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Abstract 

 
Point clouds consist of a discrete set of points irregularly sampled from continuous 3D objects. The representation 

quality of point clouds is crucial to the downstream task of classification in 3D vision. In this paper, we propose a novel 

solution for learning the representation of point cloud classification by multi-scale graph contrastive learning. The 

contributions are two-fold. First, we consider the multi-scale point clouds, which are sampled by different ratios for 

generating the positive samples in contrastive learning. Second, we adopt the feature of point clouds from different 

views for generating multi-view features. We conduct experiments on point cloud datasets for showing the potential 

gain of the proposed method. 

 
Ⅰ. Introduction 

3D point clouds serve as an efficient representation 

of 3D objects or natural scenes, which consist of 

irregularly sampled 3D points associated with multiple 

modalities. There is an observation that, as a 

representation of 3D objects or scenes, a point cloud 

usually exhibits nonlocal self-similarity [1]. Based on 

this observation, we propose to learn the 

representation from multi-scale point clouds, where 

the point clouds with different sample ratios are used 

as the positive samples. Alongside multi-view features 

of point clouds, we adopt a graph neural network (GNN) 

model to extract the shape-level embedding and the 

GNN model is trained in the sense of minimizing a 

contrastive loss function [2]. 

 

Ⅱ. Methodology 

For each anchor point cloud 𝑃𝑖 , we first select 𝑝 

multi-scale point clouds as positive samples, which are 

sampled from 𝑃𝑖  with different sample ratios and 

denoted as {𝑃𝑖1
+, ⋯ , 𝑃𝑖𝑝

+}. Then, 𝑞 negative point cloud 

samples are selected from other point clouds, which are 

denoted as {𝑃𝑖1
−, ⋯ , 𝑃𝑖𝑞

−}. The graph structure 𝐺𝑖 can be 

generated by adding edges between the target point 

and its neighbors using 𝑘-nearest neighbors based on 

the Euclidean distance for each point cloud. We 

concatenate the coordinates of point clouds from 

different views as multi-view features of a 3D object. 

The shape-level embedding 𝐸𝑖  of point cloud P𝑖  is 

learned by the GNN encoder, which is formulated as 

𝐸𝑖 = 𝐺𝑁𝑁𝜃(𝐺𝑖 , 𝑋𝑖), where θ is the trainable weights in 

the GNN model. The contrastive learning loss function 

is used for training the GNN encoder to make the 

positive samples close to the anchor and push the 

negative samples away from the anchor in the 

embedding space, which is formulated as follows: 

 

𝐿(𝑃𝑖 , 𝑃𝑗) = (1 − 𝑌)
1

2
𝐷𝜃
2 + (𝑌)

1

2
{𝑚𝑎𝑥(0,𝑚 − 𝐷𝜃)}

2, 

 

where 𝑌 = 1 for negative pairs and 𝑌 = 0 for positive 

pairs, 𝑚 is the so-called "margin" hyperparameter [2], 

and 𝐷𝜃 = ‖𝐸𝑖 − 𝐸𝑗‖
2
 is the Euclidean distance between 

the representations of 𝑖-th and 𝑗-th point clouds. 

 

Ⅲ. Experimental Results 

We conduct experiments on ModelNet 10, which is a 

3D shape real-world dataset collected from the CAD 

model. We quantify the accuracy of classification with 

the linear evaluation protocol, which is the portion of 

correct prediction accounting for the total number of 

samples. For the evaluation of classification, we use a 

linear protocol. Figure 1 is the loss and accuracy of the 

linear classifier. It is observed that the training 

accuracy is increased with epochs—the accuracy of 

training data is up to 84% and the accuracy of test data 

is up to 80%. 

 
Figure 1. The training loss and the accuracy in train 

and test data.  
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