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Abstract

State Space models (SSMs) like PointMamba provide efficient feature extrac-
tion for point cloud self-supervised learning with linear complexity, surpassing
Transformers in computational efficiency. However, existing PointMamba-based
methods rely on complex token ordering and random masking, disrupting spatial
continuity and local semantic correlations. We propose ZigzagPointMamba to
address these challenges. The key to our approach is a simple zigzag scan path that
globally sequences point cloud tokens, enhancing spatial continuity by preserving
the proximity of spatially adjacent point tokens. Yet, random masking impairs local
semantic modeling in self-supervised learning. To overcome this, we introduce a
Semantic-Siamese Masking Strategy (SMS), which masks semantically similar to-
kens to facilitate reconstruction by integrating local features of original and similar
tokens, thus overcoming dependence on isolated local features and enabling robust
global semantic modeling. Our pre-training ZigzagPointMamba weights signifi-
cantly boost downstream tasks, achieving a 1.59% mloU gain on ShapeNetPart for
part segmentation, a 0.4% higher accuracy on ModelNet40 for classification, and
0.19%, 1.22%, and 0.72% higher accuracies respectively for the classification tasks
on the OBJ-BG, OBJ-ONLY, and PB-T50-RS subsets of ScanObjectNN. Code is
available at https://github.com/Rabbitttttt2 18/ZigzagPointMamba.

1 Introduction

Deep learning-based point cloud analysis requires models to extract and interpret intricate geo-
metric features from unstructured spatial data. Traditional approaches, such as MLP[25] 26] and
Transformer architecture[27, [12]], are often hindered by high computational complexity, substantial
resource demands, and limited generalization across diverse datasets. To address these challenges,
PointMamba[ 18] has emerged as a novel framework. By leveraging a state-space model, Point-
Mamba achieves linear computational complexity and robust global feature aggregation, effectively
balancing architectural simplicity with efficiency. Its strong knowledge transfer abilities, especially
in self-supervised learning, have shown excellent performance and driven significant research into
PointMamba-based models.

Despite the efficiency of PointMamba-based methods in global feature aggregation through state-
space models, their dependence on conventional scanning schemes—such as random, Hilbert, or Z-
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Figure 1: As can be seen from Fig. |1|(a), compared with ACT, PointMamba, and GeoMask3D, our
proposed ZigzagPointMamba performs better on the ScanObjectNN dataset. Fig. [T](b) presents a
stark contrast between the effects of SMS and random masking, highlighting the superiority of our
proposed method in terms of reconstruction. Fig. [T](c) demonstrates the features before and after
fine-tuning, indicating the effectiveness of our method in refining feature representations.

order approaches—often disrupts spatial continuity, leading to suboptimal performance in downstream
tasks like point cloud segmentation and classification. For instance, random scanning fragments local
geometric coherence, while Hilbert and Z-order schemes struggle to adapt to complex topologies,
resulting in disjointed token sequences that impair feature consistency. To address this, we propose
ZigzagPointMamba, a novel method that employs a zigzag scanning path to globally sequence point
cloud tokens while preserving spatial proximity. By generating smoother, spatially coherent token
sequences, ZigzagPointMamba enhances the quality of feature representations, with preliminary
experiments demonstrating a 1.59% mloU improvement in part segmentation on ShapeNetPart and a
0.4% accuracy gain in classification on ModelNet40.

Building on the spatially coherent token sequences provided by ZigzagPointMamba, we further
enhance PointMamba’s self-supervised learning capabilities by addressing limitations in its masking
strategy. Traditional random masking, which relies on adjacent tokens to reconstruct masked regions,
struggles to capture global semantic dependencies, compromising performance in downstream
point cloud tasks such as segmentation and classification. To overcome this, we introduce the
Semantic-Siamese Masking Strategy (SMS), which leverages the smooth token sequences from
ZigzagPointMamba to mask semantically similar local structures, thereby strengthening token-level
semantic associations. By integrating local features of original and semantically related tokens, SMS
enables robust global semantic modeling, yielding more accurate feature representations. Preliminary
results validate the synergy of ZigzagPointMamba and SMS, achieving up to 1.22% accuracy
improvements across classification on ScanObjectNN subsets (OBJ-BG, OBJ-ONLY, PB-T50-RS).

SMS employs a Siamese-like comparison to evaluate semantic similarity between point cloud tokens,
enabling targeted masking of coherent structures, such as entire object parts like a chair’s armrest or a
car’s wheel, rather than random token selections. By leveraging smooth, spatially continuous tokens,
SMS ensures that masked semantic tokens maintain both spatial proximity and semantic continuity,
preserving the topological integrity of the point cloud during self-supervised learning. Specifically,
SMS operates through two key steps: (1) The point cloud is decomposed into fine-grained semantic
tokens by leveraging the zigzag scanning order, and (2) A Siamese-like mechanism evaluates token-
wise similarity scores, and tokens exceeding a predefined similarity threshold are masked. This
strategy eliminates redundant local features, forcing the model to reconstruct masked regions by
relying on global semantic context from retained tokens. This strategy mitigates the limitations of
traditional random masking, which relies solely on local information and disrupts semantic coherence,
thereby optimizing global feature modeling and enhancing self-supervised learning capabilities.
Combined with ZigzagPointMamba’s spatial advantages, SMS achieves superior reconstruction



quality and more distinct feature distributions after fine-tuning, Our ZigzagPointMamba achieves
excellent performance on various point cloud analysis datasets (as shown in Fig|l|(a).). In addition,
the reconstruction effect of SMS we proposed is better, and the feature distribution after fine-tuning
is also more distinct (as shown in Fig[] (b) and Fig[T](c)).

Collectively, our contributions include: (1) a zigzag scan path that preserves spatial proximity,
mitigating discontinuities in traditional scanning methods; (2) the SMS approach, which enhances
token-level semantic associations for robust global feature modeling; and (3) the integration of
spatial and semantic continuity in ZigzagPointMambea, significantly advancing point cloud analysis,
particularly in self-supervised learning applications.

2 Related Works

2.1 Point Cloud Analysis Methods Based on MLP

Early deep learning methods for point cloud processing[28), [11}130], such as PointNet[25]], used shared
multi-layer perceptrons (MLPs) for feature extraction and max pooling to aggregate global informa-
tion. However, these methods had limitations in modeling local geometric structures. PointNet+-+[26]]
improved this by introducing hierarchical MLPs and farthest point sampling (FPS) for multi-scale
feature learning. Subsequently, methods like RandLLA-Net[13]] proposed lightweight architectures
that processed large-scale point clouds through random sampling and local feature aggregation
mechanisms, significantly enhancing computational efficiency. PointMLP[23]] constructed networks
purely based on residual MLPs and introduced a local geometric affine module, achieving certain
results in point cloud tasks and providing a network architecture foundation for the application of
subsequent self-supervised learning methods in point cloud processing. Later, [44] enhanced the MLP
architecture through efficient addition and shift operations, reducing computational complexity while
improving point cloud classification performance. HPE[46]] improved MLPs using high-dimensional
positional encoding, mapping the 3D coordinates of points to a high-dimensional space to effectively
enhance the representation of point cloud positional information and further boost the MLP’s ability to
model local structures. PointMT[43]] combines the efficiency of MLPs with the global feature capture
capability of Transformers, and introduces innovative mechanisms to address the computational
bottlenecks of traditional Transformers, enabling efficient point cloud analysis.

2.2 The Deep Evolution of Transformer Architecture and Masking Strategies

In recent years, Transformer-based point cloud processing methods have made synergistic progress in
both architectural design and masking strategies. PCT[10] first introduced self-attention mechanisms
into point cloud processing, while Point Transformer V1[42] enhanced geometric modeling through
vector attention. Subsequently, Point Transformer V2[37]] and OctFormer[35]] improved computa-
tional efficiency via hierarchical attention and octree partitioning, respectively. GPSFormer|[34] and
DAPoinTr[17] have achieved innovative integration of graph structures and dynamic path mecha-
nisms. while Siamese-based approaches[20] have demonstrated versatile Transformer architectures
for 3D tracking tasks. Meanwhile, the evolution of masking strategies is deeply intertwined with
Transformer architecture development: Point-BERT[39]] was the first to adapt the masked pre-training
paradigm from natural language processing to point clouds, establishing a self-supervised learning
framework through coordinate reconstruction tasks. Recent advances in self-supervised learning[38]]
have further explored contrastive learning approaches for point cloud understanding. Point-MAE[24]]
further strengthened feature learning by increasing the masking ratio, while Point-M2AE[41] intro-
duced a multi-scale masking framework that synergizes with Transformer’s hierarchical architecture.
Methods such as GeoMAE[32]] and SemMAE[16] incorporate geometric[6] awareness and semantic
guidance into masking design, enabling models to better understand spatial layouts while maintaining
computational efficiency.

2.3 The Development of State-Space Models in Point Cloud Processing

Due to the quadratic complexity of Transformers, State Space Models (SSMs) have become a research
hotspot for their linear computational complexity[29]. The Mamba model[9] demonstrated the high-
efficiency potential of SSMs in sequence processing and proposed an effective linear-time sequence
modeling method. In further research, the attention mechanism of the Mamba model was explored,
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Figure 2: ZigzagPointMamba pre-training pipeline. Select key point cloud points with FPS. Extract
feature labels via KNN algorithm and lightweight PointNet. Serialize using the zigzag scan path.
Input serialized features into a point cloud MAE architecture with SMS for training, obtaining point
cloud feature representations and providing parameters for downstream tasks.

revealing how to enhance the capture of key information while maintaining efficient computation[1].
Subsequently, many Mamba-based variants have been applied to various fields[21} 136, 36]]. In
the point cloud domain, recent developments include spectral-informed approaches|3]] for robust
processing and voxel-based methods[40]] for 3D object detection. For example, U-Mambal22]
enhances long-range dependency modeling in biomedical image segmentation, and LocalMambal[15]]
further optimizes the performance of visual State Space Models by introducing windowed selective
scanning. However, these models still face significant challenges when processing complex geometric
structure data such as point clouds.

PointMamba[ 18] was the first to apply the SSM framework to point cloud processing, achieving
remarkable progress in feature extraction. However, its scan method may hinder the capture of
geometric structures, while random masking may obscure key information. To address these issues,
we propose the ZigzagPointMamba model. By combining the zigzag scan path and the Semantic-
Siamese Masking Strategy (SMS), ZigzagPointMamba ensures that spatially adjacent points maintain
proximity and effectively learns global semantics.

3 Methods

3.1 Background: State Space Models and PointMamba

State Space Models (SSMs) serve as a classical framework for processing sequential and spatial
data,capturing long-range dependencies through a recursive state transition equation:
ht :Aht_l +B.’Ift, (1)

where h; is the state at time step ¢, x; is the observation (or input) at step ¢, and A, B are learned
transition matrices. This model exhibits O(n) linear computational complexity, making it highly
efficient for large-scale data modeling.

In the field of point cloud analysis, PointMamba adapts the SSM framework to process unordered
point clouds by treating each point as an independent state unit. The modified state transition is:
hy = Athi—1 + By, (2)

where h; € RY represents the state of point,z; € R™ contains the point’s 3D coordinates and features,
Ay, By are dynamic parameters conditioned on ;.

3.2 The structure of ZigzagPointMamba

We present ZigzagPointMamba, an enhanced architecture derived from PointMamba that introduces
two key innovations: (1) a novel zigzag scan path for structured point cloud traversal, and (2) a
Semantic-Siamese Masking Strategy (SMS) for enhanced token-level semantic associations for
robust global feature modeling.

In the pre-training process of the ZigzagPointMamba architecture (Fig. [2), input point cloud data first
undergoes the zigzag scan path. Key points are selected via Farthest Point Sampling (FPS), followed



by zigzag scan applied on XY, XZ, and YZ planes. Hierarchical layering and alternating sorting
generate traversal paths with clear spatial logic, transforming unordered point clouds into ordered
sequences to enhance feature spatial proximity and continuity. As illustrated, feature vectors of
adjacent points in the ordered sequence better reflect their 3D adjacency, establishing a foundation for
capturing local geometric features. Subsequently, features are extracted from these paths using KNN
and a lightweight PointNet to generate point tokens. The SMS calculates semantic similarity from
token feature vectors, identifies redundant regions via thresholding, and applies masking to prevent
the model from over-relying on local information, thereby enhancing the capture of long-range
semantic relationships.

To process 3D point cloud data and assist deep learning models in capturing spatial structure, we
use an improved zigzag scan path approach. This approach generates structured traversal paths on
orthogonal planes in 3D space. In traditional 2D image processing, the 2D zigzag scan path[14]
is a commonly used method. As shown in the left sub-figure of Fig. [3] the 2D zigzag scan path
traverses data points in a specific zigzag pattern, effectively organizing the data order in 2D space.
However, when dealing with 3D point cloud data, the scenario becomes more complex. A 3D
point cloud can be represented as P = {p;}}V,, where p; = (z;,vi,2) € R3. Our 3D zigzag
scan path extends the 2D approach by performing scanning operations on three key planes: the
XY-plane, XZ-plane, and YZ-plane, to comprehensively analyze the spatial relationships within 3D
point clouds. In implementation, the point cloud is first divided into layers along different coordinate
axes through coordinate-based layering; subsequently, segment-based alternating sorting is used to
construct traversal scan paths with specific zigzag patterns on each of the three key planes. The effect
is illustrated in the right sub-figure of Fig. 3]

Scan generation on the XY-Plane First, we sort all points in ascending order based on the Z-
coordinate. This step arranges the point cloud according to the values of Z, which facilitates the
subsequent layering operation. After sorting, the sorted point cloud is divided into L, layers, where

Lyy = (%] For the k-th layer, denoted as L7, it is represented as:
L = {pleP|z(k D <z1<sz}, k=1,2,..., Loy 3)

Here, 2, _ 1) 2 and 2, N are the values of the Z-coordinates at the corresponding positions in the

Ty
sorted point cloud. By thlS layering, the point cloud is divided along the Z-direction, ensuring that
points within the same layer are similar in their Z-coordinates.

Within each layer L;”, the points are first sorted in ascending order based on their X-coordinates. This

operation organizes the points along the X-direction within each layer. Next, the points are divided
[L3.°]

into .S segments, where .S = min Q ,m), ensuring that each segment contains approximately

d points. For the s-th segment S7Y, the points are alternately sorted by the Y-coordinate: When s is
even, the points are sorted in ascending order of Y. That is, for p;, p; € S5Y,if y; < y;, then p; comes
before p;. When s is odd, the points are sorted in descending order of Y. That is, for p;, p; € S¢Y, if
y > ¥, then p; comes before p;. This alternating sorting creates a zigzag scan path within each layer.
Finally, the segments are connected in sequence to form a scan R;".

Scan generation on the XZ-Plane Similar to the XY-plane, points are sorted ascendingly by the
Y-coordinate first. The point cloud is divided into L, . layers, where L,, = LMJ + 101 mod 3>1. For

the k-th layer L¥%, it is defined as L = {pl € P ygny v <ui <y } k=1, Lo,
Points in each layer are sorted by X-coordinate, segmented, and sorted by Z- coordmate to form R7?.

Scan generation on the YZ-Plane Likewise, points are sorted by the X-coordinate first. The
point cloud is divided into L, , layers, where L,, = {%J . For the k-th layer L}”, it is defined as
LY = {pl €P|wg_ A ST < Ty n }, k=1,---,L,,. After sorting points in each layer

Lyz

by Y-coordinate, segmentmg, and sorting by Z-coordinate, we get R}”.
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3.3 Masking Process

The traditional random masking strategy is still prone to losing key information and disrupting the
semantic coherence and geometric structural relationships that have been sorted out when masking
the point cloud data processed by the zigzag scan path. Although the point cloud tokens arranged by
the zigzag scan path ensure the continuity of spatially adjacent features, the random masking fails to
make good use of this advantage. To address this issue, we introduce the SMS. Based on the semantic
similarity of point cloud features, the SMS selects the masking regions. By fully leveraging the
structured foundation established by the zigzag scan, it can not only preserve the important semantic
information and geometric structure but also enhance the model’s ability to model global semantic
features, significantly improving the performance of the MAE in handling downstream tasks.

3.3.1 Semantic-Siamese Masking Strategy (SMS)

Algorithm 1 Semantic-Siames Masking Strategy

Input: group_input_tokens: point cloud feature tensor with shape B, G, C' (batch_size, number
of groups, feature_dimension).

threshold: SMS retention threshold (default 0.8), controlling the proportion of tokens to
retain.
Output: bool_masked_pos: boolean mask tensor with shape B, G, C, indicating which tokens
are masked.

p—

: B, G, C <shape(group_input_tokens) // Get tensor dimensions

2: tokens_norm < F.normalize(group_input_tokens,dim = —1) // Normalize feature vectors
to unit length

3: similarity_matriz < torch.bmm(tokens_norm,tokens_norm').clamp(0,1) / Compute
cosine similarity matrix and clamp to [0,1]

4: redundancy_score < Y . (similarity_matriz) // Calculate redundancy score for each
token

5: k « max(1, [threshold x G]) // Determine number of tokens to retain (at least 1)

6: if k=0

return torch.zeros([B, G], dtype = torch.bool)

7: thresholds <+ torch.topk(redundancy_score, k = k,largest = torch.False).values[:, —1] //
Get k-th smallest redundancy score as threshold

8: bool_masked_pos < redundancy_score > thresholds // Generate mask (tokens with higher
redundancy are masked)

9: return bool_masked_pos




The main goal of SMS is to remove the parts of the input data that are irrelevant or redundant to the
task, keeping the most representative and informative tokens (As shown in Algorithm{T] its effect
is presented in Fig. [T] (b) and Fig. ). This process takes place during the self-supervised learning
phase of ZigzagPointMamba.First, for the input T" (with shape B x G x ('), we normalize the tokens
to ensure that the features of each token are transformed into unit vectors, thus eliminating scale
differences between different feature dimensions. The specific formula is:

Tnormb,gyc = %7 (4)

Sotre

c¢’=0 " b,g,c

where b € {1,--- ,B},g € {1,--- ,G},and c € {1,--- ,C}. This step converts the feature vector
of each token into a unit vector, ensuring that the features have a uniform scale.

Next, we compute the cosine similarity between the normalized feature vectors, resulting in a
similarity matrix. The similarity between two tokens ¢ and j in batch b is calculated using the
following formula:

foyi - foj
S, = It SO 5
43 = ol ©
where f,; and fp ; are the normalized feature vectors of the tokens i-th and j-th in batch b-th
respectively. Since we have already normalized the feature vectors, || f ;|| = 1 and || f ;|| = 1,s0 the
formula simplifies to:
c-1
Sb,i,j = Z Tnm‘mb,i,c . Tnormb,j,(,- (6)
c=0

Also, we limit the values of the similarity matrix to the range [0,1] via the following
transformation: Sy ; ; = max (0, min (1, Sp; ;)) . This matrix represents the similarity between every
pair of tokens, where 7 and j are indices of two different tokens. Then, we sum each row of the
similarity matrix to obtain the redundancy score for each token, as shown in the following formula:

G-1
Ry = Z Sbij- 7
i=o

This redundancy score reflects how similar each token is to the other tokens. A higher redundancy
score indicates that the token is more redundant. Based on the semantic threshold ¢seiantic, W€
calculate the number of tokens that need to be retained, denoted as k = | tsemantic - G| .Next, we sort
the redundancy scores and choose the k-th smallest redundancy score as the threshold for each batch:

tp = topk(Rp, k = k,largest = False)[k — 1]. )

This threshold is used to identify redundant tokens, which are marked for masking, generating the
initial semantic mask. The formula for mask generation is:

True, if Ry, > tp,
False, otherwise.

Msemanticb,i = { (9)

Tokens with redundancy scores exceeding the threshold are marked as True for masking.

3.3.2 Random Mask Generation

After generating the SMS, we proceed with random masking of the remaining tokens. The main
purpose of this stage is to further reduce redundancy by introducing randomness and to avoid
overfitting of the model. When masking is required, we randomly select a certain percentage of
tokens from those that have not been masked by the SMS. The number of tokens to be masked is
calculated using the following formula: N, a5k, = | Rmask - | Tavailables, | |-Then, we randomly choose
the indices of these available tokens and mark them as masked: M y;nai,, Lnasky = True.

4 Experiments

We present in this section the experimental configuration, datasets, and evaluation results for assessing
the performance of ZigzagPointMamba. Our experimental framework incorporates the newly pro-
posed zigzag scan path and SMS. Extensive evaluation across multiple benchmark datasets on various



Table 1: Object Classification on ScanObjectNN Dataset. We conducted experiments on three subsets of the
ScanObjectNN dataset: the OBJ-BG subset, OBJ-ONLY subset, and PB-T50-RS subset.

Methods Reference Param.(M) FLOPs(G) OBJ-BG OBJ-ONLY PB-T50-RS
Point-Bert[39] CVPR 22 22.1 4.8 87.3 88.12 83.07
MaskPoint[19] CVPR 22 22.1 4.8 89.70 89.30 84.60
PointMAE[24] ECCV 22 22.1 4.8 90.02 88.29 84.60
PointM2AE[41] NeurIPS 22 15.3 3.6 91.22 88.81 86.43
ACTIS8] ICLR 23 22.1 4.8 93.29 91.91 88.21
ReCon[27] ICML 23 43.6 53 94.15 93.12 89.73
GeoMask3D[2] TMLR 25 - - 93.11 90.36 88.30
PointMamba([18])(baseline) ~ NeurIPS 24 12.3 3.1 93.96 90.88 87.93
ZigzagPointMamba(Ours) 12.3 3.1 94.15 92.10 88.65

downstream tasks demonstrates that our approach achieves superior performance improvements
over existing methods in terms of classification accuracy, segmentation performance, and model
robustness.

4.1 Pre-training Setup

In the pre-training phase [39}45]] , self-supervised learning extracts generalizable representations
from unannotated point cloud data, providing transferable parameters for downstream tasks. We
introduce the zigzag scan path and SMS to boost the model’s local structure capture. To adapt to
different resolutions, point clouds are patch-divided linearly (1024 points into 64 patches with 32
points per patch via KNN). The encoder has 12 vanilla Mamba blocks (384 dims each), and the
decoder uses 4 Mamba blocks for reconstruction. We randomly select one path, setting the random
masking ratio at 0.6 and SMS ratio at 0.8. Training uses AdamW optimizer (Ir = 0.001), Cosine
annealing scheduler, 300 epochs, batch size 128, and loss of Chamfer distance L2 [4]. Experiments
are run on a NVIDIA A40 GPU.

Table 2: Classification on ModelNet40 Dataset. We
report the overall accuracy from 1024 points without

Table 3: Part Segmentation on ShapeNetPart
Dataset. The mloU of all classes (Cls.) and instances

voting. (Inst.) is reported.
Methods Reference  Param.(M) FLOPs(G) OA(%) Methods Reference Inst.mloU  Cls.mloU
Point-Bert[39 CVPR 22 22.1 4.8 92.7 Point-BERT [39] TMLR 25 85.6 84.1
MaskPoint[19 CVPR 22 22.1 4.8 92.6 MaskPoint[[19] TMLR 25 86.0 84.4
PointMAE|24 ECCV 22 22.1 4.8 93.2 PointMAE[24] ECCV 22 86.1 84.1
PointM2AE[41 NeurIPS 22 15.3 3.6 93.4 PointM2AE[41] NeurlIPS 22 86.51 84.86
ACT[S TCLR 23 22.1 4.8 93.6 ACTI8] ICLR 23 86.14 84.66
GeoMask3D[Z2 TMLR 25 - - 9420  GeoMask3D|2] TMLR 25 86.04 84.49
PointMamba([[18])(baseline) ~ NeurIPS 24 123 1.5 92.75 PointMamba([[18])(baseline) ~ NeurIPS 24 85.28 82.57
ZigzagPointMamba(Ours) 12.3 15 93.15 ZigzagPointMamba(Ours) 85.78 84.16

Our method uses 17.36M parameters and 5.5G FLOPs.

4.2 Datasets and Performance Evaluation of Downstream Tasks

ModelNet40: In the classification experiment
on ModelNet40 [31]]. As shown in Table[2] we
conducted experiments without using the voting

Table 4: Few-shot learning on ModelNet40. A dedi-
cated dataset for few-shot learning constructed based on

strategy. The classification accuracy of Zigzag- ModelNet40.

PointMamba reached 93.15%, representing an ‘ Sway Toway
0.4% increase compared to PointMamba (Please """ ) 105hot  20shot  10.shot  20-shot
note that the data of PointMamba in the exper-  poin-Ben(3 CVPR22  94.6£30 96325 910450 927+48
imental tables are obtained from our own exper-  MaskPoinI? CVPR22 950437 97.2:15 Ol4+45 93432
iments). The ModelNetFewShot dataset, con- P"™AEE ECCV22 963431 97.8+18 92.6:40 95028
oucted based on ModoNetd, i spesfially o0 SR s s i
designed for few-shot learning research. The  pyucerse NewrPS23 968518 98.6412 92.643.5 952425
selection of few-shot data in it strictly follows  reconizz ICML23  97.3:18 98.0+1.5 93343 95828

PointMamba(|18])(baseline) NeurIPS 24  96.0+2.0 99.0+1.0

99.0£1.2

the following rules: randomly select 5 or 10 cat- 88.5624 938512
egories from the 40 categories of ModelNet40
as the task categories, and then randomly select
10 or 20 samples from each selected category as the support set. We conducted 15 independent
few-shot learning experiments on ZigzagPointMamba using the ModelNetFewShot dataset. In the

10-way 10-shot scenario, the average classification accuracy of ZigzagPointMamba increased by 1.5%

ZigzagPointMamba(Ours) 96.0£2.1 90.0£2.2  94.2+1.0




compared to PointMamba; in the 10-way 20-shot scenario, the average accuracy increased by 0.4%.
As shown in Table[d] ZigzagPointMamba also demonstrates promising classification performance
when handling few-shot data.

ScanObjectNN: As summarized in Table [I| we comprehensively evaluate ZigzagPointMamba
across three distinct experimental configurations of ScanObjectNN [33]]: OBJ-BG (objects with
background), OBJ-ONLY (isolated objects), PB-T50-RS(perturbed objects with 50% translation
and random scaling). ZigzagPointMamba demonstrates consistent improvements over the baseline
PointMamba in all scenarios: In OBJ-ONLY, ZigzagPointMamba achieves 92.10% classification
accuracy (1 1.22% versus PointMamba’s 90.88%), highlighting its efficacy in handling clean object
geometries. For OBJ-BG with background interference, our method attains 94.15% accuracy
(1 0.19% over PointMamba’s 93.96%), showcasing robustness to environmental noise. Under the
most challenging PB-T50-RS conditions, ZigzagPointMamba maintains 88.65% accuracy (1 0.72%
versus 87.93%), validating its resilience to severe geometric perturbations.

ShapeNetPart: As can be seen from Table 3] ZigzagPointMamba performs remarkably well in the
segmentation task of ShapeNetPart[5]. Its Inst.mIoU reaches 85.78%, which is 0.5% higher than that
of PointMamba. The Cls.mloU is 84.16%, 1.59% higher than that of PointMamba.(The comparison
of its segmentation effects is shown in the supplementary materials.)

4.3 Analysis and ablation study

To deeply explore the specific contributions of the zigzag scan path and SMS to the model perfor-
mance, we conducted a series of ablation experiments on the OBJ-ONLY and PB-T50-RS datasets
and observed the changes in the model performance.

Influence of Different SMS Thresholds: In the "Setting" column of the Table [/} the paired val-
ues represent the random masking ratio and the SMS masking ratio respectively. Among them,
when the SMS masking ratio is 0.8 and the random masking ratio is 0.6, the performance is
optimal. The accuracies in the OBJ-ONLY and PB-T50-RS settings reach 92.08% and 88.65%
respectively. When the threshold is lower than 0.8, redundant information will interfere with
the model’s learning process, affecting the accuracy of classification and segmentation. For ex-
ample, when processing samples from the ScanObjectNN dataset, the model is easily interfered
by noise features. When the threshold is higher than 0.8, over-masking occurs, resulting in the
loss of key information. This makes it difficult for the model to grasp the features and seman-
tic relationships in complex point cloud data, ultimately leading to a decline in performance.

Influence of Different Attention Mecha- Table 5: The effect of different scanning curves.
nisms: By comparing different attention -

mechanisms, we found that when using Scanning curve OBJ-ONLY PB-T58-RS
SMS, the model achieved accuracies of Random 92.60 90.18
92.08% and 88.51% in the OBJ-ONLY and Z-order and Trans-Z-order 93.29 90.36
PB-T50-RS settings, respectively, which  Hilbert and Z-order 93.29 90.88
are' better than the sFandard. attention m'e ch- Trans-Hilert and Trans-Z-order  93.29 91.91
anism and the multi-attention mechanism, — -

as shown in Table This indicates that Hilbert and Trans-Hilbert 90.88 87.93
SMS can more effectively help the model ~zigzag scan path (Ours) 92.10 88.65

capture semantic features and strengthen

the modeling of long-range semantic rela-

tionships. Compared with the standard attention mechanism, SMS performs masking operations
based on semantic similarity, which can more accurately screen out the information valuable for the
model’s learning and reduce the interference of redundant information, thus improving the model’s
performance in complex tasks. Although the multi-attention mechanism can pay attention to data
from multiple perspectives, it is less effective than SMS in focusing on semantic features, resulting in
a slightly inferior overall performance.

Influence of Different Scanning Curves: We conducted an in-depth exploration of the impact of
different scanning curves on the model performance. As shown in Table [5} the zigzag scan path
achieved accuracies of 92.10% and 88.65% in the OBJ-ONLY and PB-T50-RS settings, respectively.
Compared with other scanning curve settings, the effect of this result is not particularly outstanding



Table 6: The effect of the thresholds of different SMS.

Table 7: The effect of different attention.

Setting OA(%)

OBJ-ONLY PB-T50-RS Setting OA(%)
05 9071 3799 OBJ-ONLY PB-T58-RS
0.6 91.57 87.68 Attention 91.22 88.17
0.7 91.22 88.45 Multi-Attention 90.53 87.79
0.8 92.08 88.65 SMS 92.08 88.51
0.9 91.91 88.36

from a data perspective. However, we cannot solely evaluate the pros and cons of the zigzag scan
path based on the increase in accuracy. In our actual model, the zigzag scan path is closely integrated
with the SMS. The two complement each other and work together to improve the model performance.

4.4 Limitations and Future Work

While ZigzagPointMamba demonstrates strong performance across various benchmarks, several
limitations warrant acknowledgment. First, our SMS strategy employs a fixed similarity threshold
(7 = 0.8), which may not generalize optimally across all point cloud distributions. Future work will
explore adaptive thresholding mechanisms that dynamically adjust based on local semantic complexity.
Second, the unidirectional modeling nature of state space models presents challenges when extending
to temporal point cloud sequences or video-based applications, where simultaneous multi-directional
context may be beneficial. Addressing these limitations through dynamic threshold adaptation and
exploring bidirectional or temporal extensions of the zigzag scanning strategy represents promising
directions for future research.

5 Conclusion

In this paper, we introduced ZigzagPointMamba, an innovative state-space model that addresses
critical limitations in existing PointMamba-based approaches for point cloud self-supervised learning.
Through extensive experiments on multiple benchmark datasets, we demonstrated that our approach
improves classification accuracy, segmentation performance, and robustness, especially under noisy
and occluded conditions. Our results show that the zigzag scan path preserves spatial continuity in
point clouds, while the SMS helps the model focus on global structures, preventing over-reliance on
local features. Overall, ZigzagPointMamba provides a powerful pre-trained backbone that effectively
supports downstream point cloud analysis tasks, offering a practical and robust foundation for a wide
range of applications.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: [TODO]
Guidelines:

¢ The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.
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* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer:
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
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* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: [TODO] Detailed reproduction steps have not been specified yet.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
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Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
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10.

11.

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: [TODO]
Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:
Justification: [TODO]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

» If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:
Justification: [TODO]
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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12.

13.

14.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer:
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.
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* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human

16.

subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer:
Justification: [TODO]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer:
Justification: [TODO]
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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