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Abstract

Point cloud data augmentation is critical to improving the
generalization of 3D deep learning models. However, ex-
isting methods often fail to preserve the underlying mani-
fold structure, leading to semantic distortion or topology vi-
olation. This causes models to learn untrustworthy features,
thereby limiting the representational ability of the model. To
overcome these limitations, we propose ManiPoint, a novel
point cloud augmentation framework based on diffeomor-
phism that explicitly preserves manifold structure during de-
formation. ManiPoint constructs diffeomorphic transforma-
tions via continuous differentiable mappings, ensuring topo-
logical consistency and geometric continuity between origi-
nal and augmented data. To prevent excessive distortion and
ensure semantic consistency, we introduce a controllable de-
formation mechanism that quantitatively constrains the aug-
mentation magnitude and enables fine-grained control over
the deformation space. We further provide theoretical analy-
sis, indicating that, compared with topologically inconsistent
methods, ManiPoint reduces empirical and vicinal risks by
generating diverse and structurally reliable samples. Exten-
sive experiments and visualizations on object-level datasets
demonstrate that ManiPoint produces high-quality augmenta-
tions and consistently improves model robustness over exist-
ing baselines. Meanwhile, the scalability of our method was
further verified on the scene-level datasets.

Introduction
The growing demand for high-quality data in autonomous
driving (Chen et al. 2017; Hu et al. 2025), robotics (Navarro-
Serment, Mertz, and Hebert 2010; Wu et al. 2023, 2024;
Lian et al. 2024, 2025), and 3D computer vision (Yang
et al. 2024, 2025; An et al. 2025; Zheng et al. 2023; Wang
et al. 2025; Wang, Yan, and Yang 2024) has highlighted the
challenges associated with acquiring sufficient, diverse, and
high-fidelity point cloud datasets. However, acquiring large-
scale, high-quality point cloud data presents significant re-
source challenges due to sensor limitations, environmental
constraints, and the inherent complexity of target objects.
This research gap has motivated the development of ad-
vanced data augmentation techniques, which serve as prac-
tical solutions to data scarcity while enhancing the diver-
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Figure 1: In topologically inconsistent augmentation meth-
ods, reducing the average deformation rate (ADR) enhances
topological consistency with the original data, thereby im-
proving the performance of the model. However, our method
strictly maintains topological consistency and has control-
lable deformation rate, thereby outperforming all methods
with topological inconsistencies in terms of performance.

sity and quality of training point cloud datasets for machine
learning applications.

Conventional data augmentation methods (Qi et al. 2017a;
Wang et al. 2019), including random rotation, scaling, shift-
ing, and noise injection, rely on simple linear transforma-
tions or random perturbations. The increased randomness
in these methods makes it challenging to generate high-
quality and diverse training samples. Mixing-based augmen-
tation methods (Chen et al. 2020; Lee et al. 2022, 2021;
Zhang et al. 2022a; Ren, Pan, and Liu 2022; Hong, Zhang,
and Ma 2023) have shown great potential for point clouds.
Although the mixing-based augmentation can improve the
performance of the model in some tasks, it has signifi-
cant shortcomings in interpretability and topology. The mix
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Figure 2: The larger the parameter space of deformation, the
more semantically inconsistent samples will be, which will
lead to the degradation of model performance.

method generates new data by mixing different samples,
which makes it difficult for the model to understand and ex-
plain its decision process and reduces the interpretability of
the model. In addition, the mixing-based method does not
effectively consider the topological structure of the data, ig-
nores the spatial relationship between samples, and destroys
the intrinsic geometric structure of point clouds.

Other methods aim to generate different training sam-
ples through shape perturbations at different scales (Bi et al.
2025b,a). The fine-grained method PointAugment (Li et al.
2020) employs neural networks to generate augmented sam-
ples. However, the extensive search space makes it difficult
to ensure realistic shapes in the generated samples, thereby
limiting their effectiveness. In contrast, PointWOLF (Kim
et al. 2021) uses a coarse-grained approach by dividing point
cloud into patches and applying transformations like rota-
tion, translation, and scaling to each patch. Although this
method allows explicit control over sample generation and
reduces the parameter space of deformation, it may cause
fragmentation between patches. They can lead to data distor-
tion, semantic inconsistencies, and disruptions in geometric
structure and topological consistency (Figure 1 top). How-
ever, as shown in Figure 1 (bottom), when PointWOLF is
fine-tuned, the topological consistency is improved and the
accuracy of the model is further increased. Moreover, we
can see from Figure 2, the larger the parameter space of de-
formation, the more semantically inconsistent samples will
be, which will also lead to the degradation of model per-
formance. Although these methods demonstrate some im-
provement in model performance, they are often overly en-
gineered, lack explainability, and fail to ensure that the gen-
erated sample maintains a manifold structure with the orig-
inal sample. These limitations restrict their applicability in
point cloud understanding (Bi et al. 2025c) tasks.

To address these challenges, we propose ManiPoint, a
novel point cloud augmentation framework based on diffeo-
morphism that explicitly preserves manifold structure dur-
ing deformation. The core idea involves applying explicit,
continuous, and differentiable functions to perform nonlin-
ear deformations on point clouds, effectively maintaining
their intrinsic geometric continuity and topological consis-

tency during augmentation. Unlike other methods, our Ma-
niPoint leverages manifold learning theory to ensure local
diffeomorphism and topological consistency. Additionally,
to prevent excessive distortion and ensure semantic consis-
tency, we introduce a controllable deformation mechanism
that quantitatively constrains the augmentation magnitude
and enables fine-grained control over the deformation space.
Moreover, we provide theoretical analysis, indicating that,
compared with topologically inconsistent methods, Mani-
Point reduces empirical and vicinal risks by generating di-
verse and structurally reliable samples. Finally, extensive ex-
periments and visualizations on object-level datasets demon-
strate that ManiPoint produces high-quality augmentations
and consistently improves model robustness over existing
baselines. Meanwhile, the scalability of our method was fur-
ther verified on the scene-level datasets.

Our main contributions are summarized as follows:

• We propose the first explicit data augmentation frame-
work for point cloud based on diffeomorphism. It guar-
antees topological consistency and enhances both the di-
versity and geometric authenticity of generated samples.

• We design a deformation rate to control the intensity of
geometric deformations, thereby narrowing the deforma-
tion space. This prevents excessive distortion and unnatu-
ral augmentation, ensuring high-quality augmented data.

• Theoretical analysis demonstrates that ManiPoint attains
lower empirical risk than topologically inconsistent aug-
mentations and generates samples distributed around the
true data distribution, minimizing vicinal risk. Extensive
experiments have shown that ManiPoint improves the
generalization and robustness of various models.

Method
Topological inconsistency can disrupt the underlying man-
ifold structure of point clouds, while an unconstrained de-
formation space may lead to semantic inconsistency. To ad-
dress these issues, we propose a novel plug-and-play point
cloud augmentation framework that enables fine-grained
shape perturbations while preserving topological consis-
tency. First, we establish theoretical foundations through the
definition of diffeomorphism and Theorem 1. Second, to
overcome topological inconsistencies, we introduce a dif-
feomorphic deformation framework that generates smoothly
deformed samples while maintaining topological consis-
tency. Third, to address the issue of excessive deformation
space leading to semantic inconsistency, we propose a con-
trollable deformation mechanism that constrains the mag-
nitude of transformations. By adjusting the average defor-
mation rate, the deformation space can be reduced and the
authenticity of generated samples can be increased. Finally,
we provide theoretical proofs of both necessity and analyze
the effectiveness from the perspective of empirical risk and
vicinal risk minimization.

Preliminaries
A manifold is a low-dimensional space embedded within a
higher-dimensional space. One important concept related to
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Figure 3: An overview of ManiPoint. The deformation ma-
trix is generated by a continuous and differentiable function
to make the point cloud produce smooth deformation.

manifolds is diffeomorphism, which describes a bijective re-
lationship between two manifolds through a smooth, invert-
ible mapping. A diffeomorphism is defined as follows:
Definition 1. (Diffeomorphism) Let M and N be two
smooth manifolds, and f : M → N is bijective, and f and
f−1 are both smooth mappings, then f is a Diffeomorphism,
denoted as f ∈ Diff(M,N ).

The key property of a diffeomorphism is that it establishes
a smooth and invertible correspondence between two man-
ifolds, thereby maintaining the continuity of their local ge-
ometric structures and ensuring global topological equiva-
lence. Specifically, if a mapping f : M → N is a diffeomor-
phism, then for any point p ∈ M, the local neighborhood
around p is smoothly mapped to a corresponding neighbor-
hood in N without tearing or folding. This guarantees that
not only the local manifold structure is retained, but also that
the manifolds share the same topological type.

In the context of data augmentation, a particularly im-
portant subclass of diffeomorphisms is volume-preserving,
which maintain not only the differential and topological
structure, but also the volume measure induced by the man-
ifold. This motivates the following theorem:
Theorem 1. (Volume-Preserving of Diffeomorphism) Let
M and N be oriented smooth manifolds equipped with vol-
ume forms ωM and ωN respectively. Suppose f : M → N
is a diffeomorphism such that the Jacobian determinant of
f satisfies det(Jf (p)) = 1, ∀p ∈ M. Then f is a volume-
preserving diffeomorphism, i.e., for any measurable subset
U ⊂ M, VolM(U) = VolN (f(U)).

This theorem shows that a Volume-Preserving diffeomor-
phism preserve not only the topological structure but also
volume-related properties. This is critical for point cloud
augmentation, as it ensures smoothness, continuity, and den-
sity of local regions, enabling the generation of diverse yet

semantically faithful samples aligned with the underlying
manifold. Thus, Theorem 1 provides a solid theoretical ba-
sis for designing geometrically-aware deformations that pro-
duce structurally reliable augmented data.

Mathematical Framework of ManiPoint
The point cloud is usually located on the low-dimensional
manifold M ⊂ R3, and its geometry is described by the
local geometry and the global topology. By treating point
cloud as manifolds, we can explicitly construct diffeomor-
phism to design manifold-preserving deformation augmen-
tation methods. We are given a general framework:

Given that the original data is located on the manifold
M ⊂ Rn, the mapping f : Rn → Rn as follows:

f i(xi) = xi + αig
i(x1, x2, ..., xi−1, xi+1, ..., xn), (1)

where
∑n

i=1 αi = 1 and αi ∈ {0, 1}. gi ∈ C∞(Rn−1). The
augmented data is located in N = f(M), and the Jacobian
determinant det(Jf ) = 1.
Theorem 2. If g ∈ C∞(Rn−1) is a continuously differen-
tiable function, then f is a diffeomorphism. Moreover, the
augmented point cloud f(M) still lies in the smooth mani-
fold N ⊂ Rn−1.

Theorem 2 establishes a foundational framework for
our diffeomorphism-based augmentation paradigm. We con-
struct point cloud deformations through parameterized func-
tion spaces f that satisfy the conditions of diffeomorphisms,
ensuring C∞-smooth transformations with invertible Jaco-
bian determinants. As shown in Figure 3, this mathemati-
cal guarantee enables us to obtain continuous residual rep-
resentations through the composition of diffeomorphisms,
which are then used to generate augmented coordinates via
coordinate-wise addition.

In 3D point cloud tasks, we only consider three-
dimensional space, and we assume only one dimension z is
deformed to study point cloud deformation. Specifically, for
a given point cloud P = [x, y, z], we only need to compute
the residual coordinates O(P ) through the diffeomorphism
f . Thus, the augmentation process becomes:

P ′ = f(P ), (2)
P ′ = [x, y, z + g(x, y)], (3)
P ′ = [x, y, z] + [0, 0, g(x, y)], (4)
P ′ = P +O(P ). (5)

We just need to design different deformation functions g.
g can be a polynomial function, a multimodal function, a
combinatorial function, etc. As shown in Figure 4, with dif-
ferent functions, we can generate a continuous and realistic
variety of shapes. However, as can be seen at the bottom
of Figure 1, too small or too large a deformation will reduce
the performance gain of the augmented sample to the model.
Therefore, we propose the deformation rate to further con-
strain the feature space neighborhood of the point clouds.

Controllable Deformation Rate
Deformation Rate (DR) is introduced to quantify the local
geometric changes of the point cloud during the deforma-
tion process. As shown in Figure 5, this ensures the loss of
geometric meaning due to excessive deformation.
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Figure 4: Our method can directly use different functions to locally deform point cloud at a fine-grained level. By using different
continuously differentiable functions and applying different combination functions, different point clouds can be generated.
This explicit deformation is controllable and reduces the parameter space of deformation. The specific function f is in the
supplementary material. For instance, f can be defined as x2 − y2, x2 + y2, or 0.2 sin(4x) cos(4y).

Figure 5: We use a controllable deformation rate to further
constrain the deformation space.

Definition 2. Deformation Rate is measured by the ratio
of the amount of displacement of each point to the distance
from the original point to the D. Given a point cloud P ∈
RN×3 and a displacement D ∈ RN×3, then the point cloud
deformation rate Ri =

∥Di∥
∥Pi∥ , i = 1, 2, ..., N .

Definition 3. Average Deformation Rate is the average of
the rate of deformation at all points. The deformation rate of
the point cloud is Ri =

∥Di∥
∥Pi∥ , i = 1, 2, ..., N . Therefore, the

average deformation rate is Ravg = 1
N

∑N
i=1 Ri.

Scaled Deformation Rate. We can control the degree of
deformation by constraining the average deformation rate,
thereby preventing the loss of geometric information due to
excessive deformation.

To ensure the average deformation rate Ravg ≤ rate, we
need to scale the displacement D. Set a scaling factor λ > 0,
such that the scaled displacement D′ = λD meets:

1

N

N∑
i=1

∥ λDi ∥
∥ Pi ∥

≤ rate. (6)

where ∥ · ∥ indicates the l2 − norm. The deformation after
scaling is λDi, then ∥ λDi ∥= λ ∥ Di ∥. After plugging in,
we get the scaling factor λ:

λ ≤ rate
1
N

∑N
i=1

∥Di∥
∥Pi∥

. (7)

Finally, the augmented point cloud P ′ is:

P ′ = P + λD. (8)

From Empirical Risk Minimization to ManiPoint. In ma-
chine learning, the goal of the model is to minimize expected
risk (Vapnik 1999):

R(f) =

∫
L(f(x), y)dPdata(x, y), (9)

where Pdata is the real data distribution, L is the loss func-
tion, and f is the model. Since the true distribution Pdata is
unknown, empirical risk is often used to approximate:

R̂(f) =
1

N

N∑
i=1

L(f(xi), yi), (10)

where {(xi, yi)}Ni=1 is the training dataset.

limN→∞ R̂(f) = R(f). (11)

Data augmentation expands the coverage of empirical
risks by generating diverse training samples. The increased
data enables the model to access more transformation forms
during training, thus reducing the overfitting of the model to
the original training set. Especially when the original data
set is small or noisy (Zhong et al. 2020), additional defor-
mation samples help to improve the robustness of the model,
so that the model does not just remember the details of the
training data, but can extract more general features.

Because the diffeomorphism preserves the manifold
structure of the data, the augmented sample and the origi-
nal sample have similar structures in the local region, which
allows the model to learn transformation-invariant features
rather than memorizing rigid local appearances (Szegedy
et al. 2014). The diffeomorphism T preserves the manifold
structure, ensuring that the augmented data x′ remains on
the original manifold M . Therefore, the augmented empiri-
cal risk R̂aug(f) is still a valid estimate of the expected risk
R(f). Finally, we summarize Corollary 1 as follows:
Corollary 1. (Topologically preserving reduces empirical
risk) For a diffeomorphism f , det(Jf ) = 1, the empirical
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Figure 6: T-SNE visualization. Samples generated by our method cluster around the real samples, while those from PointAug-
ment and PointWOLF exhibit significant deviation, often lying far from the true distribution and causing semantic distortion.

Method Diff. Non-Diff.

Geometric smooth ! %

Topological consistency ! %
Data distribution debiased biased
Sample diversity high redundant, low
Theoretical support ! %

Table 1: The advantages of our diffeomorphism-based
method. Diff. is diffeomorphism.

risk Remp of the model trained with the generated data is
lower than that of the model trained with transformation g
that does not guarantee topological consistency, i.e.,

R̂aug(f) < R̂aug(g). (12)
From Vicinal Risk Minimization to ManiPoint. Vicinal
risk (Chapelle et al. 2000) is a powerful approach for im-
proving generalization by focusing not only on the individ-
ual data points but also on their neighborhoods. The neigh-
borhood N(x, ϵ) can be defined as the set of data points less
than ϵ from x at metric d, that is, N(x, ϵ) = {x′ : d(x, x′) <
ϵ}. The formula for vicinal risk is:

R̂v(f, ϵ) =
1

N

N∑
i=1

L(f(x′
i), yi), x

′
i ∼ P(N(xi, ϵ)), (13)

where P(N(xi, ϵ)) represents the probability distribution
over the neighborhood.

Our contribution is to propose a neighborhood distribu-
tion based on diffeomorphism and constrain the range of the
neighborhood by deformation rate. The diffeomorphic de-
formation T can be viewed as a kind of proximity distribu-
tion V (xi, yi), generating a virtual sample (x′

i, yi), where
x′
i = T (xi). Therefore, the new vicinal risk is as follows:

R̂v(f, ϵ) =
1

N

n∑
i=1

L(f(T (xi)), yi). (14)

We provide an comparison of the diffeomorphism-based
method with other methods in Table 1. Diffeomorphism gen-
erates augmented samples through a topological preserva-
tion, which increases diversity while preserving the geomet-
ric features of the original data in local areas. As shown in

Figure 6, we use t-SNE to visualize the distribution of these
augmented samples. Our method can be better distributed
around the real samples and effectively approximate the real
data distribution. However, PointAugment (Li et al. 2020)
and PointWOLF (Kim et al. 2021) failed to maintain topo-
logical consistency, resulting in a deviation of the sample
distribution. Thus, our approach can improve the model’s
adaptability to data changes by minimizing vicinal risk.

Experiments
In this section, we demonstrate the effectiveness of our Ma-
niPoint, with various datasets and baselines. First, we eval-
uate the generalization performance and robustness in shape
classification. Next, we extend ManiPoint to object-level and
scene-level segmentation tasks to verify scalability. More
ablation studies and implementation details are provided
in the supplementary material.

Point Cloud Classification
Comparisons with State-Of-The-Art Point Cloud Aug-
mentation Methods. We compared ManiPoint against ex-
isting point cloud augmentation methods (Li et al. 2020;
Chen et al. 2020; Sheshappanavar, Singh, and Kambhamettu
2021; Kim et al. 2021; Lee et al. 2021; Ren, Pan, and Liu
2022; Lee et al. 2022; Zhang et al. 2022a; Hong, Zhang, and
Ma 2023; Wang et al. 2024). We report the overall accu-
racy (OA) of each model. As shown in Table 2, ManiPoint
achieves SOTA performance on both PointNet++ (Qi et al.
2017b) and DGCNN (Wang et al. 2019). Notably, it achieves
a maximum OA improvement of 2.8% on the synthetic
dataset ModelNet40 (Wu et al. 2015) and 7.4% on the real-
world dataset PB-T50-RS (Uy et al. 2019). These signifi-
cant improvements further validate that manifold-preserving
shape perturbations can deliver gains for baselines.
Shape Classification on ScanObjectNN. We verify the
performance of our method under supervised learning (Qi
et al. 2017a,b; Xu et al. 2018; Li et al. 2018; Qiu, An-
war, and Barnes 2021; Cheng et al. 2021; Zhao et al. 2021)
and self-supervised learning (Yu et al. 2022) frameworks,
respectively. We use multiple robust classification models
as our baseline, including DGCNN (Wang et al. 2019),
PointMLP (Ma et al. 2022), DeLA (Chen et al. 2023), Point-
MAE (Pang et al. 2022), and PointM2AE (Zhang et al.
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Method Synthetic Real-world
ModelNet40 OBJ-ONLY PB-T50-RS

PointNet++ 90.7 84.3 79.4
+PointMixup 92.3 88.5 80.6
+RSMix 91.6 - -
+SageMix 93.3 88.7 83.7
+PointCutMix 93.4 - -
+PointAugment 92.9 85.4 77.9
+PatchAugment 92.4 87.1 81.0
+PointWOLF 93.2 89.7 84.1
+WOLFMix 93.1 - -
+PCSalMix 93.1 - -
+PointPatchMix 92.9 - -
+ManiPoint(Ours) 93.5 (↑ 2.8) 90.3 (↑ 6.0) 84.6 (↑ 5.2)

DGCNN 92.2 86.2 77.3
+PointMixup 92.9 - -
+RSMix 93.5 - -
+SageMix 93.6 88.0 83.6
+PointCutMix 93.2 - -
+PointAugment 93.4 83.1 76.8
+PatchAugment 93.1 86.9 79.1
+PointWOLF 93.2 88.8 81.6
+WOLFMix 93.2 - -
+PCSalMix 93.2 - -
+PointPatchMix 93.3 - -
+ManiPoint(Ours) 94.0 (↑ 1.8) 90.5 (↑ 4.3) 84.7 (↑ 7.4)

Table 2: Comparison with other point cloud augmentation
methods. We report the classification accuracy. ↑ indicates
the performance improvement relative to the baseline.

2022b). As demonstrated in Table 3, our experimental re-
sults on ScanObjectNN reveal consistent performance im-
provements and outperform all compared advanced models.
Our method only enhances the diversity of training samples
without introducing additional parameters and achieves sig-
nificant performance improvements across both supervised
and self-supervised learning frameworks.
Few-shot Classification. We conducted few-shot classifi-
cation (Wang et al. 2019, 2021; Afham et al. 2022; Yu
et al. 2022) under the transformer framework on Model-
Net40 (Wu et al. 2015) to evaluate the performance of Mani-
Point with limited fine-tuning data. Transformers are sensi-
tive to local structures, and they can study the impact of local
diversity on the model. Table 4 shows that ManiPoint out-
performs all baselines (Pang et al. 2022; Zhang et al. 2022b)
in every few-shot setting, demonstrating its effectiveness in
enhancing local geometric diversity through limited training
data and providing valuable discriminative features.

Scalability in Point Cloud Segmentation
Object-level Part Segmentation. As shown in Table 5, we
evaluate ManiPoint on the canonical 3D shape part segmen-
tation task on ShapeNetPart (Yi et al. 2016). Our results re-
veal consistent superiority over baseline architectures (Wang
et al. 2019; Ma et al. 2022; Chen et al. 2023), demonstrating
that local geometric perturbations remain critical for low-
level feature learning in 3D segmentation. In addition, we
give the results of a comparison with the most advanced

Methods OBJ-BG OBJ-ONLY PB-T50-RS #Params
Top-1 Error

Supervised methods

PointNet 26.7 20.8 32 3.4M
SpiderCNN 22.9 20.5 26.3 -
PointNet++ 17.7 15.7 22.1 1.5M
PointCNN 13.9 14.5 21.5 -
GBNet - - 19.5 8.4M
PRANet - - 19 -
PointTrans. 20.2 19.5 11.8 -

DGCNN 17.2 13.8 21.9 1.82M
+ManiPoint 14.1 9.5 15.3 1.82M
PointMLP 10.7 12.1 14.8 12.6M
+ManiPoint 9.0 9.2 12.5 12.6M
DeLA - - 9.6 5.3M
+ManiPoint - - 9.3 5.3M

Self-supervised methods

Transformer 20.1 19.4 22.8 -
+OcCo 15.2 14.5 21.2 -
Point-BERT 12.6 11.9 17.0 22.1M

Point-MAE 10.0 11.8 14.9 22.1M
+ManiPoint 9.3 9.7 13.5 22.1M
Point-M2AE 8.8 11.2 13.6 12.9M
+ManiPoint 8.6 8.9 13.1 12.9M

Table 3: Comparison with state-of-the-art methods, includ-
ing supervised and self-supervised methods. We report the
Top-1 Error (%) on three splits of ScanObjectNN.

Method 5-way 10-way
10-shot 20-shot 10-shot 20-shot

DGCNN 91.8 ±3.7 93.4 ±3.2 86.3 ±6.2 90.9 ±5.1
+OcCo 91.9 ±3.3 93.9 ±3.1 86.4 ±5.4 91.3 ±4.6
+CrossPoint 92.5 ±3.0 94.9 ±2.1 83.6 ±5.3 87.9 ±4.2
Transformer 87.8 ±5.2 93.3 ±4.3 84.6 ±5.5 89.4 ±6.3
+OcCo 94.0 ±3.6 95.9 ±2.3 89.4 ±5.1 92.4 ±4.6
Point-BERT 94.6 ±3.1 96.3 ±2.7 91.0 ±5.4 92.7 ±5.1

Point-MAE 96.3 ±2.5 97.8 ±1.8 92.6 ±4.1 95.0 ±3.0
+ManiPoint 96.8 ±2.3 97.9 ±1.7 92.8 ±3.5 95.2 ±2.7
Point-M2AE 96.8 ±1.8 98.3 ±1.4 92.3 ±4.5 95.0 ±3.0
+ManiPoint 96.9 ±2.0 98.5 ±1.5 92.5 ±3.8 95.2 ±2.5

Table 4: Few-shot classification on ModelNet40 (Wu et al.
2015). We report the average accuracy (%) and standard de-
viation (%) of 10 independent experiments.

methods in the supplemental materials, where our Mani-
Point consistently outperforms other models.
Scene-level Scene Segmentation. To explore the generaliz-
ability of our method beyond specialized domains, we con-
duct experiments on scene segmentation. We decompose
training scenes into constituent objects, apply spatially lo-
calized diffeomorphic transformations to individual entities,
and reconstruct augmented composite inputs. As shown in
Table 5, our approach achieved a significant performance
improvement over the baseline (Choy, Gwak, and Savarese
2019; Tang et al. 2020) on SemanticKITTI (Behley et al.
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Method mIoU

ShapeNetPart

DGCNN 84.8
+ManiPoint(Ours) 85.6
PointMLP 85.8
+ManiPoint(Ours) 86.1
DeLA 87.0
+ManiPoint(Ours) 87.4

SemanticKITTI

MinkNet 55.9
+ManiPoint(Ours) 68.1
SPVCNN 58.0
+ManiPoint(Ours) 68.8

nuScenes

MinkNet 67.1
+ManiPoint(Ours) 73.5
SPVCNN 68.4
+ManiPoint(Ours) 73.8

Table 5: Reported results on enhanced model performance
by our ManiPoint on 3D Point cloud segmentation.

Figure 7: Our method is more stable and robust.

2019) and nuScenes (Caesar et al. 2020). More experimen-
tal results are in the supplemental materials.

Ablation Studies
Robustness. We evaluate the robustness of ManiPoint us-
ing DGCNN on OBJ-ONLY. As shown in Figure 7, we con-
ducted robustness tests under eight scenarios across four
types of corruption. Compared with state-of-the-art meth-
ods, DGCNN augmented with ManiPoint demonstrates su-
perior robustness. We believe that the topologically pre-
served diverse samples generated by ManiPoint enable mod-
els to learn more robust features against corruption.
Training Efficiency. As shown in Figure 8, we compare

Figure 8: Since our method is a direct deform of the point
clouds, our time complexity is only O(1). And we use the
least amount of training time to get the best performance.

DGCNN Diff. ADR Function OASingle Multiple

Baseline 85.829
+PointWOLF % % 87.653
+PointWOLF % ! 88.796
+ManiPoint % ! ! % 88.812
+ManiPoint ! % ! % 88.643
+ManiPoint ! ! ! % 90.478
+ManiPoint ! ! % ! 89.673

Table 6: The advantages of the diffeomorphism-based
method. Diff. is diffeomorphism.

other methods by convergence accuracy and single train-
ing time. Notably, ManiPoint achieved SOTA performance
while significantly reducing training time.
Ablation of Component. As shown in Table 6, PointWOLF
improves topological consistency by controlling the defor-
mation rate, leading to better model performance. Moreover,
performance drops significantly when non-differentiable
functions are used, highlighting the importance of main-
taining topological consistency. Finally, using a single map
yields the best results because excessive variations can cause
ambiguity in local semantics.

Conclusion
We propose ManiPoint, a novel point cloud augmentation
method based on manifold structure preservation that per-
turbs point cloud shapes through arbitrary continuous and
differentiable functions. Simultaneously, we introduce a de-
formation rate metric to construct an effective feature neigh-
borhood, thereby minimizing vicinal risk for models. Exten-
sive experiments confirm that ManiPoint enhances the per-
formance of various models across multiple datasets. Theo-
retical analysis and empirical validation establish that Ma-
niPoint achieves superior generalization performance while
maintaining visual coherence. This corroborate the critical
role of diffeomorphism in point cloud augmentation.
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