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Abstract. Despite significant advances in point cloud-based 3D vision research, 

existing methods often fail to achieve efficient collaborative modeling of both 

fine-grained local geometry and long-range global semantics, which limits 

further gains in classification accuracy. To address this limitation, this paper 

proposes a lightweight point cloud classification network named PointLGGS. 

Its three core contributions are summarized as follows. First, a Local Geometric 

Feature Extractor (LGFE) is designed to accurately capture fine-grained 

structures within local point cloud patches through relative position encoding 

and max-pooling operations. Second, a Global Semantic Feature Extractor 

(GSFE) is constructed by integrating dual mechanisms: Patch-Point Self-

Attention (PP-SA) and Channel Self-Attention (CSA). This design jointly 

models long-range dependencies between patches and contextual correlations 

across channel dimensions, enabling efficient global semantic extraction. Third, 

using the LG-GS block as a fundamental building unit, a dual-path parallel 

architecture is employed to couple the LGFE and GSFE. Deep integration of 

local and global features is achieved via adaptive fusion, resulting in robust 

point cloud representations. Experimental results show that PointLGGS 

achieves classification accuracy of 94.0% and 90.7% on the ModelNet40 and 

ScanObjectNN datasets, respectively, with only 4.6 million parameters, thereby 

striking an excellent balance between classification accuracy and model 

efficiency. 

Keywords: point cloud classification, lightweight network, dual-path 

architecture, local-global feature fusion, attention mechanism 

1 Introduction 

The rapid advancement of 3D sensor technologies has established point cloud data as 

a fundamental format for representing the spatial structure of 3D objects. It finds 

increasingly wide application in diverse fields such as autonomous driving [1–3], 

robotics [4–6], augmented/virtual reality (AR/VR), and industrial inspection. 

Compared to traditional 2D images, point clouds provide richer spatial and geometric 
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information, thereby offering a more comprehensive perspective for understanding 

and analyzing complex scenes. However, the inherent disorder, unstructured nature, 

and sparsity of point clouds pose a significant challenge in computer vision: the 

effective extraction of discriminative features. 

Existing point cloud classification methods are primarily categorized into two 

types. One is represented by PointNet++[7], which focuses on extracting local 

geometric features to identify structural details of objects. The other is exemplified by 

DGCNN[8], which emphasizes modeling global semantic features to enhance 

classification performance by capturing the overall shape and long-range contextual 

dependencies via dynamic graph convolution. However, these two approaches often 

fail to achieve collaborative modeling of both local details and global context. 

Overemphasizing local features can result in an inadequate understanding of the 

overall structure, whereas excessive focus on global features may cause critical local 

geometric details to be overlooked. This imbalance between local and global feature 

extraction severely limits model performance in complex scenes and fine-grained 

classification tasks. In recent years, Transformer[9] and self-attention mechanisms, 

such as those in PointTransformer[10], have demonstrated significant potential in 

point cloud processing by effectively capturing long-range global dependencies. 

Nevertheless, these methods still exhibit insufficient capability in modeling local 

geometric details, which typically leads to degraded perception of local structures. 

To tackle the aforementioned challenges, this paper proposes a lightweight 

point cloud classification network, PointLGGS, which simultaneously achieves 

fine-grained geometric mining within local point cloud patches and long-range 

global semantic modeling across patches. This design effectively balances model 

accuracy and computational efficiency. The network employs the LG-GS block 

as its fundamental building unit and adopts a dual-path parallel architecture. This 

architecture decouples the extraction of inter-patch local geometric features and 

inter-patch global semantic features into separate processing streams. Specifically, 

the local pathway utilizes the Local Geometric Feature Extractor(LGFE) 

module to capture fine-grained geometric details within patches accurately, 

leveraging relative position encoding and max-pooling operations. The global 

pathway incorporates the Global Semantic Feature Extractor(GSFE) module. 

This module integrates the dual attention mechanisms of Patch-Point Self-

Attention (PP-SA) and Channel Self-Attention (CSA) to efficiently model long-

range dependencies between patches and contextual correlations along the 

channel dimension. Finally, the model constructs robust, globally-aware point 

cloud representations through the adaptive fusion of features from these two 

pathways. 

The main contributions of this paper are summarized as follows: 

• We propose the PointLGGS lightweight point cloud classification network. 

Centered around the LG-GS block, it adopts a dual-path parallel architecture to 

separately extract inter-patch local geometric features and inter-patch global semantic 

features. Deep collaboration between the two is achieved via adaptive fusion, 

ensuring classification accuracy while maintaining a lightweight model. 

• We design a Local Geometric Feature Extractor (LGFE). Based on relative 

position encoding and max-pooling operations, it accurately captures fine-grained 

geometric structures within point cloud patches. 
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• We construct a Global Semantic Feature Extractor (GSFE). By fusing the dual 

attention mechanisms of PP-SA and CSA, it efficiently models long-range 

dependencies between patches and feature correlations across channels, effectively 

enhancing global context representation capabilities. 

2 Related Work 

Point cloud classification is a fundamental task in 3D vision, with its core challenge 

lying in handling the inherent disorder and unstructured nature of point clouds to learn 

discriminative feature representations representations. Based on differences in data 

processing paradigms, existing methods can be roughly categorized into two main 

types: multi-view/voxelization methods and direct point-based methods. 

2.1 Multi-View and Voxelization Methods 

To circumvent the irregular nature of point clouds, early methods typically converted 

them into regular representations. Multi-view methods project 3D point clouds into 

2D images from different viewpoints, then leverage mature 2DCNNs for feature 

extraction. The representative work MVCNN[11] aggregates features through multi-

view projection and view pooling. While such methods can reuse the advantages of 

image networks, the projection process leads to loss of geometric information, making 

it difficult to capture fine local structures. Moreover, increasing the number of views 

significantly increases computational cost. Subsequent works like ViewGCN[12] used 

Graph Neural Networks to model interview relationships to enhance global 

representation, but still did not solve the problems of local detail loss and high 

computational cost. 

Voxelization methods quantize point clouds into 3D regular grids, then employ 3D 

CNNs for feature learning. VoxNet[13] is the pioneering work in this line. While 

voxelization structures point clouds, it faces a sharp trade-off between resolution and 

resource consumption. Low resolution loses geometric details, while high resolution 

incurs huge storage and computational burdens. To mitigate this, works like 

OctNet[14] employed octrees for adaptive grid partitioning. However, the inherent 

error introduced by voxel quantization remains difficult to avoid, limiting their 

performance in fine-grained geometric perception tasks. Both types of methods 

struggle to achieve an effective balance between geometric information retention, 

computational efficiency, and storage overhead. 

2.2 Point-Based Methods 

Operating directly on raw point clouds while preserving complete geometric 

information, point-based methods have become the mainstream research paradigm. 

PointNet [15] first utilized shared MLPs and symmetric functions to process point 

sets directly, but it lacked explicit modeling of local structures. Building on this, 

PointNet++ [7] achieved local geometric feature extraction through hierarchical 

sampling and neighborhood grouping, while DGCNN [8] proposed dynamic graph 

convolution (EdgeConv) to dynamically construct topology in feature space and 
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capture local correlations. These methods significantly improved local feature 

modeling capabilities, but still exhibited deficiencies in capturing global context and 

achieving local-global feature synergy. Subsequent works like PAConv [16], 

SpiderCNN [17], and PointMLP [18] optimized local feature learning from the 

perspectives of convolution paradigms and geometric module design, yet their ability 

to model long-range dependencies in point clouds remained relatively limited. 

In recent years, thanks to its powerful global modeling capabilities, the 

Transformer architecture [9] has been widely introduced into point cloud 

processing. Works like PCT [19] and PointTransformer [10] directly applied self- 

 

Fig. 1. PointLGGS Framework and Components. (a) Overall architecture. (b) Embedding 

block. (c) Down-sampling module (DS Block). (d) Local-Global feature fusion block (LG-GS 

Block) 

 Attention mechanisms to points or point clusters, effectively modeling global 

semantic dependencies. However, pure Transformer models are often computationally 

expensive and exhibit relatively weak perception of fine-grained local geometric 

structures. To address this, hybrid architectures like PointTransformerv2[20] and 

3DCTN [21] attempted to fuse local convolution and global attention, aiming to 

capture both local details and global context simultaneously. 

Despite the many advances in existing research, how to achieve efficient and 

deep synergistic fusion of local geometric details and global semantic 

context under a lightweight network architecture remains a key challenge in 

the field of point cloud classification. To address this core challenge, this paper 

proposes the PointLGGS network, which constructs a parallel dual-path 

architecture to separately extract local geometric and global semantic features. 

Combined with efficient dual attention mechanisms and feature fusion strategies, 

it achieves a better balance between classification accuracy and model efficiency. 
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3 Method 

This section introduces the overall architecture of the PointLGGS network and its 

core unit—the Local-Global feature fusion block (LG-GS). This block is 

composed of the Local Geometric Feature Extractor (LGFE) and the Global 

Semantic Feature Extractor (GSFE) in a dual-path collaborative manner. 

3.1 PointLGGS Framework 

The PointLGGS network adopts a hierarchical architecture aimed at efficiently and 

collaboratively modeling the local geometric details and global semantic context 

of point clouds through progressive feature extraction and fusion. Its overall 

pipeline follows the paradigm of "Embedding → Multilevel Down-sampling and 

Feature Fusion → Classification", gradually reducing point cloud resolution while 

increasing the abstraction level and representational capacity of features, as shown 

in Fig.1(a). 

Given an input point cloud 𝑓 ∈ 𝑅𝑠×𝑐  containing 𝑠 = 1024 points, the network 

first maps the original 3D coordinates to a high-dimensional feature 

representation through the Embedding Block (detailed structure in Fig.1(b)). 

This module employs the center_diff mode, based on𝑘 = 32 nearest neighbor 

grouping, to compute the relative coordinates between the center point and its 

neighbors, expanding the 3D absolute coordinates into a 6D local geometric 

descriptor composed of absolute and relative coordinates concatenated. 

Subsequently, neighborhood information is aggregated through two "grouping → 

2D convolution → max-pooling" operations, finally outputting 128-dimensional 

point-level features:  

 𝑓𝑒𝑚𝑏𝑒𝑑 = 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑓), 𝑓𝑒𝑚𝑏𝑒𝑑 ∈ 𝑅𝑠×𝑑 (1) 

where 𝑑 = 128 is the output feature dimension. The feature fembed provides an 

initial representation rich in local structure for subsequent processing. 

Subsequently, the features pass through four consecutive processing stages, 

gradually building a multi-scale feature pyramid. Each stage sequentially 

performs down-sampling (DS Block) and Local-Global Feature Fusion (LG-

GS Block) operations. Across the four stages, the number of points is halved 

successively, and the feature dimension is doubled, finally outputting a feature 

dimension of 8C (C=64) at the fourth stage. 

Down-sampling Module (DS Block): Its structure is shown in Fig. 1(c). At the 

beginning of each stage, the module processes the input point cloud spatial 

coordinates 𝐏 ∈ ℝ𝑠×3and features 𝐅𝑖𝑛 ∈ ℝ𝑠×𝑑/2 in parallel: on one hand, it obtains 

𝑠/2 key point coordinates 𝐏𝑓𝑝𝑠 ∈ ℝ(𝑠/2)×3 via Farthest Point Sampling (FPS); on 

the other hand, it uses a lightweight feature transformation module Convs to 

increase the dimensionality of the input features. This module contains two 

identical sequential operations, each consisting of: 2D convolution (Conv2d), 

batch normalization (BN), and ReLU activation function. Finally, with 𝐏𝑓𝑝𝑠  as 
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centers, structured patch features 𝐅𝑝𝑎𝑡𝑐ℎ  (corresponding to Patches in Fig. 1(c)) 

are constructed via K-Nearest Neighbors (KNN) search, which are input to the 

subsequent LG-GS block. 

 Fout = Convs(Fin),  Fin ∈ Rs×d/2, Fout ∈ Rs×d (2) 

 𝐹𝑝𝑎𝑡𝑐ℎ = 𝐾𝑁𝑁(𝑃𝑓𝑝𝑠 , 𝐹𝑜𝑢𝑡),  𝐹𝑝𝑎𝑡𝑐ℎ ∈ 𝑅(𝑠/2)×𝑘×𝑑 (3) 

where s denotes the total number of input points at the current stage, 𝑠/2 is the 

number of points after FPS down-sampling (total number of patches), 𝐏𝑓𝑝𝑠 are 

the spatial coordinates of the sampled points, k is the number of points in the 

KNN neighborhood grouping,  and 𝑑 = 2𝑚−1𝐶 is the patch feature dimension.  

Local-Global Feature Fusion Block (LG-GS Block): The structured patches 

obtained from the down-sampling module are fed into the core Local-Global 

Feature Fusion Block (LG-GS Block), whose structure is shown in Fig. 1(d). 

This block adopts a parallel architecture, consisting of the Local Geometric 

Feature Extractor (LGFE) and the Global Semantic Feature Extractor (GSFE). 

The former captures fine-grained local geometric structures, while the latter 

models long-range contextual dependencies. Feature enhancement is achieved 

through feature fusion. Their detailed designs are elaborated in Sections 3.2 and 

3.3. 

Finally, the output features from the fourth stage are passed through a global 

pooling layer and then mapped to the final classification result by a classification 

head containing two linear layers. 

3.2 Local Geometric Feature Extractor (LGFE) 

This module is designed to efficiently capture the fine-grained geometric 

structure of local regions in point clouds. As shown in Fig. 1(d), its input is the 

structured patch feature tensor 𝐅𝑝𝑎𝑡𝑐ℎ ∈ ℝ𝑠×𝑘×𝑑  output by the down-sampling 

module,  where s is the number of patches, k is the number of neighbor points 

per patch, and 𝑑 = 2𝑚−1𝐶 is the input feature dimension. The specific processing 

flow of LGFE is as follows: 

First, to enhance geometric awareness, we compute the relative coordinates of 

each neighborhood point 𝐩𝑖𝑗 within a patch relative to its center point 𝐩𝑖: 

 Δpij = pij − p̂i,  ∀pij ∈ 𝒩(p̂i) (4) 

where 𝒩(𝐩𝑖)  denotes the neighborhood set of the center point 𝐩𝑖 , We 

concatenate this relative position information with the original patch features, 

injecting fine-grained local spatial geometric constraints into subsequent feature 

encoding, thereby strengthening the model’s perception of local structure.  

Subsequently,  the patch center point feature 𝐅𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 ∈ ℝ𝑠×1×𝑑  is extracted. 

The relative features of neighborhood points relative to the center point are 

computed, and both are fused to enhance local structure representation: 

 Frelative = Fpatch − Fcentroid (5) 
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 Fenhanced = Fcentroid ⊕ Frelative (6) 

where 𝐅𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒  represents the relative features, ⊕ denotes the feature 

concatenation operation, and 𝐅𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑  is the locally enhanced feature.Max 

pooling (Max-Pool) is applied along the neighborhood dimension k to 

aggregate features within each patch, preserving the most significant local 

structural responses: 

 Fpooled = MaxPoolk(Fenhanced),  Fpooled ∈ Rs×2d (7) 

Finally, a Residual Enhancer containing residual connections is used to 

perform nonlinear transformation on the aggregated features, outputting the 

enhanced local geometric features: 

 Flocal = ResEnhancer(Fpooled),  Flocal ∈ ℝs×d (8) 

This design enables the LGFE module to accurately extract and enhance 

the fine-grained geometric structure information within each local patch. 

3.3 Global Semantic Feature Extractor (GSFE) 

The GSFE module aims to efficiently capture the global semantic context and 

long-range dependencies of point cloud data. As shown in Fig. 1(d), its input is 

the patch-level aggregated feature 𝐅 ∈ ℝ𝑠×𝑑, where s is the number of patches and 

𝑑 = 2𝑚−1𝐶 is the feature dimension. This module fuses dual mechanisms: Patch-

Point Self-Attention (PP-SA) and Channel Self-Attention (CSA), modeling 

inter-patch and inter-channel dependencies respectively. 

 

Fig. 2. The dual attention mechanisms in GSFE. Top: Patch-Point Self-Attention (PPSA), 

modeling dependencies between patches. Bottom: Channel Self-Attention (CSA), modeling 

correlations across feature channels. 
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Patch-Point Self-Attention (PP-SA) The PP-SA mechanism (detailed data 

flow in Fig. 3) aims to modulate and fuse local neighborhood features by 

leveraging global relationships between patches. Its input consists of two parts: the 

patch-level aggregated feature 𝐅 ,  and the neighborhood features 𝐍 = 𝐅𝑝𝑎𝑡𝑐ℎ ∈

ℝ𝑠×𝑘×𝑑,  where k is the number of neighbor points within a single patch. 

First, the query (Query) and key (Key) matrices are generated by projecting 𝐅, 

while the neighborhood features 𝐍 are projected as the value (Value) matrix:  

 Q = FWQ,  K = FWK,  V = NWV (9) 

where 𝐖𝑄, 𝐖𝐾 , 𝐖𝑉 ∈ ℝ𝑑×𝑑 are learnable weight matrices.  The inter-patch attention 

map 𝐌𝑝 ∈ ℝ𝑠×𝑠 is calculated as follows: 

                  Mp = Softmax (
QK⊤

√d
+ B) (10) 

Here, 𝐁 ∈ ℝ𝑠×𝑠  is a learnable bias based on the relative positions of patches, 

used to inject spatial structural information. 

The value matrix 𝐕 is aggregated with weights from the attention map 𝐌𝑝 . 

For a target patch 𝑖 , its feature is obtained by the weighted sum of the value 

vectors from all patches 𝑗 according to 𝑀𝑝,𝑖𝑗 : 

 Fweighted[i] = ∑ Mp,ij
s
j=1 ⋅ V[j],  Fweighted ∈ ℝs×k×d (11) 

Finally, max pooling is performed along the neighborhood dimension k to 

extract the most significant feature response for each patch, yielding the PP-SA 

output: 

 FPP−SA = MaxPoolk(Fweighted),  FPP−SA ∈ ℝs×d (12) 

Channel Self-Attention (CSA) The CSA mechanism (detailed data flow in 

Fig. 3) aims to model correlations between different feature channels, refining 

contextual information along the channel dimension by enhancing cross-channel 

interaction. Given the input feature 𝐅, we first project it into query, key, and value 

matrices for the channel dimension: 

 Qc = FWQc
,  Kc = FWKc

,  Vc = FWVc
 (13) 

where WQc
, WKc

, WVc
∈ ℝd×d  are learnable weight matrices. The channel 

attention map 𝐌𝑐 ∈ ℝ𝑑×𝑑  is obtained by calculating the similarity between 

channels: 

 Mc = Kc
⊤Qc (14) 

To emphasize differentiated information and avoid aggregating redundant 

features, we compute the channel affinity matrix 𝐀𝑐 ∈ ℝ𝑑×𝑑 based on 𝐌𝑐:  

 Ac = Softmax(expand(maxpool(Mc)) − Mc) (15) 
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where max-pool (·) denotes the row-wise maximum operation on the matrix, and 

expand (·) expands this maximum value vector into a 𝑑 × 𝑑 matrix along the column 

direction. This design ensures that a larger value in 𝐀𝑐  corresponds to a more 

significant semantic difference between two channels, thereby focusing attention 

on non-redundant channels. 

Finally, the channel affinity matrix is used to perform weighted aggregation on 

the value matrix 𝐕𝑐 , yielding the CSA output features: 

 FCSA = VcAc,  FCSA ∈ ℝs×d (16) 

Dual-Path Feature Fusion The output features of PP-SA and CSA capture 

inter-patch dependencies and inter-channel context information, respectively. 

They are fused via element-wise addition to obtain the enhanced global semantic 

features: 

 Fglobal = FPP−SA + FCSA (17) 

To stabilize the training process and preserve original feature information, a 

residual connection is introduced at the end of the module: 

 𝐅𝑜𝑢𝑡𝑝𝑢𝑡 = 𝐅 + 𝐿𝐵𝑅(𝐅𝑔𝑙𝑜𝑏𝑎𝑙) (18) 

where LBR (·) denotes a feature transformation module composed of a Linear 

layer, Batch Normalization, and ReLU activation function. 𝐅𝑜𝑢𝑡𝑝𝑢𝑡 ∈ ℝ𝑠×𝑑  is the 

final output feature of the GSFE module. 

4 Experiments 

This section details the experimental results of the proposed PointLGGS model on 

point cloud classification tasks. All experiments were conducted using the 

PyTorch framework on a single NVIDIA RTX 3090 GPU. To ensure 

reproducibility and fair comparison, we adopted a unified and strict training 

configuration: the Stochastic Gradient Descent (SGD) optimizer with momentum 

and weight decay set to 0.9 and 0.0001, respectively; the learning rate followed a 

cosine annealing schedule with an initial value of 0.001, accompanied by a 10 

epoch linear warm-up; the loss function was cross-entropy loss with label 

smoothing; all experiments used fixed random seeds to eliminate randomness; 

the model input was uniformly sampled 1024 points. The data augmentation 

strategy included conventional random scaling and translation, with additional 

RSMix introduced to enhance model generalization. 

Adaptive hyper-parameters were used for different dataset characteristics: on 

ModelNet40[22], the batch size was 32, training for 300 epochs, and the test batch 

size was 16; on the more challenging real-world dataset ScanObjectNN[23], the 

batch size was set to 64, training for 400 epochs, and the test batch size was 32. 



10  M. Yuan et al. 

Evaluation Metrics: To objectively and comprehensively measure model 

performance, we report the mean per-class accuracy (mean Accuracy, mAcc) and 

the overall accuracy (Overall Accuracy, OA), defined as follows: 

 mAcc =
1

N
∑

Ti

Mi

N
i=1 ,  OA =

Tall

Mall
 (19) 

where N is the total number of categories in the dataset, Mi is the number of 

samples in the ith class, and Ti is the number of correctly classified samples in 

the ith class. Let 𝑇𝑎𝑙𝑙 = ∑ 𝑇𝑖
𝑁
𝑖=1 be the total number of correctly classified 

samples, and 𝑀𝑎𝑙𝑙 = ∑ 𝑀𝑖
𝑁
𝑖=1  be the total number of samples in the dataset. 

Furthermore, to fully validate the model’s performance, we compare our 

method with two mainstream categories of point cloud classification methods: 

MLP/CNN-based methods for local feature modeling, and Transformer-based 

methods for global context modeling. 

4.1 ModelNet40 Classification Experiment 

Table 1. Shape Classification Results on the ModelNet40 Dataset 

Method OA(%) mAcc(%)  Params(M)  

MLP/CNN-based Methods 

PointNet[ 15] 89.2 86.2 3.5 

PointNet++[7] 90.7 — 1.5 

PointCNN[ 16] 92.2 88.1 0.6 

DGCNN[8] 92.9 90.2 1.8 

SimpleView[24] 93.0 90.5 0.8 

MVTN[25] 93.8 92.2 11.2 

DeepGCN[26] 93.6 90.9 2.2 

KPConv[27] 92.9 — 14.3 

CurveNet[28] 93.8 — 2.0 

PointMLP[ 18] 94.5 91.4 12.6 

PointNeXt[29] 93.7 90.9 1.4 

RepSurf[30] 94.0 91.1 1.48 

LinNet[31] 93.6 91.0 1.4 

Transformer-based Methods 

Transformer[9] 91.4 — 22.1 

PointTransformer[ 10] 93.7 90.6 22.1 

PCT[ 19] 93.2 90.3 2.8 

Point-BERT[32] 93.2 — 22.1 

Point-MAE[33] 93.8 — 22.1 

Point-M2AE[34] 94.0 — 15.3 

3DCTN[21] 93.2 91.6 4.21 

GBNet[35] 93.8 91.0 8.38 

APES[36] 93.8 — 0.35 

PointLGGS 94.0 91.6 4.6 
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We evaluated the proposed PointLGGS model on shape classification using the 

ModelNet40[22] dataset. This dataset is a widely used benchmark in point cloud 

classification, containing 12, 311 CAD models from 40 categories, with 9, 840 for 

training and 2, 468 for testing. Quantitative results are summarized in Table 1. 

To intuitively validate the feature decoupling effect and working mechanism 

of our PointLGGS framework, we visualize the learned features on an airplane 

sample from ModelNet40 as shown in Fig. 3. Specifically, the global semantic 

feature extractor (GSFE) focuses on discriminative semantic regions such as the 

tail, fuselage and wing roots, which provide critical clues for accurate category 

recognition. In contrast, the local geometric feature extractor (LGFE) 

concentrates on geometric contours and structural variations, enabling the model 

to capture fine-grained shape information for robust representation. Moreover, 

the t-SNE visualization illustrates that features from GSFE and LGFE form two 

distinct and well-separated clusters, which convincingly verifies that the dual 

branches learn decoupled and non-redundant representations. 

As shown in the table, PointLGGS achieves excellent comprehensive performance. 

Compared to the pioneering work PointNet, thanks to the dual-path design for local-

global collaboration, PointLGGS shows a significant improvement of 4.8% in OA. 

Compared to methods that also focus on local geometric modeling, such as DGCNN 

and PointCNN, PointLGGS effectively captures long-range dependencies through the 

Patch-Point Self-Attention in the GSFE module, outperforming them by 1.1% and 

1.8% in OA, respectively. Compared to pure attention-based methods (e.g., 

PointTransformer[10]), PointLGGS employs an efficient lightweight design in the 

LGFE module, maintaining powerful global 

 

Fig. 3. PointLGGS feature visualization on an airplane sample from ModelNet40.(a) GSFE 

focuses on discriminative semantic regions for classification, while LGFE captures geometric 

contours to model shape information.(b) t-SNE visualization shows separated clusters of GSFE 

and LGFE features, verifying their decoupled and non-redundant properties. 
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modeling capabilities while significantly reducing model complexity and 

computational cost. Ultimately, with only 4.6M parameters, PointLGGS achieves 

an overall accuracy of 94.0%, striking a better balance between accuracy and 

efficiency. 

4.2 ScanObjectNN Classification Experiment 

We further evaluated the model’s robustness on the more challenging real-world 

dataset ScanObjectNN[23]. This dataset contains point clouds segmented from real 

scanned scenes, covering 15 object categories with a total of 15, 000 samples. Due to 

significant background noise, occlusion, and geometric incompleteness in the point 

clouds, this dataset poses higher demands on the model’s discriminative and 

generalization capabilities. Following the standard split, the training and test sets 

contain 2, 321 and 581 samples, respectively. 

 

Table 2. Shape Classification Results on the ScanObjectNN (PB-T50-RS) Dataset 

Method OA(%) mAcc(%)  Params(M)  

MLP/CNN-based Methods 

PointNet[ 15] 68.0 63.4 3.5 

PointNet++[7] 77.9 75.4 1.5 

PointCNN[ 16] 78.5 75.1 0.6 

DGCNN[8] 78.1 73.6 1.8 

MVTN[25] 82.8 — 11.2 

PointMLP[ 18] 85.4 83.9 12.6 

PointNeXt[29] 87.7 85.8 1.4 

RepSurf[30] 86.0 83.1 1.48 

PointMetaBase[37] 87.9 — — 

Transformer-based Methods 

PCT[ 19] 85.1 82.8 2.8 

3DCTN[21] 81.5 79.5 4.21 

Point-BERT[32] 83.1 — 22.1 

Point-MAE[33] 85.2 — 22.1 

Point-M2AE[34] 86.4 — 15.3 

GBNet[35] 80.5 77.8 8.38 

PTv3[38] 86.4 83.9 — 

ACT[39] 88.2 — 12.0 

MaskFeat3D[40] 88.4 — 14.5 

PointLGGS 88.2 87.1 4.6 

PointLGGS* 90.7 89.4 4.6 

 

The experimental results are shown in Table 2. PointLGGS demonstrates excellent 

classification performance on this dataset. Without employing test-time voting 

augmentation, the model already achieves 88.2% OA and 87.1% mAcc; with voting 

ensemble, performance further improves to 90.7% OA and 89.4% mAcc, significantly 

outperforming existing mainstream methods. This result fully validates the 
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effectiveness of the proposed parallel dual-path architecture: the LGFE module 

enhances the model’s robustness to noise and occlusion through fine-grained local 

geometric modeling; the GSFE module compensates for the lack of local information 

through global context modeling. Their collaborative operation enables PointLGGS to 

effectively adapt to the irregularity and complexity of real-world point clouds, 

providing reliable technical support for practical 3D perception applications. 

4.3 Ablation Study 

To verify the effectiveness of each core component of PointLGGS, we conducted 

ablation experiments on the ScanObjectNN[23] dataset, with consistent training 

settings across all experiments. As previously clarified, the GSFE module consists 

of two sub-modules, PP-SA and CSA; therefore, this experiment also verifies the 

rationality of the internal structure of GSFE. 

Component Ablation: As shown in Table 3, the LGFE module is responsible 

for fine-grained local geometric feature extraction. Its removal causes OA and 

mAcc to drop by 5.3% and 6.1% respectively,  confirming its crucial role in 

mining local structures. RES (Residual Enhancer) corresponds to the Res-

Enhancer in Equation (8), used for feature enhancement and mitigating gradient 

vanishing. Its removal leads to a decrease of 0.8% in OA and 0.7% in mAcc. 

As core sub-modules of GSFE, PP-SA and CSA collaboratively achieve global 

semantic modeling: PP-SA aggregates global information by modeling long-

range global dependencies between patches. Its removal results in a decrease of 

0 .6% in OA and 0.5% in mAcc.  CSA is responsible for channel feature 

calibration.  Its removal causes a decrease of 0 .4% in OA and 0 .5% in mAcc. 

The four components work synergistically to ensure the excellent performance of 

PointLGGS. 

Table 3. Ablation Study Results for PointLGGS Components (ScanObjectNN) 

ID   LGFE  RES   PP- SA  CSA   OA(% )    mAcc(% )  GFLOPs   GMACs   Params(M )  

I 

II 

III 

IV 

✓ 

✓ 

✓ 

✓ 

✓ 

✓ 

✓ 

 
✓ 

✓ 

 
 
✓ 

86.40 

87.20 

87.80 

88.20 

85.40 

86.10 

86.60 

87.10 

2.54 

2.67 

3.06 

3.21 

1.25 

1.31 

1.51 

1.58 

2.89 

3.59 

4.20 

4.60 

V VI 

VII 

✓ 

✓ 

✓ ✓ 

✓ 

✓ 

✓ 

✓ 

87.50 

87.50 

82.90 

86.10 

86.30 

81.00 

2.95 

3.09 

3.15 

1.45 

1.52 

1.55 

4.29 

3.94 

3.67 

Number of Stages: To evaluate the impact of model depth on performance, 

we tested configurations with 3 ,  4 ,  and 5  stages.  The results are shown in Table 

4 .  The model performs best with 4 stages, achieving 88.20% OA and 87.10% 

mAcc. When the number of stages is reduced to 3, the model’s expressive 

capacity is limited, and OA drops to 8 7 .4 0 %.  Increasing the number of stages to 

5  significantly increases the parameter count from 4.60M to 17.25M, but OA 

actually decreases to 87.80%, likely due to over-fitting or gradient vanishing. 

The results indicate that the 4-stage configuration achieves the best balance 

between model expressive capacity and computational efficiency, effectively 

extracting and fusing multi-scale features. 
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Table 4. Ablation Study Results for the Number of Stages (ScanObjectNN) 

Stages OA(%) mAcc(%) GFLOPs GMACs Params(M) 

3 87.40 85.90 2.79 1.37 1.42 

4 88.20 87.10 3.21 1.58 4.60 

5 87.80 86.60 4.02 2.01 17.25 

 

Patch Size: To investigate the impact of local feature extraction granularity 

on model performance, we analyzed configurations with different patch_size 

values. The experimental results are shown in Table 5. The model achieves 

optimal performance when patch_size is set to 20, with an overall accuracy (OA) 

of 88.20% and a mean accuracy (mAcc) of 87.10%. Smaller patch sizes (8, 16) 

or overly large sizes (32) both lead to a decrease in model performance, 

validating that a moderate local region division can more efficiently capture the 

geometric structure of point clouds, which aligns with the design intention. 

Furthermore, computational costs (GFLOPs, GMACs) and parameter counts 

remain constant across different configurations, indicating that this parameter 

only affects feature representation quality without increasing computational 

complexity. 

 

Table 5. Ablation Study Results for Patch Size (ScanObjectNN) 

patch_size  OA(%)   mAcc(%)   GFLOPs   GMACs     Params(M) 

8 88.10 87.00 3.21 1.58 4.60 

16 88.00 86.70 3.21 1.58 4.60 

20 88.20 87.10 3.21 1.58 4.60 

32 87.80 86.40 3.21 1.58 4.60 

5 Conclusion 

This paper addresses the challenges in point cloud classification where efficient 

collaboration between local geometry and global semantics is difficult, and a 

balance between accuracy and efficiency is hard to achieve. We propose a 

lightweight dual-path parallel network, PointLGGS. This method uses the LG-GS 

block as its basic unit and adopts a parallel architecture to decouple the 

extraction process of local geometric features and global semantic features, 

alleviating the feature bias and efficiency loss inherent in traditional serial 

structures. Specifically, the LGFE module enhances fine-grained geometric 

perception through relative position encoding, while the GSFE module 

efficiently models long-range dependencies and channel correlations via the dual 

attention mechanisms of PP-SA and CSA. Robust point cloud representations 

are formed through the adaptive fusion of these two pathways. Experimental 

results on the ModelNet40 and ScanObjectNN benchmark datasets demonstrate 

that the proposed method achieves excellent classification performance while 

maintaining a lightweight architecture, effectively balancing classification 

accuracy, computational cost, and parameter count. Future work will focus on 
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dynamic feature selection and adaptive cross-path interaction to further improve 

the model’s generalization capability and robustness in complex and low-quality 

real-world point cloud scenarios. 
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