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Abstract For services on location-based social network(LBSNs) , effective point of interest(POI) recommendation has great eco-
nomic and social utility. However,how to comprehend the position, structure and behavior related information of LBSNs and pro-
ceed reasoning for POI recommendation is still a challenge task. To exploit the heterogeneous information on LBSN,a novel graph
attentive aggregation model for POI recommendation(POIR-GAT) is proposed,which exploits both users’ social information and
POIs’ attributed information. Firstly, POIR-GAT uses social relationship to construct user-user graph,and extracts user feature
vector together with user-POI interaction graph. Secondly.it constructs feature matrix based on different attributes of POIs,ob-
tains hidden factors through matrix decomposition,integrates multiple features into POI feature vector,and learns their common
influence on user behavior. Finally,it realizes the integration of social factors and POI features recommended model. Extensive ex-
periments on two public datasets show that the proposed POIR-GAT model can effectively integrate users’ social information and

POI feature information,and improve the quality of POI recommendation.
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Fig. 2 Experimental results on Foursquare dataset
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Fig. 3 Experimental results on Gowalla dataset
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