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Abstract

Unsupervised visual anomaly detection from multi-view im-
ages presents a significant challenge: distinguishing gen-
uine defects from benign appearance variations caused by
viewpoint changes. Existing methods, often designed for
single-view inputs, treat multiple views as a disconnected
set of images, leading to inconsistent feature representa-
tions and a high false-positive rate. To address this, we in-
troduce ViewSense-AD (VSAD), a novel framework that
learns viewpoint-invariant representations by explicitly mod-
eling geometric consistency across views. At its core is our
Multi-View Alignment Module (MVAM), which leverages
homography to project and align corresponding feature re-
gions between neighboring views. We integrate MVAM into
a View-Align Latent Diffusion Model (VALDM), enabling
progressive and multi-stage alignment during the denoising
process. This allows the model to build a coherent and holis-
tic understanding of the object’s surface from coarse to fine
scales. Furthermore, a lightweight Fusion Refiner Module
(FRM) enhances the global consistency of the aligned fea-
tures, suppressing noise and improving discriminative power.
Anomaly detection is performed by comparing multi-level
features from the diffusion model against a learned mem-
ory bank of normal prototypes. Extensive experiments on the
challenging ReallAD and MANTA datasets demonstrate that
VSAD sets a new state-of-the-art, significantly outperform-
ing existing methods in pixel, view, and sample-level visual
anomaly detection, proving its robustness to large viewpoint
shifts and complex textures. Our code will be released to drive
further research.

1 Introduction

Industrial anomaly detection is a critical task in modern
manufacturing, where even minuscule defects can compro-
mise product quality, lead to costly recalls and pose safety
risks(Cao et al. 2024). While most unsupervised anomaly
detection methods rely on single-view imagery, complex 3D
objects often feature occlusions or intricate geometries that a
single viewpoint cannot fully capture. Consequently, multi-
view imaging systems, which capture an object from several
fixed perspectives, have become a practical and effective so-
lution for ensuring comprehensive surface inspection.
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Figure 1: (a) Conventional methods process views inde-
pendently, yielding discrete and inconsistent features that
struggle to differentiate viewpoint changes from true de-
fects. (b) Our method (VSAD) employs homography-based
alignment to establish correspondences between views,
learning a continuous and consistent representation that en-
ables robust anomaly detection.

However, transitioning from single-view to multi-view
settings introduces a fundamental challenge: distinguish-
ing true anomalies from appearance shifts induced purely
by changes in viewpoint (Fig. 1a). Existing unsupervised
methods, whether reconstruction-based (e.g., DRAEM (Za-
vrtanik, Kristan, and Skocaj 2021)) or embedding-based
(e.g., PatchCore (Roth et al. 2022)), typically process each
view independently. This ‘bag-of-views’ approach ignores
the underlying geometric relationships between images, re-
sulting in feature representations that are fragmented and



unaligned. As a result, these models are prone to misinter-
preting normal geometric variations as anomalies, leading to
poor performance and reliability in real-world scenarios.

To overcome these limitations, we propose ViewSense-
AD (VSAD), an unsupervised framework designed to
learn continuous and consistent cross-view representations
(Fig. 1b). Our work is inspired by how human inspec-
tors naturally operate: they mentally align different views
of an object to build a holistic understanding of its sur-
face, effortlessly distinguishing surface texture from geo-
metric perspective shifts. VSAD mimics this reasoning pro-
cess through a synergistic design. First, to determine where
to look for corresponding information, we introduce a Multi-
View Alignment Module (MVAM). It uses homography-
based projection to explicitly match related feature patches
across adjacent views. Second, to learn how to integrate
this aligned information, the MVAM is embedded within
a View-Align Latent Diffusion Model (VALDM). By per-
forming alignment progressively during the denoising pro-
cess, VALDM constructs a viewpoint-invariant representa-
tion. Finally, to refine the holistic alignment representation,
a lightweight Fusion Refiner Module (FRM) explicitly mod-
els cross-view consistency to suppress noise and sharpen the
distinction between normal and anomalous patterns.

During inference, we extract multi-level features from the
DDIM inversion process and compare them against a mem-
ory bank of normal prototypes for fine-grained, multi-scale
anomaly localization. Our extensive experiments on the Re-
allAD and MANTA datasets show that VSAD consistently
outperforms state-of-the-art baselines across all evaluation
levels. These results validate that by explicitly modeling ge-
ometric consistency, our framework effectively bridges the
gap between fragmented image-level processing and holis-
tic, human-like perception in multi-view anomaly detection.

Our contributions are summarized as follows:

* We propose VSAD, a novel unsupervised multi-view
anomaly detection framework that learns continu-
ous and consistent cross-view representations through
homography-guided alignment.

* We design a homography-based MVAM and embed it
into a VALDM for progressive inter-view alignment,
whose output is further enhanced by a lightweight FRM
that refines global consistency.

¢ VSAD achieves new state-of-the-art performance on
the large-scale ReallAD and MANTA benchmarks,
demonstrating superior robustness and generalization in
challenging multi-view industrial scenarios.

2 Related Work
2.1 Unsupervised Anomaly Detection

Unsupervised anomaly detection methods learn from
anomaly-free data and are categorized as reconstruction-
based or embedding-based (Fan et al. 2025b; Zheng et al.
2025; Li et al. 2025). Reconstruction-based methods, like
autoencoders, VAE and GANSs, identify anomalies as re-
gions with high reconstruction error. More recent works
have improved reconstruction fidelity using memory mod-
ules (Gong et al. 2019; Cai et al. 2021), pseudo-anomaly
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augmentation (Zavrtanik, Kristan, and Skocaj 2021; Hu
et al. 2024; Sun et al. 2025), and diffusion models (Zavr-
tanik, Kristan, and Skocaj 2023; Kim et al. 2024; Yao et al.
2025). However, when applied to multi-view data, they typ-
ically reconstruct each view in isolation, failing to enforce
Cross-view consistency.

Embedding-based methods leverage powerful features
from models pre-trained on large datasets like ImageNet
(Deng et al. 2009). They model the distribution of normal
features using memory banks (Roth et al. 2022; Bae, Lee,
and Kim 2023; Liu et al. 2025), normalizing flows (Gu-
dovskiy, Ishizaka, and Kozuka 2022; Yao et al. 2024), or
student-teacher networks (Bergmann et al. 2020; Liu et al.
2024; Wang et al. 2025a). While highly effective for single-
view tasks, these methods inherently lack a mechanism to
account for the geometric transformations between views,
making them susceptible to feature misalignment and incon-
sistency in multi-view settings.

2.2  Multi-view Feature Alignment

Aligning features across multiple views is fundamental in
computer vision, with applications in novel view synthesis
(Gao et al. 2024; Zhang et al. 2025), 3D perception (Baner-
jee et al. 2025), and autonomous driving. Common strate-
gies include Transformer-based fusion using self- or cross-
attention (Wu et al. 2023; Daryani et al. 2025), epipolar
geometry constraints (Sun et al. 2021; Chang et al. 2024;
Wang et al. 2025b), and homography-based alignment (He
et al. 2020; Hwang, Benz, and Kim 2024; Ni et al. 2025).
These techniques aim to create a unified representation by
establishing spatial or semantic correspondences. However,
their direct application to unsupervised anomaly detection is
non-trivial. Most existing AD frameworks do not explicitly
align multi-view data. Our work addresses this gap by intro-
ducing a lightweight and effective homography-based align-
ment mechanism tailored for industrial inspection scenarios,
where objects are often captured from fixed viewpoints or on
a turntable.

2.3 Diffusion-based Models for Anomaly
Detection

Diffusion models (Ho, Jain, and Abbeel 2020) have demon-
strated state-of-the-art performance in image generation.
Their ability to produce high-fidelity reconstructions has
been leveraged for anomaly detection. AnoDDPM (Wyatt
et al. 2022) and other methods (He et al. 2024; Akshay et al.
2025) use the denoising process to reconstruct an anomaly-
free version of a test image, with anomalies detected from
the reconstruction residual. Others use diffusion models to
synthesize diverse defects for training more discriminative
models (Zhang et al. 2023b; Hu et al. 2024; Song et al.
2025). While effective, these methods primarily focus on
single-image reconstruction. In contrast, our work extracts
multi-level decoder features during the DDIM (Song, Meng,
and Ermon 2020) inversion process, not for reconstruction,
but as rich descriptors for a fine-grained, embedding-based
anomaly detection approach.
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Figure 2: Overall architecture of ViewSense-AD (VSAD). (i.) During training, multi-view images are encoded into latent
space. The View-Align Latent Diffusion Model (VALDM) performs progressive denoising, where at each Unet layer, the
Multi-View Alignment Module (MVAM) aligns features from neighboring views using homography. A Fusion Refiner
Module (FRM) then enhances global consistency. The model is trained with a denoising loss £4 and a refinement loss L,.
(ii.) At inference, multi-level refined features are extracted via DDIM inversion and compared against a normal memory bank
for anomaly scoring. (iii.) The architecture of the UNet encoder/decoder block used in Stable Diffusion. The proposed MVAM
module is integrated after the ResBlock. (iv.) Detailed architecture of the MVAM. (v.) Detailed architecture of the FRM.

3 Method
3.1 Problem Formulation

In unsupervised multi-view anomaly detection, we are given
a training set Do = {5, }2_, for an object category C'. Each
sample S,, = {I,,}M_, consists of M RGB images cap-
tured from different viewpoints, where I,,, € R3*HXW The
training set contains only anomaly-free samples. The goal is
to learn a function that can identify and localize anomalies
in a test sample S,. This involves generating a pixel-wise
anomaly map for each view, an anomaly score for each view,
and an overall score for the sample.

3.2 Overall Architecture

We propose VSAD, an unsupervised framework designed
around the principles of explicit alignment, progressive un-
derstanding, and global refinement. As illustrated in Fig-
ure 2, the framework is composed of several key compo-
nents. The core is a View-Align Latent Diffusion Model
(VALDM) that learns the distribution of normal multi-view
samples. To enable viewpoint-invariant learning, we embed
our Multi-View Alignment Module (MVAM) into each layer
of the model’s U-Net backbone. This module uses homog-
raphy to explicitly align features from neighboring views.
Following alignment at each decoder stage, a lightweight
Fusion Refiner Module (FRM) refines the fused features by
enhancing global consistency. For detection, we use a multi-
level memory bank. At inference, features are extracted from
the decoder via DDIM inversion, refined, and compared
against a memory bank of normal prototypes to enable ro-
bust, fine-grained anomaly scoring.
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3.3 Multi-View Alignment Module (MVAM)

Industrial multi-view capture setups, often using fixed cam-
eras or turntables, produce images with significant spatial
overlap and smooth appearance transitions. To exploit this,
we propose MVAM for patch-level feature alignment.

Given a set of multi-view feature maps X €
RMXCXHXW from a U-Net layer, we define neighboring
view pairs for each view i as P(X;) = {(X;,X,) | j €
N (i)}, where N (7) is the set of adjacent view indices. For
each patch centered at position p; in the query view X;, we
project its location into each neighboring view X; using a
pre-computed homography matrix H;_,;. Around the pro-
jected location p; = H;_,; - p;, we sample a local search
window of size R x R to find the best-matching patch.

For each patch at location p; in the search window, we
compute its relative displacement from the query patch p; af-
ter projection: Ap; = p; — H;_,; - p;. This offset is encoded
using a standard 2D frequency-based positional embedding
(Vaswani et al. 2017) to form v(Ap,). We then construct
query, key, and value representations for attention-based ag-
gregation:

¢ =Wy - Xi(pi) (1)
kj = Wi - (X;(pj) +v(Apy)) )
v; = Wy - (X;(ps) +7(Apy)) A3)

where W, Wy, W, are learnable projection matrices. An at-
tention mechanism computes weights «; to aggregate the

value vectors, producing an aligned feature X;(p;):
exp (qiT k;/ \/3)
Zj/EN(i) exp (qiT/fj’/\/@

4)

aj:



Xz(pz) = Z Ck]' . 'Uj (5)
JEN (i)

This process is applied to all patches, yielding an aligned

feature map X € RM*C*H>W with enhanced cross-view

continuity.

3.4 View-Align Latent Diffusion Model (VALDM)

To achieve progressive understanding, we embed MVAM
into a latent diffusion model based on the DDIM formula-
tion. Given multi-view images I = {I,,}}_,, a VAE en-
coder Evag produces latent representations Zy = Evag(1).
The DDIM forward process adds Gaussian noise to produce

a noisy latent Z; at timestep ¢:
Zt =V @tZO +v1— i€, €~ N(O, I) (6)

The reverse process is handled by a U-Net which predicts
the noise €; from Z;. We modify the U-Net decoder. At each
decoder layer [, the feature map X is first processed by
the standard ResNet and attention blocks. The output is then
passed to our MVAM to produce an aligned feature map

Zt(l), which is then passed to the next layer.

70 = MVAM® (U-NetBlock ! () (7)

This multi-stage alignment strategy allows the model to
build a coherent representation by progressively aligning
features at different semantic levels during the denoising
process. The model is trained with a standard denoising ob-
jective:

Ly =Bz [lle —é0(Zi,1)|3]

where €y is the noise predicted by our modified U-Net.

®

3.5 Fusion Refiner Module (FRM)

While MVAM provides explicit local alignment, we intro-
duce the FRM to further enhance global consistency and
suppress noise from the fusion process. After the MVAM
at each decoder layer [, the aligned features Z() are fed into
the FRM. For each view m, FRM applies a small convolu-
tional network f(-) followed by a Squeeze-and-Excitation
(SE) attention block \A(-) to produce a refinement residual,
which is added back to the input:

zZ\0 = f(z\) o A(f(ZD)) ©)
F =720+ 2z (10)

where Fép is the final refined feature for view m at layer .

To explicitly enforce consistency, we introduce a refine-
ment loss £, that minimizes the L2 distance between the
refined features of neighboring view pairs (4, j):

1 1

O 02
S X IR O
1=

1 (i,)€P

L= (1)

|

where L is the number of decoder layers and P is the set
of all neighboring pairs. The total training loss is Lo =
L4 + AL;, where ) is a balancing hyperparameter.
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3.6 Multi-Level Memory Bank Detection

At inference, we use the trained model as a feature extractor.
For a test sample, we perform DDIM inversion for a fixed
number of steps. From each of the L decoder layers, we ex-
tract the refined features {F(l)}le. During training, these
features from all normal samples are stored in a multi-level
memory bank M = {MW}L .

For a test sample, its refined features {Fq(l)}lL:1 are ex-
tracted. The anomaly score for a patch at spatial location
(u,v) is calculated by finding its minimum distance to the
corresponding memory bank, aggregating scores across lev-
els:

L
. — ; U] _
Shpixel (U, V) = ;wl mrenjgtl(l) £, (u,v) —=ml2  (12)

where w; are weights for each level. The view-level anomaly
score Syiew 18 the maximum score in the pixel-level anomaly
map, and the sample-level score Sgmple is the maximum
score across all views. This multi-level approach enables ro-
bust detection of anomalies at various scales.

4 Experiments
4.1 Experiments Setting

Datasets. We evaluate our method on two challenging multi-
view anomaly detection datasets: Real-IAD (Wang et al.
2024) consist of 151,050 RGB images across 30 classes with
5 views. MANTA (Fan et al. 2025a) contains 137,338 im-
ages from 38 categories, each with 5 viewpoints. Training
images are normal, while test images include both normal
and defective cases.

Evaluation metrics. We evaluate performance using the
Area Under the Receiver Operating Characteristic Curve
across three levels: 1) Pixel-level AUROC (P-AUROC)
measures fine-grained anomaly localization, 2) View-level
AUROC (V-AUROC) evaluates whether an individual view
contains anomalies, and 3) Sample-level AUROC (S-
AUROQC) assesses multi-view detection by taking the max-
imum view-level score across all views within a sample.
More comprehensive metric comparisons are provided in the
appendix of the supplementary material.

Baseline methods. We compare our method with other un-
supervised approaches,including reconstruction based meth-
ods Draem(Zavrtanik, Kristan, and Skocaj 2021), CK-
AAD(Fang et al. 2025), RealNet(Zhang, Xu, and Zhou
2024) and embedding based methods PatchCore(Roth et al.
2022), CFlow(Gudovskiy, Ishizaka, and Kozuka 2022),
DeSTSeg(Zhang et al. 2023a), RDPP(Tien et al. 2023),
FiCo(Chen et al. 2025b). All results are reproduced from
official code or cited from original papers.

Implementation details. Our model is based on Stable Dif-
fusion v2 from the Diffusers library (von Platen et al. 2022).
We train it using AdamW with a learning rate of 1 x 10~*
and weight decay 1 x 1072, The MVAM patch sampling
radius R is set to 3. Training runs for 80 epochs on four
NVIDIA A6000 GPUs. The memory bank uses features
from the 3rd and 4th U-Net decoder blocks. Additional de-
tails are provided in the supplementary appendix.



| Reconstruction Based Method | Embeding Based Method
Class | DRAEM | CKAAD | Realnet | Patchcore | CFlow | DeSTSez | RDPP | FiCo |VSAD(Ours)
Audiojack 91.4/83.2/92.8|87.8/89.2/95.3|91.3/79.8/91.4|93.7/81.4/97.686.5/81.1/89.9|88.5/81.9/95.6 | 86.4/85.4/86.3|92.3/89.5/98.3|90.3/89.7/98.7
Bottle Cap 96.3/67.6/88.1|95.1/92.8/97.6|97.3/92.8/98.5[94.1/91.7/94.2 | 98.9/86.8/95.3 | 96.6/85.3/95.196.4/95.0/98.5 | 98.8/97.7/98.6 | 98.2/97.5/98.6
Button Battery |94.6/84.4/93.1(91.1/85.7/96.8|90.6/82.5/96.6 |81.3/79.2/96.7|93.3/77.8/92.0|92.0/90.8/97.0 | 94.4/89.0/95.9 | 81.9/77.4/91.2 |96.4/93.8/97.6
End Cap 75.4/64.8/86.3(94.8/90.0/96.4 |81.4/72.8/92.0|86.7/80.6/96.2 |83.2/75.2/89.8 | 87.2/81.5/94.0|93.7/86.7/96.0 | 89.0/82.7/95.9|94.7/89.3/96.8
Eraser 69.4/70.4/81.3(92.3/91.9/96.3|88.9/87.2/98.2190.6/90.7/98.3 92.1/90.3/98.9 | 95.6/96.3/98.7 | 93.6/90.4/96.2 | 89.4/90.1/97.2|93.8/95.0/99.1
Fire Hood 83.9/72.0/83.6|84.7/82.0/97.9|85.6/77.9/98.1|87.2/81.6/94.3 | 88.2/83.6/97.4 | 93.4/88.1/95.6 | 89.5/83.8/96.7 | 89.2/85.6/96.1 |90.4/88.3/98.4
Mint 78.6/70.2/83.1|79.4/73.3/95.4|73.1/66.6/93.6 | 75.8/70.8/95.3 | 74.5/69.6/94.280.0/70.6/93.4|84.7/82.2/95.9|65.5/65.9/92.6 | 85.7/85.8/97.0
Mounts 89.3/73.3/84.0|97.0/85.9/98.697.2/85.0/99.0 | 98.9/85.4/96.4|98.3/85.5/98.1 {96.1/83.4/96.995.7/88.9/97.1 |96.4/83.1/96.2 | 96.9/88.5/98.9
Pcb 90.5/87.6/95.5(93.9/93.1/97.3|86.4/77.0/94.5|94.5/94.2/97.3 | 77.4/75.8/94.3191.0/87.7/97.5|91.8/91.9/97.7 | 89.7/89.5/96.2 | 94.6/94.5/98.2
Phone Battery [97.8/76.6/85.4|93.9/91.2/98.2|86.5/81.4/97.3193.1/89.6/98.1 |91.3/86.3/97.1|93.2/83.6/87.3|96.4/91.3/98.3 (92.7/91.0/98.4|94.3/91.1/97.5
Plastic Nut 89.8/71.2/80.8192.1/89.1/98.5|87.1/80.3/95.6|95.9/88.7/96.4 |86.7/77.1/95.3 |94.2/88.1/96.1 | 97.0/92.6/98.5 | 94.0/88.9/95.9 | 97.8/95.2/98.6
Plastic Plug 85.3/71.8/76.9|91.5/87.2/98.5|86.0/80.3/94.2|87.7/85.2/96.6 |90.6/84.9/94.6 |93.8/83.9/95.6 | 95.3/92.0/98.6 | 93.7/89.2/96.1 | 95.5/92.1/99.3
Porcelain Doll [94.0/75.7/86.2|96.8/86.8/97.1|90.2/80.1/96.9{90.8/79.9/96.1|95.2/83.4/96.3 | 94.4/81.6/95.8 | 97.2/90.4/98.2 |93.9/83.5/98.3 | 94.6/89.3/96.2
Regulator 85.6/72.1/86.0|83.6/82.4/98.1|74.5/65.2/95.5|75.7/71.3/96.6 |66.4/59.6/90.9 |92.2/87.9/97.5|91.1/90.1/98.2 | 93.8/88.6/97.991.5/89.5/98.1
Strip Base* 80.0/87.8/94.9199.5/97.9/99.0(99.0/96.8/98.1|99.8/99.4/98.8 |99.0/97.5/98.2 {98.9/98.4/98.8 | 99.4/99.3/99.6 | 99.7/99.4/99.6 | 99.7/98.9/98.6
Sim Card Set |99.7/94.1/96.0|98.7/96.8/98.0(91.2/91.4/97.3 93.3/94.3/97.996.1/95.1/98.5|97.4/91.7/96.996.9/95.9/97.6 | 96.2/95.6/98.7|99.0/94.2/97 .8
Switch 92.6/84.7/89.7|98.6/95.1/97.1|87.7/82.7/96.1 |94.3/93.1/96.9 |96.0/96.0/97.9 | 96.3/95.0/99.1 |97.3/96.7/99.2|96.2/94.8/96.5 | 97.1/96.9/99.3
Tape 99.1/91.5/97.4|93.3/93.0/98.7{96.8/91.9/99.5|99.2/97.0/98.7 | 99.5/96.6/99.2 | 98.6/94.6/99.2 |99.8/97.9/99.6 | 99.4/96.8/99.3 | 97.4/96.8/99.6
Terminalblock [68.9/55.9/83.1(98.4/96.3/99.4|92.3/82.9/91.3]96.6/90.5/99.6|95.7/88.8/97.5(96.8/93.1/97.5|93.7/96.9/98.4|97.3/93.5/99.2 | 98.5/96.9/99.7
Toothbrush 93.0/74.6/68.0|95.7/88.7/97.2|86.8/69.7/92.091.6/85.3/96.8 | 92.6/80.0/92.8 | 92.0/88.3/95.4|95.6/85.3/96.9|90.2/83.2/95.5|95.3/86.7/97.0
Toy 68.0/62.0/60.0|91.8/88.8/95.3|70.8/64.0/90.2 91.5/82.9/95.9|70.1/63.2/86.491.6/82.1/89.7|91.5/86.6/95.7 | 84.6/78.5/90.4 | 92.6/88.9/96.1
Toy Brick 67.6/65.7/91.2|79.5/77.1/92.3|82.4/78.1/94.2|79.9/69.8/92.4 | 82.1/81.2/96.4 | 84.8/79.0/95.3 | 82.6/78.4/95.8 | 88.5/78.4/96.1 | 89.6/80.4/97.5
Transistorl 93.8/83.1/88.0(98.7/93.8/98.1|82.4/78.1/92.3|99.0/94.8/98.3 |98.1/92.6/96.9|97.2/95.0/96.7 | 97.8/96.9/97.9|97.6/96.3/98.4|97.4/95.2/99.1
U Block 89.7/73.9/88.6|98.8/92.3/97.5(90.8/86.4/96.5|96.8/90.1/96.6|94.8/87.0/95.6 [98.1/89.3/98.8 | 99.1/92.4/99.4 |95.7/89.5/97.4 | 98.4/89.5/99.4
Usb 82.2/72.6/95.7|95.0/92.7/96.9|90.0/83.3/97.7|88.7/82.4/96.4 | 84.3/80.5/96.0 |92.5/87.4/97.8 | 94.1/90.3/96.4 | 94.5/90.7/97.2|93.3/91.3/99.0
Usb Adaptor |94.6/72.6/85.1(92.2/84.8/97.2|84.6/72.0/95.5|87.0/79.9/96.8 | 86.7/80.0/94.1|93.7/73.9/91.5(92.1/82.2/96.6 | 86.0/78.6/92.0|93.6/85.7/98.1
Vepill 82.8/75.5/75.9196.8/90.7/96.792.4/88.9/98.2 | 88.7/83.5/97.3|91.2/89.5/97.7 {96.6/90.6/98.196.6/91.1/97.1 | 89.8/85.2/95.7 | 97.3/92.8/98.8
Wooden Beads |86.8/77.8/86.1(90.7/87.7/98.1 |89.2/82.6/97.989.8/86.0/95.8 | 89.4/86.1/96.6 |92.6/86.2/95.8 | 93.0/89.3/98.1|90.1/85.7/94.1 | 89.9/87.2/97.2
‘Woodstic 76.4/72.5/90.5|74.3/74.5/92.6|92.4/90.6/95.3|87.6/86.3/89.0|71.0/79.5/92.8 | 87.9/87.9/97.1 | 84.8/85.8/96.4 | 83.8/85.0/96.7|90.6/89.1/97.7
Zipper 97.8/90.8/82.5|99.8/98.8/98.8 |99.4/94.0/97.2 |98.8/97.9/98.1 |98.1/95.7/96.6 | 99.4/98.5/96.2 | 84.8/85.8/98.3199.8/97.5/98.0|99.9/98.9/99.1
Average |86.5/75.9/85.9192.5/89.0/97.1|88.1/81.4/95.7|90.9/86.1/96.5|88.9/83.5/95.3|93.4/87.4/96.0|93.4/90.0/97.2 | 91.6/87.7/96.4 | 94.8/91.7/98.3

Table 1: Anomaly detection performance on the RealIAD dataset. Scores are reported as S-AUROC / V-AUROC / P-AUROC
(%). The best result is in bold, second best is underlined. ‘Scrip Base*’ denotes ‘Rolled Scrip Base’.

4.2 Comparison with State-of-the-Art Methods

Quantitative results on RealIAD. The experimental results
on the ReallAD dataset are presented in Table 1. Our pro-
posed method VSAD achieves the highest average scores
across all three metrics: 98.3% for P-AUROC, 91.7% for
V-AUROC, and 94.8% for S-AUROC, surpassing the state-
of-the-art baselines by +1.1%, +1.8%, and +1.4%, respec-
tively. VSAD performs particularly well in categories with
large view changes (e.g., Audiojack, Zipper, PCB), indicat-
ing its ability to tell real anomalies apart from differences
caused by viewpoint variations. This demonstrates that our
view-alignment strategy, which helps the model learn stable
and consistent features across views, effectively enhances
both fine-grained localization and overall anomaly detection
accuracy.

Quantitative results on MANTA. Table 2 presents the
quantitative results on the MANTA dataset, where VSAD
achieves the best average performance across the dataset,
with 96.8% in P-AUROC, 93.98% in V-AUROC, and
94.52% in S-AUROC, surpassing the state-of-the-art base-
line methods by +1.3%, +1.1%, and +1.1%. These re-
sults demonstrate the robustness and generalization ability
of our model across different object categories. In challeng-
ing cases such as the “rotten core” defect in the maize cat-
egory where normal and abnormal textures are very simi-
lar, VSAD ranks second among all methods. However, in
categories with large viewpoint variations, such as shot but-
ton and thin register, VSAD achieves the best performance.
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Results from both datasets suggest that our model is more
stable under viewpoint changes and gives more reliable de-
tection results.

Qualitative results. To further validate the effectiveness
of our model, we conduct qualitative experiments. As shown
in Fig. 3, our method achieves more accurate localization
of anomalous regions. In comparison, the embedding based
method PatchCore produces more false positives, likely due
to its sensitivity to large viewpoint changes. The reconstruc-
tion based method CKAAD performs poorly on subtle de-
fects, especially in texture-rich objects like audiojack from
ReallAD dataset, where it shows low true positive activa-
tion. Overall, our model better generalizes to viewpoint vari-
ations and complex textures, enabling finer and more precise
anomaly localization in multi-view settings. Additional vi-
sualizations are included in appendix.

4.3 Ablation Studies

Effectiveness of different components. As shown in Ta-
ble 3, we conduct ablation experiments on the ReallAD
and MANTA datasets to evaluate the effectiveness of dif-
ferent components, with model performance assessed at
the sample, view and pixel levels. We independently re-
move the MVAM and FRM modules from the architec-
ture and observe consistent drops in all metrics. Specif-
ically, removing the MVAM module causes a drop by -
8.32%/-8.47%/-7.09% reaching 86.52%/83.24%/91.25%
on ReallAD dataset and on MANTA dataset by -10.30%/-



Reconstruction Based Method

Embedding Based Method

Class | DRAEM | CKAAD | Realnet | Patchcore | CFlow | DeSTSeg | RDPP | FiCo | VSAD(Ours)
Block Inductor |85.6/81.8/71.8(89.5/91.2/97.2 |76.1/77.4/88.6(92.1/92.5/97.8|84.3/87.2/95.7(92.1/91.4/97.7|91.0/91.4/96.3 | 77.7/69.2/87.5|93.2/93.7/98.6
Copper Standoff |66.9/61.7/71.7| 98.2/97.9/98.1 [92.9/87.1/95.3(97.1/97.5/97.9 98.0/94.5/96.8 | 91.8/92.8/94.7| 98.5/98.0/98.4|66.2/83.7/97.5 | 96.3/97.9/98.1
Flat Nut 60.1/62.5/69.1| 89.8/92.6/96.2 |83.8/81.4/94.5(95.5/95.6/98.2| 84.8/88.7/97.3| 84.7/83.2/96.2| 95.0/96.4/98.8 | 83.0/86.2/95.9 | 96.4/97.7/99.6
Led 92.0/90.1/86.9| 97.9/97.2/98.5 | 90.8/92.6/97.3 [96.9/97.8/98.6|97.9/97.8/99.1| 96.0/92.0/97.5 | 98.9/99.0/99.4 | 98.8/98.2/98.6 99.0/99.8/99.1
Led Pad 60.7/58.8/71.7|98.9/97.2/98.8 | 77.1/78.3/91.8 98.7/97.1/97.7|91.4/94.0/97.1| 98.3/97.0/95.296.4/97.1/96.9| 98.8/96.7/98.5| 95.0/95.4/97 .2

Long Button
Power Inductor
Short Button
Thin Resistor
Type C

Wafer Resistor

83.8/75.8/79.4
65.1/66.3/76.9
75.5/67.0/76.1
90.1/87.8/76.2
89.3/81.9/82.7
84.0/83.4/71.6

98.2/97.8/98.5
85.1/86.9/95.6
95.2/95.1/98.1
97.0/97.5/98.1
96.8/97.0/98.1

95.3/94.7/97.4

85.5/83.9/93.1
67.1/62.9/87.4
75.2/74.2/92.8
89.2/88.6/95.5
84.0/83.7/93.3
80.9/83.5/95.1

96.0/96.5/98.0
81.5/82.3/94.5
95.4/94.8/98.9
97.2/96.0/97.6
97.3/95.6/96.8
94.0/95.6/96.2

92.1/92.5/95.8
81.1/80.7/93.7
87.9/87.4/96.9
95.0/95.6/98.0
92.6/92.8/97.7
92.4/93.0/95.3

95.4/97.3/98.5
87.9/88.7/94.7
96.2/95.5/99.2
08.3/94.8/96.9
97.1/97.2/98.3

96.8/94.6/96.0

96.3/96.9/98.1
83.8/86.7/97.0
94.7/95.3/97.0
98.1/97.0/98.0
98.0/97.8/98.9
96.1/96.0/99.1

95.5/96.1/97.8
80.9/83.7/96.6
93.1/92.8/98.6
97.8/90.3/94.3
98.5/97.4/98.9
92.5/93.2/98.7

98.3/97.9/98.6
86.7/88.3/95.6
96.9/96.8/99.4
98.8/97.9/99.4
95.3/96.8/97.6
97.6/95.6/99.2

Maize 80.8/79.8/67.8| 83.1/82.4/87.3 |70.7/71.2/83.2|85.6/84.1/92.5|68.6/69.7/82.1|84.4/81.4/79.6|75.6/76.6/90.7|61.2/67.0/89.2|85.1/82.9/91.7
Paddy 67.3/66.8/79.7| 86.8/84.3/79.6 | 88.0/80.9/75.489.1/88.5/85.7 | 86.3/81.6/73.7|86.6/80.6/63.1|87.3/84.8/78.3|75.1/73.3/77.3 | 84.3/88.4/83.2
Soybean 78.8/83.0/68.2|91.8/94.4/93.2 | 84.6/84.6/85.8|88.7/91.1/92.2|81.4/86.2/88.2|90.7/89.7/85.4|87.5/90.9/92.3 | 65.4/77.8/90.0 |92.7/94.5/93.3
Wheat 61.0/67.7/82.0| 85.2/84.7/93.0 |80.1/76.9/91.5|86.1/86.9/94.6|85.6/86.2/94.4|86.0/82.7/89.0|86.4/85.8/93.5 | 78.7/84.7/94.1 | 86.9/87.6/96.4
Capsule 98.8/98.0/84.6| 97.4/96.9/87.5 195.7/91.9/79.8|98.9/98.1/93.3]96.5/96.8/84.7| 98.8/98.1/89.3|99.0/98.4/90.2 | 98.1/98.2/94.1 | 99.4/98.9/95.5
Coated Tablet  |98.6/97.6/99.0{ 99.6/99.3/99.7 |98.7/98.3/99.4199.2/98.9/99.8 | 98.1/97.4/99.7|99.7/99.5/99.8 | 98.2/98.6/99.7 | 98.3/98.8/98.9|97.4/97.1/99.7
Embossed Tablet |83.2/79.6/77.8| 96.0/95.9/97.7 | 86.5/87.2/89.9|95.3/96.1/97.690.0/88.9/92.3|95.3/94.7/93.5|96.7/96.6/98.5 | 95.6/95.0/98.3 |97.8/96.1/98.5
Lettered Tablet |77.2/73.1/68.3|94.9/94.3/97.5 |77.4/76.0/94.4|94.5/94.1/97.2(91.2/91.3/96.4|87.1/84.0/89.7|95.1/94.6/97.3 | 92.3/93.2/96.2|94.3/91.4/97.0
Oblong Tablet  |72.3/70.5/76.0|93.2/91.6/97.1|76.1/75.8/89.1|87.5/89.7/94.5|77.9/81.5/92.4|93.5/89.7/93.087.3/90.5/92.6 | 81.6/77.5/95.2 | 95.4/93.9/98.1
Pink Tablet 94.3/91.8/92.7|98.3/97.5/98.3 195.4/94.2/98.2|97.7/97.3/98.2|96.4/95.5/98.8 | 97.4/96.5/96.9|98.5/97.2/98.2 |99.0/98.5/98.0 | 98.8/98.3/99.4
Red Tablet 74.3/71.3/73.7| 82.6/85.1/85.0 | 77.5/75.5/69.5|77.1/80.6/82.9|77.5/79.8/71.2|80.0/81.4/66.4|79.1/82.4/84.1 | 74.9/77.6/83.6 | 87.3/89.6/89.7
White Tablet 88.9/88.9/82.4|98.5/95.7/97.8 |95.5/93.9/97.2|97.2/96.0/97.6|96.1/95.4/96.3|99.1/96.6/99.2 | 98.2/96.6/98.7|97.9/95.9/98.2 | 98.0/96.0/98 .4
Yellow Tablet  |93.8/92.7/94.5|98.1/97.0/97.1 |98.3/96.5/97.6|98.6/98.3/97.7|98.7/96.3/98.5|99.3/97.4/98.4 | 98.9/98.3/98.9 | 98.7/95.5/98.3 | 98.4/95.0/98.6
Button 92.8/94.5/96.8|91.0/93.8/98.5 192.9/88.5/99.4|88.7/92.5/95.2|76.7/86.8/93.2|93.9/96.0/99.4|90.1/93.8/99.5 | 89.1/82.6/92.3 | 93.9/96.8/99.6
Gear 87.7/81.6/76.3|96.8/96.2/98.4 |84.8/78.2/86.396.6/95.3/99.4 85.1/80.4/97.1|98.0/96.9/99.0|96.8/96.1/97.4|96.0/94.3/99.2|98.1/97.0/99.7
Nut 66.5/80.2/86.8|94.1/92.8/97.8 |92.7/89.6/97.6|93.0/87.5/96.4|84.2/88.4/97.9|82.1/80.4/94.4|91.0/94.0/99.0 |96.6/92.2/97.9 | 94.0/93.2/97.5
Nut Cap 75.0/65.3/55.7|93.8/89.8/97.6 |89.4/79.7/91.4|94.3/89.0/97.2 | 86.2/80.3/95.0|87.3/77.1/93.0|93.0/86.3/96.1 | 92.2/87.2/96.5 | 98.8/92.9/98.4
Red Washer 96.7/94.7/91.5| 96.9/95.0/98.4 |94.3/91.9/98.897.5/97.2/98.3|93.0/95.0/98.6|96.7/95.8/97.7|96.6/95.9/98.299.1/97.6/99.2 | 97.7/96.6/98.6
Round Button*  [82.2/82.4/85.2| 98.9/98.1/99.6 | 88.1/87.9/96.7|97.3/97.9/98.4 |89.9/93.0/92.8 |99.2/98.5/99.2 | 97.9/98.6/99.5 | 97.2/98.0/99.5 | 95.7/96.8/98.3
Screw 65.7/67.1/81.7|94.1/91.7/95.6 | 74.5/72.2/80.6|90.8/88.8/94.6|71.1/76.6/91.8|90.9/88.4/96.3 | 90.6/89.0/96.4 | 96.6/89.0/96.7 | 97.7/92.8/96.4
Square Button* |97.0/91.9/85.4|97.0/96.9/99.3 |92.2/90.3/97.9 |98.2/98.4/99.4|92.3/93.7/98.4|97.2/96.9/98.797.6/97.2/99.3|97.7/97.1/99.3|95.0/95.0/98.3
Terminal 82.2/77.3/70.7{96.5/95.9/97.4 | 77.0/73.7/90.7 | 93.6/94.0/96.1 | 84.1/84.5/96.5|96.7/95.0/98.5 | 94.0/92.8/97.2 | 97.1/98.2/98.9| 96.8/97.6/98.6
Wire Cap 93.3/87.9/88.4| 94.6/93.9/96.6 | 82.6/80.8/95.690.6/93.0/95.0 | 83.7/84.8/94.0| 96.6/95.4/98.3|91.0/91.1/98.5 | 88.5/92.9/98.3 | 95.1/94.2/98.7
Yellow Washer* |78.5/76.5/77.9|93.4/92.4/95.1 |89.6/85.7/90.4|92.1/91.2/95.5 |87.5/88.3/92.8 |92.8/91.1/94.0|93.3/95.1/95.396.9/91.7/95.2|97.1/96.1/96.5
Coffee Beans 65.1/60.4/62.3 | 85.3/80.9/89.6 167.3/61.5/70.3|74.9/75.5/89.5|74.8/72.3/84.5|83.6/80.9/88.4|64.4/62.1/85.5|67.7/64.3/84.4 | 88.9/86.8/91.5
Goji Berries 78.4/77.2/81.9|92.4/87.5/93.7 |77.7/75.1/88.6|89.0/85.0/91.2|87.8/83.7/93.5|86.4/79.7/87.7|89.2/84.3/93.1 |92.2/81.3/90.4 | 94.2/89.5/95.3
Pistachios 57.2/62.8/67.5|78.4/77.0/86.7 | 79.4/76.6/76.7|78.1/17.3/83.6|74.7/75.9/77.8|61.2/60.8/69.1|74.6/72.9/81.5|71.7/67.0/78.4| 79.8/78.3/88.1
Average |80.0/78.4/78.7] 93.4/92.8/95.5|84.5/82.3/90.4|92.4/92.2/95.4 |87.2/87.7/93.1|92.0/90.3/92.7|92.0/91.9/95.4 | 88.8/88.2/94.7| 94.5/93.9/96.8

Table 2: Comprehensive anomaly detection results with S-AUROC / V-AUROC / I-AUROC(%) metrics on MANTA. The best
and second-best results are mark in bold and underlined. ‘Round Button*’ denotes ‘Round Button Cap’, ‘Square Button*’
denotes ‘Square Button Cap’ and ‘Yellow Washer*’ denotes ‘Yellow Green Washer’.

10.38%/-7.47% reaching 84.22%1/83.56%/89.34%, high-
lighting its importance to implicitly align multi view
representation. Similarly, removing the FRM modules
from each decoder layer results in drops of -1.62%/-
0.89%/-0.99% on ReallAD dataset, with final scores of
93.22%1/90.82%/97.35%, and -0.90%/-0.68%/-0.98% on
MANTA dataset, with scores of 93.62%/93.26 %/95.83 %
indicating that FRM effectively refines the learned features
by explicitly enforcing consistency across views and reduc-
ing noise from the fusion process for better anomaly de-
tection. Fig. 4 presents the localization results from various
component ablation studies, showing that the proposed com-
ponents significantly enhance anomaly discrimination. More
visualizations are provided in the appendix.

Cross-view feature distribution analysis. As shown in
Fig. 5 in arxiv version (Chen et al. 2025a), before passing
through the MVAM module, features from different views
are more scattered in the feature space (processed via t-
SNE). After multi-stage alignment via MVAM, they form

Dataset | Method

S-AUROC (1) V-AUROC(1) P-AUROC (1)

w/o MVAM 86.52 83.24 91.25
ReallAD| w/o FRM 93.22 90.82 97.35
VSAD(Full) 94.84 91.71 98.34
w/o MVAM 84.22 83.56 89.34
MANTA | w/o FRM 93.62 93.26 95.83
VSAD(Full) 94.52 93.94 96.81

Table 3: Ablation study on the key components of VSAD
on the ReallAD and MANTA datasets. Performance is mea-
sured in Sample / View / Pixel-AUROC (%).

tighter clusters, which are further compacted by the FRM
module. This process reduces boundary noise and improves

Cross-view consistency.

Impact of different UNet decoder layer. To assess the im-
pact of different UNet decoder levels on our embedding-
based model, we conduct ablation studies using various
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Audiojack

Patchcore

CKAAD

Ours

Figure 3: Qualitative anomaly localization results on Re-
allAD Compared to baselines like PatchCore and CKAAD,
our method (VSAD) produces significantly more accurate
and fine-grained localization maps with fewer false posi-
tives, demonstrating its superior ability to handle viewpoint
variations and subtle defects.

View 1

View 2 View 3

View 4

View 5

Button Cap

GT

Ours(Full) w/o FRM w/o MVAM

Figure 4: Visualization of the effect of component ablations
on localization performance, shown on MANTA.

combinations of decoder layers on both datasets. As shown
in Table 4, using features from both the 3rd and 4th decoder
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Layers Used |
2 5 1 1S-AUROC(T) V-AUROC(T) P-AUROC(T)

432 1

v XX X 93.7 91.1 97.8
XX 94.8 91.7 98.3
vV OX 92.3 90.9 97.4
A4 89.4 86.9 95.5

Table 4: Impact of using features from different U-Net de-
coder layers on ReallAD performance (%). Using levels 4+3
provides the best overall performance.

R x R|S-AUROC(T) V-AUROC(1) P-AUROC(1)
1x1 91.52 91.03 95.21
2x2 94.32 93.67 96.15
3x3 94.52 93.94 96.81
4 x4 93.95 93.54 95.95

Table 5: Ablation study performance (%) of patch sampling
radius hyperparameter R on the MANTA benchmark.

blocks yields the best performance on ReallAD, with im-
provements of +1.16% (S-AUROC), +0.66% (V-AUROC),
and +0.58% (P-AUROC) over using only the 4th block.
High-level features provide rich semantic information, while
mid-level features add structural details that help improve
performance. In contrast, adding lower-level features from
the 2nd and 1st decoder blocks leads to performance drops,
likely due to the increased noise from multi-view variations.

Impact of hyperparamenters patch sampling radius. Ac-
cording to Table 5, an appropriate selection on hyperpara-
menters R greatly improves anomaly localization and detec-
tion for our method. When R x R = 9, the best performance
of the model is achieved. We consider that a small patch
sampling radius may lead to insufficient alignment between
multi view representations, while increasing the radius en-
hances robustness and improves detection accuracy. How-
ever, when R = 4, the model performance slightly decreases
due to noise from excessive sampling.

5 Conclusion

We introduced ViewSense-AD, a framework tackles a key
challenge in multi-view anomaly detection: distinguishing
true defects from geometric variations. By embedding a
homography-guided alignment module into a latent diffu-
sion model, VSAD progressively learns viewpoint-invariant
representations of object surfaces. Enhanced by a feature re-
finement module, this process achieves new state-of-the-art
results on the ReallAD and MANTA benchmarks. Our work
demonstrates that explicitly modeling cross-view geometric
consistency is a robust and effective path forward for real-
world industrial inspection.

Limitation and future work. Future work could replace
rigid homographies with learnable deformation fields for
non-rigid objects (e.g.,textiles) and learn alignment end-
to-end, eliminating pre-calibrated cameras and improving
adaptability in dynamic settings.
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