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Abstract

Point clouds have become essential data for describing real-world objects. Accurate and efficient 3D semantic segmentation plays
a crucial role in environment understanding and scene reconstruction. However, current segmentation methods still face challenges
from unordered data, high computational complexity, limited scene perception, and insufficient generalization. To address these
issues, we propose a local-to-global semantic segmentation method based on a state-space model (LGSSM). Specifically, the pro-
posed method uses three-dimensional serialization encoding to serialize point clouds along the X, y, and z directions, effectively
addressing the inherent disorder of point clouds and enhancing spatial representation. Then, the local state space model extracts
fine-grained local geometric structural information and the global state space model captures the overall scene representation, im-
proving the modeling ability for both short and long distances. Finally, the serialized context aggregation module is utilized to fuse
contextual features to promote spatial semantic consistency. Extensive experiments conducted on ScanNet, ScanNet200, and S3DIS
demonstrate that our model achieves state-of-the-art segmentation accuracy compared with other existing methods.

1. Introduction

In three-dimensional space, LIDAR can efficiently obtain high-
precision geometric information of observed objects. Semantic
segmentation aims to divide unordered and unstructured point
clouds into regions with semantic or geometric consistency,
making it a crucial step toward comprehensive scene under-
standing. It has been widely applied in various fields such as
autonomous driving (Chen et al., 2024), robotics (Wu et al.,
2025), resource survey (Wilkes et al., 2023), and 3D recon-
struction (Yan et al., 2025).

Unlike 2D images, point clouds lack a regular topological
structure and fixed pixel adjacency relationships. In addition,
point clouds suffer from uneven distribution, density variation,
noise, and occlusion. These data characteristics pose signific-
ant challenges for semantic segmentation. Early point cloud
segmentation methods mainly relied on traditional geometric
features and clustering algorithms, such as normal vector ana-
lysis (Rusu et al., 2008), region growing (Rabbani et al., 2006),
RANSAC-based model fitting (Fischler and Bolles, 1981), and
spectral clustering (Golovinskiy and Funkhouser, 2009). Al-
though these handcrafted feature methods can achieve semantic
segmentation in specific scenarios, they are sensitive to para-
meters and suffer from limited generalization capability.

Deep learning has demonstrated outstanding performance in
point cloud semantic segmentation. Projection-based (Cortin-
hal et al., 2020) methods benefit from powerful models in the
2D image domain, allowing projected point clouds to be pro-
cessed through image segmentation networks for semantic seg-
mentation. However, these methods inevitably lose the inherent
geometric properties of point clouds. Voxel-based (Zhou et
al., 2020) methods represent point clouds using 3D grids and
perform efficient feature extraction through sparse 3D convolu-
tions. But voxelization fails to preserve local structural inform-
ation. PointNet++ (Qi et al., 2017) is a pioneering work that
enables direct feature extraction from point clouds. Point-based
methods further enhance global feature extraction and contex-
tual information fusion. However, most of these approaches

rely on explicit neighborhood searches and attention mechan-
isms, resulting in high computational complexity. Meanwhile,
they struggle to capture long-range spatial relationships, which
limits their generalization across different scenes.

Mamba (Gu and Dao, 2024) achieves global modeling with lin-
ear complexity by compressing contextual information through
a state space model (SSM), demonstrating outstanding perform-
ance in both natural language processing (Zhao et al., 2025)
and computer vision (Wang et al., 2025) tasks. However, it
lacks local structural modeling abilities, making it difficult to
capture fine-grained geometric details. Moreover, state space
models are effective primarily for structured data, and the in-
herent disorder of point clouds poses significant challenges. In
addition, a single serialization method reduces the diversity of
3D spatial information and limits broader applicability. Fur-
thermore, depth analysis and comprehensive understanding of
state space models remain insufficient.

To address the above problems, we propose a local-to-global
state space model for serialized point cloud semantic segment-
ation (LGSSM). First, to address the challenge of limited spa-
tial perception in single serialization methods, we propose a
three-dimensional serialization encoding module based on z-
order space-filling curves to enhance spatial diversity. Then,
we introduce a local-to-global state space model. This model
constructs a bidirectional SSM based on the serialization encod-
ing module, achieving global scene perception through forward
and backward propagation. For the local module, the bidirec-
tional serialized encodings are divided into blocks, from which
the state space model extracts fine-grained local geometric fea-
tures. Feature aggregation is used to gain part-to-whole scene
understanding. Finally, the serialized context aggregation mod-
ule achieves multi-level and multi-scale scene feature fusion to
enhance semantic consistency.

Our main contributions are as follows:

e We design a 3D space serialization encoding method that
utilizes shuffied orders to enable the model to comprehens-
ively perceive the three-dimensional space.
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e The combination of the local-to-global and bidirectional
state space model simultaneously obtains both part and
whole information, achieving fine-grained local geometry
perception and long-distance modeling.

e We introduce the serialized context aggregation module at
different stages to effectively fuse contextual information
and enhance semantic consistency.

o The LGSSM model was constructed and evaluated on mul-
tiple point cloud datasets. Experimental results demon-
strate that our method achieves state-of-the-art semantic
segmentation accuracy.

2. Related Work

2.1 Point cloud semantic segmentation

Learning-based point cloud semantic segmentation achieves
higher accuracy and stronger generalization compared to tra-
ditional methods. Existing methods can be divided into
projection-based methods, voxel-based methods, and point-
based methods. Projection-based methods transform irregu-
lar point clouds into structured 2D representations, enabling
scene segmentation through convolutional neural networks.
RangeViT (Ando et al., 2023) projects point clouds into range
images and performs global feature modeling through combin-
ing 2D convolutions with vision transformers. SPCNet (Zheng
et al., 2024) leverages spherical projection and sparse convolu-
tion within a spherical frustum to obtain local and global con-
textual features. However, projecting point clouds onto planes
leads to geometric information loss and feature distortion. It is
also highly sensitive to sensor viewpoints and parameters, lim-
iting generalization ability across different scenes.

Voxel-based methods divide point clouds into regular voxel
grids and use 3D convolutions to extract object features. Cyl-
inder3D (Zhu et al., 2021) leverages cylindrical voxel space
and asymmetric 3D convolution kernels to obtain local geomet-
ric details and global semantic features. SVASeg (Zhao et al.,
2022) constructs hash tables based on voxels and captures con-
textual information through sparse multi-head attention mech-
anisms. However, voxel-based methods can easily cause the
loss of fine-grained local geometric details and boundary in-
formation. In addition, high-resolution voxelization can result
in significant computational and memory overhead, making it
challenging to balance segmentation accuracy and overall effi-
ciency.

Point-based methods perform semantic segmentation directly
on original point clouds, avoiding discretization loss and pre-
serving the inherent spatial structure and fine-grained inform-
ation. LACV-Net (Zeng et al., 2024) introduces a local per-
ception module and a global descriptive vector to simultan-
eously capture the fine-grained geometric features and overall
semantic information. Swin3D (Yang et al., 2025a) proposes
a pre-trained 3D transformer network that obtains local and
global information through the hierarchical sliding-window at-
tention mechanism. Although point-based methods can effect-
ively capture fine-grained local geometric features, they have
high computational complexity and their segmentation accur-
acy is greatly affected by sampling density and noise.

2.2 3D space serialization

The inherent unordered nature of point clouds makes it challen-
ging to achieve fast and accurate scene semantic segmentation.
The serialization of 3D spatial data aims to transform irregular
and unordered point clouds into structured representations that
can be efficiently processed by neural networks. HSFC-PCAC
(Chen et al., 2022) designs a scan order based on the hilbert
curve, ensuring that spatially adjacent points remain close to
each other. SFC-Net (Xiang et al., 2022) introduces relative an-
gular features and space-filling curves to obtain geometric rela-
tionships between neighboring points and overall structural in-
formation. FlatFormer (Liu et al., 2023) proposes a point cloud
Transformer network that reduces redundant computations in
overlapping regions and enhances feature interaction efficiency
through a flattened window attention mechanism. OctFormer
(Wang, 2023) leverages an octree structure to efficiently capture
multi-scale spatial relationships in a hierarchical manner. Point
Transformer v3 (Wu et al., 2024) uses shuffle order and linear
attention to reduce computational complexity and improve se-
mantic segmentation accuracy. However, a single serialization
method struggles to effectively encode point clouds, leading to
limited perception of spatial structures and fine-grained details.

2.3 State Space Model

State Space Model (SSM) exhibits strong global modeling
abilities and computational efficiency in natural language pro-
cessing and sequence modeling through combining linear re-
currence and convolution. S5 (Smith et al., 2022) uses expli-
citly parameterized convolution kernels to extract long-range
features and improve training stability and inference speed.
VMamba (Liu et al., 2024) introduces a bidirectional scan-
ning mechanism in the 2D selective scanning module, achiev-
ing linear-complexity context modeling. PointMamba (Li-
ang et al., 2024) serializes irregular point clouds and performs
global modeling and efficient feature propagation through the
selective state space model. Point Cloud Mamba (Zhang et
al., 2025) proposes a consistent traverse serialization method
that efficiently serializes 3D point clouds into one-dimensional
inputs, ensuring that spatially adjacent points remain close
within the sequence. In addition, it combines point prompts
with coordinate-mapped positional encoding to enhance spatial
awareness. Grid Mamba (Yang et al., 2025b) integrates grid
multi-view scanning, grid sparsity pooling, and the grid mamba
module to achieve efficient and high-precision point cloud se-
mantic segmentation. Since SSM tends to extract features along
the sequence dimension, it lacks strong local interaction capab-
ilities like convolution or attention mechanisms, making it dif-
ficult to fully capture fine-grained geometric structures.

3. Method

The overall architecture of LGSSM is illustrated in Fig. 1.
Point cloud serializations in three different directions are en-
coded through 3D serialization encoding, effectively overcom-
ing the inherent unordered characteristic. Shuffle order is used
to randomly select the serialization method, enhancing spatial
perception. Feature initialization is achieved through the em-
bedding module (Section 3.1). Then, based on the U-Net ar-
chitecture, LGamba extracts both local and global multi-level
features, enhancing the perception of fine-grained details and
improving overall scene understanding (Section 3.2). Finally,
serialized context aggregation is used for feature fusion to en-
hance semantic consistency. Fast and accurate scene semantic
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Figure 1. The overall pipeline of LGSSM. First, the three-dimensional z-order space-filling curve serializes the point cloud to address
the inherent disorder problem. Shuffle orders are used to enhance model stability. The initial features are extracted through the embed-
ding module. Then, the multi-level LGamba and serialized sampling extract multi-scale features based on the U-Net architecture. Next,
serialized context aggregation is applied to fuse contextual scene features. Finally, accurate and efficient scene semantic segmentation

is achieved.
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Figure 2. 3D space serialization encoding.

segmentation is achieved through the segmentation head (Sec-
tion 3.3).

3.1 3D space serialization encoding

The z-order space-filling curve (Morton, 1966) helps overcome
point cloud disorder to achieve efficient serialized encoding.
However, a single 3D spatial encoding method struggles to ad-
apt to the complex directionality and structure, which results in
incomplete spatial structure and serialization bias.

To address this problem, we implement spatial scene serializ-
ation along the z, y, and z dimensions based on the Z-order
curve, as illustrated in Fig. 2. By changing the traversal order
of the coordinate axes in 3D space and combining it with the z-
order curve, three different serialization encodings can be gen-
erated: XY Z-order, Y ZX-order and ZXY -order. Through
serialization encoding in three different spatial directions, relat-
ive position and geometric structure information can be effect-
ively obtained.

SSE(p,b,e) = (b < k)|p. ' ((p)/g) (1

Where p denotes the point cloud, b represents the batch in-
dex, e refers to the z-order serialization encoding, k denotes the
number of offset bits, < indicates a left shift operation, L
represents the inverse mapping, ¢ is the coordinates with ar-
bitrary permutation along spatial dimensions and g is the grid
size. To enhance comprehensive scene perception and general-
ization ability, we adopt shuffle order (Wu et al., 2024) to ran-
domly select from three different serialization encoding meth-
ods. It can reduce the reliance on a single structured method
and enhance adaptability and robustness through multi-scale
and multi-directional serialization encoding.

Embedding = GELU(BN(Subconv(z))) )

Finally, sparse convolution is used to initialize the serialized
point cloud features.

3.2 Local-to-global state space model

Mamba uses the state space model to achieve long-range scene
modeling with linear complexity. However, the local geometric
structural details are often neglected, making it difficult to ob-
tain fine-grained information. A single serialization method and
unidirectional propagation limit its ability to comprehensively
perceive the scene. To this end, we propose a local-to-global
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Figure 3. Local-to-global state space model.

bidirectional state space model (LGamba) that strengthens the
information propagation and filtering mechanisms, enabling the
acquisition of both local fine-grained details and comprehensive
scene understanding, as illustrated in Figure 3.

F;, = Silu(DWConv(Linear(F")))
Fll = LN(SSM(F},)) )
Mamba(F) = Linear(F,, - Silu(Linear(F")))

Here, F’ represents the initialized serialized features, DWConv
denotes depthwise convolution, and SiLU refers to the activ-
ation function. In the global state space model, a bidirec-
tional state space structure is constructed based on 3D spatial
serialization encoding through backward propagation to refine
global information and filter irrelevant information. Bidirec-
tional Mamba performs long-range modeling in different dir-
ections to obtain relevant dependencies, enhancing the entire
scene understanding.

F, = F' + BiMamba(F") )
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Figure 4. Serialized context aggregation module.

Where BiMamba represents bidirectional Mamba. In the local
state space model, the point cloud is divided into F, =
{F{,i=1,2,3,..., %} non-overlapping small blocks based
on serialized encoding. Then, bidirectional Mamba extracts the
features of each small block to obtain local geometric structural
information and restores the features to the original shape.

F{ = Block(F", S)
F' = F/ + BiMamba(F) )
Fy = Restore(F}’, L)

Here, Block denotes the dividing operation, and Restore repres-
ents the restoration to the original shape. A feed-forward net-
work composed of SubConv, batch normalization, and GELU
is used to extract high-level semantic information.

In LGSSM, local and global serialization encoding enhances
spatial diversity and stability. The local state space model
is used to capture local relative geometric relationships. The
global state space model achieves efficient long-range model-
ing with linear complexity. Local and global features are fused
to enhance their complementarity. Finally, a feed-forward net-
work enables comprehensive spatial perception of the entire
scene.

3.3 Serialized context aggregation module

Multi-level feature fusion can effectively enhance comprehens-
ive scene perception and understanding. To achieve this, we
design a serialized context aggregation module to integrate con-
textual information, as shown in Figure 4.

Given the downsampled and upsampled point clouds (P;, P;_1)
and corresponding features (F;, F;_1), the downsampled point
cloud aligns spatial and feature dimensions through serialized
uppooling. We use conditional positional embedding (Wu et
al., 2024) to improve its awareness of spatial positions and geo-
metric structures. Then, a serialized cross-attention mechanism
is applied to fuse contextual features, achieving cross-layer se-
mantic alignment and relational perception.
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Table 1. Comparison of semantic segmentation performance of
different methods on the ScanNet dataset. Bold indicates the best
performance.

Method Reference Backbone mloU
PointNet++ NeurIPS 17 CNN 53.5
PointConv CVPR 19 CNN 61.0
MinkowskiNet CVPR 19 CNN 722
KPConv ICCV 19 CNN 69.2
PointNeXt NeurIPS 22 CNN 71.5
PointMetaBase CVPR 23 CNN 72.8
OA-CNNs CVPR 24 CNN 76.1
Point Transformer ICCV 21 Transformer 70.6
StratifiedFormer CVPR 22 Transformer 74.3
Point Transformer v2 NeurIPS 22 Transformer 75.4
OctFormer TOG 23 Transformer 75.7
Point Transformer v3 CVPR 24 Transformer 71.5
Grid Mamba NC 25 Mamba 76.8
Ours Mamba 78.0
n T
F,_1 = FlashAttention ((Fl_IWQ\}%FZ W) JF Wv) Wo
(6)

Here, Fi_y represents the fused features. F;_; denotes the seri-
alized upsampling features. Wq, Wk, Wy and Wo are pro-
jection matrices. The contextual features are aggregated to en-
hance semantic consistency. Finally, LGamba is used to further
extract high-level semantic features, achieving fast and accurate
point cloud semantic segmentation.

4. Experiment
4.1 Datasets

We evaluate the semantic segmentation performance of differ-
ent methods on three datasets: ScanNet (Dai et al., 2017),
ScanNet200 (Dai et al., 2017), and S3DIS (Armeni et al.,
2016). ScanNet uses a structured-light sensor to capture 1513

Table - Door
Sink - Bathtub - Other Furniture - Ignore

Figure 5. Visualization of Indoor Scannet Dataset.

Ours

Window - Bookshelf

indoor scenes covering 707 unique spaces. It reconstructs
scenes using RGB-D data, with each scene containing approx-
imately 150 thousand points on average. The dataset annotates
20 semantic categories and is divided into a training set of 1201
scenes and a validation set of 312 scenes. ScanNet200 uses
the same data as ScanNet but expands the semantic categories
to 200, enabling finer-grained classification and increasing the
difficulty of semantic segmentation. S3DIS is collected from
6 buildings at Stanford University, comprising 271 rooms with
a total area exceeding 6000 square meters and approximately
273 million points. Each point contains XYZ coordinates, RGB
color, and semantic labels from 13 categories. The dataset cov-
ers various indoor scenes, including offices, conference rooms,
and corridors.

4.2 Experimental Setting

LGSSM training and inference are conducted on an NVIDIA
RTX 4090 GPU. The batch size for our model is set to 6.
The AdamW optimizer is used with an initial learning rate of
0.0001 and a weight decay of 0.001. The model is trained for
100 epochs using the data augmentation strategy (Yang et al.,
2025b). In the encoder stage, the number of LGamba blocks is
set to [1, 2, 4, 1], while in the decoder stage, it is set to [1, 1,
1, 1]. The local patch size is configured as [1024, 1024, 1024,
1024]. The evaluation metrics include overall accuracy (OA),
mean intersection-over-union (mloU), and per-class IoU. We
compare with other existing methods as follows: PointNet++
(Qi et al., 2017), PointConv (Wu et al., 2019), MinkowskiNet
(Choy et al., 2019), KPConv (Thomas et al., 2019), Point-
NeXt (Qian et al., 2022), PointMetaBase (Lin et al., 2023),
OA-CNNs (Peng et al., 2024), Point Transformer (Zhao et al.,
2021), StratifiedFormer (Lai et al., 2022), Point Transformer
v2 (Wu et al., 2022), OctFormer (Wang, 2023), Point Trans-
former v3 (Wu et al., 2024) Grid Mamba (Yang et al., 2025b),
SupCon (Khosla et al., 2020), CSC-Pretrain (Hou et al., 2021),
LGround (Rozenberszki et al., 2022) and Swin3D (Yang et al.,
2025a).
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Table 2. Comparison of detailed semantic segmentation results of different methods on ScanNet. Bold indicates the best performance.
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Table 3. Comparison of semantic segmentation performance of
different methods on the ScanNet200 dataset. Bold indicates the
best performance.

Table 4. Comparison of semantic segmentation performance of
different methods on the S3DIS dataset. Bold indicates the best
performance.

Method Reference Backbone mloU Method Reference Backbone 6-Fold
MinkowskiNet CVPR 19 CNN 25.3 MinkowskiNet CVPR 19 CNN 65.4
SupCon NeurlIPS 20 CNN 26.0 PointNeXt NeurIPS 22 CNN 74.9
CSC-Pretrain CVPR 21 CNN 24.9 Swin3D CVM 25 Transformer 76.9
LGround ECCV 22 CNN 27.2 Point Transformer v1 ICCV 21 Transformer 65.4
OA-CNNs CVPR 24 CNN 33.3 Point Transformer v2 NeurIPS 22 Transformer 73.5
Point Transformer v2 NeurlIPS 22 Transformer 30.2 Point Transformer v3 CVPR 24 Transformer 77.7
OctFormer TOG 23 Transformer 32.6 Grid Mamba NC 25 Mamba 77.9
Point Transformer v3 CVPR 24 Transformer 35.2 Ours Mamba 78.1
Grid Mamba NC 25 Mamba 35.6
Ours Mamba 35.7 Table 5. Ablation study of designed modules.
4.3 Experimental Results 3D space serialization encoding v v v v
Local-to-global state space model v v
We conduct a quantitative evaluation of our Mamba-based Serialized context aggregation v v
mloU 76.6 77.6 769  78.0

model on the ScanNet dataset, with detailed results reported
in Table 1. Compared to CNN-based methods such as Point-
NeXt and PointMetaBase, our method improves mIoU by 6.5%
and 5.2%, respectively, and further surpasses OA-CNNs by
1.9% mloU. Relative to Transformer-based approaches, includ-
ing StratifiedFormer, PTv2, and OctFormer, our model achieves
gains of 3.7%, 2.6%, and 2.3% mloU, respectively, and still
brings a 0.5% improvement over the latest PTv3. In addition,
our approach outperforms the Mamba-based Grid Mamba by
1.2% mloU. These results demonstrate the effectiveness and
highlight the superior capability in segmenting complex multi-
type objects on the ScanNet dataset. We compare our method
with other models, as shown in Fig. 5. It can be seen that
our method achieves finer segmentation and clearer boundar-
ies, such as tables, sofas, and other furniture. This is mainly
attributed to the global-to-local state space model and the seri-
alized context aggregation method, which fully exploit scene
information to enhance the feature differences among different
objects, thereby improving semantic segmentation accuracy.

The detailed comparison of semantic segmentation results on
the ScanNet dataset is presented in Table 2. Overall, our method
achieves the best mloU among all compared models. Relat-
ive to PointNet++, our model shows noticeable improvements
on some classes. For structural objects such as wall, win-
dow, cabinet, table, desk, and curtain, our method achieves
higher IoU scores, while maintaining competitive performance
on large planar regions like floor and bed. Compared with Oct-
Former, our method also produces clear gains on many cat-
egories, such as cabinet, table, window, picture, counter, desk,
curtain, refrigerator, sink, bathtub, and other, enhancing struc-
tural and object-level semantic modeling ability. Compared to
the Mamba-based Grid Mamba, our method further improves
several important categories, for example, cabinet, table, win-
dow, book, picture, counter, desk, curtain, refrigerator, and
bathtub, while also maintaining strong performance on most

other classes. These improvements indicate that our model can
better exploit spatial context and obtain fine-grained geometric
details, especially for mid-sized furniture and cluttered regions.
Overall, the detailed per-class results show that our method not
only improves global mloU, but also offers more balanced and
robust performance across categories—from large structural re-
gions to small or structurally complex objects. This indic-
ates that our model provides consistently stronger segmentation
ability in indoor scenes.

Table 3 presents the quantitative comparison on the ScanNet200
benchmark. = Among CNN-based approaches, OA-CNNs
achieves the strongest result with 33.3% mloU. Transformer-
based methods such as Point Transformer v2 and OctFormer
achieve 30.2% and 32.6% mloU, respectively, while the latest
Point Transformer v3 attains 35.2% mloU. The Mamba-based
Grid Mamba slightly increases the score to 35.6%, indicat-
ing that state space modeling is competitive with Transformer
baselines. In contrast, our method improves the performance to
35.7% mloU. Compared with Point Transformer v3, our model
achieves a +0.5% mloU improvement. It also surpasses Grid
Mamba by +0.1% mloU. These results demonstrate that our
proposed method can more effectively exploit spatial inform-
ation, achieving higher segmentation accuracy on the challen-
ging ScanNet200 dataset.

A comprehensive comparison between our model and ex-
isting methods on the S3DIS dataset is presented in Table
4. Overall, our method achieves the best performance
among all compared models. Compared with CNN back-
bones such as MinkowskiNet and PointNeXt, our method ob-
tains higher mloU, demonstrating stronger ability in captur-
ing complex indoor geometry and diverse semantic categor-
ies. For Transformer-based methods, our model outperforms
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Table 6. Efficiency evaluation of different models on the ScanNet
dataset.

Methods Params Training Inference
Latency Memory Latency Memory
MinkowskiNet 379M 267 ms 49G 90 ms 47G
OctFormer 440M 264 ms 129G 86 ms 125G
Point Transformer v1 7.8M 904 ms 134G 1450 ms 72G
Point Transformer v2 128 M 312 ms 134G 191 ms 182G
Point Transformer v3 46.2M 151 ms 6.8G 61 ms 52G
Grid Mamba 499M 282 ms 11.1G 161 ms 41G
Ours 443M 174 ms 10.4 G 67 ms 55G

Swin3D and Point Transformer, indicating that the proposed
method can better exploit both long-range dependencies and
fine-grained local structures than traditional self-attention. Fur-
thermore, compared to the Mamba-based Grid Mamba, our
method achieves a higher 6-fold mloU, showing that the im-
provements within the state-space modeling paradigm effect-
ively enhance feature representation and optimization. These
results suggest that our method adapts well to the diversity and
scene variations in the S3DIS dataset.

4.4 Ablation Studies

‘We conduct ablation studies on the proposed modules using the
ScanNet dataset to verify their effectiveness. As reported in
Table 5, each individual module consistently improves semantic
segmentation accuracy. When all modules are combined, the
model attains its best overall performance, demonstrating the
complementary benefits of each component.

Table 6 presents the number of parameters, training and infer-
ence time, and memory consumption of different methods on
the ScanNet dataset. Compared with Point Transformer v3, al-
though our method increases the training and inference time and
memory consumption, it reduces the number of parameters and
improves semantic segmentation accuracy. In contrast to Grid
Mamba, which also adopts the Mamba architecture, our method
reduces the time required for training and inference, improving
scene perception efficiency.

5. Conclusion

In this paper, we propose a local-to-global state space model
(LGSSM) for serialized point cloud semantic segmentation.
The three-dimensional serialization encoding module based on
z-order space-filling curves enhances spatial diversity and ef-
fectively handles the inherent unordered characteristics of point
clouds. The local-to-global state space modeling captures fine-
grained local geometric structures and coherent global scene
information. The serialized context aggregation module fuses
multi-level and multi-scale features, enhancing spatial semantic
consistency. Extensive experiments on ScanNet, ScanNet200,
and S3DIS demonstrate the superiority of the proposed archi-
tecture. In the future, we will integrate cross-modal informa-
tion such as RGB images and text into the state space model
and use domain generalization and domain adaptation methods
to accommodate distributional discrepancies across diverse en-
vironments, ultimately achieving robust open-world 3D scene
perception.
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