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Fig. 1. Representative graph structures in recommender systems.
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® Graph Neural Networks: Foundations, Frontiers, and

Applications

o https://graph—neural-networks. github. io/index. html

® Deep learning on Graphs. Yao Ma and Jiliang Tang.

o https://cse. msu. Edu/ mayao4/dlg—book

e [Heterogeneous Graph Representation Learning and Applications

® Advances in Graph Neural Networks

o On my webpage www. shichuan. org
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