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Abstract

Industrial quality inspection plays a critical role in mod-
ern manufacturing by identifying defective products during
production. While single-modality approaches using either
3D point clouds or 2D RGB images suffer from informa-
tion incompleteness, multimodal anomaly detection offers
promise through the complementary fusion of crossmodal
data. However, existing methods face challenges in effec-
tively integrating unimodal results and improving discrimi-
native power. To address these limitations, we first reinter-
pret memory bank-based anomaly scores in single modali-
ties as isotropic Euclidean distances in local feature spaces.
Dynamically evolving from Euclidean metrics, we propose
a novel Geometry-Guided Score Fusion (G>SF) framework
that progressively learns an anisotropic local distance met-
ric as a unified score for the fusion task. Through a geomet-
ric encoding operator, a novel Local Scale Prediction Net-
work (LSPN) is proposed to predict direction-aware scal-
ing factors that characterize first-order local feature distri-
butions, thereby enhancing discrimination between normal
and anomalous patterns. Additionally, we develop special-
ized loss functions and score aggregation strategy from ge-
ometric priors to ensure both metric generalization and ef-
ficacy. Comprehensive evaluations on the MVTec-3D AD
and Eyecandies datasets demonstrate the state-of-the-art
detection performance of our method, and detailed abla-
tion analysis validates each component’s contribution. Our
code is available at https://github.com/ctaoaa/G2SF.

1. Introduction

Surface quality inspection is crucial in modern industries,
as defects like scratches, dents, or cracks can severely im-
pact product functionality and longevity, requiring auto-
mated and intelligent inspection systems for large-scale pro-
duction. Since defective products are always rare in real-
world scenarios, it has led to growing interest in unsuper-
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Figure 1. Two representative examples from the MVTec-3D AD
dataset [4], including the original RGB image, 3D point cloud,
and anomaly score maps from single modalities (image and point
cloud) and multimodal fusion (the proposed G?SF). Top: Foam
with a ‘cut’ anomaly, which is nearly invisible in the RGB image
due to its complex texture. Bottom: Cable gland with a ‘thread’
anomaly, which is insufficiently discriminative in the point cloud
as it only slightly alters the surface geometry.

vised anomaly detection [3, 4], which uses only nominal
(anomaly-free) samples for training, offering a practical so-
lution for a wide range of industrial applications.

In complex industrial scenarios, unimodal anomaly de-
tection methods often fail to comprehensively characterize
defects due to the limitations of single data sources [19].
For instance, while 3D point clouds provide rich geomet-
ric details, they lack texture and color information in RGB
images. By integrating these complementary modalities,
multimodal approaches achieve superior performance. Fig.
1 illustrates two representative extreme scenarios from the
MVTec-3D AD dataset [4], where anomalies are predomi-
nantly undetectable in one specific modality.

Feature-based anomaly detection approaches have
gained popularity due to their flexibility and strong per-
formance [17, 19, 27, 30, 32]. These methods model the
distributions of extracted features, obtained by either hand-
crafted descriptors or frozen networks, and assign feature-
wise anomaly scores. For example, the memory bank-based
methods, e.g., PatchCore [27], construct a memory bank
of representative prototypes from the whole training dataset
and define the anomaly score as the distance to the nearest
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Figure 2. Left: The anomaly score in memory bank-based meth-
ods, which is defined by the isotropic Euclidean distance to the
nearest memory prototype. Right: The anisotropic local distance
metric learned by G?SF, suppressing anomaly scores for normal
samples while amplifying the discrepancy for anomalies.

prototype in the memory bank.

Despite efforts in multimodal methods to learn inter-
modal representations or mining crossmodal relationships
[1, 11, 32], leveraging the valuable unimodal detection
results complementary to the above intermodal informa-
tion remains underexploited. Current strategies—such as
score addition [19], max selection [10], or One-Class Sup-
port Vector Machine (OCSVM) [32]—face a critical limita-
tion: unimodal anomaly scores frequently demonstrate in-
sufficient discriminative capacity in practical applications.
As visualized by Fig. 1, even normal regions in both
point cloud and image data exhibit unexpectedly elevated
anomaly scores. These unreliable unimodal assessments
consequently compromise the fusion performance. To ob-
tain more discriminative anomaly scores, feature adapta-
tion [26, 30] can be applied that adapts original features
into more compact representations beforehand, followed by
standard methods, e.g., PatchCore [27], to calculate final
anomaly scores. One limitation is that critical details of
original features essential for anomaly detection may be
over-confidently compromised during first-step adaptation.

This paper re-examines memory bank-based unimodal
approaches, revealing a fundamental geometric limitation
for their insufficient discriminative capacity: Existing meth-
ods compute anomaly scores via isotropic Euclidean dis-
tances in local feature spaces centered on memory proto-
types, as illustrated in Fig. 2, but critically ignore other
local geometric characteristics ( e.g., directional patterns)
essential for anomaly detection. To address this limita-
tion, we propose Geometry-Guided Score Fusion (G2SF) -
a framework that replaces isotropic distances with a learned
anisotropic local distance metric for multimodal anomaly
detection. Specifically, we introduce a Local Scale Predic-
tion Network (LSPN) that derives direction-aware scaling
factors to characterize local directional distributions of both
modalities in the joint feature space. Subsequently, we for-
mulate a fused metric combining these scales with original
Euclidean distances from two modalities to amplify nor-
mal/anomaly discrepancies, as shown in Fig. 2.

Despite the enhanced discriminative power, our G2SF

offers two other advantages: (i) Instead of learning a new
metric or anomaly detector from scratch, which are often
risky in high-dimensional feature spaces [14, 15], perhaps
increasing with multiple modalities involved, G?SF explic-
itly quantifies how unimodal anomaly scores and local ge-
ometric structures in feature spaces contribute to the final
metric. Consequently, it enables a progressive evolution
from the Euclidean metric to an anisotropic metric, miti-
gating overfitting and ensuring robust metric learning (see

Section 3.4). (ii) As a one-stage anomaly detector, G2SF

maintains complete modality-specific information through-

out the detection process (details are discussed in Section

3.3), in contrast to existing feature adaptation frameworks

[26, 30] aforementioned above.

The contributions of this paper are summarized as fol-
lows:

» We propose a systematic G2SF framework for industrial
multimodal anomaly detection by learning a unified dis-
criminative metric in high-dimensional feature space.

* We propose a novel metric deformation paradigm, evolv-
ing from isotropic Euclidean metric to an anisotropic one.
Specifically, throughout geometric encoding, we design a
new LSPN to predict direction-aware scaling factors, sub-
sequently formulating the final metric.

* We propose critical loss functions to maintain specific
geometric properties (e.g., metric consistency and cross-
modal correspondence) during metric learning and a
novel geometry-informed anomaly scoring strategy, en-
abling precise multimodal anomaly detection.

* Our method achieves state-of-the-art performance on the
MVTec 3D-AD and Eyecandies datasets, with particu-
larly notable superiority in the AUPRO@ 1% metric.

2. Literature Review

2.1. 2D Image Anomaly Detection

Unsupervised anomaly detection methodologies can be
broadly categorized into two paradigms: reconstruc-
tion-based approaches and feature-based techniques.
Reconstruction-based methods typically employ generative
architectures, e.g., transformers [25] and diffusion models
[33], to establish pixel-level reconstruction fidelity for
normal images. For inference, anomaly detection is
performed by calculating per-pixel discrepancies between
input images and their reconstructed counterparts.
Feature-based approaches, in contrast, circumvent pixel-
level comparisons by operating on informative handcraft or
deep features. The central challenge in this paradigm in-
volves effectively modeling the distribution of normal fea-
tures. Existing solutions adopt different modeling strate-
gies: PaDiM [12] represents features as multivariate Gaus-
sian distributions across spatial positions, while CFlow-AD
[16] employs conditional normalizing flows to capture more
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complex probability distributions. PNI [2] further enhances
modeling by incorporating positional and neighborhood re-
lationships of features. A notable method is PatchCore [27],
which constructs a memory bank of representative normal
features through coreset sampling. Owing to its robust-
ness and adaptability, PatchCore has become a foundational
method applicable to both 3D [19], multimodal [19, 30, 32],
and noisy scenarios [20].

2.2. Multimodal 2D/3D Anomaly Detection

The pioneering MVTec-3D AD dataset [4] benchmarks this
task with various generative networks. For real-time re-
quirements, Easy-Net [9] designs a multi-scale multimodal
autoencoder. Feature-based methods prevail in this do-
main. CEFM [11] establishes explicit one-to-one feature
mappings to model crossmodal relationships, while 2M3DF
[1] extends this by learning intermodal features via multi-
view RGB image generation. Similarly, M3DM [32] in-
corporates mutual information for feature fusion. On the
other hand, unimodal anomaly scores-containing essential
modality-specific information-also demand dedicated fu-
sion strategies. BTF [19] concatenates 2D/3D features with
PatchCore [27], equivalent to linear score fusion. Based on
the signed distance function (SDF) for 3D patch represen-
tation, Shape-Guided [10] establishes SDF-guided memory
banks for fine-grained detection on image modality but re-
lies on simplistic maximum value between image and SDF
scores. M3DM [32] employs one-class SVM for data-
driven score fusion of the original and fused features. How-
ever, the inherent limitations in the discriminative power of
unimodal anomaly scores remain unaddressed. Toward this
deficiency, LSFA [30] proposes a crossmodal feature adap-
tation paradigm that learns task-oriented features but risks
overlooking the critical details of original features through
adaptation. Finally, at data-level, DAUP [23] attributes the
issue of indiscriminative point cloud scores to the irregular
point density and tackles it by resampling point clouds.
Our G?SF introduces two core advances over these exist-
ing approaches: (i) We learn a unified discriminative met-
ric, eliminating suboptimal aggregation from unreliable uni-
modal anomaly scores; (ii)) We introduce a dynamic metric
deformation paradigm through isotropic-to-anisotropic evo-
lution, preserving original modality-specific details while
enabling precise discrimination in high-dimensional space.

3. Methodology

Our G2SF aims to learn a unified anisotropic local dis-
tance metric for multimodal anomaly detection. The overall
pipeline is illustrated in Fig. 3.

3.1. Feature Extraction

Our framework accepts a pair of 3D point cloud and RGB
image as input. Specifically, we employ two frozen neural

networks (Fp and Fg) to extract corresponding features fiP
(point cloud) and fiR (image) at location ¢. Following exist-
ing methods [11, 30, 32], we adopt two vision transform-
ers, DINO [7] for images and Point-MAE [24] for point
clouds, considering their powerful representational capac-
ity. £/’ and £/ have high dimensions, i.e., 1152 and 768,
respectively.

3.2. Prototype Retrieval from Memory Bank

Our G2SF builds on the memory bank-based methods for
unimodal anomaly detection. For each modality m € P, R,
we construct a memory bank M™ that collects prototypi-
cal features from the entire training dataset following Patch-
Core [27]. Subsequently, for a feature ", we can retrieve
its 2k + 1 nearest neighbors {m"; }2 from M™. Crit-
ically, the Euclidean distance between fm and the nearest

m;j is typically defined as the anomaly score s}, in these
memory bank-based methods [32].

3.3. Geometric Feature Encoding

The main issue that limits the discriminative capability of
sip in Section 3.2 is its isotropic nature, which ignores other
critical characteristics valuable for anomaly detection. Nev-
ertheless, local directional consistency can act as an auxil-
iary property to quantitatively evaluate the normality of tar-
get samples: Features aligned with the principal directions
of normal samples within the local feature spaces are ex-
pected to demonstrate a higher degree of normality.
Therefore, a geometric encoding operator £(-) that nat-
urally characterizes the first-order local distribution within
the local manifold centered at m ; can be defined as [36]:
(m”,dl’;, Z”J) & %(fim), 0
= (f" —m7y)/s;

'S - ||fm —m;" 1,7 0,5

il d
where s;"; represents the Euclidean distance and d;; de-
notes the directional vector. Moreover, Eq. (1) is a seamless
encoding of /. This property enables the preservation of
complete details for the subsequent learning process, avoid-
ing comprising valuable information in feature adaptation
frameworks [26, 30].

3.4. Anisotropic Local Distance Metric

Based on Eq. (1) we aim to learn a unified met-
ric [(f7, £, m[”;, mf%;) for multimodal anomaly detec-
t10n that outperforms the Euclidean distances s!; ; and
i7 ;- While existing local metric learning methods [31, 35]
use instance-dependent Mahalanobis distances, they are
computationally expensive and unsuitable for our high-
dimensional joint feature space (1920 dimensions). From
the perspective of spectral analysis, Mahalanobis distances
determine the scaling factors along principle directions.
Mimicking this desired property, we propose the LSPN that

20553



Input Feature Extraction Prototype Retrieval Encoding Anisotropic Metric Calculation Anomaly Scoring

- B O O LSPN Discrimination 1 (For Inference)

d iscrimination loss
3 g A PC memory bank M, O O L. +al
E . = PomemestmMe 1 00, i, o+ CLr
_g Y E e 7. OO @ Anomaly
g S £7 ml . m%, oo l ’ g score map
kel z ﬁ Prototypes & o0 lio Eb

§ Feature map > Directions wr [ ..... ] Can ‘9:8 —

)

: = = @nan o
o .
éo 'L;‘ £ L g mt i A A Comhma@ Geometry- r};%
P > Fr _f: A ’ A preserved loss Geon?etrlc

J rior
2 < : RGB memory bank M 5, s & BLews + VL e+ Lo crma P
om e
]

Figure 3. Overall pipeline of the proposed G?SF. During training, our model takes a pair of 3D point clouds and RGB images as inputs.
The anomaly synthesis module (Section 3.7) then injects synthetic anomalies into both modalities. Next, the nearest memory prototypes
{m]’;, m[%;} are retrieved from the 3D/2D memory banksM p/M g (Section 3.2). In Section 3.3, the features f;” /£, are transformed into
geometrically meaningful encodings, represented as triplets: (prototypes m;";, directions dj’;, distances s ) (m € {P R}). The LSPN
® learns direction-aware scaling factors w;"; from (ml i dr; T m? i drf ), which are combined with the distances s;"; and global scaling
factors ™ to compute the anisotropic local distance metric values {l;, j} as detailed in Section 3.4. The learning process is supervised
by two loss functions: the discrimination loss (Lsep + @Lmar, Section 3.5.1) and the geometry-preserved loss (6Lcns + YLse + Lemas
Section 3.5.2). Finally, during inference, a score aggregation strategy is applied, leveraging geometric priors for anomaly scoring, as

described in Section 3.6.

leverages a neural network for computational efficiency and

implicitly captures shared information across local spaces.
Specifically, LSPN predicts direction-aware scaling fac-

tors w]"; via a simple Multilayer Perceptron ®(-) (MLP) as:

@56 B9

Linear >
CRelU D
Drop out
Linear

p
S
£ &
I™ v

P R P P R
[wi,j’ wid'] = (II'(IIIZ ],ml Iz dl Nt d ) 2 D Concatenation

(1920) (512,128) (128)

Furthermore, the anisotropic metric [(-) is defined in terms

of these scaling factors as: Figure 4. The architecture of LSPN. Each block contains a linear

layer, ReLU activation, and dropout. The final layer activation is

a exp(tanh (+)) function that is symmetrical to one and serves as
li,] l(fP fR mP m Z W g™ g™ (3) p( ()) y

.37 0,5%,57 scale suppression/amplification.
me{P,R}
. . . . : -1 1
where o™ is a trainable global scaling factor that describes exp(tanh (-)) at the final layer, ensuring w"; € [e™", e’].
the influence of modality m. Eq. (3) demonstrates that This constrains the scaling factors to be symmetric around
I(+) incorporates structural priors from unimodal anomaly the Euclidean baseline (w;"; = 1). To enhance the discrim-
detection, where s, explicitly represents the unimodal inative power of [(-), we aim to reduce scales (w]”; < 1)
anomaly score. When initializing ¢ with w;"; ~ 1, the met- for normal samples, while increasing scales (w;”; > 1) for
ric [(+) originates as a Euclidean measure in the joint feature anomalous samples.

space. Although this baseline configuration is marginally
effective in unimodal scenarios, it progressively evolves
into an anisotropic metric during training under the regular-

3.5. Loss Functions

ization of s;";. This unique property prevents overfitting that To ensure stable training, we employ synthetic anomaly in-
would occur when learning a metric entirely from scratch jection in Section 3.7. We denote the label y; € {0,1}
[14, 15]. Furthermore, the supplementary material tracks for (sz ; sz)7 where y; = 1 denotes synthetic anomalies.
model performance throughout different training epochs, Additionally, we denote (-); as max(-,0). We deploy
revealing that G2SF attains competitive performance within the discrimination losses (Lsep, Limar) in Section 3.5.1 to
remarkably few training epochs that benefit from the above ensure the learned [(-) capable of discriminating normal
design. (y; = 0) and anomalous (y; = 1) samples. Furthermore, the
The architecture of (b() is illustrated in Flg 4, which geometry_preserved losses (‘ccnm Esc, Lema) are proposed
consists of two parallel branches that independently con- in Section 3.5.2 to ensure effective metric learning by incor-
catenate and encode the prototypes (mfpj , mR ) and direc- porating desired geometric properties related to metric con-
tions (df’ J,dR ). w;"; is obtained through an activation sistency, local scaling factors, and crossmodal alignments.

20554



3.5.1. Discrimination Loss

We prioritize [; ( to inherit its discriminative capability w.r.t.
the nearest prototype m;j',.

Separation Loss: The basic separation loss Lgep is to min-
imize [; o for normal samples while simultaneously maxi-
mizing them for anomalous instances, following the semi-
supervised anomaly detection approach [29]:

Loep =Y (1=y)lio+villig —mg")s, 4
i
where mg prevents excessively large anomaly scores.
Margin Loss: The distribution overlap between normal and

anomalous samples is also crucial for anomaly detection
[6], which is considered by the margin loss L4, as:

1
Lomar = . Z (1 —wi)(lio —mi)++ yilmu —lio)+ ,

Overlap of Normal Part

Overlap of Anomalous Part

©)
where m; = min;|,,— l; 0 is the lower bound of /; o for
anomalous samples and m,, = max;|,,—g l;,0 is the upper
bound for normal samples.

3.5.2. Geometry-Preserved Loss

Since learning a robust and generalizable [(-) in the high-

dimensional space for anomaly detection is challenging, de-

spite the architecture design in Section 3.4, we aim to ex-
ploit the desired geometric properties of {(-) that benefit our
task.

Consistency Loss: Since Egs. (4) and (5) focus on the dis-

criminative power of [; o, we exploit the geometric consis-

tency of /; ; across different local spaces around m;";, in-
cluding the following two properties:

e Proximal consistency: l(-) is continuous across neighbor-
hood. For adjacent local spaces, i.e., 1 < j < K, [;; is
upper bounded by 7; ;l; o for ; ; > 1. It means that the
partial gradient of I(-) w.r.t. (m};, mf%,) is limited.

e Distal separation: For sufficiently large Euclidean dis-
tances, [(-) should maintain correspondingly significant
values. We mandate /; ; in distant local spaces indexed by
k+1 < j < 2k lower-bounded by [; o. This constraint
prevents metric collapse in high-dimensional spaces to
avoid incredible values.

Accordingly, we formulate the consistency loss L., as:

Lens = %Z o Wy —miglio)++ Y (o —lig)+

i 1<j<k k+1<j<2k

Proximal Consistency Distal Separation

(6)

Despite the spatial regularization, L., also effectively in-
creases sample diversity within each local space through
multi-prototype observations as data augmentation.

Scaling Loss: Despite [(-), we aim to encourage w;’, to
encode local directional distributions explicitly, that is, sup-
press/amplify for normal/anomalous samples. To achieve

this, we propose an asymmetric scaling loss:

L= > (=g)@lh=Ds+y(e —wlh). D

i me{P,R}

L. asymmetrically compresses scaling factors of normal
samples while confining those of synthetic anomalies near
the upper limit e'. This design addresses the more pro-
nounced deviations of synthetic anomalies than real-world
ones, imposing more penalties on them.
Crossmodal Alignment Loss: Currently, both prototypes
and directions are naively concatenated as input to LSPN
(Sec. 3.4), ignoring their crossmodal correspondence. To
resolve this, we propose a simple strategy by disentangling
this property.

Specifically, by permuting indices {i} — {i}, we can
construct two kinds of negative samples:

(mfo, mfo, dfo,dfo), (mfo, mfo,dfo, dfo). 8)
The former breaks holistic prototype coherence. In contrast,
the latter focuses on capturing discordant directions while
maintaining prototype consistency at a local structural gran-
ularity.

During training, we construct the above two kinds with
equal probability. Denote @}, (m € {P, R}) as their asso-
ciated scaling factors, we define the crossmodal alignment

loss as:
[fcma = Z Z (el - "I)TO)’ (9)
i me{P,R}

which enforces large scales similar to synthetic anomalous
samples in Eq. (7).

3.5.3. Overall Loss

Finally, the overall loss £ of our G2SF framework combines
all terms as:

L= ‘Csep + aﬁmar + B‘Ccns + ’yﬂsc + /"Lﬂcma7 (10)

Discrimination Loss Geometry-Preserved Loss

where «, 3, v, and p are hyper-parameters balancing the
loss components.

3.6. Geometry-Informed Anomaly Scoring

During inference, G?SF computes the anomaly score s;
for each multimodal feature pair (f7, f/*). Concretely, by
propagating features through the geometric encoding oper-
ator and LSPN, we obtain the anisotropic metrics {l; ; }¥_,
across k + 1 nearest local spaces, adhering to the proximal
consistency constraint in Eq. (6). We apply a min operator
to aggregate {/; ; }?ZO to define s;:

s; = min{l; 5|7 = 0,1,...,k}. (11)
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Method Bagel (C;ll:rlzz Carrot  Cookie Dowel Foam  Peach Potato Rope Tire Mean
DepthGAN[4] 0.538 0.372 0.580 0.603 0.430 0.534 0.642 0.601 0.443 0.577 | 0.532

Voxel GAN[4] 0.680 0.324 0.565 0.399 0497 0482 0566 0579 0.601 0482 | 0.517
BTF[19] 0918 0.748 0.967 0.883 0.932 0.582 0.896 0912 0921 0.886 | 0.865

8 EasyNet[9] 0991 0998 0918 0.968 0945 0945 0905 0.807 0.994 0.793 | 0.926
1~ AST[28] 0983 0.873 0976 0971 0932 0885 0974 0981 1.000 0.797 | 0.937
3 M3DM [32] 0.994 0909 0972 0976 0960 0942 0973 0.899 0.972 0.850 | 0.945
= | Shape-guided [10] | 0.986 0.894 0.983 0.991 0976 0.857 0.990 0.965 0.960 0.869 | 0.947
CFM [11] 0994 0.888 0.984 0.993 0.980 0.888 0941 0943 0.980 0.953 | 0.954

2M3DF [1] 0992 0969 0.988 0985 0981 0947 0979 0942 0976 0.898 | 0.966

LSFA [30] 1.000 0939 0982 0989 0961 0.951 0983 0.962 0989 0.951 | 0.971

DAUP [23] 0996 0.889 0.996 0.998 0.977 0939 0983 0986 0.979 0.960 | 0.970

Ours 0.997 0923 0993 0967 0966 0.991 0.994 0.988 0.966 0.922 | 0.971
DepthGAN[4] 0421 0422 0.778 0.696 0.494 0.252 0.285 0362 0402 0.631 | 0.474

Voxel GAN[4] 0.664 0.620 0.766 0.740 0.783 0332 0.582 0.790 0.633 0.483 | 0.639

. BTF[19] 0976 0969 0.979 0973 0933 0.888 0975 0981 0950 0971 | 0.959
g AST[28] 0.970 0.947 0981 0939 0913 0906 0979 0.982 0.889 0.940 | 0.944
@ M3DM [32] 0970 0971 0979 0950 0941 0932 0977 0971 0971 0975 | 0.964
© | Shape-guided [10] | 0.981 0973 0.982 0971 0962 0978 0981 0983 0974 0975 | 0.976
E CFM [11] 0979 0972 0.982 0.945 0950 0968 0980 0982 0975 0981 | 0.971
3 2M3DF [1] 0986 0.983 0.987 0.984 0.968 0949 0986 0971 0988 0.954 | 0.975
LSFA [30] 0986 0974 0981 0946 0925 0941 0983 0983 0974 0.983 | 0.968

DAUP [23] 0976 0977 0980 0.960 0.924 0966 0981 0978 0.972 0.980 | 0.969

Ours 0.982 0.977 0982 0979 0971 0976 0982 0.983 0.978 0.981 | 0.979

Table 1. - AUROC and AUPRO@30% results on MVTec-3D AD. Best results in bold, runner-ups underlined.

This definition stems from a geometric prior. Specifically,
memory bank-based methods calculate anomaly scores us-
ing Euclidean distances to their memory banks (Section
3.2), whereas our formulation in Eq. (11) reformulates
this as distance measurement to the normal data manifold
through the anisotropic metrics (). We will compare Eq.
(11) with several alternatives in Section 4.3.

Finally, the sample-level anomaly score is obtained by
taking the maximum s; across all feature pairs extracted
from a test sample. Following [11, 30, 32], we apply bi-
linear interpolation and a Gaussian kernel with size 4 to
upsample and smooth the score map, ensuring resolution
alignment with input dimensions.

3.7. Anomaly Synthesis

Our anomaly synthesis procedure operates following Cut-
Paste approaches [9, 22, 34]: First, we generate Berlin
noise maps, which are binarized into mask maps to select
paste locations. Based on these masks, we then cut cor-
responding regions from source (normal) 3D point clouds
and RGB images from the training dataset. The source
point clouds can be other classes or more general 3D mod-
els. Subsequently, we apply random augmentations to cor-
rupt the regions - specifically implementing pixel modifi-
cations for source images [34], e.g., distortion, brightness,
and sharpness changes, while executing random translations
for source point clouds. The corrupted regions are finally
pasted onto target data. Examples of synthetic anomalous
samples are provided in the supplementary material.

Image PC

Figure 5. Qualitative comparison on MVTec-3D AD [4]: Visual-
ized results include original RGB images with aligned 3D point
clouds (PC) and ground truths (GT), alongside anomaly detection
outputs from unimodal methods (PatchCore [27] for image/point
cloud) and multimodal benchmarks (M3DM [32], CEM [11])),
compared against our proposed G>SF framework.

4. Experiment

4.1. Experimental Details

Dataset: Experiments are conducted on the MVTec-3D
AD [4] and Eyecandies[5] datasets. MVTec-3D AD con-
tains 10 industrial categories (210-361 train, 69-132 test per
class), while Eyecandies provides 10 synthetic food items
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I- P-
Method — \ioc  AUROC oo e

BTF [19] 0.865 0.992 0.959 0.383

AST [28] 0.937 0.976 0.944 0.398

95 M3DM [32] 0.945 0.992 0.964 0.394

g Shape. [11] 0.947 0.996 0.976 0.456

¢ CFEM [11] 0.954 0.993 0.971 0.455
; 2M3DF [1] 0.966 - 0.975 -
s LSFA [30] 0.971 0.993 0.968 -
DUAP [23] 0.970 - 0.969 -

Ours 0.971 0.997 0.979 0.468

AST [28] 0.780 0.902 0.744 0.149

$ | M3DM [32] 0.882 0.977 0.887 0.331

2 CEM [11] 0.881 0.973 0.887 0.335
§ | 2M3DF[I] 0897 - 0.890 -
& | LSFA[30] - 0.974 - -

Ours 0.902 0.982 0.898 0.357

Table 2. Mean metrics for all categories on both datasets.
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Figure 6. Pixel-wise anomaly score distributions in Bagel, Cable
gland, Foam, and Rope categories, where the horizontal axis is
normalized score (0-1) with vertical axis as the probabilistic den-
sity. Green/Brown distributions represent normal/anomalous re-
gions respectively. Compared with CFM [11] (top), our method
(bottom) achieves significant distribution compression in normal
regions while maintaining anomaly discrimination.

(1k train, 400 test per class). Each sample provides aligned
RGB images and 3D point clouds, enabling pixel-wise cor-
respondence between color and spatial coordinates.

Evaluation Metrics: We assess the image-level anomaly
detection performance by the Area Under the Receiver
Operator Curve (I-AUROC). For evaluating the pixel-
wise anomaly segmentation, we adopt the pixel-level AU-
ROC (P-AUROC) and the Area Under the Per-Region
Overlap (AUPRO) at 30% integration limits (denoted as
AUPRO@30%), the same as existing methods [10, 11, 19,
32]. To better demonstrate the advantages of our method
in practical industrial scenarios with lower false positive
rates, we also adopted the AUPRO@ 1% metric (additional
AUPRO@5% and AUPRO10% in the supplementary mate-
rial) used in recent studies [10, 11].

Implementation: We follow a similar procedure of M3DM
[32] for feature extraction and preprocessing of the dataset.
For L.,s, we set k = 5 and g = 1.2. We train our G2SF
with the Adam optimizer [21] with 80 epochs on Linux
Nvidia RTX 4090. More details are provided in the sup-
plementary material.

PC GT Image PC Image Scale PC Scale Final

Figure 7. Qualitative result on MVTec-3D AD: Original RGB im-
ages, 3D point clouds (PC), ground truth (GT), and score maps of
sE (Image), sF (PO), wfo (Image Scale), wfo (PC Scale), and s;
(Final), from left to right. The scaling factors (wfo, wf o) exhibit
false positives in certain normal regions, whereas the final score s;
effectively suppresses these errors through incorporating distance
information from s and s!.

Score -AUROC _ P-AUROC _ AUPRO@30% _ AUPRO@1%

ST 0.849 0.988 0.947 0363

sP 0.854 0.975 0915 0.319
wh 0916 0.948 0916 0.439
why 0915 0.984 0.958 0.443

si 0.971 0.997 0.979 0.468

Table 3. Analysis of various score metrics on MVTec-3D AD.

4.2. Comparison on Multimodal Benchmarks

We illustrate the results of I-AUROC and AUPRO@30%
on MVTec 3D-AD in Table 4, while those of AUPRO@ 1%
and P-AUROC are presented in Table 2. Specifically,
for anomaly detection, the proposed G2SF achieves the
highest I-AUROC value of 97.1%. Although LSFA [30]
matches G2SF in terms of I-AUROC, its AUPRO@30%
result for anomaly segmentation is 96.8%, which is lower
than G2SF’s 97.9%. Regarding anomaly segmentation,
our G2SF outperforms all competitors in three pixel met-
rics with a +1.2% AUPRO@1% advantage over Shape-
guided [10]. Notably, for AUPRO@30% value, although
Shape-guided is close to G?SF, its [-AUROC of 94.7%
is significantly lower than G?SF’s 97.1%. Overall, G?SF
achieves the best performance in both anomaly detection
and anomaly segmentation tasks. This performance gain
stems from our purpose of learning a discriminative local
distance metric. As demonstrated by the qualitative results
visualized in Fig. 5, G2SF effectively suppresses overesti-
mated scores in normal regions compared to M3DM [32]
and CFM [11], while producing sharper anomaly bound-
aries. To provide a comprehensive visualization, Fig. 6
illustrates pixel-wise anomaly score distributions in four
categories, demonstrating that anomaly scores of normal
regions in G2SF shrinkage significantly within a narrow
range. This property effectively reduces false positives,
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Components Stepwise Combinations
Lsep in Eq. (4) v v v v v
Lens in Eq. (6) X v v v v
Lomar in Eq. (5) X X v v v
Lsc in Eq. (7) X X X v v
Lema in Eq. (9) X X X X v
I-AUROC 0.868 | 0.950 | 0.950 | 0.961 | 0.971
P-AUROC 0.994 | 0.995 | 0.996 | 0.997 | 0.997
AUPRO@30% 0.967 | 0.972 | 0.975 | 0.978 | 0.979

Table 4. Ablation results of individual loss components within
G?SF on MVTec-3D AD dataset.

Strategyl-AUROC  P-AUROC AUPRO@30% AUPRO@1%
lio 0.963 0.997 0.977 0.461
max 0.953 0.986 0.960 0.453
mean 0.972 0.983 0.955 0.458
min 0.971 0.997 0.979 0.468

Table 5. Investigation on different score aggregation strategies on
MVTec 3D-AD dataset.

leading to more substantial gains in AUPRO@1% (Table
2). In addition, the results on Eyecandies in Table 2 show-
case the best performance of our G2SF over all metrics, par-
ticularly with +2.2% AUPRO@ 1% over CFM [19]. More
details are provided in the supplementary material.

4.3. Analysis

Effectiveness of Final Score s,: Table 3 compares key
score metrics for anomaly detection: unimodal scores s;"
(m € {P, R}) (Euclidean distances, see Section 3.2), scal-
ing factors w;’, from LSPN in Eq. (2), and our fused
score s; in Eq. (11). As evidenced in Table 3, unimodal
anomaly scores s;" demonstrate suboptimal performance.
This limitation stems from the inherent information incom-
pleteness of individual modalities. Our fused score s; over-
comes these constraints through crossmodal complemen-
tarity, achieving significant improvements over unimodal
baselines. These quantitative gains are also supported by
Figs. 5 and 7.

While w]', characterizes the local directions of normal
features within local spaces (Section 3.4), its exclusion of
the valuable distances, i.e., s}, leads to critical limitations.
Specifically, proximity to memory prototypes (s;* — 0) in-
herently indicates normality regardless of directional devia-
tions, which is a prior ignored by w;",. As evidenced in Fig.
7, the score maps obtained by w;’, exhibit noticeable false
positives. Using s; in our G2SF mitigates this issue, which
benefits from sufficiently leveraging complementary direc-
tional and distance information. The comprehensive results
are provided in the supplementary material.

Ablation of Loss Components: Table 4 systematically
evaluates the contribution of each loss component through
stepwise removal. Using the separation loss L., as the

Method AST [28] M3DM [32] CFM[11] Ours
Frame Rate 4.97 2.12 21.8 6.04

Table 6. Frame rate comparison on MVTec 3D-AD dataset.

baseline for the metric learning, the addition of the con-
sistency loss L., drives an 8.2% I-AUROC improvement,
surpassing M3DM [32] across all metrics and achieving
parity with CFM [11]. The margin loss L, specifically
improves pixel-wise localization (AUPRO@30% +0.3%),
while the scaling loss L. and cross-modal alignment loss
Lema further enhances image-level detection (I-AUROC
+1.1/1.0%). These synergistic effects collectively establish
G?2SF’s state-of-the-art performance, validating the neces-
sity of all proposed loss components.

Investigation of Score Aggregation Strategy: Section 3.6
employs a min operator in Eq. (11) to aggregate metrics
{l;,;} from adjacent local spaces. We systematically eval-
uate three alternatives in Table 5: (1) single-space base-
line /;p. (2) max operator. (3) mean operator. The
min-based strategy achieves superior overall performance
(+0.8%/0.7% 1I-AUROC/AUPRO@1% vs l; ), validating
the necessity of multi-space consensus. While max and
mean operators incorporate adjacent local spaces, they in-
discriminately weight less discriminative /; ; from distant
regions, compromising detection precision. The min op-
erator in Eq. (11) prioritizes the most representative local
metric through a proper geometric prior as discussed in Sec-
tion 3.6. The results of all categries of MVTec-3D AD are
summarized in the supplementary material.
Computational Time: Table 6 shows that G2SF detects
6.04 samples per second, sufficient for general industrial re-
quirements.

Analyses of Memory Prototypes and Global Scaling Fac-
tors o,,: Supplementary material provides the sensitivity
study about the number of memory prototypes, demonstrat-
ing relatively stable performance. Additionally, the investi-
gation on the role of o, is included, showing the necessity
of learning optimal o, instead of fixed ones.

5. Conclusion

In this paper, we propose G2SF for multimodal anomaly
detection, which learns a unified anisotropic local distance
metric to replace the indiscriminative isotropic Euclidean
metrics. This metric is formulated by the direction-aware
scaling factors predicted by LSPN and original Euclidean
distances in individual modalities. We propose new loss
functions to enable robust metric learning, serving for dis-
crimination or geometric property maintenance. A geo-
metric prior-induced anomaly scoring strategy is proposed
to enhance anomaly detection and segmentation. Exten-
sive experimental results show our state-of-art performance
compared to existing competitive methods.
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