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Survey on Graph Contrastive Learning Methods

LIU Zi-Yang', WANG Chao-Kun', ZHANG Heng’
'(School of Software, Tsinghua University, Beijing 100084, China)
*(Zhejiang Laboratory, Hangzhou 311121, China)

Abstract: Contrastive learning is a self-supervised learning technique widely used in various fields such as computer vision and natural
language processing. Graph contrastive learning (GCL) refers to methods that apply contrastive learning techniques to graph data. A review
is presented on the basic concepts, methods, and applications of graph contrastive learning. First, the background and significance of GCL,
as well as its basic concepts on graph data, are introduced. Then, the mainstream GCL methods are elaborated in detail, including methods
with different graph data augmentation strategies, methods with different graph neural network (GNN) encoder structures, and methods
with different contrastive loss objectives. Finally, three research ideas for GCL are proposed. Research findings demonstrate that graph
contrastive learning is an effective approach for addressing various downstream tasks, including node classification and graph classification.

Key words: graph contrastive learning (GCL); self-supervised learning; graph classification; node classification; graph neural network (GNN)
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H I 2 D) BIETE G iD AR B B AR A SR T A R ) B 2 I A A, Bl GON RS 1 2 iy T 42 21 90
FE, Jmid 8B BN e SR EUH IR N RAETBOK 22 Fe vk, W SE N . Rk, FRATTIR 25 53 AR 204 ANl b 1 g s
AWTHA[F] 1) B 2 P LS b 1. Eetn: 28 1 AMETER A GON BAL, 28 2 MliE R GAT B, R XR
s Fros:

7 = GCN(A, X), Z = GAT(A, X) (23)
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