STUDY %R

143

rEERTRES:
Bix NS

SKABA ', BERRPH', HEMN®, ERER'
L PR R AIRAT], TR %I 5180635
2. WY R XEF R ARFG, TR EI 518101

=

BENZIZBIOFRN—TERHRNE, SELENERERBERSONFENDERT. XEOSE
PRDE. EEINSEMNE NBESPAIEEEREZFAH. 2BHFETBRAZIOEA, BH
DNEFHBRNDZNETERENE (GNN) BYJ5A; WE T XLEEFPHRA, SIEREEIR. K8
MIsE . BERNSFE Transformer; 5L, RARIY ST GNNERMERADPHERNE, BETHES
oSO E, BREDRDE. HEMNNEERSS; RO TBERNZINRSAFRKAELSD, S
By BMADSES.

Xigia
BERNFY; BaENG; BRA; FHE; REFY

PEDHZES . TP391 NEPRGED: A doi:10.11959/j.issn.2096—0271.2025066

Deep graph representation learning:
methods, applications, and challenges

ZHANG Xulong', QU Xiaoyang', XIAO Chunguang? WANG Jianzong'
1. Ping An Technology (Shenzhen) Co. , Ltd., Shenzhen 518063, China
2. Shenzhen Baoan District Education Information Center, Shenzhen 518101, China

Abstract

Graph representation learning has emerged as a crucial research area in recent years, aiming to generate vector
representations that accurately capture the structure and features of graphs. These vectors play a vital role in downstream
tasks such as node classification, link prediction, and anomaly detection. This paper presents a comprehensive survey of
graph representation learning methods, categorizing them into traditional graph embedding methods and Graph Neural
Network (GNN) based approaches. We discuss various techniques within these categories, including matrix factorization,
random walks, graph convolutional networks, and graph Transformers. Furthermore, we delve into the specific
applications of GNN in heterogeneous graph embedding, encompassing both static and dynamic aspects. This paper also

explores the challenges and future directions of graph representation learning, including scalability and dynamics.
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