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Abstract

Recently, state space models have exhibited strong global mod-
eling capabilities and linear computational complexity in con-
trast to transformers. This research focuses on applying such
architecture to more efficiently and effectively model point
cloud data globally with linear computational complexity. In
particular, for the first time, we demonstrate that Mamba-based
point cloud methods can outperform previous methods based
on transformer or multi-layer perceptrons (MLPs). To enable
Mamba to process 3-D point cloud data more effectively, we
propose a novel Consistent Traverse Serialization method to
convert point clouds into 1-D point sequences while ensuring
that neighboring points in the sequence are also spatially adja-
cent. Consistent Traverse Serialization yields six variants by
permuting the order of x, y, and z coordinates, and the syner-
gistic use of these variants aids Mamba in comprehensively
observing point cloud data. Furthermore, to assist Mamba in
handling point sequences with different orders more effec-
tively, we introduce point prompts to inform Mamba of the
sequence’s arrangement rules. Finally, we propose positional
encoding based on spatial coordinate mapping to inject posi-
tional information into point cloud sequences more effectively.
Point Cloud Mamba surpasses the state-of-the-art (SOTA)
point-based method PointNeXt and achieves new SOTA per-
formance on the ScanObjectNN, ModelNet40, ShapeNetPart,
and S3DIS datasets. It is worth mentioning that when using
a more powerful local feature extraction module, our PCM
achieves 79.6 mloU on S3DIS, significantly surpassing the
previous SOTA models, DeLLA and PTv3, by 5.5 mloU and
4.9 mloU, respectively.

Code — https://github.com/zhang-tao-whu/PCM

Introduction

Point cloud analysis (Qi et al. 2017a,b; Li et al. 2018; Zhao
et al. 2021; Qian et al. 2022; Wu, Qi, and Fuxin 2019; Qian
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Figure 1: Several pipelines of point cloud modeling. (a) de-
notes point-based methods with only local perception, includ-
ing point-based methods, such as PointNet (Qi et al. 2017a),
PointNet++ (Qi et al. 2017b), PointMLP (Ma et al. 2022), and
PointNeXt (Qian et al. 2022). (b) is the transformer-based
method with global perception but quadratic computational
cost, including Point Transformer (Zhao et al. 2021) and
Point-MAE (Pang et al. 2022). (c) represents Mamba-based
methods, which offer advantages of global modeling and lin-
ear computational complexity.

et al. 2022) has become a popular topic in 3D understand-
ing and has drawn attention from the research community.
Unlike 2D image processing, point clouds are composed of
unordered and irregular point sets, making it difficult to ap-
ply the 2D image processing methods directly. Thus, recent
deep-learning-based approaches (Qi et al. 2017a,b; Li et al.
2018; Wu, Qi, and Fuxin 2019; Ma et al. 2022; Qian et al.
2022; Zhao et al. 2021; Guo et al. 2021) propose using vari-
ous methods, such as voxel-based and point-based, for point
cloud representation. The representative works, Point-Net (Qi
et al. 2017a) and Point-Net++ (Qi et al. 2017b), adopt the
MLP-based design with deep hierarchical local priors, as
shown in Figure 1 (a). After that, many research works (Ma
et al. 2022; Boulch 2020; Shi and Rajkumar 2020; Wang et al.
2019; Zhao et al. 2021; Guo et al. 2021; Wu et al. 2022, 2024)
focus on advanced local geometric modeling via convolution,
graph modeling, or attention.

Meanwhile, with the rapid progress of vision transformers,
several works (Zhao et al. 2021; Guo et al. 2021; Wu et al.



2022, 2024) enhance the global modeling with transformer
structure in point could, as shown in Figure 1 (b). In addi-
tion, transformer architectures also work effectively in mask
point pre-training, 3D segmentation, and in-context learning.
However, the computation and memory costs are still huge.
Recently, state space models (Gu and Dao 2023; Gu, Goel,
and Ré 2022) (SSMs) have been proven to model long-range
dependency in sequential data. In particular, Mamba (Gu and
Dao 2023) is proven effective as Transformer (Vaswani et al.
2017) for several challenging NLP tasks. After that, recent
works (Zhu et al. 2024; Liu et al. 2024; Li, Singh, and Grover
2024; Behrouz and Hashemi 2024; Ma, Li, and Wang 2024;
Xing et al. 2024; Yang, Xing, and Zhu 2024; Ruan and Xi-
ang 2024; He et al. 2024) explore SSMs in various vision
tasks, including image representation learning, medical seg-
mentation, and low-level vision tasks. One concurrent work,
PointMamba, uses the Mamba layer to model the global con-
text. However, there are still significant performance gaps
between PointMamba and previous point-based methods.

In this work, we ask an essential question: Can we de-
sign an efficient point cloud analysis architecture using
Mamba and surpass the performance of point-based and
transformer-based methods? In particular, we introduce the
Point Cloud Mamba (PCM), a combining local and global
modeling framework that outperforms the SOTA point-based
and transformer-based methods.

PCM utilizes Mamba architecture to model the global fea-
tures of point clouds while maintaining linear computational
complexity. To process 3-D point cloud data effectively by
Mambea layers, we propose a novel Consistent Traverse Seri-
alization (CTS) method to serialize point clouds into a 1-D
point sequence while ensuring that neighboring points in the
sequence are also adjacent in space. Then, CTS can easily
derive six variants by simply permuting the order of x, y, and
z coordinates. Additionally, when these six variants of CTS
are combined, Mamba layers can more effectively model
point cloud features. This is because the different variants
provide various perspectives of the point cloud, ensuring that
spatially adjacent points are also adjacent in a serialized point
sequence. To help Mamba handle specific point sequences
better, we introduce order prompts to provide Mamba with
the arrangement rules of the current point sequence. Finally,
we propose simple spatial coordinate mapping as positional
embedding for points, more suitable for irregular point cloud
data than RoPE (Su et al. 2024) and learnable embedding.

Thanks to the above improvements, we successfully in-
troduced Mamba into Point Cloud analysis and obtained
Point Cloud Mamba (PCM). PCM outperforms the SOTA
point-based method PointNeXt on three datasets: ScanOb-
jectNet (Uy et al. 2019), ModelNet40 (Wu et al. 2015), and
ShapeNetPart (Yi et al. 2016). When enhancing the local
feature extraction layers, PCM achieved 79.6 mloU on the
S3DIS dataset, significantly surpassing the previous SOTA
PTv3 (Wu et al. 2024) by 4.9 mloU.

In summary, we have the following contributions: 1) We
introduce Mamba into point cloud analysis and construct
a combined local and global modeling framework named
Point Cloud Mamba. 2) We propose consistent traverse seri-
alization, order prompts, and positional encoding based on
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spatial coordinate mapping to assist Mamba in better han-
dling point cloud data. 3) Point Cloud Mamba is the first
Mamba-based method that works well in point cloud analysis.
It outperforms the SOTA point-based method PointNeXt and
transformer-based method PTV3 on ScanObjectNet, Model-
Net40, ShapeNetPart, and S3DIS datasets.

Related Work

3D Point Cloud Classification. Recent works have used
deep neural networks to process 3D point clouds. In partic-
ular, representative works, PointNet (Qi et al. 2017a) and
PointNet++ (Qi et al. 2017b), are the pioneering point-based
approaches to handle the point clouds using MLPs directly.
Meanwhile, several works explore graph-based modeling
to utilize 3D geometric topology. Then, several works (Wu,
Qi, and Fuxin 2019; Thomas et al. 2019; Shen et al. 2018;
Li et al. 2018; Xu et al. 2021a; Komarichev, Zhong, and
Hua 2019; Graham, Engelcke, and Van Der Maaten 2018;
Choy, Gwak, and Savarese 2019; Zhu et al. 2021) explore
the local geometric features via different kernel modeling.
Moreover, several works (Liu et al. 2019; Xu et al. 2021b;
Xiang et al. 2021; Ran, Liu, and Wang 2022; Chen et al.
2023b; Jiang et al. 2022; Liu, Cai, and Lee 2022; Xie et al.
2020; Zhang et al. 2021; Ma et al. 2022; Lang et al. 2019; Dai
and NieBner 2018; Yan et al. 2022) explore other point cloud
architecture designs, including MLPs and transformers. Sev-
eral works also explore different pre-training methods (Pang
et al. 2022; Yu et al. 2022; Sanghi 2020; Sauder and Sievers
2019; Wang and Solomon 2019; Hou et al. 2022; Jiang et al.
2023; Wu et al. 2023b; Zhu et al. 2023; Yang et al. 2023) or
in-context abilities (Fang et al. 2023; Wang et al. 2024; Wu
et al. 2023a) inspired by the NLP field. Recently, state space
models (Gu, Goel, and Ré 2022; Gu and Dao 2023) have
achieved significant progress. Compared with transformers,
they have advantages in efficient global modeling. A concur-
rent work (Liang et al. 2024) explores such architecture in
point clouds. However, there are still significant performance
gaps compared with previous point cloud methods. Our PCM
shows that Mamba architecture can achieve comparable or
even better results than transformer-based models.
3D Visual Transformers. With the rise of the transformer in
2D version (Dosovitskiy et al. 2021; Li et al. 2023; Carion
et al. 2020), several works (Lahoud et al. 2022; Guo et al.
2021; Schult et al. 2023; Sun et al. 2023; Lai et al. 2022;
Liu et al. 2023; Wang 2023) also explore transformer archi-
tectures in the point cloud. Earlier works (Guo et al. 2021;
Zhao et al. 2021) have focused on the point cloud process.
PCT (Guo et al. 2021) performs global attention directly to
each point, following the ViT (Dosovitskiy et al. 2021). How-
ever, it has memory consumption and computational com-
plexity issues. Point Transformer (Zhao et al. 2021) solves
this issue by introducing local attention. Then, the updated
versions (Wu et al. 2022, 2024) explore the different archi-
tectures to improve performance and efficiency. Inspired by
these studies, our works combine local point processing and
a new traverse serialization strategy, which leads to better
results than direct SSM traverse.

Transformer-based methods (Zhao et al. 2021; Guo
et al. 2021; Wu et al. 2022, 2024; Lai et al. 2022; Robert,



Raguet, and Landrieu 2023; Park et al. 2023; Wang 2023)
use Transformers to model point cloud sequences and have
extensively explored a lot of aspects, such as point cloud
serialization (Wang 2023; Zhao et al. 2021; Guo et al. 2021;
Wu et al. 2022, 2024) and point positional embedding (Wu
et al. 2022; Park et al. 2023). Although it’s possible to
simply implement a Mamba-based network for point cloud
analysis by replacing Transformer layers with Mamba
layers, due to the differences between Transformers and
Mamba, substantial exploration is still needed to find the
most suitable network architecture, serialization method and
positional embedding strategy for Mamba-based models.
This is precisely the objective of this paper.

State Space Models. Inspired by continuous state space mod-
els in control systems, recently, state space models (Gu and
Dao 2023; Gu, Goel, and Ré 2022) have been proven to
model long-range dependency. In particular, S4 (Gu, Goel,
and Ré 2022) proposes to normalize the parameter into the
diagonal structure, which results in less computation cost
and memory usage. After that, Mamba (Gu and Dao 2023)
presents a selection mechanism that leads to better results
than transformers. Recently, several works have explored
such architecture in different tasks, including image clas-
sification (Zhu et al. 2024; Liu et al. 2024; Li, Singh, and
Grover 2024), graph modeling (Behrouz and Hashemi 2024),
medical segmentation (Ma, Li, and Wang 2024; Xing et al.
2024; Yang, Xing, and Zhu 2024; Ruan and Xiang 2024),
and low-level version tasks (He et al. 2024). As a concur-
rent work, we further prove the potential of SSMs in the 3D
point clouds, where we can achieve even better results than
previous architectures.

Method

The SSM-based architecture, Mamba (Gu and Dao 2023), is
attractive for point cloud representation learning due to its
global modeling capability and linear computational com-
plexity. However, Mamba is designed for the causal modeling
of 1-D sequences, making it difficult to be directly applied
to the modeling of non-causal 3-D point cloud data, posing
many challenges to be addressed. This section explores how
to effectively integrate Mamba into architectures based on
local modeling to capture global features.

Preliminaries

PointMLP formulation. PointMLP (Ma et al. 2022) models
the representation of point clouds using simple MLP and
expands the receptive field of each point through point cloud
downsampling and local feature aggregation. The process
can be described by Equ. 1, 2, and 3:

S = @p(A@UGAM{fL ), 17 = 1, on ), (1)
{fi;} -1
GAM({le’J}) =a® 0?7_’_5, (@)
1 n k
0= Lxnxd ZZ( le - ff)Qa 3)

i=1 j=1
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where ® represents a network composed of a series of
residual MLPs, {f; ;|j = 1,...,k} represents the K neigh-
boring points of f;, A denotes the max-pooling operation.
GAM refers to the Geometric Affine Module proposed by
PointMLP to enhance local features.

Mamba formulation. The state-space equation can describe
a multi-input, multi-output continuous system where the cur-
rent inputs and states jointly determine the change in the state
space of this system:

K (t) = Ah(t) + Ba(t), y(t) = Ch(t), ()

where x(t), h(t), and y(t) are the inputs, states, and outputs of
the current system, respectively. A, B, and C are all continu-
ous parameters of the system.

The continuous state-space equation mentioned above can
be transformed into a discrete formulation using a timescale
parameter A based on the zero-order hold rule:

B = (AA) (ezp(AA)—I)-AB, (5)

hy = Ahy_1 + By, y; = Chy, (6)

where x;, hy, and y; are the system’s discrete inputs, states,
and outputs. A, B are all discrete parameters of the system.

Inspired by Equ. 5 and 6, Mamba (Gu and Dao 2023),
a new SSM-based model that introduces time-varying sys-
tem parameters, has been introduced. Specifically, A, A,
and B are all functions of z;. Mamba demonstrates long se-
quence modeling capabilities comparable to Transformer and
achieves linear computational complexity during inference
following Equ. 6. However, Equ. 6 is difficult to compute in
parallel. It can be expanded and implemented using global
convolution to enhance the efficiency of training Mamba on
GPUs:

A =exp(AA),

K = (CB,CAB,..,CA"!

B), (7

where M is the length of the input sequence z, and K is the
kernel of the global convolution.

y:x*ﬁ,

A Naive Mamba-based Point Cloud Network

Architecture. Using Mamba (Gu and Dao 2023) to replace
the MLP operator in PointMLP (Ma et al. 2022) to achieve
global modeling capabilities is a natural idea. However, this
still requires addressing two challenges: 1) Point clouds are 3-
D data, so how can we transform them into 1-D sequences? 2)
Mamba is designed for causal modeling, so how can Mamba
handle non-causal point cloud data? To address these chal-
lenges, we first adopt the z-order (Morton 1966) serialization
method (Wang 2023) to flatten 3-D point cloud data into
1-D sequences, allowing point cloud data to be processed by
Mamba. Secondly, inspired by (Zhu et al. 2024) and (Liu et al.
2024), we use bidirectional Mamba to allow each point to ob-
tain features from any other point. At this point, we have im-
plemented a naive Mamba-based network for the point cloud:

®
&)

I = Mamba(z!, reverse(z')),

S.(AGAM({fL5]5 = 1, k),

where S, refers to serialization according to the z-order.

al =
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Figure 2: The architecture of our proposed Point Cloud Mamba. PCM encoder consists of four stages, each comprising a
geometric affine module and several mamba layers. Point downsampling is performed between stages. The decoder only consists

of point interpolation, feature concatenation, and MLP.

Shortcomings. The naive Mamba-based network still has
some shortcomings, only achieving 84.1 OA on ScanOb-
jectNN, significantly underperforming modern point-based
methods like PointNeXt. There are some reasons: 1) Using a
single serialization method to convert 3-D point cloud data
into 1-D point sequences significantly loses the spatial re-
lational information between points. Specifically, even if a
point is adjacent to many others in space, it can only be ad-
jacent to adjacent points in the point sequence. Therefore,
employing multiple serialization methods in combination to
alleviate this loss of spatial relational information is neces-
sary. 2) The architecture design of the naive Mamba-based
network follows the point-based method PointMLP, which
may not be optimal or even reasonable for Mamba-based
architecture. Exploring what benefits Mamba in modeling
point clouds is important and necessary.

Point Cloud Mamba

In the last section, we obtained a naive mamba-based point
cloud network; however, there is still plenty of room for op-
timization. Next, we will elaborate on improving this naive
architecture to Point Cloud Mamba (PCM) and achieving per-
formance beyond PointNeXt (Qian et al. 2022) and PTv3 (Wu
et al. 2024).

Firstly, PCM provides various point cloud sequences
through the consistent traverse serialization strategy and its
variants, thereby preserving the relational information be-
tween points to the fullest extent by traversing multiple point
sequences. Secondly, PCM introduces order prompts to assist
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Figure 3: The consistent traverse serialization strategy.
The 3-D point cloud data is voxelized and then serialized
into a 1-D point sequence according to a predefined order. M
represents the total number of points in the point cloud. With
the permutation of x, y, and z coordinates, consistent traverse
serialization has six variants.

Mamba layers in better handling point sequences generated
by different serialization methods and strengthens the spatial
position information of points through positional encoding.
Finally, we have designed a more reasonable overall architec-
ture.

Serialization strategy. How to convert 3-D point cloud data
into a 1-D sequence that Mamba can handle is crucial. We
find that Mamba can better process point cloud sequences ar-
ranged according to specific rules than disordered point cloud
sequences. For example, randomly flattening point cloud data
into a 1-D point sequence and feeding it into Mamba for
modeling will significantly underperform compared to using
an ordered point sequence (84.1 vs. 86.7). Based on this, we



propose the Consistent Traverse Serialization (CTS) strategy,
which ensures that adjacent points in the sequence are also
adjacent in spatial position. Figure 3 illustrates how CTS
converts 3-D point clouds into a 1-D sequence.

Firstly, the point cloud is grid sampled to transform con-
tinuous spatial coordinates into discrete grid coordinates:

{c],c5,c3} = int({c],c5,c3} x N), (10)

where {c§, ¢, c5} and {c], ¢, c]} are the spatial and grid
coordinates of the points, and NV is the grid number. We
design an encoding function that, given the coordinates of
two dimensions, maps the coordinates to a code. Sorting the
sequence according to the code ensures that adjacent points
are contiguous in space.

ng X N +n1,n2%2 =0

1) x N — n1,n2%2 # 0 (D

Cod, =
ode_func(ni,ns2) {(n2 n
Then, we can compute a code for each point based on its
grid coordinates:

code = Code_func(Code_func(c{,c3),c5).  (12)

Sorting the point cloud according to the code allows it
to be flattened into a 1-D sequence. This simple serializa-
tion strategy performs comparably to carefully designed z-
order (Morton 1966) and Hilbert-order (Hilbert and Hilbert
1935) serialization strategies (Wang 2023; Wu et al. 2024).
Additionally, by exchanging the order of the x, y, and z axes,
six different serialization methods can be derived, which we
call "xyz", "xzy", "yxz", "yzx", "zxy", and "zyx". These dif-
ferent serialization methods can be viewed as various point
cloud observations from different spatial perspectives.

Additionally, combining multiple serialization strategies

can effectively assist Mamba in better modeling point cloud
features, as shown in Table ??. Specifically, we adopt differ-
ent serialization strategies for the inputs of different Mamba
layers, allowing Mamba to perceive the point cloud more
comprehensively, thus significantly surpassing a single seri-
alization strategy alone.
Order prompt. When multiple serialization strategies are
combined, assigning an identifier to each serialization is nec-
essary. The identifier can help the Mamba layers recognize
the arrangement of point cloud sequences and better capture
point cloud features. We propose a simple but efficient order
prompt mechanism to achieve this goal, which resembles the
system messages in large language models.

As shown in Figure 4, we assigned N, learnable embed-
dings as order prompts for each serialization order. Before
being processed by the Mamba layer, the point cloud se-
quence has the corresponding order prompts added to both
the beginning and end of the sequence. Considering that the
input feature dimensions of the Mamba layers at different
stages may vary, we also allocate a shared Linear layer for
all Mamba layers within each stage to map the order prompts
to the required channel size.

Positional embedding. In sequence modeling, positional en-
coding is crucial and widely applied in text and image patch
sequence modeling. For example, RoPE (Su et al. 2024)
and learnable positional embedding are widely used in text
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sequence modeling and image patch sequence modeling, re-
spectively. However, we find that these positional encoding
methods are unsuitable for point clouds due to their sparsity
and irregular shapes. The spatial distances between any two
adjacent points in a point cloud sequence vary significantly,
making it difficult to use the sequence positional information
to represent the spatial gaps between adjacent points accu-
rately. We employ a shared positional mapping function to
address this challenge. It maps the point coordinates to posi-
tional embeddings with the same channel size as the features.

Emdpes = Linear({ci, c3,c5}). (13)
Emdp,s refers to the positional embedding projected from
the spatial coordinates of the point. This simple positional
mapping function accurately encodes the spatial information
of points into features, and the positional embeddings
corresponding to adjacent points in the sequence are
similarly similar. Since the channel size of features varies
across different stages of the network, we need to learn a
private positional embedding function for each stage, and
different Mamba layers within the same stage share the same
positional encoding function.

Architecture settings. As shown in Figure 2, our network
architecture consists of four stages, each incorporating a
geometric affine module and several Mamba layers. We em-
ploy a simple decoder without Mamba layers for point cloud
segmentation. The decoder solely conducts point cloud in-
terpolation, concatenation with multi-stage encoder features,
and channel transformation through MLP. The number of
Mamba layers, serialization strategies, channel sizes, and or-
der prompt counts in each stage of PCM-Tiny are illustrated
in Table 1. Furthermore, we obtain PCM by increasing the
number of Mamba layers and channel sizes and adopting new
serialization methods accordingly.

Experiments

We conduct experiments on four datasets: ScanObjectNN (Uy
et al. 2019) and ModelNet40 (Wu et al. 2015) classification
datasets, ShapeNetPart (Chang et al. 2015) part segmentation
dataset, and S3DIS (Armeni et al. 2016) semantic segmenta-
tion dataset. For the detailed experiment settings, please refer
to the supplementary materials.

Main Results

3D object classification in ScanObjectNN dataset. ScanOb-
jectNet (Uy et al. 2019) is a challenging point cloud classi-
fication dataset containing 15,000 real scanned objects cat-
egorized into 13 classes. It is known for its noise and oc-
clusion challenges. Following PointMLP (Ma et al. 2022)
and PointNeXt (Qian et al. 2022), we conducted experiments
on PB_T50_RS, the most challenging and commonly used
ScanObjectNN variant. As shown in Table 2, PCM achieved
an OA of 88.1 and a mAcc of 86.6 on ScanObjectNN, sur-
passing the SOTA method PointNeXt and PTv3 by 0.4 and
1.7 in OA, respectively. Compared to PointMLP, Mamba lay-
ers demonstrated significantly stronger modeling capabilities
than MLP, with PointNeXt surpassing PointMLP by 2.7 in
OA and 2.7 in mAcc. By reducing the number of Mamba
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Figure 4: The order prompts. Different colors represent different serialization orders. N, order prompts are mapped to the same
channel size as the features and then concatenated to the beginning and end of the input point sequence.

Architecture | PCM-Tiny

PCM

Mamba layers {1,1,2,2}

Serialization {[xyz]-[xzy]-[yxz, yzx]-[zxy-zy
Channels {192, 192, 384, 384}
Order Prompts 6

x]}

{1,2,2,4}
{[xyz]-[xzy, yxz]-[yzx, zxy]-[zyx, H, z, z-trans] }
{384, 384,768, 768}
6

Table 1: Architecture settings. The parameters of the four stages are enclosed in curly braces { }, while the parameters
corresponding to each Mamba layer within a stage are enclosed in square brackets [ ].

layers and channel size, PCM-Tiny achieved an OA of 86.9
and a mAcc of 85.0 with only 20% of the parameters of PCM.
It is worth noting that PCM-Tiny, with only 52% of the pa-
rameters of PointMLP (6.9 M vs. 13.2 M), still outperformed
PointMLP by 1.5 in OA and 1.1 in mAcc.

The superior performance of PCM compared to PointMLP
demonstrates the importance of Mamba’s global modeling
capability for point cloud analysis.
3D object classification in ModelNet40 dataset. Model-
Net40 (Wu et al. 2015) is a widely used synthetic 3D ob-
ject classification dataset consisting of 40 categories, each
with 100 unique CAD models. As shown in Table 2, PCM
achieved an OA of 93.4 and a mAcc of 90.7, reaching a per-
formance comparable to PointNeXt (Qian et al. 2022). PCM-
Tiny achieved an OA of 93.1 and a mAcc of 90.6 with approx-
imately 20% of the parameters of PCM. However, due to the
smaller scale and less challenging nature of ModelNet40, per-
formance on this dataset is difficult to differentiate between
different methods’ modeling capabilities significantly, with
most methods’ OA concentrated between 93 and 94. We have
reproduced the experiments of PointMLP (Ma et al. 2022)
and obtained an OA of 93.6, indicating that the high accuracy
of 94.1 requires multiple repetitions and selection of the best.
3D semantic segmentation in S3DIS dataset. S3DIS (Ar-
meni et al. 2016) is a large-scale indoor point cloud bench-
mark containing 6 large indoor areas, 271 rooms, and 13
semantic categories. PCM achieved 74.1 mloU and 92.9 OA,
surpassing PointNext (Qian et al. 2022) by 3.0 mloU and 1.9
OA and exceeding PTv2 (Wu et al. 2022) by 1.4 mIoU and
1.3 OA. Moreover, PCM attained performance comparable
to the current SOTA point-based method DeLLA (Chen et al.
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2023a) and transformer-based method PTv3 (Wu et al. 2024).

For better extraction of local point features, we cascade
4 DeL A blocks before PCM as an additional local fea-
ture extractor; please refer to the supplementary for details.
When combining with the more powerful local feature extrac-
tor (Chen et al. 2023a), PCM-Tiny achieved 95.1 OA, 82.8
mAcc, and 79.6 mloU, significantly surpassing the previous
SOTA models DeLLA (Chen et al. 2023a) and PTv3 (Wu et al.
2024) by 5.5 mloU and 4.9 mloU, respectively.

We also evaluate the performance of PTv3 with the same
additional DelLA local feature extractor. However, the addi-
tional local feature extractor does not bring performance im-
provements to PTv3. This might be due to PTv3 performing
attention within a window size of 1024, a limitation imposed
by the quadratic computational complexity of transformers,
which results in its limited global modeling capability.

Ablation Analysis and Visualization

Effect of serialization strategies. The key to applying
Mamba for point cloud modeling is transforming point clouds
into point sequences. As shown in Table 4, we conduct the
ablation experiment with different serialization strategies.
Similar performance is achieved when all Mamba layers’ in-
puts are serialized using a single order, whether it’s z-order,
Hilbert-order, or our proposed xyz-order. However, signifi-
cant performance gains are observed when more serialization
strategies are employed. When the three variants of our pro-
posed consistent traverse serialization, namely "xyz", "yzx",
and "zxy", are used together, PCM demonstrates a perfor-
mance improvement of 0.17 OA and 0.11 mAcc compared
to using only the "xyz" variant. When all six variants of con-



ScanObjectNN (PB_T50_RS) ModelNet40 Params.
Method OA (%) mAcc (%) OA (%) mAcc (%) M
PointNet (Qi et al. 2017a) 68.2 634 89.2 86.2 3.5
PointCNN (Li et al. 2018) 78.5 75.1 92.2 88.1 0.6
KPConv (Thomas et al. 2019) - - 92.9 - 14.3
ASSANet-L (Qian et al. 2021) | - - 92.9 - 118.4
CurveNet (Xiang et al. 2021) - - 93.8 - 2.0
PointMLP (Ma et al. 2022) 85.44+1.3 83.9+1.5 94.1 91.3 13.2
PointNet++ (Qi et al. 2017b) 77.9 75.4 91.9 - 1.5
PointNeXt (Qian et al. 2022) 87.740.4 85.8+0.6 93.24+0.1 90.8+0.2 1.4
Transformer-based
PCT (Guo et al. 2021) - - 93.2 - 2.9
Point-BERT (Yu et al. 2022) 83.1 - 93.2 - 22.1
Point-MAE (Pang et al. 2022) 85.2 - 93.8 - 22.1
PTv3 (Wu et al. 2024) 86.4 83.9 - - -
Mamba-based

PointMamba (Liang et al. 2024) | 84.9 - - - 12.3
PCM-Tiny (ours) 86.9+0.4 85.0+£0.3 93.1£0.1 90.6+0.3 6.9
PCM (ours) 88.1+0.3 86.6:+0.2 93.44+0.2 90.7+0.6 34.2

Table 2: 3D object classification in ScanObjectNN and ModelNet40. Averaged results in three random runs using 1024 points

as input without voting are reported.

Method | oA mAcc mIOU
PointNet (Qi et al. 2017a) - 49.0 41.1
PointCNN (Li et al. 2018) 85.9 63.9 57.3
PointNeXt (Qian et al. 2022) 91.0 712 71.1
Strat. Trans. (Lai et al. 2022) 91.5 78.1 72.0
SPT (Robert, Raguet, and Landrieu 2023) - - 68.9
SpoTr (Park et al. 2023) 90.7 76.4 70.8
PTvl (Zhao et al. 2021) 90.8 76.5 70.4
PTv2 (Wu et al. 2022) 91.6 78.0 72.7
DeLA (Chen et al. 2023a) 92.2 80.1 74.1
DeLA+X-3D (Sun et al. 2024) 92.2 80.1 74.3
KPConvX-L (Thomas et al. 2024) 91.7 78.7 73.5
PTv3 (Wu et al. 2024) - - 74.7
PTv3t (Wu et al. 2024) 914 78.4 72.3
PCM-Tiny (ours) 92.9 81.6 74.1
PCM-Tiny+ (ours) 95.1 82.8 79.6

Table 3: 3D semantic segmentation in S3DIS. | indicates
using DeLLA (Chen et al. 2023a) blocks as the additional local
feature extractor.

sistent traverse serialization are combined, PCM shows a
performance improvement of 0.39 OA and 0.51 mAcc. When
all six variants of consistent traverse serialization, as well
as "Hilbert," "z," and "z-trans" serialization strategies, are
combined, PCM achieves a performance improvement of
0.49 OA and 0.54 mAcc. Different serialization strategies
allow different Mamba layers to observe point clouds from
different perspectives, resulting in more robust modeling of
point cloud features.
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Strategy ‘ OA mAcc
{"Z"}x 9 86.78 84.67
{"H"} x 9 86.78 84.68
{"xyz"} x 9 86.71 85.00
{"xyz", "yzx", "zxy"} X 3 86.88 85.11
("xyz","xzy","yxz","yzx","zxy", " zyx" "Xy 2", "y X", "2xy ") 87.10 85.51
("xyz" "xzy" "yxz","yzx" "zxy" "zyx", "H", "Z", "Z-trans" ) 87.20 85.54

Table 4: Ablation studies on serialization strategies. Each
mamba layer is assigned a serialization order and listed inside
{}. "xyz", "xzy", "yxz", "yzx", "zxy", and "zyx" represent
different variants of our proposed Consistent Traverse Serial-
ization strategy.

Conclusion

This paper introduces a Mamba-based point cloud network
named Point Cloud Mamba, which, for the first time, out-
performs the SOTA point-based method PointNeXt and
transformer-based method PTv3. Point Cloud Mamba in-
corporates several novel techniques to help Mamba better
model point cloud data. Firstly, we propose Consistent Tra-
verse Serialization to convert 3D point cloud data into 1D
point sequences that Mamba can handle, ensuring that neigh-
boring points in the sequence are also spatially adjacent. Sec-
ondly, we aid Mamba in handling point sequences serialized
in different orders by introducing order prompts containing
sequence arrangement rules. Finally, we propose a simple
yet effective positional encoding based on spatial coordinate
mapping. Our Point Cloud Mamba achieves SOTA perfor-
mance on the ScanObjectNN, ModelNet40, ShapeNetPart,
and S3DIS datasets. Adding a stronger local feature extractor,
our method also outperforms previous STOA methods by a
large margin on the S3DIS dataset.
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