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Spatial-temporal attention network-based POI

recommendation through graph learning
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2Dept. of Computer Science, Hanyang University
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Dataset TKY CA

#user 2263 4107

#POI 7873 13051
#check-in 443732 321203
Sparsity 97.51% 99.40%

Avg. seq. length 196.1 78.2
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<¥ 1> TKY o] tjst A5 A7}
Model HR@5 NDCG@5 HR@10 NDCG@10
GeoSAN 0.3728 0.2711 0.4842 0.3058
STAN 0.3905 0.3048 0.4738 0.3373
STiSAN 0.4326 0.3414 0.5332 0.3780
Ours 0.4702 0.3753 0.5696 0.4074
Improv 8.69% 9.93% 6.83% 7.78%
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Model HR@5 NDCG@5 HR@10 NDCG@10
GeoSAN 0.2486 0.1552 0.3283 0.2073
STAN 0.2349 0.1474 0.3037 0.1867
STiSAN 0.2785 0.2023 0.3685 0.2336
Ours 0.3007 0.2291 0.3975 0.2588
Improv. 7.97% 13.25% 6.80% 10.79%
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