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Abstract

Deep learning-based 3D anomaly detection methods have
demonstrated significant potential in industrial manufactur-
ing. However, many approaches are specifically designed for
anomaly detection tasks, which limits their generalizability
to other 3D tasks. In contrast, self-supervised point cloud
models aim for general representation learning, yet our in-
vestigation reveals that these classical models are suboptimal
at anomaly detection under the unified fine-tuning paradigm.
This motivates us to develop a more generalizable 3D model
that can effectively detect anomalies without relying on task-
specific designs. Interestingly, we find that using only the cur-
vature of each point as its anomaly score already outperforms
several classical self-supervised and dedicated anomaly de-
tection models, highlighting the critical role of curvature in
3D anomaly detection. In this paper, we propose a Curvature-
Augmented Self-supervised Learning (CASL) framework
based on a reconstruction paradigm. Built upon the classi-
cal U-Net architecture, our approach introduces multi-scale
curvature prompts to guide the decoder in predicting the co-
ordinates of each point. Without relying on any dedicated
anomaly detection mechanisms, it achieves leading detection
performance through straightforward anomaly classification
fine-tuning. Moreover, the learned representations generalize
well to standard 3D understanding tasks such as point cloud
classification.

Code — https://github.com/zyh16143998882/CASL

Extended version —
https://www.arxiv.org/abs/2511.12909

Introduction

Deep learning-based anomaly detection algorithms (Pang
et al. 2021; Zamanzadeh Darban et al. 2024; Bergmann et al.
2019; Xie et al. 2024) have played a significant role in in-
dustrial manufacturing due to their efficiency in quality con-
trol. Early research (Bergmann et al. 2018, 2020; Roth et al.
2022) primarily focused on the 2D domain and achieved no-
table progress. More recently, 3D point cloud anomaly de-
tection (Liu et al. 2023; Li et al. 2024; Zhu et al. 2024) has
emerged as a prominent research direction, as its ability to
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Figure 1: Anomaly detection performance of different meth-
ods on the Real3D-AD dataset. Blue markers represent task-
specific anomaly detection methods, while green markers
correspond to classical self-supervised models fine-tuned
under the “pre-training and fine-tuning” paradigm. Red
markers are our methods.

capture more comprehensive spatial structures leads to sig-
nificantly improved detection performance compared to tra-
ditional 2D approaches.

Existing 3D anomaly detection methods can be broadly
categorized into feature-matching-based methods (Roth
et al. 2022; Liu et al. 2023; Zhu et al. 2024) and
reconstruction-based methods (Li et al. 2024; Zhou et al.
2024b). Feature-matching methods build a feature pool from
normal samples during training and identify anomalies at
inference by computing feature distances. Reconstruction-
based methods learn to reconstruct normal samples from
local point information during training and detect anoma-
lies by comparing the reconstructed data with the original
input. These methods are tailored specifically for anomaly
detection tasks. Despite achieving impressive detection per-
formance, their task-specific design inherently restricts their
generalizability to broader 3D understanding tasks.

In contrast, self-supervised representation learning on
point clouds (Pang et al. 2022; Zha et al. 2023b, 2025; Chen
et al. 2024) aims to learn general representations through
a unified “pre-training and fine-tuning” paradigm. For in-
stance, methods such as Point-MAE (Pang et al. 2022),



CrossPoint (Afham et al. 2022), and PointGPT (Chen et al.
2024) first pre-train models using self-supervised signals
and then transfer them to downstream tasks such as classi-
fication and segmentation via simple task-head-based fine-
tuning. This unified paradigm significantly enhances the
generalizability of the models. Although some previous 3D
anomaly detection methods (e.g., PatchCore (Roth et al.
2022), Reg3D-AD (Liu et al. 2023)) have employed pre-
trained point cloud models, they primarily rely on feature
matching mechanisms specifically designed for anomaly de-
tection, rather than adhering to the unified “pre-training and
fine-tuning” paradigm. Therefore, these methods offer lim-
ited evidence regarding the generalizability of pre-trained
models to anomaly detection tasks.

To this end, we begin by fine-tuning existing pre-trained
point cloud models using a simple pseudo-anomaly-based
classification task, aiming to assess their generalizability to
anomaly detection scenarios. As illustrated in Figure 1, our
experimental results show that these classical models exhibit
suboptimal performance when applied to anomaly detection
via this straightforward fine-tuning approach. We attribute
this suboptimal performance to the prevalent issue of geo-
metric shortcuts (Zha et al. 2024d; Zhang, Zhang, and Yan
2024) in existing classical self-supervised methods. These
approaches typically perform reconstruction directly from
the coordinate space to the coordinate space, resulting in a
complete overlap between the semantic and positional do-
mains. Consequently, the learned representations overly rely
on low-level spatial features, leading to fine-grained repre-
sentational collapse in anomaly detection.

Furthermore, we make an interesting observation: a non-
learning-based method that uses only the curvature of
each point as its anomaly score outperforms several clas-
sical self-supervised and task-specific anomaly detection
models, as shown in Figure 1. This finding underscores
the potential of curvature as a highly informative cue for
identifying structural irregularities. As an intrinsic geomet-
ric property parallel to the coordinate domain, curvature
can effectively alleviate the issue of geometric shortcuts
when used as the semantic representation in self-supervised
learning, offering a compelling alternative to traditional
coordinate-based semantics.

In this paper, we propose a curvature-augmented repre-
sentation learning framework grounded in a reconstruction
paradigm. Built upon the classical U-Net (Ronneberger, Fis-
cher, and Brox 2015) architecture, our method introduces
multi-scale curvature prompts to guide the decoder in pre-
dicting the spatial coordinates of each point. In contrast to
conventional reconstruction-based approaches, which typi-
cally mask a subset of coordinates and train the model to
recover their coordinates, our framework adopts a funda-
mentally different strategy: we mask out all point coordi-
nates and rely exclusively on curvature-based prompts to re-
construct the original coordinates. By embedding curvature,
a geometric cue that is highly sensitive to anomalies, into
the learning process, the model is encouraged to focus on
local surface variations and fine-grained structural details.
This design compels the network to learn rich geometric
representations solely from curvature information, thereby
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not only avoiding geometric shortcuts but also deepening
the understanding of 3D structural patterns. Remarkably,
without relying on any dedicated anomaly detection mech-
anisms, the proposed framework achieves leading perfor-
mance through simple classification-based fine-tuning, im-
proving the average Object-level AUROC (O-AUROC) by
5.6% on the Real3D-AD (Liu et al. 2023) dataset and 4.8%
on the Anomaly-ShapeNet (Li et al. 2024) dataset. Further-
more, the learned representations also exhibit strong gener-
alization ability across standard 3D understanding tasks.

Our main contributions are summarized as follows:

* We find that a non-learning method based solely
on point-wise curvature outperforms classical self-
supervised and several anomaly-specific approaches on
benchmark datasets, highlighting the importance of cur-
vature in 3D anomaly detection.

We develop a curvature-augmented representation learn-
ing framework (CASL) based on a reconstruction
paradigm. We introduce a full coordinate masking strat-
egy combined with multi-scale curvature prompts to
guide the prediction of original coordinates, effectively
avoiding geometric shortcuts and promoting a deeper un-
derstanding of 3D structural patterns.

Our model enables effective anomaly detection without
relying on any anomaly-specific detection mechanisms,
requiring only a simple pseudo-anomaly-based classi-
fication fine-tuning. It significantly outperforms exist-
ing methods on the Real3D-AD and Anomaly-ShapeNet
datasets, and demonstrates superior generalization across
other 3D understanding tasks.

Related Work
Point Cloud Self-supervised Learning

Self-supervised learning (SSL) methods for 3D point clouds
can be broadly categorized into discriminative and recon-
struction paradigms. Discriminative methods such as Point-
Contrast (Xie et al. 2020) and CrossPoint (Afham et al.
2022) learn representations by pulling together augmented
views of the same instance while pushing apart different in-
stances via contrastive loss. Reconstruction-based methods
(Yu et al. 2022; Pang et al. 2022; Xiong et al. 2023; Zha et al.
2024c; Chen et al. 2024) typically learn general-purpose 3D
representations by predicting the masked regions of a point
cloud from the unmasked ones, such as point-MAE (Pang
et al. 2022) and Point-FEMAE (Zha et al. 2024b) utilize au-
toencoders, whereas PointGPT (Chen et al. 2024) employs
autoregression. Some cross-modal work (Dong et al. 2023;
Qi et al. 2023; Zhang et al. 2023) enhance 3D represen-
tations by incorporating vision and language priors. Point-
MoDE (Zha et al. 2024a) is the first to propose complemen-
tary learning between the scene and object domains in 3D
space. These methods have achieved some progress across
classical 3D tasks. However, these methods commonly suf-
fer from geometric shortcut issues, leading to representa-
tional collapse in fine-grained anomaly detection.



3D Anomaly Detection

3D anomaly detection methods can be broadly classified into
feature-matching-based methods and reconstruction-based
methods. Feature-matching-based methods, such as Reg3D-
AD (Liu et al. 2023) and Group3AD (Zhu et al. 2024),
construct memory banks using features extracted from pre-
trained models, comparing test samples to detect devia-
tions. Some methods, including CPMF (Cao, Xu, and Shen
2024) and PointAD (Zhou et al. 2024a), utilize 2D pro-
jections and vision-language models for memory construc-
tion or zero-shot detection. Reconstruction-based methods,
on the other hand, aim to reconstruct normal point clouds
and identify anomalies through reconstruction error. IM-
RNet (Li et al. 2024) improves Point-MAE (Pang et al.
2022) with geometric-preserving operations, while R3D-
AD (Zhou et al. 2024b) employs diffusion-based recon-
struction for better localization. Shape-Guided (Chu et al.
2023) methods leverage dual memory banks from RGB and
3D features. Despite strong results, these methods are ex-
plicitly designed for anomaly detection. We explore a new
perspective by adapting self-supervised models to perform
anomaly detection under a unified “pre-training and fine-
tuning” paradigm, offering a more general and flexible so-
lution to 3D anomaly detection.

Methodology
Problem Definition for 3D Anomaly Detection

Given a training set T = {p; }£,, where each p; € RV*3 is
a 3D point cloud sampled from a normal object class ¢ € C,
and C denotes the set of all training classes. Here, M de-
notes the number of point clouds in the training set, and NV is
the number of points in each point cloud. Each training class
c is associated with a small number of clean samples, and
no anomalous instances are available during training. At test
time, given a query point cloud = from a target class c, the
objective is twofold: (1) Anomaly classification, which aims
to assign a binary label y € {0, 1}, where y = 1 indicates
that the point cloud x is anomalous, and (2) Anomaly lo-
calization, which involves predicting a point-level anomaly
score function ¢ : R® — RT, where ¢(x;)denotes the like-
lihood of each point x; € x being anomalous.

Curvature Computation for Point Clouds

Curvature is a fundamental geometric property in 3D space.
Following previous practices (Zhu et al. 2022; Zhang et al.
2024), we can directly compute the curvature of each point
from the spatial coordinates of the point cloud. Specifically,
we compute point-wise curvature by analyzing the local ge-
ometric structure using the covariance matrix of neighbor-
ing points. For each point z; € R*3 | we first retrieve its
k-nearest neighbors {z;}%_, and compute the centroid 77
of the neighborhood. The neighborhood is then centered by
subtracting the centroid from each neighbor, and a 3 x 3 co-
variance matrix is formed as:

k
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Figure 2: (a) Curvature heatmap of an anomalous point
cloud, where warmer colors indicate higher curvature. (b)
Spatial distribution of normal (green) and abnormal (red)
points.

We perform eigenvalue decomposition on C; to obtain the
ordered eigenvalues A} < A5 < A3, and define the curvature
at ; as:
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this normalized curvature metric captures the degree of vari-
ation in the local surface geometry and has been widely
adopted as a property for point cloud analysis tasks.

Curvature for 3D Anomaly Detection

Curvature reflects the variation of surfaces in 3D space, such
as concavities and convexities. We observe that anomalous
points on 3D surfaces are highly correlated with the magni-
tude of curvature. As shown in Figure 2, we present a com-
parison between the curvature heatmap (a) and the distribu-
tion of normal and abnormal points (b) within an anomalous
point cloud. It is clearly observable that the curvature at the
edges of abnormal regions is significantly higher than that
of the surrounding normal regions, indicating a certain re-
lationship between curvature and the anomaly status of the
point.

Furthermore, we make a interesting observation: by us-
ing the curvature of each point as its anomaly score, we
achieve significantly better anomaly detection performance
compared to several classical methods, despite this be-
ing a non-learning-based approach. As shown in Figure 1,
the curvature-based detection method achieves significantly
higher object-level AUROC and point-level AUROC on the
Real3D-AD dataset compared to self-supervised approaches
such as Point-BERT, Point-MAE, and PointGPT, as well as
task-specific anomaly detection methods including M3DM,
PatchCore, and Reg3D-AD. More quantitative results can be
found in Table 1 and Table 2. This finding highlights the
pivotal role of curvature as an intrinsic geometric property
for identifying anomalies in 3D data. It suggests that curva-
ture itself can serve as a highly informative cue for detecting
structural irregularities and should be explicitly incorporated
into 3D representation learning.
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Figure 3: The pipeline of our Curvature-Augmented Self-supervised Learning (CASL) framework. Our framework, built upon
the U-Net architecture, leverages multi-scale curvature prompts to guide the recovery of spatial coordinates for all masked

points from random initialization.

Curvature-Augmented Self-supervised Learning

The overall pipeline of our curvature-augmented self-
supervised learning framework is shown in Figure 3.

Motivation for Multi-Scale Curvature Prompts. In
point cloud reconstruction, the decoder is responsible for re-
building spatial coordinates from high-level latent features.
Providing explicit geometric priors to the decoder is crucial.
Traditional approaches typically utilize the coordinates of
unmasked points as geometric semantic priors to reconstruct
the masked ones. While this strategy has achieved some suc-
cess, it inevitably suffers from the “geometric shortcut” is-
sue due to the overlap between the semantic and positional
domains, leading to fine-grained representational collapse in
anomaly detection.

In this work, we propose addressing this issue from a
curvature perspective. Curvature, as an intrinsic geometric
property of 3D surfaces, plays a vital role in capturing struc-
tural irregularities. At small scales, curvature is highly sen-
sitive to local surface variations, where subtle edges or pro-
trusions often result in sharp curvature changes. At larger
scales, curvature captures the overall shape and contour of
the surface, enabling a more comprehensive understand-
ing of global geometry. Thus, curvature serves as a mean-
ingful geometric prior that not only provides rich struc-
tural prompts for the decoder but also avoids the geometric
shortcut in traditional coordinate-to-coordinate reconstruc-
tion. To this end, we propose injecting multi-scale curvature
prompts into the decoder to provide implicit geometric guid-
ance for reconstruction.

Network Architecture and Data Pipeline. Given the
information-intensive nature of 3D anomaly detection,
where individual 3D object often comprise hundreds of
thousands of points and require fine-grained, point-level
anomaly localization, the classical Transformer (Vaswani
et al. 2017) architecture is computationally inefficient. This
inefficiency stems from its coarse-grained patch-based oper-
ations and quadratic time complexity of O(n?), which limit
its suitability for high-resolution 3D anomaly detection. To
enhance efficiency, our framework adopts the classical U-
Net (Ronneberger, Fischer, and Brox 2015) architecture built

12343

upon Minkowski convolution (Choy, Gwak, and Savarese
2019; Gwak, Choy, and Savarese 2020), a well-established
design for high-resolution point cloud processing that offers
substantially greater efficiency than Transformer-based ap-
proaches.

As shown in Figure 3, our network architecture consists
of three main components: a curvature encoder, a coordinate
encoder, and a fusion decoder.

Our curvature encoder begins with an MLP-based em-
bedding layer to extract point-wise curvature features. This
is followed by three encoder blocks to capture multi-scale
curvature representations. Each encoder block first applies
a Minkowski Convolution (Conv Down) with a kernel size
and stride of 2 to downsample the resolution, and then em-
ploys a convolutional block (Conv Block) consisting of four
stride=1 convolution layers with residual connections to ex-
tract features. The detailed architecture is provided in the
supplementary material.

The coordinate encoder takes as input the randomly
initialized features of the N masked points and passes
them through four consecutive encoder blocks, progres-
sively mapping the masked features to high-dimensional
features. The final output is a tensor of shape Ny x 256,
where 256 denotes the feature dimension.

In our fusion decoder, the features from the previous res-
olution, with shape N;_; x C;_1, is first upsampled to the
current resolution N; x C;_; using a Minkowski Transpose
Convolution (Conv Up) with both kernel size and stride set
to 2. The upsampled features are then concatenated with the
curvature prompts at the current resolution, resulting in a
tensor of shape N; x (C;_1 + C;). This tensor is subse-
quently passed through a convolutional block (Conv Block)
to produce an output of shape N; x C;. This process is re-
peated across multiple scales until the original resolution is
fully recovered.

The output of the fusion decoder is a tensor of shape
N x 96. We first apply MLPs to reduce its dimensional-
ity to N x 32. This representation is then concatenated with
the original curvature features and passed through the sec-
ond MLPs, which map it into the 3D coordinate space. In
this way, the final reconstructed point cloud is obtained.



Loss Function. Due to the large number of points (typ-
ically over 100k) in the reconstructed object point clouds,
classical point cloud reconstruction losses such as the Cham-
fer Distance (CD) (Fan, Su, and Guibas 2017) and Earth
Mover’s Distance (EMD) (Rubner, Tomasi, and Guibas
2000) become computationally infeasible. To ensure effi-
ciency, we instead adopt a combination of /; and ¢, losses to
constrain the distance between the reconstructed and ground
truth point clouds. The loss is computed as follows:

ET'econ = El(pvprec) + ‘62 (pap'r'ec)7 (3)

Fine-tuning via Pseudo-Anomaly Classification

The prevalent strategy in transferring pretrained models
for 3D understanding tasks follows a unified “pre-training
and fine-tuning” paradigm, where a pretrained backbone is
adapted to downstream tasks via a lightweight task-specific
head. In contrast, prior anomaly detection methods based
on pretrained models often rely on reconstruction or fea-
ture matching, which are specifically tailored for anomaly
detection and exhibit limited generalization to other tasks.
We propose a unified fine-tuning strategy based on pseudo-
anomaly classification. By synthesizing pseudo-anomalies
from normal samples, our method only requires appending
a binary classification head after the first MLPs in Figure 3,
thus enabling anomaly detection in a manner consistent with
standard fine-tuning pipelines. Moreover, since reconstruc-
tion is not required during fine-tuning, our coordinate en-
coder leverages embeddings extracted directly from the co-
ordinates rather than the randomly initialized masked points
used during pre-training, enabling a more comprehensive 3D
understanding.

Pseudo-anomaly Generation. The pseudo-anomaly gen-
eration strategy simulates abnormal regions by applying
controlled perturbations to normal point clouds without re-
quiring real anomaly data. We follow the generation method
proposed by PO3AD (Ye et al. 2025), specifically, it divides
the point cloud into multiple patches and randomly selects
one or more of them. All points within the selected patch are
displaced along either the normal direction or its opposite
by a certain distance, controlled by a distance scaling factor.
This process simulates realistic pseudo-anomalous regions
such as protrusions or indentations.

Anomaly Score for Inference

The anomaly level of each point is evaluated based on its
predicted classification logits under our point-wise classi-
fication fine-tuning. Specifically, for each point, the model
outputs a probability distribution over two categories (nor-
mal and anomalous) through a softmax activation. Let z?
and z} denote the predicted probabilities of point z; belong-
ing to the normal and anomalous classes, respectively. The
point-level anomaly score ¢(x;) is defined as:

1 z
o ,
& z; +e

where ¢ is a small constant added for numerical stability.
This formulation computes the logarithmic ratio between the

(i) “
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normal and abnormal class probabilities, effectively captur-
ing the degree to which a point deviates from normal pat-
terns while enhancing the discriminability and stability of
the anomaly score—larger values indicate a higher likeli-
hood of anomaly.

To obtain the sample-level anomaly score ¢(z), we adopt
a top-k aggregation strategy, where only the top-k of point-
level scores (with the highest anomaly likelihoods) are aver-
aged:

k
$(x) = %Zqﬁ(azi), where k = [r-NT, (5
=1

where r denotes the aggregation rate and N is the total num-
ber of points in the sample. This approach emphasizes the
most anomalous regions of a point cloud, improving robust-
ness against false positives from scattered noise.

Experiments

Pre-training
Since our primary focus is on evaluating the model’s
transferability in anomaly detection, we construct our pre-
training dataset by collecting the training sets from two clas-
sical anomaly detection datasets: Real3D-AD (Liu et al.
2023) and Anomaly-ShapeNet (Li et al. 2024). Since both
training sets consist exclusively of normal samples, our
method performs self-supervised learning solely on normal
data. Real3D-AD is a high-resolution point cloud dataset
collected from real-world objects, covering 12 categories.
Each category similarly includes 4 normal samples for train-
ing and 100 test instances. Anomaly-ShapeNet is a synthetic
dataset derived from ShapeNet (Chang et al. 2015), con-
sisting of 1,600 point cloud samples across 40 categories,
with each category providing 4 normal training instances.
As a result, we obtain a total of 208 distinct normal samples.
To enhance diversity, we further apply data augmentation to
generate 4 different variants for each sample, resulting in a
pre-training dataset comprising 832 normal samples in total.

We train our model for 300 epochs using the Adam opti-
mizer with an initial learning rate of 0.001. The learning rate
is decayed by a factor of 0.5 every 10 epochs.

Fine-tuning on Downstream Tasks

We assess the efficacy of our approach by fine-tuning our
pre-trained models on downstream tasks, including anomaly
detection, classification, and part segmentation.

Anomaly Detection on Real3D-AD. Our anomaly detec-
tion experiments are conducted following the protocols es-
tablished in previous works (Liu et al. 2023). We adopt the
Area Under the Receiver Operating Characteristic Curve
(AUROC) as our evaluation metric, as it provides an objec-
tive measure of both detection (object-level) and localization
(point-level) performance without relying on any predefined
decision threshold.

The results in the Table 1 show the performance of dif-
ferent anomaly detection methods on Real3D-AD. Among
them, Curvature is our proposed non-learning-based method



(a) O-AUROC(1)

Method Reference Airplane Car Candybar Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees | Average
BTF CVPRW’23 0.730 0.647 0.539 0.789 0.707 0.691  0.602 0.686 0.596 0.396  0.530 0.703 0.635
M3DM CVPR’23 0.434 0.541 0.552 0.683 0.602 0.433 0.540 0.644 0.495 0.694  0.551 0.450 0.552
PatchCore CVPR’22 0.848 0.777 0.570 0.853 0.784 0.628 0.837 0.359 0.767 0.663  0.471 0.626 0.682
CPMF PR’24 0.701 0.551 0.552 0.504 0.523 0.582  0.558 0.589 0.729 0.653  0.700 0.390 0.586
IMRNet CVPR’24 0.762 0.711 0.755 0.780 0.905 0.517 0.880 0.674 0.604 0.665  0.674 0.774 0.725
Reg3D-AD  NeurIPS’23 0.716 0.697 0.827 0.852 0.900 0.584 0915 0.417 0.762 0.583  0.506 0.685 0.704
Group3AD ACM MM™24 0.744 0.728 0.847 0.786 0.932 0.679 0.976 0.539 0.841 0.585  0.562 0.796 0.751
R3D-AD ECCV’24 0.772 0.696 0.713 0.714 0.685 0.909 0.692 0.665 0.720 0.840  0.701 0.703 0.734
PO3AD CVPR’25 0.804 0.654 0.785 0.686 0.801 0.820 0.859 0.693 0.756 0.800  0.758 0.771 0.765
ISMP AAAT'25 0.858 0.731 0.852 0.714 0.948 0.712  0.945 0.468 0.729 0.623  0.660 0.842 0.767
Curvature Ours 0.345 0.686 0.889 0.496 0.957 0.768  0.854 0.554 0.790 0.594  0.872 0.872 0.723
CASL Ours 0.808 0.799 0.848 0.657 0.976 0.836  0.935 0.769 0.643 0.791 0.893 0.924 0.823
(b) P-AUROC(1)
Method Reference Airplane Car Candybar Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees \ Average
BTF CVPRW’23 0.738 0.708 0.864 0.693 0.882 0.875 0.709 0.891 0.512 0.571  0.501 0.815 0.722
M3DM CVPR’23 0.530 0.607 0.683 0.735 0.618 0.678  0.600 0.654 0.561 0.748  0.555 0.679 0.637
PatchCore CVPR’22 0.556 0.740 0.749 0.558 0.854 0.658 0.781 0.539 0.808 0.753  0.613 0.549 0.692
Reg3D-AD  NeurIPS’23 0.631 0.718 0.724 0.676 0.835 0.503 0.826 0.545 0.817 0.811  0.617 0.759 0.700
Group3AD ACM MM’24 0.636 0.745 0.738 0.759 0.862 0.631 0.836 0.564 0.827 0.798  0.625 0.803 0.735
ISMP AAATI'25 0.753 0.836 0.907 0.798 0.926 0.876  0.886 0.857 0.813 0.839  0.641 0.895 0.836
Curvature Ours 0.715 0.699 0.810 0.705 0.860 0.860 0.727 0.904 0.545 0.614  0.519 0.797 0.729
CASL Ours 0.842 0.905 0.932 0.713 0.988 0.895 0.935 0.916 0.814 0.873  0.839 0.937 0.882

Table 1: The experimental results for anomaly detection across 12 categories of Real3D-AD. Table (a) reports the object-level
AUROC (O-AUROC) scores, while Table (b) presents the results of the point-level AUROC (P-AUROC). The results of the

baselines are from their papers.

that relies purely on curvature to identify anomalies, while
CASL is our learning-based method. As shown in the re-
sults, our Curvature method outperforms several classical
learning-based methods specifically designed for anomaly
detection, such as M3DM, CPMF, and Reg3D-AD, demon-
strating the importance of curvature in identifying anoma-
lies. Furthermore, our CASL method, which integrates
multi-scale curvature prompts, achieves new state-of-the-art
(SOTA) performance, surpassing the second-best approach
by 5.6% in object-level AUROC and 4.6% in point-level
AUROC, highlighting the superiority of our approach.

Anomaly Detection on Anomaly-ShapeNet. Table 2 re-
ports the experimental results of our anomaly detection ap-
proach on Anomaly-ShapeNet, which consists of 40 dis-
tinct categories. We present both the O-AUROC and P-
AUROC scores for each category, as well as the overall
average performance across all categories. Due to space
limitations, Table 2 only displays the average results; de-
tailed per-category results can be found in the supplemen-
tary material. As shown in the table, our Curvature-based
method also outperforms several learning-based approaches
specifically designed for anomaly detection. Furthermore,
our CASL method achieves a new state-of-the-art, surpass-
ing the second-best PO3AD by 4.8% in terms of average
0-AUROC, demonstrating the superiority of our approach.

Object Classification. We further validate the effective-
ness of our model on the classical object classification task.
Following prior work (Yu et al. 2022; Pang et al. 2022;
Chen et al. 2024), we report the classification fine-tuning re-
sults of our CASL model on three variants of the real-world
ScanObjectNN (Uy et al. 2019) dataset. ScanObjectNN is a
widely used benchmark consisting of approximately 15,000
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Methods Reference  Avg. O-AUROC Avg. P-AUROC
BTF CVPRW’23 0.528 0.628
M3DM CVPR’23 0.552 0.616
PatchCore = CVPR’22 0.568 0.580
CPMF PR’24 0.559 0.573
Reg3D-AD  NeurIPS’23 0.572 0.668
IMRNet CVPR’24 0.661 0.650
R3D-AD ECCV’24 0.749 -
ISMP AAAT’25 - 0.691
PO3AD CVPR’25 0.839 0.898
Curvature Ours 0.559 0.693
CASL Ours 0.887 0.899

Table 2: Anomaly detection results on Anomaly-ShapeNet.
We report the average O-AUROC and P-AUROC scores
across its 40 categories. More detailed results are provided
in the supplementary material.

point cloud samples across 15 categories. These objects rep-
resent indoor scenes and are often characterized by cluttered
backgrounds and occlusions caused by other objects.

Table 3 presents our experimental results. As shown, our
method achieves leading performance on the OBJ-BG and
OBJ-ONLY variants. On the more challenging PB-T50-
RS variant, our model performs below the best-performing
SFR(Zha et al. 2023a). Notably, unlike prior approaches that
pretrain on the full ShapeNet (Chang et al. 2015) dataset
(around 50k samples), our model is pretrained on only 832
samples, which is a significantly smaller dataset. Despite
this, CASL still matches or exceeds some leading methods,
demonstrating the effectiveness of the proposed multi-scale
curvature prompts. By leveraging curvature guidance, our
method effectively mitigates the geometric shortcut prob-



Method Reference  OBJ-BG(T) OBJ-ONLY(1) PB-T50-RS(T) Masked Points ~ Curvature Prompts O-AUROC P-AUROC Rec. Loss
Supervised Learning Only A X X 0.751 0.649 0.008
PointNet CVPR'17 733 792 68.0 B v X 0.776 0.711 0.012
. , C x v 0.804 0.878 0.019
PointNet++ NeurIPS’17 82.3 84.3 77.9 D v v 0.823 0.882 0016
DGCNN TOG’ 19 82.8 86.2 78.1 it : :
PointMLP ICLR’22 - 85.7
SFR ICASSP23 87.8 Table 5: The effect of masked points and curvature prompts.
with Self-supervised Representation Learning
Point-BERT ~ CVPR’'22 87.43 88.12 83.07
Point-MAE  ECCV’22 90.02 88.29 85.18 AUROC vs Mask Ratio
Point-M2AE  NeurIPS'22 91.22 88.81 86.43
PointGPT-S  NeurlPS'23 91.60 90.00 86.90
CASL Ours 92.08 91.05 86.81 8 0.851
g
Table 3: Classification results on three variants of the < 0.801 —e— 0-AUROC

ScanObjectNN dataset, and we report the classification ac-
curacy(%).

Methods Reference mloU,. mloU;
Supervised Learning Only
PointNet++ NeurIPS’17 81.9 85.1
DGCNN TOG’19 82.3 85.2
with Self-supervised Representation Learning
PointContrast ECCV’20 - 85.1
IDPT ICCV’23 83.8 85.9
Point-BERT CVPR’22  84.1 85.6
Point-MAE ECCV’22 84.2 86.1
PointGPT-S NeurIPS’23  84.1 86.2
CASL Ours 84.1 86.2

Table 4: Part segmentation results on the ShapeNetPart. The
mean IoU across all categories, i.e., mloU. (%), and the
mean IoU across all instances, i.e., mIoU; (%) are reported.

lem and achieves strong representational ability with min-
imal data.

Part Segmentation. We further evaluate the performance
of CASL on the part segmentation task using the ShapeNet-
Part dataset, which contains 16,881 samples spanning 16 ob-
ject categories. For a fair comparison, we adopt the same
segmentation setup following previous works (Pang et al.
2022; Chen et al. 2024). Table 4 reports our experimental re-
sults. Similarly, despite pretraining on a significantly smaller
dataset, our method achieves equally good performance in
the part segmentation task.

Ablation Study

The Effect of Masked Points and Curvature Prompts.
We further analyze the two important components of our
method in Table 5, namely the masked points and the cur-
vature prompts. Experiment A performs reconstruction from
full original coordinates back to themselves using only the
coordinate encoder, without applying any masking. Exper-
iment B also relies solely on the coordinate encoder to re-
construct coordinates, but with a 60% random masking ratio
applied during encoding. Experiment C uses only the cur-
vature encoder without any masking, aiming to reconstruct
coordinates from the curvature space. Experiment D repre-
sents our proposed method, which reconstructs coordinates
using curvature prompts and the coordinate encoder with
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Figure 4: Detection performance with varying mask ratios.

fully masked points (100% masking ratio).

As shown in Table 5, A achieves the lowest reconstruction
loss, but detection results are very poor. Because it performs
self-reconstruction from the coordinate to itself, which in-
troduces significant geometric shortcuts, ultimately leading
to representation collapse. B mitigates this issue to some ex-
tent by randomly masking a large portion of the original co-
ordinate space and reconstructing from the masked points
to the original domain. However, the learned representations
remain suboptimal. Experiment C learns to reconstruct co-
ordinates from the curvature space, resulting in substantial
improvements over A and B. Our method D further incor-
porates curvature prompts into the decoder and operates in
a fully masked coordinate space, substantially reducing ge-
ometric shortcuts and thereby enabling superior representa-
tional learning.

The Effect of Masked Ratios. We investigate the effect
of different masking ratios in our coordinate encoder on
anomaly detection. As shown in Figure 4, the best perfor-
mance is achieved at 100% masking ratio, indicating that
any additional geometric information in the coordinate space
during curvature-guided reconstruction introduces geomet-
ric shortcuts, thereby limiting the representation learning.

Conclusions

In this paper, we demonstrate that classical pre-trained
point cloud models perform suboptimally in anomaly detec-
tion under a unified fine-tuning paradigm due to geometric
shortcuts. To address this, we propose CASL, a curvature-
augmented reconstruction framework that leverages multi-
scale curvature prompts and full-coordinate masking to
guide learning. CASL effectively mitigates geometric short-
cuts and enhances 3D structural understanding. Experiments
on Real3D-AD and Anomaly-ShapeNet show that CASL
achieves leading anomaly detection performance and gen-
eralizes well to other 3D understanding tasks.
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