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Keypoint-based graph contrastive neural network for image classification
LU Yi?, CHEN Yaran', ZHAO Dongbin', LIU Bao™*, LAI Zhichao™*, WANG Chaonan>*

(1. The State Key Laboratory of Management and Control for Complex Systems , Institute of Automation, Chinese Academy of Sci-
ences, Beijng 100190, China; 2. School of Information Science and Engineering, Shan Dong Normal University, Ji’nan 250358,
China; 3. Chinese Academy of Medical Sciences, Peking Union Medical College Hospital, Beijing 100730, China; 4. Department of
Vascular Surgery, Peking Union Medical College Hospital, Beijing 100730, China)

Abstract: At present, deep learning is one of the mainstream methods for image classification. It focuses more on local
features in the receptive field than the prior information of topological structure of the category. In this paper, We pro-
pose a Keypoint-based Discriminator Graph neural network (Key-D-Graph) for image binary classification method,
which is a graph comparison network method based on key points. It explicitly introduces the topology prior structure
when identifying image categories. The method contains two main steps. The first step is to build the graph representa-
tion of an image with the keypoints, that is, identifying possible key points of the target category in the image by a deep
learning method, and then using the coordinates of the key points to generate the topological representation of the image.
The second step is to build a graph contrastive network based on the image representation of key points, so as to estim-
ate the structural difference between the graph to be identified and the object graph, realizing object discrimination. In
this step, the topological prior structure information of the object is used to realize object recognition based on the glob-
al structure information of the image. Especially, the intermediate output results of Key-D-Graph are the key points of
categories containing explicit semantic information, which facilitates analysis and debugging of the algorithm step by
step in practical application. Contrast experiments show that the proposed method outperforms the mainstream methods
both in efficiency and precision. And the mechanism and effectiveness of topological structure in classification are veri-
fied by the ablation experiments.

Keywords: keypoint detection; graph topological structure; image classification; graph contrastive learning; metric
learning; graph neural network; siamese network; graph classification
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Table 1 Parameters of training in keypoints detection
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Table 2 Results of contrast experiments

Ik ZHE/MB MACs/GB  ERIR/%
EfficientNet-B0 4.01 0.4 96.43
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Table 3 Results of ablation experiments %
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Table 4 Results of hyperparameter analysis experi-

ments %
B HIRTES Hml RS F,
0.1 92.48 87.74 97.14 92.20
0.05 96.08 93.55 98.63 96.03
0.01 98.37 98.06 98.70 98.38
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Fig. 3 2D images in the simulation dataset
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Table 5 Results of topological information ablation experi-

ments
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Fig. 4 Best image pairs in the results
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Fig.5 Detected keypoints visualization of the cars
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