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Abstract: Sharing travel demand prediction methods based on graph convolutional network generally adopt non-
time-specific static graph structure to extract non-Euclidean spatial features. The urban structure graph in this way is a stat-
ic spatial graph structure at different time intervals, which cannot extract spatial feature at different time intervals dynami-
cally. To tackle this problem, this paper proposes a spatial-temporal dynamic graph attention network(STDGAT) for shar-
ing travel demand prediction. STDGAT constructs a commuting-based time-specific dynamic graph structure to achieve
the dynamic spatial correlation modeling. After that, STDGAT applies graph attention network and the long short-term
memory to adaptively extract the dynamic spatial feature and temporal feature respectively. A fully connected layer is
used as the prediction layer to map the joint spatial-temporal feature to real demand values. Experiment results demon-
strate the significant improvement of our method on three evaluation metrics RMSE, MAPE, and MAE over state-of-the-
art baselines.
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DCRNN" [STGCN'?' | ST-MGCN' 3 ofi H 00 Jy 12 i 47 52
BXF He a3 b . 38 1 s 1 AR UMERE LI STDGAT Y S 46 45
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PLELT HA FTARIMA. {HJ2 , Pk [ IS A7 [ A T ik
& U 22 B AR DR R AT R0, PR £ e [ 051 gk g 1
M5 224K SR 55K . XGBoost Al MLP ifF— 25 i i A J¥ 5]
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Flo  REEA B R AR B
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fizs . Hor  STDGAT 1 3 1P HE br L g R M F
STDGAT-fixed , X B R & A SCHT 44 1 14 2 73 3 ¢ &
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STDGAT 7.8811 0.174 4 4,088 1
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