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Abstract: Traffic flow prediction is an important task to realize intelligent transportation services. Given the complex spatiotemporal depen-
dencies between traffic network nodes and the spatiotemporal heterogeneity of data patterns, this task is highly challenging. To address the is-
sues of existing traffic flow prediction models that neglect high—order spatial information between data and have insufficient perception of spa-
tiotemporal heterogeneity, a traffic flow prediction model based on multi-view and integrated spatiotemporal heterogeneity perception (MGS-
TEAtt) is proposed. First, two masking matrices based on geographic distance and semantic similarity are constructed from the perspectives of
Euclidean space and non—Euclidean space, which are input into the spatial self—attention module to simultaneously model local and global
spatial dependencies. Secondly, the spatio—temporal embedding of each node is used as the input when constructing the parameter matrix in
the self-attention mechanism, and its specific parameter space is constructed for each node to fully consider the spatio—temporal heterogeneity
between data. Finally, the experimental results on the Hangzhou and Shanghai metro datasets demonstrate that MGSTEALt can effectively mod-
el the various spatial relationships between nodes and the spatiotemporal heterogeneity, achieving higher prediction accuracy compared to the
baseline models.
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Fig. 1 Overall structure of the MGSTEAtt model
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Fig.2 Spatio—temporal embedding diagram
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Table 1 Prediction performance on Hangzhou metro dataset

R1 HUMMSKEREE EMTINSER

pom 15min 30min 45min 60min
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
AE 87.28 40.58 40.08 87.28 37.64 38.09 65.73 36.56 40.03 70.36 42.23 37.04
FNN 63.59 34.18 32.37 87.56 44.36 44.46 115.20 56.79 60.84 138.66 67.81 86.01
RNN 77.99 38.37 43.83 78.88 38.21 42.82 79.60 38.56 43.14 80.61 39.12 43.61
Seq2Seq 72.52 40.30 59.12 61.16 34.00 43.80 59.31 32.97 38.78 59.99 33.02 37.99
ASTGCN 62.39 35.84 45.06 67.14 39.06 44.45 63.52 34.70 40.33 104.46 49.62 55.05
STG2Seq 39.52 23.80 27.09 40.72 24.72 29.51 43.36 25.98 33.59 46.05 26.50 37.93
AGCRN 45.30 25.10 26.95 44.96 25.28 26.43 46.50 26.22 26.67 49.60 27.47 25.32
PVGCN 37.76 22.68 23.70 39.34 23.33 23.81 40.95 24.22 24.45 42.61 24.93 25.49
STDGRL 39.54 23.26 20.91 40.43 23.77 21.41 42.87 24.89 22.30 45.17 25.83 25.70
MGSTEAtt 36.62 2245 23.00 38.10 22.86 23.70 39.46 23.50 24.21 40.30 24.12 25.00
Table 2 Prediction performance on Shanghai metro dataset
F2 LiEMEREIRE FARERE G T RE
fom 15min 30min 45min 60min
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
AE 141.1 53.86 51.05 117.27 49.28 46.83 102.41 46.90 45.66 100.99 46.29 43.50
FNN 77.18 35.96 34.87 108.52 46.31 46.63 146.33 58.25 62.02 176.56 68.71 76.80
RNN 168.6 65.12 87.25 173.08 67.74 85.57 175.90 68.15 83.95 177.42 68.94 84.67
Seq2Seq 149.8 62.96 79.49 94.28 44.25 62.28 90.24 41.61 46.83 88.51 41.01 43.78
ASTGCN 83.14 43.69 70.00 90.67 49.34 82.00 81.29 43.35 74.39 86.76 47.22 81.18
STG2Seq 47.19 24.98 23.26 50.58 26.17 26.79 52.68 26.75 28.49 56.81 28.22 34.30
AGCRN 54.80 26.16 28.62 54.94 26.71 30.19 57.77 27.70 29.48 60.58 28.71 30.06
PVGCN 45.97 23.29 26.83 47.83 24.16 27.23 52.02 25.33 27.92 55.27 26.29 28.69
STDGRL 46.86 23.72 21.43 49.29 24.37 21.66 52.90 25.42 22.48 57.39 26.58 23.41
MGSTEAtt 45.20 22.78 26.10 46.32 23.35 25.89 48.13 24.21 27.23 50.21 24.86 27.79
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Fig. 3 Prediction performance of different adjacency matrix combinations on Hangzhou metro dataset
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Fig. 4 Prediction performance of different adjacency matrix combinations on Shanghai metro dataset
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Table 3 Multi—step prediction performance comparison of different adjacency matrix combinations on Hangzhou metro dataset

®3 AEEBEMRASERMBKERE LN S ST LR

TN 15min 30min 45min 60min
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
M, 37.25 23.00 23.61 38.20 23.44 23.76 40.03 24.15 24.52 42.84 25.36 25.84
M, 37.85 23.24 2391 39.05 23.75 24.13 40.87 24.31 24.59 42.77 25.12 26.08
M, +M 36.62 22.45 23.00 38.10 22.86 23.70 39.46 23.50 24.21 40.30 24.12 25.00

ge0 sem

Table 4 Multi—step prediction performance comparison of different adjacency matrix combinations on Shanghai metro dataset

x4 TEEBEEAAE LBMBEREE LS SRR

TN 15min 30min 45min 60min
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
M, 46.14 24.31 28.07 49.91 25.93 28.50 56.10 27.84 29.46 63.12 29.85 30.86
M, 46.12 24.00 27.74 47.35 24.20 27.89 48.85 25.22 28.47 52.31 26.14 29.47
_M@ +M,, 45.20 22.78 26.10 46.32 23.35 25.89 48.13 24.21 27.23 50.21 24.86 27.79
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Fig. 5 Prediction performance of different spatio—temporal embedding combinations on Hangzhou metro dataset
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Fig. 6 Prediction performance of different spatio—temporal embedding combinations on Shanghai metro dataset
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Table 5 Multi—step prediction performance comparison of different spatio—temporal embedding combinations on Hangzhou metro dataset

x5 ARNZHMANASERM KBRS LN S ST LLE

s 15min 30min 45min 60min
B ZS ik A
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
no — STE 47.51 27.62 26.01 47.50 27.89 26.12 48.21 28.86 27.34 54.13 31.81 31.32
no - TE 43.04 25.10 24.50 43.41 25.35 25.45 44.65 25.74 25.23 45.23 26.32 27.05
no — SE 37.46 23.13 23.72 38.34 23.78 24.10 40.03 24.20 24.71 41.72 24.86 25.89
ours 36.62 22.45 23.00 38.10 22.86 23.70 39.46 23.50 24.21 40.30 24.12 25.00

Table 6 Multi-step prediction performance comparison of different spatio-temporal embedding combinations on Shanghai metro dataset

F6 AENZ=HNASELBMKEIEE LNE SRR

i 15min 30min 45min 60min
Wz A - y : :
RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/% RMSE MAE MAPE/%
no — STE 53.70 27.90 31.14 57.21 28.95 31.16 62.10 30.87 32.64 66.51 32.35 35.76
no - TE 49.82 25.84 29.00 53.11 26.21 28.81 57.31 26.72 29.74 60.10 28.35 30.85
no — SE 46.12 23.80 27.25 48.23 24.23 27.51 49.68 25.10 28.00 51.13 25.83 28.91
ours 45.20 22.78 26.10 46.32 23.35 25.89 48.13 24.21 27.23 50.21 24.86 27.79
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Fig.7 Prediction performance of different attention module combinations on Hangzhou metro dataset
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Fig. 8 Prediction performance of different attention module combinations on Shanghai metro dataset
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Fig. 9 Effect of hidden size on model performance in attention mechanisms
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Fig. 10 Effect of number of attentional heads on model performance
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