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Abstract: Graph foundation model (GFM) represents the extension of foundation model concepts in graph learning.
These models were pre-trained on extensive graph data and fine-tuned for various downstream tasks. Unlike current ap-
proaches that utilized large language model (LLM) for GFM, the construction of GFM was emphasized from the perspec-
tive of graph neural network (GNN). Firstly, the current research of GFM was analyzed, and the key concepts were de-
fined. Secondly, the research in the backbone architectures and fundamental representation units of GFM were summa-
rized. Then, based on the differences in pretext tasks and fine-tuning strategies, the pre-training techniques and fine-
tuning methods of graph models were summarized. Additionally, the evaluation metrics related to GFM were introduced.
Finally, the unresolved issues and future research directions were discussed.
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