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Topic-Enhanced Multi-level Graph Neural Network for
Session-Based Recommendation
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ABSTRACT Session-based recommendation ( SBR) aims to provide recommendations for anonymous
users or users who are not logged in based on data in the session. The existing research models a single
item in the session as the smallest unit, ignoring the item representation in different receptive fields.
Moreover, the implicit topic information contained in the session sequence is not mined. To alleviate
these issues, a topic-enhanced multi-level graph neural network ( TEMGNN) for SBR is proposed.
Firstly, a multi-level item embedding learning module is designed to broaden the receptive fields of item
and obtain the representation of items at different granularities. Then, the proposed multi-level graph
neural network is employed to propagate the item information with and cross granularities, capturing
richer item embedding representation. Furthermore, a topic learning module is proposed to extract the
topic commonalities of items in hidden space and automatically form topic representations of items by
explicit vector space projection without relying on any item attribute information. Thus, the

recommendation performance of the model is enhanced. Experiments on three benchmark datasets show

the superiority of TEMGNN.
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Table 2 Index values of different models on 4 datasets
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Table 3 Results of ablation experiment of different modules
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Table 4 Training time and spatial complexity analysis of different models
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