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Abstract This paper aims to provide a comprehensive review of the recent advances in
personalized recommender systems, with a particular focus on the application of Graph Neural
Networks (GNNs) in multi-behavior user modeling. Traditional recommender systems typically
rely on a single type of interaction, such as purchase or rating, which makes it difficult to capture
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the multifaceted nature of users’ interests and preferences in real-world scenarios. In contrast,
multi-behavior recommendation incorporates multiple interaction types—such as viewing,
clicking, adding to the cart, and purchasing—thereby enabling a richer and more fine-grained
understanding of user intent. However, effectively modeling such diverse behaviors remains a
challenging problem that requires sophisticated graph-based representations and learning
mechanisms. To address these challenges, this survey systematically reviews and categorizes
existing GNN-based approaches for multi-behavior recommendation. Specifically, we classify
current research into two major methodological paradigms: the ‘unified encoding mode’ and the

‘decomposition-enhanced mode’ . Based on this taxonomy, we conduct a structured
comparison and analysis of representative methods from both paradigms, providing an in-depth
examination of their theoretical motivations, architectural designs, and empirical performance.
Furthermore, this paper provides a detailed exploration of several key technological routes that
have been widely adopted in GNN-based multi-behavior recommendation, including hierarchical
fusion mechanisms, unified graph modeling, contrastive learning strategies, and cascade modeling
frameworks. Hierarchical fusion techniques aim to integrate behavior signals at different semantic
levels, while unified graph modeling seeks to represent multiple types of behaviors within a single
heterogeneous graph structure. Contrastive learning is leveraged to enhance representation
robustness by distinguishing behavior-level differences, and cascade modeling enables the
progressive refinement of user and item embeddings across behavioral hierarchies. In addition to
theoretical analysis, we conduct extensive empirical evaluations using the Tmall and IJCAI-
Contest benchmark datasets. By comparing multi-behavior recommendation models with single-
behavior baselines, we systematically assess the effectiveness of different strategies—such as
contrastive learning, hierarchical fusion, unified graph modeling, and cascade mechanisms—under
realistic multi-behavior settings. The experimental results demonstrate that GNN-based multi-
behavior models consistently outperform traditional single-behavior approaches, highlighting the
importance of jointly modeling diverse user interactions. The major contribution of this work lies
in establishing a systematic classification framework for multi-behavior recommendation methods
and in comprehensively integrating current research frontiers in this area. Beyond summarizing
existing work, this paper also discusses several emerging research directions, including the
integration of GNNs with large language models (LLLMs) for semantic-aware recommendation,
cross-domain behavioral association modeling for user intent transfer, multimodal data fusion for
unified representation learning, and dynamic graph-based recommendation for capturing temporal
evolution of user preferences. By synthesizing these perspectives, this survey provides not only a
structured overview of the state of the art but also a forward-looking reference for researchers and
practitioners. It serves as a theoretical and methodological foundation for advancing the
development of scalable, interpretable, and intelligent multi-behavior recommender systems in
the era of graph learning and large-scale data analytics.

Keywords graph neural networks; multi-behavior recommendation; data sparsity; unified
encoding model; decomposition-enhanced model; cold-start problem
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