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Abstract

Domain generalization (DG) and domain adaptation (DA)
for 3D semantic segmentation enable the model to maintain
high performance while avoiding labor-intensive and time-
consuming annotation of target-domain data. However, un-
der adverse weather conditions, the injection of spatial noise
will affect the reflectivity of LiDAR point clouds, exacerbate
domain distribution discrepancies, and degrade the general-
ization ability of the model. Current methods mainly rely on
sparse convolution-based architecture. Due to its limited re-
ceptive field, the model captures varying local geometric in-
formation when dealing with point clouds of different sparsi-
ties, thereby limiting its transferability. To this end, we pro-
pose BeyondSparse, a novel cross-domain 3D semantic seg-
mentation method under adverse weather that incorporates a
state-space model into a 3D sparse convolution-based archi-
tecture, sequentially modeling all features to learn domain-
invariant representations. This method consists of two main
components: domain feature decoupling and Mamba-based
encoder. The former performs feature disentanglement before
sequential modeling, while the latter performs global model-
ing on voxelized point cloud data. In addition, we introduce
a token-style augmentation to capture the intrinsic properties
of input data. Extensive experimental results demonstrate that
our method outperforms SOTA competitors in both DG and
DA tasks, for instance, achieving +4.6% and +0.8% mloU on
“SynLiDAR to SemanticSTF”.

Code — https://github.com/Barcaaaa/BeyondSparse

Introduction

3D semantic segmentation interprets the distribution of ob-
jects in 3D space and is widely applied in fields such as
autonomous driving and robotics (Zhang et al. 2021, 2024,
2025). Despite existing sparse convolution-based models
achieving high-precision segmentation under specific con-
ditions (Tang et al. 2020; Choy, Gwak, and Savarese 2019),
they lack adaptability to complex and unseen scenarios. Es-
pecially in adverse weather conditions (e.g., fog, snow, and
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Figure 1: Visualization of LiDAR point cloud under three
simulated adverse weather conditions. The black region in-
dicates noisy points affected by weather.

rain), which can affect the spatial positioning, reflectivity,
and semantic information of LiIDAR point clouds (Xiao et al.
2023) (See Figure 1). Therefore, it is crucial to develop a re-
liable 3D model that can handle various adverse weather.

Domain generalization and domain adaptation are two
effective transfer learning techniques that address domain
distribution discrepancies caused by the complex structural
properties of point cloud data. Current methods primar-
ily focus on designing a mix-based paradigm within spe-
cific domains. For instance, PointDR (Xiao et al. 2023) em-
ployed random geometric transformations on point clouds
and integrated them with aggregation embeddings, while
UniMix (Zhao et al. 2024) simulated weather conditions to
construct a bridge domain between the source domain and
the target domain. However, these methods mainly rely on
sparse convolution-based architectures, whose limited re-
ceptive fields hinder their ability to capture global informa-
tion. Global contextual information can boost model recog-
nition of common features across domains and improve its
generalization ability for unknown environments.

Recently, Mamba (Gu and Dao 2023) effectively cap-
tures long-term dependencies and global information with-



out quadratic complexity. Inspired by its success in image
and point cloud classification (Zhu et al. 2024; Liu et al.
2024a), we aim to use Mamba for mitigating domain shifts
in 3D semantic segmentation. However, directly integrat-
ing the global modeling of Mamba into existing 3D models
poses a significant challenge. Besides, within the Mamba,
the hidden state plays a crucial role in storing historical in-
formation from sequential data, which facilitates the mod-
eling of long-range associations and enhances the global re-
ceptive field of the model (Long et al. 2024). However, when
faced with data from unknown domains, hidden states may
introduce domain-specific feature representations to the se-
quential data, leading to noise accumulation and thus weak-
ening the generalization ability of Mamba to handle distribu-
tional shifts. Consequently, how to extract domain-invariant
representation for Mamba modeling to mitigate the accumu-
lation of noise is another challenge.

For the first challenge, we consider integrating the Mamba
block into existing 3D segmentation models via a series of
lightweight adapters. Our objective is to maintain the origi-
nal inference efficiency while enhancing its global modeling
abilities. Regarding the second challenge, we aim to decom-
pose the features into domain-invariant and domain-specific
components. By leveraging only domain-invariant features
for global modeling, noise accumulation is mitigated.

In this work, we propose BeyondSparse, which leverages
Mamba to construct structural priors beyond the abilities
of existing 3D sparse-based architecture while simultane-
ously exploiting long-range dependency modeling to tran-
scend limited voxel receptive fields for enhanced domain-
invariant representation learning. To tackle error accumula-
tion from domain-specific information in unknown domains,
we introduce a Domain Feature Decoupling (DFD) module
that separates features into domain-invariant and domain-
specific components, using only the domain-invariant repre-
sentation to improve model generalization ability. Then, we
introduce a Mamba-based Encoder (ME) to perform global
modeling on voxelized point cloud data, integrating Mamba
layers with 3D sparse convolution blocks to enhance the un-
derstanding of global structure. Additionally, we introduce
Token Style Augmentation (TSA) that stylizes sequential
data input to the Mamba layer, enriching feature represen-
tation. This pre-exposes target-relevant cues to the model
during training, further enhancing its generalization ability.

Our main contributions can be summarized as follows:

e We propose BeyondSparse, a novel cross-domain 3D se-
mantic segmentation method under adverse weather that
incorporates a state-space model into a 3D sparse-based
architecture, sequentially modeling all features to learn
domain-invariant representation.

DFD performs feature disentanglement before sequential
modeling, reducing noise accumulation during sequen-
tial modeling. ME performs global modeling on vox-
elized point cloud data to enhance global structure un-
derstanding. TSA captures the intrinsic characteristics of
input data to enrich feature representation.

Extensive experiments demonstrate that our method out-
performs SOTA competitors in both DG and DA tasks.
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Related Work
3D Domain Generalization and Adaptation

To address performance degradation across domains, 3D
DG has been extensively studied (Wu et al. 2024a). This
learning paradigm aims to learn a robust model from one
or multiple source domains, enabling it to perform well on
unseen target domains. Kim et al. (Kim et al. 2023b) em-
ployed random subsampling of point cloud data to sim-
ulate unseen domains. 3DLabelProp (Sanchez, Deschaud,
and Goulette 2023) propagated labels from past sequences
to newly registered scans. PointDR (Xiao et al. 2023) ran-
domized geometric styles and aggregated embeddings in ad-
verse weather conditions, while UniMix (Zhao et al. 2024)
simulated weather conditions to construct a bridge domain
between the source and target domains. Unlike 3D DG, 3D
DA can access target-domain data but lacks the correspond-
ing labels (Wu et al. 2024b, 2025). Mix3D (Nekrasov et al.
2021) directly concatenated two samples, while Cuboid
Mixing (Ding et al. 2022) divided the scenes into several
cuboids for mixing across domains. CosMix (Saltori et al.
2023) and ConDA (Kong, Quader, and Liong 2023) con-
structed an intermediate domain by utilizing joint supervi-
sion signals from both the source and target domains. Our
endeavor is tailored to learn 3D domain-invariant represen-
tations using global modeling of Mamba.

State Space Models

Transformer (Vaswani et al. 2017) has revolutionized the
underlying architecture for deep learning but suffers from
quadratic computational complexity. To address this, more
efficient operators are proposed, such as linear atten-
tion (Wang et al. 2020), Flash Attention (Dao et al. 2022),
and State Space Model (SSM) series (Gu and Dao 2023;
Gu, Goel, and Ré 2022; Nguyen et al. 2022). Especially
for Mamba (Gu and Dao 2023), it stands out for its in-
tegration of selective mechanisms, which effectively cap-
ture long-range dependencies and process large-scale data
in linear time. This innovation had extended into the visual
domain through variants like VMamba (Liu et al. 2024b),
which incorporated a cross-scan module. In point cloud pro-
cessing, PointMamba (Liang et al. 2024) enhanced global
modeling of point clouds by rearranging input patches based
on a 3D Hilbert curve, while Point Mamba (Liu et al. 2024a)
utilized an octree-based ordering to efficiently capture spa-
tial relationships. These advances highlight the proficiency
of Mamba in handling large-scale point cloud data.

Method
Problem Definition

We tackle the problem of 3D DG and DA, in which we have
access to labeled source data S = {x;,y; }.*, and unlabeled
target data 7 = {xz}f\il used solely for DA. x signifies
a LiDAR point cloud scan, y represents the corresponding
point-wise semantic annotations, Ng and N, represent the
size of the source and target domain data, respectively. For
DG, the objective is to develop a segmentation model F that
effectively generalize to point clouds originating from 7~ by
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Figure 2: The overall framework of BeyondSparse primarily consists of three components: Domain Feature Decoupling,
Mamba-based Encoder, and Token Style Augmentation. Only the Mamba-based Encoder is employed during the inference.

exclusively utilizing data from S, i.e., F : S — ¢p. For DA,
the model F leverages both source and target domain data
to predict 3D target labels, represented as F : SUT — gr.

Overall Framework

As illustrated in Figure 2, we first apply specific data
augmentations to the point clouds from the source do-
main to simulate challenging weather conditions, such as
rain (Rasshofer, Spies, and Spies 2011; Teufel et al. 2022),
snow (Hahner et al. 2022), and fog (Hahner et al. 2021), to
closely mimic real-world adverse scenarios. Then, we de-
sign a dual-branch network, where the student branch pro-
cesses the original source-domain data, while the teacher
branch processes the augmented source-domain data. The
teacher branch updates its weights using an Exponential
Moving Average (EMA) mechanism. Through Domain Fea-
ture Decoupling, the point cloud features are decomposed
into domain-invariant feature f; and domain-specific feature
fs- Only f; is fed into a Mamba-based Encoder for fea-
ture extraction, ensuring the domain-invariant property of
the learning features. Additionally, a token-style augmenta-
tion is employed to incorporate features generated by the
teacher branch, thereby enhancing those from the student
branch. Finally, a voxel-based decoder is adopted to perform
3D semantic segmentation.

Domain Feature Decoupling

For the student branch, we design two structurally identi-
cal 3D sparse convolutional blocks: Ds-Block and Di-Block.
These two blocks are responsible for extracting 3D domain-
invariant features f; and 3D domain-specific features fs,
respectively. Similarly, within the teacher branch, we ob-
tain the EMA-updated domain-invariant features f™¢ and
domain-specific features f£™* from point clouds under sim-
ulated adverse weather conditions. Notably, Ds-Block and
Di-Block should possess distinct parameters, thereby pro-
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viding two different views of feature representation. Specif-
ically, we enforce the orthogonality of the weights (w; and
ws) of two blocks by minimizing their cosine similarity.
This constraint is intended to facilitate the learning process
of internal representations within the model, allowing mod-
els with similar architectures to develop the capability for
capturing domain-specific and domain-invariant representa-
tions. Hence, the weight discrepancy loss L., is as follows:

wiw;

Furthermore, we minimize the Manhattan distance be-
tween f; and f£™¢ to boost their cross-domain consistency.
Conversely, we maximize the Manhattan distance between
fs and f$™® to ensure that they can be distinguished. The
constraint formula is as follows:

:—*zmk— o],

Loypa = ey

2

€'ITL(1

Lo= 4 Z for — : 3)
where K is the length of the token embedding sequence.
Finally, the domain feature decoupling loss is formulated as:

Lara = MLwq + XL + A3Ls, 4)

where {)\;}?_, represent the loss balance parameters.

Mamba-based Encoder

Mamba (Gu and Dao 2023) has been demonstrated to effec-
tively capture long-range dependencies and global informa-
tion while avoiding quadratic complexity (Zhu et al. 2024).
To this end, we consider integrating Mamba with 3D sparse
convolution for global modeling on voxelized point cloud
data. As depicted in Figure 3, within each encoder layer, we
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Figure 3: The architecture of Mamba-based Encoder, which mainly includes Multi-head Visual Mamba (MHVM) block and

3D sparse convolution (SC) block.

attach Multi-head Visual Mamba (MHVM) blocks V(-) be-
tween two 3D sparse convolution (SC) blocks SC(-). Dur-
ing the encoding process, we adopt a sequential scanning
method along the ‘XYZ’ axes to capture local features. By
performing forward and backward scanning of MHVM, we
can extract geometric structure information from different
directions, thereby improving the understanding of spatial
context. This implementation is written as:

fj-1 = LN(SC(f;-1)), ®)

fi —SC(M(f )—|—./\/l(reverse(f7 ), (6)

where f; denotes the token embedding at the j-th layer,
reverse(-) denotes the backward scanning of input se-
quences, and LN (-) denotes Layer Normalization.

Concretely, the design of MHVM draws inspiration from
the multi-head self-attention (Vaswani et al. 2017). It ini-
tially divides the input token sequence into independent sub-
sets along the feature dimension. Each subset is then pro-
cessed individually by the Visual State Space (VSS) block
(Zhu et al. 2024), allowing the model to focus on informa-
tion across various subspaces. After that, the outputs from
all groups are concatenated along the feature dimension
and subsequently undergo Layer Normalization and Linear
Transformation to produce the final output representation at
that layer. This design not only enhances the learning of fine-
grained features but also maintains sensitivity to the global
context, enabling the encoder to achieve superior perfor-
mance while maintaining computational efficiency.

Token Style Augmentation

Adaptive Instance Normalization (AdaIN) (Huang and Be-
longie 2017), as a normalized feature stylization technique,
has been widely applied in image processing and has been
proven in enhancing model generalization across diverse
datasets (Noori et al. 2024). Inspired by this, we treat each
point-level feature as a token and use the statistics from the
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teacher branch to stylize the token in the student branch.
Specifically, we select the corresponding samples from the
teacher branch and synthesize the stylized features. This
method adjusts the statistical properties of features, allow-
ing the model to better capture the intrinsic characteristics
of input, thus improving its robustness under varying condi-
tions. The token style augmentation is formulated as:

) — M ) 7

¢ (fj) miz (f]) + Bmiz, (7
Ymiz = a0 (f) + (1= a)o (), (8)
5mix = op (fj) + (1 - Oé)lu’ (f;ma) ’ (9)

where o denotes the mixing coefficient, which is obtained
from the interval [0,1] using uniform sampling, pu(-) and
o(-) are two functions returning channel-wise mean and
standard deviation of input feature.

Overall Loss

The point-wise supervised segmentation loss of the source
domain is formulated as follows

—ZZyn ¢)log P(n,c),

n=1c=1
where C' is the number of classes and P is the segmen-
tation prediction. Then, we impose a consistency loss (He
et al. 2020) to constrain the distribution discrepancy across
branches, as follows:
eXp (feBT/7)

o=y Z C exp (fuB;/7)’

where 7 is a temperature hyperparameter. The memory

bank, denoted as B, is updated via f¢"* from the teacher

branch. Samples within B that belong to the same class as

f are considered positive samples and are indicated as B*.
Finally, the overall loss is as follows:

L= Eseg + /\cscﬁcsc + Edfd-

(10)

seg

(1)

12)
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Method & ~<'>\‘°\ 6‘\9 6"& & Qé% 6*9\ é‘\'o &0%6 Q""& & o%\o ~o°~\ f@& Aqu* \i"& \0& Qo\@ \*é- mloU
Oracle 89.4 42.1 0.0 599 61.2 69.6 39.0 0.0 822 21.5 582 456 86.1 63.6 80.2 52.0 77.6 50.1 61.7| 54.7
SemanticKITTI — SemanticSTF
Source-only 559 00 02 19 109 103 6.0 0.0 612 109 320 0.0 679 41.6 49.8 27.9 40.8 29.6 17.5| 244
Dropout (Srivastava et al. 2014)|62.1 0.0 155 3.0 11.5 54 2.0 0.0 584 12.8 267 1.1 72.1 43.6 529 342 43.5 28.4 15.5|25.7
Perturbation (Xiao et al. 2023) |744 0.0 0.0 233 0.6 19.7 0.0 0.0 60.3 10.8 339 0.7 72.0 452 58.7 17.5 42.4 22.1 9.7 |259
PolarMix (Xiao et al. 2022a) |57.8 1.8 3.8 16.7 3.7 26,5 0.0 2.0 657 29 325 03 71.0 48.7 53.8 20.5 45.4 259 15.8| 26.0
MMD (Li et al. 2018) 636 0.0 26 0.1 114 28.1 00 0.0 67.0 141 379 0.3 67.3 412 57.1 27.4 479 28.2 16.2| 26.9
PCL (Yao et al. 2022) 659 0.0 00 177 04 84 00 0.0 59.6 120 350 1.6 74.0 47.5 60.7 15.8 48.9 26.1 27.5| 26.4
PointDR (Xiao et al. 2023) 673 0.0 45 196 9.0 188 2.7 0.0 62.6 129 381 0.6 73.3 43.8 56.4 322 45.7 28.7 27.4| 28.6
DGLSS (Kim et al. 2023a) 726 0.1 11.7 294 13.7 483 0.5 21.2 65.0 20.2 383 3.8 78.9 51.8 57.0 36.4 47.0 26.9 34.9| 34.6
UniMix (Zhao et al. 2024) 827 6.6 8.6 4.5 15.1 355 15,5 37.7 558 102 362 1.3 72.8 40.1 49.1 33.4 349 23.533.5/314
DGUIL (He et al. 2024) 779 10.6 19.1 26.0 9.7 463 6.0 9.3 69.1 18.0 38.6 94 733 51.2 60.8 30.9 50.8 31.8 22.3| 35.5
BeyondSparse (Ours) 83.8 09 29.8 329 109 38.0 5.0 67.6 67.2 164 429 58 77.7 51.8 60.8 31.5 51.2 30.2 42.3| 39.4
SynLiDAR — SemanticSTF
Source-only 27.1 30 0.6 158 0.1 252 1.8 5.6 239 03 146 0.6 363 199 379 179 41.8 9.5 23150
Dropout (Srivastava et al. 2014)[28.0 3.0 1.4 9.6 0.0 17.1 08 0.7 342 6.8 19.1 0.1 355 19.1 42.3 17.6 36.0 14.0 2.8 | 152
Perturbation (Xiao et al. 2023) [27.1 2.3 23 16.0 0.1 237 1.2 4.0 270 3.6 162 08 292 16.7 353 227 38.3 179 5.1| 152
PolarMix (Xiao et al. 2022a) (39.2 1.1 1.2 83 15 178 08 0.7 233 13 175 04 452 248 46.2 20.1 38.7 7.6 19157
MMD (Li et al. 2018) 255 23 21 132 07 221 14 75 308 04 176 0.2 309 19.7 37.6 193 435 99 26| 15.1
PCL (Yao et al. 2022) 309 0.8 14 100 04 233 40 79 285 13 177 12 394 185 40.0 16.0 38.6 12.1 2.3 | 15.5
PointDR (Xiao et al. 2023) 378 25 24 236 01 263 22 33 279 7.7 175 0.5 47.6 253 457 21.0 37.5 179 55| 185
DGLSS (Kim et al. 2023a) 479 29 34 174 1.1 28.0 24 73 288 102 18.1 0.2 489 253 465 214 452 179 4.5|19.8
UniMix (Zhao et al. 2024) 654 0.1 39 169 53 323 20 193 52.1 50 27.3 3.0 49.4 20.3 58.5 22.7 23.2 269 10.4| 23.4
DGUIL (He et al. 2024) 433 2.8 26 232 32 313 25 44 343 92 179 03 57.1 27.6 50.0 24.2 41.5 19.0 6.1 | 21.1
BeyondSparse (Ours) 46.6 49 29 196 49 304 1.7 32 594 74 220 1.7 663 22.5 58.6 25.1 28.5 28.5 13.2| 23.6

Table 1: Quantitative results (mloU, %) of two domain generalization scenarios. Bold indicates the best value.

Method S.KITTI — STF. SynLiDAR — STE.
D-fog L-fog Rain Snow|D-fog L-fog Rain Snow
Source-only 295 260 284 2141169 172 172 119
Dropout 29.3 256 294 248|153 16.6 204 14.0
Perturbation | 26.3 27.8 30.0 24.5| 163 16.7 193 134
PolarMix 29.7 25.0 28.6 25.6|16.1 155 19.2 15.6
MMD 30.4 28.1 32.8 252 |17.3 16.3 20.0 12.7
PCL 28.9 27.6 30.1 24.6|17.8 16.7 193 14.1
PointDR 313 29.7 319 262|195 199 21.1 16.9
DGLSS 342 348 362 32.1| - - - -
UniMix 335 34.8 302 349|243 229 26.1 209
DGUIL 363 345 355 333| - - - -
BeyondSparse| 41.1 35.6 38.9 34.3|21.6 23.6 28.6 25.2

Table 2: Quantitative results (mloU, %) of two domain gen-
eralization scenarios in each weather-specific subset.

Experiment
Datasets

Similar to the testing benchmark employed by PointDR
(Xiao et al. 2023), we conducted a series of experiments on
two prevalent settings: SemanticKITTI—SemanticSTF and
SynLiDAR—SemanticSTF. SemanticKITTI (Behley et al.
2019) collected LiDAR point clouds of urban landscapes un-
der normal weather conditions. Our analysis is predicated on
the training subset, which encompasses 19 semantic classes
as the source domain dataset. SynLiDAR (Xiao et al. 2022b)
presents synthetic point clouds derived from a variety of
simulated environments. Characterized by its diversity in
scene structures and configurations, this dataset comprises
over 19 billion points. For our study, we chose the training
subset, which is annotated with 19 semantic classes, as the

10830

source domain dataset. SemanticSTF (Xiao et al. 2023) col-
lected LiDAR point clouds of urban landscapes under ad-
verse weather conditions, including but not limited to fog
(dense fog and light fog), rain, and snow. This dataset serves
as the target domain for the evaluation.

Implementation Details

Following previous work (Xiao et al. 2023), we adopt
the widely recognized MinkowskiNet (Choy, Gwak, and
Savarese 2019) with sparse convolution (Tang et al. 2020) as
the backbone. For optimization, we employ stochastic gradi-
ent descent (SGD) with a momentum of 0.9. The batch size
is set to 4, and the initial learning rate is 0.24, with a decay
factor of 0.0001. We utilize Intersection over Union (IoU) as
the evaluation metric for each class, along with the mean IoU
(mlIoU) across all classes. All experiments are conducted
using one NVIDIA RTX 3090 GPU. For hyperparameters,
Aese and Aq are set to 0.1, Ao and A3 are set to 0.001.

Quantitative and Qualitative Comparison

Domain Generalization. Table 1 presents the quantita-
tive results of two domain generalization scenarios. ‘Ora-
cle’ refers to a model trained solely on the target-domain
data, serving as an upper bound. ‘Source-only’ refers to a
model trained solely on the source-domain data without any
generalization techniques, serving as a lower bound. Com-
pared to the baseline model, PointDR, our method increases
mloU by 10.8% and 5.1%. Compared to the latest method,
DGUIL, our method still achieves remarkable results, ex-
hibiting 3.9% and 2.5% mloU improvement. This is be-
cause our method effectively models long-range dependen-
cies to transcend limited voxel receptive fields. Besides, we



¢ ¢ A S R G TR S R O
Method & o & @’& & & &F & @Q’b && S o\“% & & & & & |miou
Oracle 89.4 42.1 0.0 59.9 61.2 69.6 39.0 0.0 822 21.5 58.2 45.6 86.1 63.6 80.2 52.0 77.6 50.1 61.7| 54.7
SemanticKITTI — SemanticSTF
Source-only 559 00 02 19 109 103 6.0 00 612 109 320 0.0 679 41.6 49.8 279 40.8 29.6 17.5] 24.4
ADDA (Tzeng et al. 2017) [65.6 0.0 0.0 21.0 1.3 28 13 167 647 12 354 0.0 66.5 41.8 57.2 32.6 42.2 23.3 26.4| 26.3
Ent-Min (Vu et al. 2019) 69.2 0.0 10.1 31.0 53 28 26 0.0 659 26 357 00 725 428 52.4 32.5 447 247 21.1|27.2
Self-training (Zou et al. 2019)|71.5 0.0 10.3 33.1 74 59 13 0.0 65.1 6.5 366 0.0 67.8 41.3 51.7 329 429 25.1 25.0| 27.6
CoSMix (Saltori et al. 2023) [65.0 1.7 22.1 252 7.7 332 0.0 0.0 64.7 11.5 31.1 09 62.5 37.8 44.6 30.5 41.1 30.9 28.6| 28.4
UniMix (Zhao et al. 2024)  |75.3 0.9 449 11.7 13.6 38.2 50.3 31.9 71.1 15.0 464 6.5 743 51.0 49.8 36.8 34.4 25.528.9| 37.2
BeyondSparse (Ours) 874 6.2 504 451 6.1 56.7 03 8.8 744 159 453 294 752 49.8 66.0 39.2 64.5 25.1 47.7| 41.8
SynLiDAR — SemanticSTF
Source-only 27.1 30 0.6 158 0.1 252 1.8 56 239 03 146 0.6 363 199 379 179 418 9.5 23] 15.0
ADDA (Tzeng etal. 2017) |55.8 0.0 3.6 26.1 1.3 252 7.5 99 172 234 44 09 439 184 452 21.8 33.6 28.0 19.7| 20.3
Ent-Min (Vu et al. 2019) 483 0.1 5.6 287 0.1 233 25 198 193 6.7 22,6 14 469 20.7 43.2 252 34.1 26.0 22.2| 20.9
Self-training (Zou et al. 2019)[50.6 0.0 6.1 31.0 0.5 26.0 4.8 12.0 20.7 4.6 235 1.5 453 19.5 44.6 25.0 35.1 29.2 20.8| 21.1
CoSMix (Saltori et al. 2023) |51.5 0.2 5.0 28.1 0.0 265 17.0 99 202 3.6 246 22 52.6 20.6 47.5 24.3 34.6 28.2 24.1| 22.1
UniMix (Zhao et al. 2024)  |73.6 0.0 7.9 269 29 29.1 13.7 21.8 38.0 8.0 263 34 56.0 21.2 56.1 29.6 38.0 28.2 26.5| 26.7
BeyondSparse (Ours) 707 51 49 78 83 379 02 0.7 652 13 31.8 11.5 72.2 27.7 64.4 27.9 25.5 30.5 29.7| 27.5

Table 3: Quantitative results (mIoU, %) of two domain adaptation scenarios. Bold indicates the best value.
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Figure 4: Qualitative results in adverse weather conditions.

evaluate the results in each weather-specific subset, includ-
ing dense fog, light fog, rain, and snow. As shown in Ta-
ble 2, it is observed that our method consistently achieves
the best performance across multiple adverse weather con-
ditions. For instance, in SemanticKITTI—SemanticSTF, our
method surpasses ‘DGUIL’ with a gain of 4.8% mloU under
dense fog conditions.

Domain Adaptation. Under the DA setting, we have ac-
cess to target-domain data. Hence, we employ a mixture
of target-domain data and source-domain data augmented
with weather simulation in the teacher branch. As shown in
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DFD ME TSA | mloU (%)

PointDR 28.6
#1 v 33.2
#2 v 324
#3 v 30.8
#4 v v 36.5
#5 v v 354
#6 v v 37.2
#7 v v v 394

Table 4: Ablation study on the effectiveness of each compo-
nent in BeyondSparse for domain generalization.

Table 3, compared with the SOTA method ‘UniMix’, our
method achieves gains of 4.6% and 0.8% in mloU, reaching
top rankings of 41.8% and 27.5%.

Visualization Figure 4 validates our Table 2 results, show-
ing BeyondSparse’s superiority over DG methods. The red
box indicates the differences in predictions. By the merit
of global modeling from Mamba, our method segments de-
tailed objects well. From top to bottom, the focus is the trunk
of a tree, vegetation near the road, the profile of the road,
and, most importantly, people walking safely on the road.

Ablation Studies

Different Components. As shown in Table 4, we conduct
a series of experiments to evaluate the improvement of each
component in BeyondSparse. When DFD is used alone (#1),
the mIoU is increased by 4.6%, which highlights the role of
feature decoupling. A 3.8% mloU improvement is achieved
using ME (#2), indicating that global modeling promotes
the learning of spatial-invariant features of the model across
domains. Performing TSA only on the Mamba layer can
also enrich feature representation, yielding a 2.2% mloU
gain. The combined application of both modules (#4, #5, #06)
yields a more overall improvement, reaching 36.5%, 35.4%,
and 37.2% mloU. It is observed that these three components



Position | Cos. Sim.l mloU (%)t
#1 After Input 0.139 33.2
#2  Before Bottleneck 0.215 31.4
#3  After Bottleneck 0.236 31.0
#4 Before Output 0.322 30.2

Table 5: Impact of DFD at different positions.

Scenario Module | mloU (%)
. . Di-Block 394
SemanticKITTI—SemanticSTF Ds-Block 306
. . Di-Block 23.6
SynLiDAR—SemanticSTF Ds-Block 203

Table 6: Impact of decoupled features generated by DFD.

can work synergistically to not only distinguish domain-
invariant and domain-specific features but also learn global
invariant features, significantly improving the generalization
ability of the model. Finally, combining the three proposed
components to reach peak value (39.4% mloU).

Role of Decoupling. As shown in Table 5, we evaluate the
impact of DFD at different positions within the segmenta-
tion network. #1 involves performing feature disentangle-
ment immediately after data input, positioning it ahead of
the segmentation network. It is observed that this position-
setting achieves the best performance, with the lowest inter-
feature similarity between f; and fs, reaching a value of
33.2% mloU. Besides, #2 and #3 examine the effects of in-
corporating DFD before and after the Bottleneck, which is
situated between the encoder and the decoder. #4 add DFD
before the output, i.e., after the decoder but before the seg-
mentation head. These results suggest that feature adjust-
ment at an early stage better facilitates the learning of gener-
alizable representations by the model. Moreover, as shown
in Table 6, we input f; and fs generated by Di-Block and
Ds-Block into ME for global modeling, respectively. It is
observed that using f; is higher than f,. For instance, on
SemanticKITTI—SemanticSTF, using Di-Block surpasses
Ds-Block by 8.8% mloU. It means that separating domain-
specific features before the segmentation network enhances
the ability of the model to discriminate information.

Error Accumulation Analysis. Domain-specific infor-
mation tends to be accumulated or even amplified by the
hidden states, leading to a decline in the generalization abil-
ity of the 3D model. The Kullback-Leibler (KL) divergence
can be used to quantify the difference between two feature
distributions. We employ an unsupervised domain adapta-
tion framework to compute the KL divergence between the
feature distributions of the source and target domains during
training. This serves as an indicator of the discrepancy be-
tween the two distributions, thereby indirectly reflecting the
accumulation of errors. As illustrated in Figure 5, when DFD
is not utilized, the KL divergence between the source and
target domains exhibits a significant upward trend after 100k
iterations. This suggests that during the sequence modeling,
error accumulation introduced by domain-specific features
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Figure 5: Error accumulation analysis during the global
modeling of Mamba. ‘KL_div’ means KL divergence.

L5 L4 L3 L2 L. | mloU (%)
- - - - - 28.6
#1 | vV - - - - 30.2
#2 | Vv v - - - 31.8
#3 | V v v - - 324
#4 | v v v v - 31.7
#5 | Vv v v v v 30.6

Table 7: Impact of MHVM blocks at different layers of ME.

leads to a gradual increase in the discrepancy between the
two feature distributions. Conversely, when DFD is applied,
and only domain-invariant features are used for sequence
modeling, the discrepancy between the two feature distri-
butions is confined within a certain range and does not show
an increasing trend. This indicates that DFD not only effec-
tively disentangles features but also addresses the issue of
error accumulation in Mamba for cross-domain tasks.

Design of Mamba-based Encoder. As shown in Table 7,
we evaluate the impact of integrating MHVM blocks at dif-
ferent layers ‘L.x’ of ME. Concretely, ‘L.1° means the shal-
lowest layer of ME, whereas ‘L.5’ corresponds to the deep-
est layer. It is observed that integrating MHVM at relatively
deep layers (#3) is beneficial for improving performance
(32.4% mloU). This is because the global modeling of 3D
deep features can be effectively learned by subsequent fea-
ture layers. Conversely, when MHVM is applied exclusively
to the deepest layer (#1), performance declines. Moreover,
an attempt to uniformly integrate MHVM across all layers
of ME (#5) also results in a performance decrease. The in-
troduction of MHVM at ‘L.1°, which is closer to the output,
however, disrupts the encoding of basic visual representa-
tion, thereby degrading the quality of the final prediction.

Conclusion

In this work, we delve into cross-domain 3D semantic seg-
mentation under adverse weather conditions, named Be-
yondSparse. For this purpose, we introduce Mamba to con-
struct structural priors beyond the abilities of existing 3D
sparse-based architecture while simultaneously exploiting
long-range dependency modeling to transcend limited voxel
receptive fields for domain-invariant representation learning.
Our method achieves SOTA performance in both DA and
DG, as proved by extensive experiments on two scenarios.
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