via a two-stage auxiliary training
paradigm. Extensive experiments demonstrate DeMuS achieves state-of-the-art
performance and exceptional robustness against severe pose shifts, offering a
highly scalable solution for online inspection.

Limitations and Future Work. DeMuS primarily targets rigid or semi-
rigid pose variations. For highly deformable products (e.g., textiles or tangled
cables), establishing precise local correspondences remains challenging. Further-
more, our framework still requires an annotated auxiliary dataset to optimize the
adapters. Future work will explore unsupervised flow-based matching for com-
plex non-rigid deformations and investigate self-supervised synthetic anomaly
generation to completely bypass the reliance on auxiliary annotations.
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