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Abstract: Point cloud completion is an important problem in 3D computer vision that aims to 

reconstruct the missing or occluded parts of point cloud data, often captured through LIDAR 

or depth sensors. Traditional methods have struggled to effectively complete these point 

clouds while maintaining fine details and preserving global context, particularly in the 

presence of complex occlusions and sparse data. In this paper, we introduce a novel deep 

learning architecture for point cloud completion, named PC-GraphNet. This method 

combines the strengths of three powerful paradigms: point-based networks, graph 

convolutional networks (GCNs), and generative adversarial networks (GANs). PC-GraphNet 

leverages a hybrid approach that integrates a point-wise attention mechanism for local feature 

refinement, a GCN for global contextual reasoning, and a GAN-based decoder for generating 

realistic completions.  By incorporating both local and global feature extraction, our model 

significantly improves the quality of completed point clouds, especially in cases of occlusions 

and sparse input data. Our experiments demonstrate that PC-GraphNet outperforms state-of-

the-art methods in terms of both completion accuracy and visual fidelity. Additionally, the 

model is computationally efficient, making it suitable for real-time applications. 
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1. Introduction 

Point cloud completion is an essential task for a variety of 3D applications such as autonomous 

driving[1], [2], robotics[3], and object classification[4], [5], [6], [7], where the task involves 

generating missing or occluded parts of a 3D scene. Point clouds are often generated by LIDAR 

sensors, depth cameras, or stereo vision, but they are frequently incomplete, noisy, or sparse due to 

occlusions or the limitations of sensing devices. The ability to recover the missing data can 

significantly enhance the quality of 3D models and improve downstream tasks such as object 

recognition, navigation, and manipulation.In recent years, deep learning-based techniques have 

emerged as the dominant approach for point cloud completion. These methods can be broadly 

categorized into three primary paradigms: 

Point-based methods treat each point in the point cloud as an individual entity and utilize neural 

networks to process and refine the information. Notable examples include PointNet[8] and 

PointNet++[7], which employ shared multi-layer perceptrons (MLPs) to capture point-wise features 

and hierarchical relationships. 

Generative Adversarial Networks (GANs) have been used to address point cloud completion as a 

generative task, wherein the goal is to learn the distribution of complete 3D shapes and generate 
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plausible missing data. These methods involve training a generator to produce missing points and a 

discriminator to assess the authenticity of the generated shape. 

More recently, transformer architectures[9], [10], [11], which have achieved state-of-the-art 

performance in natural language processing, have been applied to 3D data. The ability of transformers 

to capture long-range dependencies and relationships in data makes them ideal for handling the 

complexities of point cloud completion. 

2. Related Work  

The research into point cloud completion has grown considerably over the past few years, driven by 

advancements in deep learning, 3D data representation, and generative models. Early works primarily 

focused on geometric techniques such as surface reconstruction and interpolation. These approaches 

often relied on manually defined rules and heuristics, which were not adaptable to the complexity of 

real-world data. 

Before the advent of deep learning, methods such as Poisson Surface Reconstruction and 

Volumetric Methods were used to complete missing data in point clouds. These techniques generally 

relied on geometric principles to interpolate or infer the surface of the object. However, these methods 

were often computationally expensive and lacked the flexibility to handle highly irregular or 

incomplete data, limiting their applicability in real-world scenarios. 

The application of deep learning to point clouds began with PointNet which introduced the idea of 

treating each point as an individual entity and using MLPs to process the raw 3D points. PointNet 

demonstrated that neural networks could be applied directly to point clouds without needing explicit 

voxelization or conversion to other representations. However, while PointNet was successful in tasks 

like classification and segmentation, its ability to model local structures was limited due to the 

independent processing of each point. Following PointNet, PointNet++ was introduced, which 

improved upon the original model by adding hierarchical layers to capture local and global context 

more effectively. PointNet++ used a set abstraction module to group points based on their proximity 

and capture both fine and coarse information. This model showed promise for tasks like point cloud 

segmentation and completion, but still faced challenges in handling occlusions and missing data. 

In 2019, researchers began to explore Generative Adversarial Networks (GANs) for point cloud 

completion. Models such as CompletionNet and PC-GAN used GANs to generate plausible 

completions for missing data in point clouds. The generator network learns to produce realistic point 

clouds, while the discriminator assesses their quality. GAN-based methods have been effective in 

generating realistic shapes, but they often fail to preserve fine details and local structures, especially 

in the presence of occlusions. PC-GAN[12], for example, uses a conditional GAN framework to 

complete point clouds. While it demonstrated improved visual fidelity, it still struggled with capturing 

the full global structure of the object and exhibited artifacts in some cases. Additionally, GAN-based 

methods tend to be computationally intensive and require careful tuning to avoid mode collapse or 

overfitting. 

Recently, the application of Transformer architectures to point cloud processing has gained 

attention. Transformers are designed to capture long-range dependencies in data, making them 

particularly suited for tasks involving global context. Models such as 3D-Transformer and Point 

Transformer have adapted transformer models to point cloud completion tasks, with notable 

success.The key advantage of transformer-based approaches is their ability to capture global 

dependencies through self-attention mechanisms. However, these models are often computationally 

expensive, requiring significant memory and processing power, especially when dealing with large 

point clouds. The need for more efficient transformers that can balance accuracy and computational 

efficiency has been a significant focus of recent research. 
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3. Proposed Method 

We propose a novel deep learning architecture, PC-GraphNet, combines the strengths of point-based 

networks, graph convolutional networks (GCNs), and GAN-based decoders into a unified framework. 

The model is designed to effectively process sparse and partially occluded point clouds, extract 

meaningful features, and generate realistic completions. 

 

Figure 1: The overview of PC-GraphNet's overall architecture. 

In addition to the three main parts mentioned above, there are also some remaining sections that 

need to be addressed: 1) Input Layer: The model takes a sparse input point cloud 𝑃𝑖𝑛𝑝𝑢𝑡 =

{𝑝1, 𝑝2, . . . , 𝑝𝑛} , where each point 𝑝𝑖  is represented by its 3D coordinates (𝑥𝑖, 𝑦𝑖 , 𝑧𝑖) . 2) Local 

Attention Module: A local attention mechanism computes attention scores between points and their 

neighbors to refine the local features. This attention mechanism is crucial for enhancing the feature 

representation in occluded or sparse regions. 3) Discriminator: The discriminator network evaluates 

the authenticity of the generated point cloud, guiding the generator to produce realistic completions. 

Figure 1 provides an overview of the model's overall architecture. 

3.1. Point-wise Feature Extraction 

Feature extraction begins with processing the input point cloud using a shared MLP. Each point in 

the cloud is represented as a 3D coordinate (𝑥𝑖, 𝑦𝑖 , 𝑧𝑖), and the MLP transforms the raw input points 

into higher-dimensional feature vectors that capture initial geometric properties. It can be expressed 

as follows:  
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where 𝑝𝑖 = (𝑥𝑖, 𝑦𝑖 , 𝑧𝑖) is the 3D coordinate of the i-th point, and 𝑓𝑖 is the corresponding feature vector. 

This process allows the network to capture local features and initial geometric information. Once the 

features are extracted, we apply a local attention mechanism to assign weights to neighboring points 

based on their relevance. The attention mechanism improves the representation of the points by 

considering their spatial relationships with neighboring points, as discussed earlier. 

3.2. Local Attention Module 

The local attention module is a crucial component of our network that helps capture local context. 

The attention scores 𝑎𝑖𝑗 between point i and its neighboring point j are calculated using the following 

equation: 
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where 𝑓𝑖  and 𝑓𝑗  are the feature vectors of points i and j, respectively. The attention scores are 

normalized using the softmax function, ensuring that the sum of the weights across all neighboring 

points is equal to 1. 

3.3. Graph Reasoning Module 

After the local attention mechanism, we use a graph convolutional network (GCN) to aggregate 

information from the entire point cloud. The GCN operates by defining a graph where each point in 

the cloud is a node and edges are established based on spatial proximity or feature similarity. The 

graph convolution operation is given by: 
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where ℎ𝑣
(𝑙)

 is the feature vector for point v at layer l, N(v) is the set of neighboring nodes, 𝑊(𝑙) is the 

learnable weight matrix, and 𝜎 is the activation function (typically ReLU). This operation allows the 

model to capture global dependencies in the point cloud. 

3.4. GAN-based Decoder 

The GAN-based decoder takes the encoded features from the attention and GCN layers and generates 

a completed point cloud. The generator network G produces the missing points, while the 

discriminator D evaluates the generated output. The adversarial loss function encourages the 

generator to produce realistic point clouds while preventing mode collapse and artifacts. The 

generator is trained to minimize the following loss function: 

 
[log ( )] [log(1 ( ( )))]GAN real fakeL D x D G z=  + −

 (4) 

where x represents the real point cloud, z is the latent vector, and G(z) is the generated point cloud. 

4. Experiments 

The PCN dataset originated from the ShapeNet repository and was formally established in reference. 

This comprehensive collection comprises 30,974 unique 3D shapes systematically organized for 
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completion tasks. Complete shape representations are constructed through uniform sampling of 

16,384 surface points from original mesh geometries. Partial observations are synthesized using 

multi-view depth projection techniques, where 2.5D depth maps from diverse perspectives are 

converted into 3D coordinates. The dataset partition follows a rigorous experimental protocol: 28,974 

samples allocated for model training, 800 for validation purposes, and 1,200 reserved for final 

evaluation. To maintain consistency across partial inputs, all incomplete point clouds undergo 

standardized pre-processing through point resampling to achieve uniform density at 2,048 points per 

sample, aligning with established benchmarking practices in the field. 

Table 1: Point cloud completion results. 

Methods Average Plane Cabinet Car Chair Lamp Couch Table Watercraft 

AdaPoinTr[13] 6.53 3.68 8.82 7.47 6.85 5.47 8.35 5.80 5.76 

FBNet[14] 6.94 3.99 9.05 7.90 7.38 5.82 8.85 6.35 6.18 

FoldingNet[15] 14.31 9.49 15.80 12.61 15.55 16.41 15.97 13.65 14.99 

GR-Net[16] 8.83 6.45 10.37 9.45 9.41 7.96 10.51 8.44 8.04 

NSFA[17] 8.06 4.76 10.18 8.63 8.53 7.03 10.53 7.35 7.48 

PCN[18] 9.64 5.50 22.70 10.63 8.70 11.0 11.34 11.68 8.59 

PMP[19] 8.73 5.65 11.24 9.64 9.51 6.95 10.83 8.72 7.25 

ProxyFormer[20] 6.77 4.01 9.01 7.88 7.11 5.35 8.77 6.03 5.98 

PoinTr[21] 7.26 4.05 9.34 7.97 7.92 6.40 9.29 6.66 6.47 

SeedFormer[22] 6.74 3.85 9.05 8.06 7.06 5.21 8.85 6.05 5.85 

SnowFlake[23] 7.21 4.29 9.16 8.08 7.89 6.07 9.23 6.55 6.40 

TopNet[24] 12.15 7.61 13.31 10.90 13.82 14.44 14.78 11.22 11.12 

Ours 6.73 3.77 9.14 7.91 6.97 4.99 8.24 7.26 5.56 

 

Table 1 presents the results of point cloud completion on the PCN dataset, comparing the 

performance of different algorithms in terms of CD-L1 × 10⁻³. The algorithms that achieved the 

highest performance are highlighted in bold, indicating the 1st place, while those with the second-

best results are underlined, representing the 2nd place. 

5. Conclusion and Discussion 

In this paper, we proposed PC-GraphNet, a hybrid deep learning architecture for point cloud 

completion. The model combines local attention, graph reasoning, and a GAN-based decoder to 

effectively complete missing regions in point clouds while preserving fine-grained details and global 

context. Our experimental results demonstrate that PC-GraphNet outperforms existing methods, 

providing more accurate and realistic point cloud completions, particularly in the presence of 

occlusions. Future work will focus on optimizing the computational efficiency of the transformer-

based modules, expanding the model's capabilities to handle dynamic point clouds for real-time 

applications, and incorporating self-supervised learning to further enhance robustness. 
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