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Location Prediction with Graph Attention Network and
Geographic Knowledge Graph

LI Qingxiang, ZHANG Heng, QI Kai, SONG Shibo, ZHAO Xuxiang, LUO Cancan
(Information Engineering University, Zhengzhou 450001, China)

Abstract: To address the limitations of existing location prediction methods in geographic semantic fu-
sion and users’ geographic preference modeling, a graph attention network method for location predic-
tion enhanced by a geographic knowledge graph is proposed. A hierarchical geographic knowledge
graph with multi-source geographical data is constructed to map users, points of interest, and multi-
granularity geographic entities into a unified semantic space. On this basis, a spatial and relation-
aware graph attention network together with a spatiotemporal-aware sequential encoder is employed to
model users’ global geographic preferences and local spatiotemporal transition patterns, respectively.
Experiments on the Foursquare-NYC and Foursquare-TKY datasets show that the mean reciprocal rank
(MRR) of the proposed method are improved by 19.52% and 4.10%, respectively, compared with those
of the strongest baseline. Experimental results demonstrate that the proposed method can effectively
improve the accuracy of next location prediction.
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