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Next POl Recommendation Based on Adaptive Edge Weight Graph Neural

Network

SHI Yancui, LIU Zhihao, QIAO Jingjing
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: Existing point-of-interest (POI) recommendation methods still have significant limitations in capturing user
interest drift and integrating multi-source spatiotemporal information. In response to the challenges posed by the rapid
evolution of user interests over time and in different scenarios, as well as changes in geographical environments, this paper
proposes a next POl recommendation model based on an adaptive dual graph learning framework (graph dual neural
network with adaptive edge weighting, GDNN). This model utilizes a gated graph neural network to capture the temporal
dependencies of user behavior and the evolution trajectory of interests by constructing an adaptive dual graph collaborative
framework consisting of an access sequence graph and an interest point geographic graph; Using graph convolutional
networks to learn spatial proximity and regional functional attributes between POIls. Among them, the dual graph structure
explicitly decouples short-term sequence patterns from long-term geographic preferences, effectively modeling the rapid
evolution of interests; The adaptive edge weighting mechanism adaptively models the spatiotemporal attenuation
characteristics of different regions through a nonlinear attenuation function. In addition, a multi head attention mechanism is
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introduced to integrate geographic and sequence representations, revealing the decision-making process of the model

through attention weights, and combining click probability prediction to achieve accurate ranking recommendations.

Experimental verification was conducted on the Foursquare and Gowalla datasets, and the results showed that GDNN

significantly outperformed the optimal baseline, NDCG@20 increased by 8.24% and 4.67% respectively, Recall@20

increased by 9.20% and 7.11%.

Keywords: recommendation system; next point of interest recommendation; adaptive dual graph learning
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Tab.2 Comparison results of variants and overall models on the Foursquare andGowalladataset
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