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Abstract. Most existing Mamba-based point cloud classification models adopt 

implicit step-size adaptation, which lacks explicit awareness of 3D geometric 

structures. This leads to limited classification accuracy and poor robustness 

against background noise in complex real-world scenarios. To address this issue, 

we propose GeoMamba, a lightweight geometry-semantics dual-driven dynamic 

step-size modulation framework. We design a multidimensional geometric en-

coder to extract fine-grained geometric features, including relative positions, dis-

tance variations and local neighborhood statistics, paired with a semantic gating 

module for context-aware modulation, which constrains the step-size adjustment 

range to [0.2, 5.0]. With only 0.9M additional parameters, GeoMamba achieves 

86.57% overall accuracy on the most challenging ScanObjectNN PB-T50-RS 

subset without pretraining, outperforming PointMamba by 4.09 percentage 

points, and reaches 89.21% accuracy with pretraining. Extensive ablation studies 

and visualization analysis validate the effectiveness and interpretability of our 

method. 

Keywords: Point cloud classification, Mamba, Dynamic step-size modulation, 

Lightweight model. 

1 Introduction 
Point cloud classification, a core task in 3D computer vision, serves as a technological 

foundation for applications such as robot navigation, autonomous driving, and indus-

trial inspection [1-2]. In recent years, Transformers have achieved significant progress 

in this field due to their global modeling capabilities [3-4]. However, the O(n²) compu-

tational complexity of their attention mechanisms poses challenges for large-scale point 

cloud processing and edge deployment. State Space Models (SSMs), such as Mamba 

[5], offer a novel approach to point cloud classification through sequence modeling 

with linear complexity. PointMamba [6] pioneered the application of Mamba to point 

cloud classification by employing space-filling curves for efficient feature extraction. 

However, this method retains the implicit step-size strategy of standard SSMs, resulting 

in a lack of explicit awareness of 3D geometric structures. 

In SSMs, the step size Δ controls the temporal scale of state transitions and serves 

as the core parameter balancing local and global information. However, existing meth-

ods predominantly employ implicit step-size adaptations or implicit learning strategies. 

This results in models treating all point cloud features equally, failing to effectively 

distinguish foreground targets from background noise, and exhibiting insufficient ro-

bustness in real-world scanning scenarios with occlusions and interference. 
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Recent efforts have attempted to refine step-size design (e.g., encoding coordinate 

differences as step sizes [7]); however, these approaches remain constrained by scalar 

geometric representations and lack fine-grained geometric details and semantic contex-

tual constraints, thereby hindering scene-content-based adaptive feature selection. To 

address these limitations, this paper introduces GeoMamba, which achieves adaptive 

dynamic modulation of SSM step sizes through a dual geometry-semantics-driven 

mechanism. As illustrated in Figure 1 (detailed in Section 4), we design a lightweight 

geometric encoder based on the PointMamba [6] architecture to extract multidimen-

sional geometric features, including relative positions, distance variations, and local 

neighborhood statistics. A semantic gating module aggregates global context based on 

model hidden states, followed by element-wise fusion to generate context-aware mod-

ulation signals. This mechanism constrains the dynamic step-size adjustment range to 

[0.2, 5.0], significantly enhancing the model's robustness in complex real-world sce-

narios while increasing model parameters by only 0.9M. 

The core contributions of this paper are as follows: 

We design a lightweight multidimensional geometric encoder that fuses relative po-

sitions, distance changes, and local neighborhood statistics to construct a fine-grained 

isometry-invariant geometric representation. This multidimensional geometric encoder 

overcomes the limitations of simple geometric modeling relying solely on scalar coor-

dinate differences, as in STREAM [7], providing interpretable structural priors for sub-

sequent step-size modulation. 

We introduce a context-aware dynamic step-size modulation paradigm. By aggre-

gating global latent state information and geometric features through a semantic gating 

module for adaptive element-wise fusion (Hadamard product), our approach intelli-

gently selects between local detail enhancement and background noise suppression, ad-

dressing the fundamental flaw of standard Mamba's implicit step-size adaptation, which 

treats all spatial positions identically. 

We construct a lightweight modulation framework that synergizes geometric and 

semantic information, achieving significant performance gains with only a 0.9M pa-

rameter increase. 

2 Related Work 
In recent years, point cloud classification methods based on SSMs have rapidly gained 

traction. PointMamba pioneered the application of Mamba to point cloud classification, 

achieving linear-time modeling through Hilbert curve serialization. However, its adop-

tion of an implicit step-size strategy and lack of geometric awareness result in insuffi-

cient robustness in real-world scenarios. STREAM [7] achieved preliminary geometric 

awareness by encoding coordinate differences as step-size values; however, it remains 

constrained by scalar representations and lacks fine-grained geometric details and se-

mantic contextual constraints. 

ZigzagPointMamba [8] optimized the sequencing path through zigzag scanning but 

failed to address the fundamental step-size calculation, thereby preventing adaptive ad-

justments based on point cloud content. Contemporary work further explores enhance-

ment strategies across different dimensions: PointDGMamba [9] proposes Masked Se-

quence Denoising (MSD) and Dual-level Domain Scanning (DDS) to enhance domain 

generalization; Spectral Informed Mamba [10] utilizes the Laplacian spectrum to define 
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geometric traversal order, demonstrating a frequency-domain geometric perspective; 

CloudMamba [11] introduces Grouped Selective State Space (GS6) to mitigate S6 

overfitting through parameter sharing while enhancing geometric awareness via multi-

axis scanning; and Efficient Spiking Point Mamba [12] explores the integration of spik-

ing neural networks with Mamba to achieve ultra-low-power inference. 

The aforementioned methods exhibit certain limitations, as they fail to account for 

the impact of the step size—a core parameter—on model performance when processing 

geometric data. For instance, PointMamba completely disregards 3D structure; 

STREAM employs only scalar geometry; ZigzagPointMamba, PointDGMamba, and 

CloudMamba neglect step-size mechanisms; Spectral Informed Mamba relies on com-

putationally complex spectral decomposition; and Spiking Mamba focuses on compu-

tational paradigms rather than feature modulation. 

This paper introduces GeoMamba, which presents a novel integration of multidi-

mensional geometric features (relative positions, distance changes, and local neighbor-

hood statistics) with global semantic context into SSM step-size calculation. Through 

a lightweight geometric encoder and semantic gating module, GeoMamba achieves a 

paradigm shift from an implicit step-size adaptation to a geometry-semantics-driven 

dynamic step size, significantly enhancing robustness in complex real-world scenarios. 

 

3 Preliminaries 
 

3.1 Selective State Space Model 

The core of Mamba is the Selective State Space Model (S6), which achieves efficient 

sequence feature modeling by discretizing continuous state-space equations. Its core 

formulation is: 

 ℎ𝑘 = 𝐴̅ ∙ ℎ𝑘−1 + 𝐵̅𝑘 ∙ 𝑥𝑘  , 𝑦𝑘 = 𝐶𝑘 ∙ ℎ𝑘 + 𝐷 ∙ 𝑥𝑘 (1) 

Where 𝐴̅𝑘 = 𝑒𝑥𝑝(𝐴Δ) 𝑎𝑛𝑑 𝐵̅𝑘 = (𝐴Δ)
−1

(𝑒𝑥𝑝(𝐴Δ) − 𝐼) ∙ ΔBrepresent the state tran-

sition matrices, and the step size Δ is the core parameter controlling the rate of state 

transition: a large Δ enhances the model's ability to capture long-range dependencies, 

whereas a small Δ enables the model to focus on extracting local information. In stand-

ard Mamba, the step size is generated solely from the current input features, calculated 

as:  

 Δ = softplus (Linear(𝑥𝑘) + 𝑏Δ) (2) 

This approach fails to account for the inherent structural characteristics of sequential 

data, making it difficult to adapt to three-dimensional data with strong geometric struc-

tures, such as point clouds. Consequently, the model's performance is constrained in 

complex scenarios. 

3.2 Step-Size Limitations of PointMamba and Variants 

PointMamba [6] directly adopts the standard Mamba step-size computation method for 

point cloud classification tasks. Since this model generates step sizes solely based on 
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the input feature 𝑥𝑖of the point cloud, completely disregarding its 3D geometric struc-

ture, it treats all point cloud features identically and fails to effectively distinguish fore-

ground targets from background noise. 

STREAM [7], the first model to incorporate geometric information into step-size 

design, uses point cloud coordinate differences as the basis for step-size generation. 

Although this approach achieves geometric awareness in step-size generation, it relies 

solely on scalar coordinate differences to represent geometric information. Further-

more, it lacks fine-grained geometric features and a semantic modulation mechanism, 

preventing the adjustment of geometric feature importance based on global semantic 

context. 

ZigzagPointMamba [8] does not improve the step-size calculation method but in-

stead enhances performance by optimizing sequential path generation and masking 

strategies. Consequently, it fails to address the core flaw of implicit step-size adapta-

tions, leaving room for improvement in robustness under complex scenes. To tackle 

these issues, this paper proposes a geometry-semantics-driven step-size calculation 

method to achieve adaptive step-size modulation. The core formula is: 

 Δ = 𝑓geo(𝑥𝑖 , 𝑁) ⊙ 𝑔sem(ℎ𝑖−1) (3) 

Here, 𝑓𝑔𝑒𝑜represents multidimensional geometric features extracted by the geometric 

encoder, 𝑔𝑠𝑒𝑚  denotes semantic context features generated by semantic gating, and ⊙ 

denotes element-wise multiplication. This operation enables the step size to simultane-

ously fuse geometric structure and semantic context information. 

 

4 Proposed Method 
4.1 Architecture Overview 

As shown in Figure 1, GeoMamba follows the concise architectural design of 

PointMamba [6]. First, n keypoints are obtained via Farthest Point Sampling (FPS). 

Hilbert curves and transposed Hilbert curves are then used to serialize these keypoints, 

generating an ordered point sequence. KNN is subsequently applied to construct local 

point cloud clusters for each serialized keypoint. Local features are extracted via a 

PointNet-style encoder to obtain serialized tokens, which are subsequently fed into the 

modified GeoMamba block for global feature extraction. Its core innovation lies in the 

geometry-semantics-driven step-size modulation mechanism within the GeoMamba 

block. 
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Fig. 1. GeoMamba Overall Architecture Overview. The framework consists of FPS sampling, 

Hilbert curve serialization, local feature extraction, and the proposed GeoMamba blocks with 

dual-driven step-size modulation 

4.2 Geometric-Semantic Dual-Driven Step-Size Modulation 

As shown in Figure 2, this mechanism takes local point cloud groups as input. It extracts 

multidimensional geometric features 𝑓𝑔𝑒𝑜,including relative positions, distance varia-

tions, and local neighborhood statistics, via a geometric encoder, while simultaneously 

generating , 𝑔𝑠𝑒𝑚  through semantic gating that aggregates global context. Element-wise 

multiplication of these two outputs enables selective modulation of geometric features 

by semantic context, yielding the fused feature 𝑓𝑓𝑢𝑠𝑒𝑑 = 𝑓𝑔𝑒𝑜  ⊙  𝑔𝑠𝑒𝑚,where 𝑓𝑓𝑢𝑠𝑒𝑑 ∈

𝑅𝐿×128. 

The fused feature undergoes lightweight MLP projection onto the internal dimen-

sions of the SSM, generating an initial modulation signal 𝛿𝑚𝑜𝑑 . A learnable scalar 

global gate 𝛾 is introduced and soft-weighted via Sigmoid activation, yielding𝛿𝑚𝑜𝑑 =
𝜎(𝛾) ∙ 𝛿𝑚𝑜𝑑. This ensures that the modulation module exerts only a negligible influence 

during the early training phases, thereby safeguarding training stability. The weighted 

modulation signal is mapped to the [0,1] range via the Sigmoid function and subse-

quently constrained to [0.2,5.0] through linear transformation. This value is multiplied 

by the original step size to obtain the adaptive step size, as expressed in the following 

equation: 

 Δfinal = Δoriginal ⋅ (0.2 + 4.8 ⋅ 𝜎(𝛿mod)) (4) 

This mechanism determines "where to modulate" through geometric encoding and 

"how to modulate" through semantic gating, enabling context-aware adaptive adjust-

ment of step size. 



GeoMamba: Dynamic Step-Size Modulation   

H. Liu and L. Cui 

 
Fig. 2. Geometric-Semantic Fusion and Step-Size Modulation Module Flowchart. 

5 Experiments 

To thoroughly validate GeoMamba's performance, module effectiveness, and interpret-

ability, we conduct extensive experiments on two classic point cloud classification da-

tasets: ScanObjectNN and ModelNet40. We evaluate the model's overall performance 

by comparing it with mainstream point cloud classification models, validate the effec-

tiveness of each core module through ablation studies, and reveal the underlying mech-

anism of dynamic step-size modulation through visual analysis of the step-size modu-

lation factor. 

5.1 Experimental Setup 

Datasets.ScanObjectNN [2]: A real-world scanned point cloud dataset comprising 15 

categories of everyday objects, totaling approximately 15K point cloud samples. It is a 

highly challenging dataset for point cloud classification. This dataset offers three diffi-

culty levels: OBJ-BG (original samples with background), OBJ-ONLY (samples with 

background removed), and PB-T50-RS (the most challeng-ing subset with 50% back-

ground points added and random rotations, denoted as scan_hardest). We use PB-T50-

RS as the core evaluation subset to validate the model's robustness in complex real-

world scenarios. 

ModelNet40 [13]: A synthetic CAD point cloud dataset comprising 40 classes of 

man-made objects with 12K point cloud samples. Featuring clean scenes and well-de-
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fined object structures, it lacks background interference and occlusion issues. This da-

taset validates model performance in simple, idealized scenarios and compares the ef-

fectiveness of constant versus dynamic step-size scales. 

Training Configuration.All experiments were implemented and refined based on the 

open-source PointMamba codebase, uniformly using Python 3.8, PyTorch 2.0, and 

CUDA 11.7 on NVIDIA RTX 3090 GPUs. The optimizer used is AdamW with a cosine 

annealing learning rate schedule. Training is conducted for 300 epochs with a batch 

size of 32. Different learning rates are used for different datasets: 5 × 10−4for Sca-

nObjectNN and  3 × 10−4for ModelNet40. 

Evaluation Metrics.Overall accuracy (OA) is adopted as the core performance metric, 

while parameter efficiency (PE = OA(%) / Number of Parameters(M)) is introduced to 

evaluate model lightweightness. Higher parameter efficiency indicates better perfor-

mance per unit of parameter count. For ScanObjectNN, parameter efficiency is calcu-

lated based on the PB-T50-RS subset; for ModelNet40, it is calculated based on overall 

dataset accuracy. 

5.2 Key Results 

5.2.1 ScanObjectNN Dataset. 

Without Pretraining. As shown in Table 1, GeoMamba achieves 86.57% OA on the 

challenging PB-T50-RS subset, surpassing PointMamba by 4.09 percentage points and 

the parameter-matched PointMamba by 0.21%. Compared to STREAM [7] which uses 

scalar geometry, GeoMamba improves by 1.25% , validating the effectiveness of mul-

tidimensional geometric encoding combined with semantic gating. The model achieves 

6.56% parameter efficiency (PE), delivering superior accuracy with approximately 

2.6× fewer parameters than Transformer-based methods like Point-MAE [3]. 

With Pretraining. GeoMamba achieves 89.21% on PB-T50-RS (Table 2), out-per-

forming ZigzagPointMamba [8] by 0.56% and PointMamba by 0.49%. This consistent 

superiority across both settings demonstrates that step-size modula-tion provides fun-

damental advantages over path optimization or scalar geometric encoding for real-

world scanned data with noise and occlusion. 
Table 1. Comparison of Performance Without Pre-training on the ScanObjectNN Dataset. 

Note: Version 13.2M was adjusted to maintain the same parameter count as GeoMamba. 

Method param.(M) OBJ-

BG(%) 

OBJ-

ONLY (%) 

PB-T50-

RS(%) 

PE 

(%/M) 

PointMLP 

[15] 

13.2 85.4 — 85.4 6.47 

Point-MAE 

[3] 

22.1 86.75 86.92 80.78 3.65 

PCM [16] 34.2 — — 88.1 2.58 

PointMamba 

[6] 

12.3 88.30 87.78 82.48 6.71 

STREAM [7] 12.3 90.02 88.64 85.32 6.94 

PointMamba 

(13.2M) 

13.2 90.70 88.81 86.36 6.54 
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GeoMamba 

(Ours) 

13.2 90.88 88.30 86.57 6.56 

Table 2. Comparison of Pre-trained Performance on the ScanObjectNN Dataset. 

Method param.(M) OBJ-

BG(%) 

OBJ-

ONLY(%) 

PB-T50-

RS(%) 

PE 

(%/M) 

Point-BERT 

[4] 

22.1 87.30 88.12 83.07 3.95 

MaskPoint 

[17] 

22.1 89.70 89.30 84.60 4.06 

PointMAE [3] 22.1 90.02 88.29 84.60 4.07 

ACT [18] 22.1 93.29 91.91 88.21 4.22 

Zigzag-

PointMamba [8] 

12.3 94.15 92.10 88.65 7.65 

PointMamba 

[6] 

12.3 93.80 92.25 88.72 7.63 

GeoMamba 

(Ours) 

13.2 93.98 92.77 89.21 7.12 

 

ModelNet40 Dataset.GeoMamba shows robust performance on the synthetic Mod-

elNet40 dataset, an ideal benchmark for testing basic feature learning capabilities of 

point cloud models. Without pretraining, it achieves 92.22% overall accuracy, outper-

forming the 13.2M parameter PointMamba baseline by 0.41 percentage points; with 

pretrained weights, accuracy rises to 92.59%, slightly exceeding the original 12.3M 

PointMamba with only a minor 0.9M parameter increase. This proves the dual-driven 

step-size modulation mechanism effectively enhances feature extraction without extra 

parameters or sacrificing simple-scenario performance. 

Its performance gain here is far smaller than on ScanObjectNN, perfectly matching 

our core design motivation: ModelNet40’s clean, regular CAD point clouds with com-

plete structures make the traditional implicit step-size strategy sufficiently effective, 

leaving limited optimization space. While ScanObjectNN’s noisy real-scanned data 

with background interference lets GeoMamba’s dynamic modulation fully exert its ad-

vantages in accurately distinguishing foreground and background via geometric encod-

ing and semantic gating. This validates the mechanism is a targeted upgrade with strong 

adaptability across both ideal and complex real-world scenarios. 
Table 3. Performance Comparison on ModelNet40 Dataset (Without Pre-training).Note: The 

13.2M version was adjusted to maintain the same parameter count as GeoMamba. 

Method param.(M) OA (%) PE (%/M) 

PointNet [14] 3.5 89.2 25.49 

PointNet++ [1] 1.5 90.7 60.47 

Point-MAE [3] 22.1 92.3 4.18 

PCM [16] 34.2 93.4 2.73 

PointMamba [6] 12.3 92.4 7.51 

STREAM [7] 12.3 92.7 7.54 
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PointMamba (13.2M) 13.2 91.81 6.95 

GeoMamba (Ours) 13.2 92.22 6.98 

 

 

 

 

Table 4. Performance Comparison on ModelNet40 Dataset (Including Pre-training). 

Method Param. (M) OA (%) PE (%/M) 

Point-BERT [4] 22.1 92.70 4.19 

MaskPoint [17] 22.1 92.60 4.19 

PointMAE [3] 15.3 93.20 6.09 

ACT [18] 22.1 93.60 4.24 

ZigzagPointMamba [8] 12.3 93.15 7.57 

PointMamba [6] 12.3 92.51 7.60 

GeoMamba (Ours) 13.2 92.59 7.09 

 

5.3 Ablation Studies 

To rigorously validate the effectiveness and synergistic contributions of Ge-oMamba's 

core components—including local neighborhood features and dis-tance features from 

the geometric encoder, as well as the semantic gating mecha-nism—comprehensive 

ablation experiments without pretraining were conducted on the most challenging sub-

set PB-T50-RS of the ScanObjectNN dataset. 

Ablation Experiment Design and Quantitative Results.Centered on the core dual-

driven geometry-semantics architecture, this abla-tion study designs seven comparative 

experiments. The results are summarized in Table 5. 
Table 5. GeoMamba Ablation Experiment Results (ScanObjectNN PB-T50-RS, NoPre-train-

ing). 

Model Configuration param.(M) OA (%) Change (%) 

Geometric Constants + Semantic 

Gating 

13.2 86.12 -0.45 

No Distance Features  13.2 86.15 -0.42 

No local neighborhood features  13.1 86.25 -0.32 

Geometry only, no gating 12.5 86.36 -0.21 

PointMamba (13.2M) 13.2 86.36 -0.21 

PointMamba 12.3 82.48 -4.09 

Complete GeoMamba 13.2 86.57 — 

 

Ablation experiments (Table 5) validate the irreplaceability of each module. The "geo-

metric constant + semantic gating" configuration exhibits the lowest performance, 

demonstrating that semantic modulation detached from geometric priors blindly sup-

presses information. Removing distance features causes greater performance loss than 

removing local neighborhood features, indicating that scalar distance features are more 
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fundamental than high-dimensional local fea-tures. The "geometry-only without gat-

ing" configuration performs on par with PointMamba, proving that performance break-

throughs require semantic gating to provide global contextual selection. The complete 

model achieves a 4.09% im-provement over the original version, demonstrating the 

synergistic gain effect of geometric encoding and semantic gating. 

Visualization and Interpretability Analysis of Step-Size Modulation Mecha-

nism.To deeply uncover the intrinsic working mechanism of the dual-driven geometry-

semantics approach, we conduct a visualization analysis of the step-size modulation 

factorΔ
𝑓𝑖𝑛𝑎𝑙

Δ
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

⁄  .By comparing the modulation patterns between the full Ge-

oMamba and ablation variants, we validate the physical interpretability of dynamic step 

size through spatial distribution structures 

 
Fig. 3. Comparison of step-size modulation patterns between PointMamba and GeoMamba. 

As shown in Figure 3, the original PointMamba model exhibits a uniform red distribu-

tion (Δ≈1.0), indicating that it applies an implicit step-size adaptation across all spatial 

locations without distinguishing foreground from background. This "one-size-fits-all" 

approach manifests in the PB-T50-RS subset, where the model struggles to differentiate 

object edges from background noise, resulting in insufficient robustness when pro-

cessing real scan data containing occlusions and artifacts. 

In contrast, GeoMamba exhibits distinct structural differentiation between red and 

blue regions: critical geometric regions such as object edges and corners appear red, 

whereas smooth surfaces and background noise regions appear blue. This selective 

modulation strongly couples with physical geometric structures, validating the effec-

tiveness of the dual-driver mechanism. 
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Fig. 4. Spatial distribution of modulation factors across four key ablation configurations. 

Figure 4 illustrates the spatial distribution of modulation factors across four key abla-

tion configurations, and the visualized geometric patterns are highly consistent with the 

quantitative performance results in Table 5, further revealing the core function of each 

module in the geometry-semantics dual-driven framework and their indispensable syn-

ergistic effect. 

Fig.4a: Semantic gating detached from geometric guidance exhibits a discrete, spotty 

blue distribution lacking continuous spatial structure. Without fine-grained geometric 

priors from the multidimensional encoder, the semantic gating module cannot identify 

the spatial structure of point clouds or distinguish foreground and background, leading 

to blind and random feature suppression that fails to target noise regions or enhance 

key geometric areas, resulting in the lowest performance of this configuration. 

Fig.4b: After removing scalar distance features, the visualization reveals local dis-

continuities and an inability to effectively recognize the overall spatial layout. As the 

most fundamental geometric feature of point clouds, scalar distance reflects the relative 

spatial distribution of adjacent points. Its removal causes the geometric encoder to rely 

only on high-dimensional neighborhood features, leading to fragmented enhanced re-

gions on object edges and corners, and the model cannot form a complete spatial per-

ception of 3D objects for coherent step-size modulation. 
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Fig.4c: Extensive red coverage indicates that the model overemphasizes global struc-

ture while neglecting local details. Removing local neighborhood features leaves only 

scalar distance features, which provide basic global spatial relationships but fail to cap-

ture fine-grained local details such as object concavities and corners. The model thus 

cannot distinguish key enhanced regions and suppressible smooth surfaces, leading to 

global feature enhancement that ignores local detail differentiation and weak noise sup-

pression. 

Fig.4d : Geometric encoding without semantic constraints produces global red cov-

erage, indicating that all locations are enhanced. The complete geometric encoder can 

extract valid geometric priors, but the absence of semantic gating removes global con-

textual selection. The model blindly enhances all geometric regions—including both 

foreground key structures and background geometric noise—causing valid and invalid 

features to overlap, and performance remains equivalent to the PointMamba baseline 

without substantive breakthroughs. 

Visual analysis fully confirms the geometry-semantics dual-driver paradigm: geo-

metric encoding extracts fine-grained features to accurately determine where to modu-

late, while semantic gating aggregates global context to intelligently decide how to 

modulate; the two modules are complementary and jointly enable context-aware adap-

tive step-size modulation. 

6 Discussion 
6.1 Comparison with Related Works 

Existing Mamba-based point cloud methods mainly focus on three dimensions: scan-

ning path optimization, geometric encoding, and model architecture scaling. Different 

from these works, our method focuses on the core parameter of SSMs (step size Δ), 

which is the key to balancing local and global information. Experimental results show 

that optimizing only the scanning path (ZigzagPointMamba) or relying on scalar geo-

metric encoding (STREAM) cannot break through the performance bottleneck in com-

plex real-world scenarios, while our geometry-semantics dual-driven step-size modu-

lation achieves significant performance gains with negligible parameter overhead. 

Compared with transformer-based methods, our Mamba-based framework achieves su-

perior performance and parameter efficiency, demonstrating that Mamba with geomet-

ric-aware step-size design has a more suitable architectural inductive bias for point 

cloud processing. 

6.2 Limitations and Future Directions 

There are still some limitations in this work. First, the current vector-level modulation 

with semantic gating has not yet achieved channel-level fine-grained control. In future 

work, we will introduce efficient channel attention mechanisms to assign adaptive 

weights to different channels of geometric features. Second, we only validate our 

method on point cloud classification tasks, and the generalizability to other 3D vision 

tasks needs further verification. We will extend our method to point cloud detection, 

segmentation, and denoising tasks in future work. Third, we only conduct experiments 

on two indoor point cloud datasets, and we will validate the performance on large-scale 

outdoor datasets in the future. Finally, we will integrate model pruning and quantization 

techniques to further reduce the computational complexity, enabling efficient deploy-

ment on edge devices. 
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7 Conclusion 
In this paper, we propose GeoMamba, a geometry-semantics dual-driven dynamic step-

size modulation model for Mamba-based point cloud classification, which addresses 

the core limitation of existing Mamba-based methods: lack of geometric awareness and 

semantic context fusion in step-size design. By leveraging a lightweight multidimen-

sional geometric encoder to extract fine-grained geometric features, and a semantic gat-

ing module to aggregate global context, our method achieves adaptive dynamic modu-

lation of SSM step sizes. With only 0.9M additional parameters, GeoMamba achieves 

significant performance improvement on the challenging real-world ScanObjectNN da-

taset, and outperforms state-of-the-art Mamba-based and transformer-based baselines. 

Extensive ablation studies and visualization analysis validate the effectiveness and in-

terpretability of our method. We believe this work can provide useful insights for geo-

metric-aware design of SSMs for 3D vision tasks. 
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