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Review of Methods and Applications of Graph Diffusion Models
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2 College of Cyberspace Security,Sichuan University, Chengdu 610207, China

Abstract Graph diffusion models,as an emerging paradigm in deep generative modeling, have demonstrated remarkable advanta-
ges in modeling complex graph-structured data due to their progressive generation mechanisms and structural flexibility. This pa-
per systematically reviews the methodological evolution and application advancements of graph diffusion models. Firstly. three
core paradigms are analyzed from the perspective of generative mechanisms:denoising diffusion probabilistic models, score-based
diffusion generative models,and stochastic differential equation(SDE)-based diffusion generative models. Subsequently,to address
the high-dimensional, discrete,and non-Euclidean nature of graph data,innovative technical breakthroughs of these three funda-
mental diffusion models in graph data processing are categorized, summarized,and subjected to in-depth analysis. Building on this
foundation, the evaluation frameworks for graph diffusion models are systematically summarized and analyzed. At the application
level, the study focuses on the applications of graph diffusion models in recommendation systems and molecular modeling. Finally,
based on the above discussions, prospects for future challenges and potential research directions are proposed,encompassing four
aspects: the discrete nature of graph data,conditional generation of graph diffusion models, application expansion,and evaluation
{rameworks.

Keywords Graph diffusion models, Diffusion model, Graph generation, Recommendation systems,Molecular modeling
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£ 2 FEToBONE Y RO AL K A
Table 2 Optimization of {raction-based generative diffusion models on graphs
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Table 3 Optimization of stochastic differential equation based diffusion models on graphs
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Table 4 Datasets commonly used for graph diffusion models
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Table 5 MMD metric results for each model on the Community-small and Ego-small datasets
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Table 6 Application of graph diffusion models in recommendation systems
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Table 7 Application of graph diffusion models in molecular modeling
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