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Table 1 Details of datasets
Datasets Node Edge Time step Time interval/min Time range
PeMS04 307 340 16992 5 2018/01/01—2018/02/28
PeMS08 170 295 17856 5 2016/07/01—2016/08/31
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Table 2 Performance comparison of DSAFormer and baseline
models

PeMS04 PeMS08

Dataset

MAE RMSE MAPE/% MAE RMSE MAPE/%

HA 38.03 59.24 27.88 3486 59.11 25.24
ARIMA 33.73  48.80 24.18 31.09 4432 22.73
VAR 24.54 38.61 17.24 19.19  29.81 13.10
GraphWaveNet 24.89  39.66 17.29 18.28  30.05 12.15
ASTGNN 18.60 30.91 12.36 15.00 24.70 9.50
STWave 18.50  30.39 12.43 13.42  23.40 8.90
DDGCRN 18.45 30.51 12.19 14.40 23.75 9.40
PM-DMNet(P) 18.34 30.36 12.05 13.55 23.35 9.04
PM-DMNet(R) 18.37 30.68 12.01 13.40 23.22 8.87
PDG2Seq 18.58 31.02 12.36 13.54  23.19 8.89
STAEformer 18.22 30.18 11.98 13.46 23.25 8.88
PDFormer 1832 29.97 12.10 13.58 23.51 9.05

DSAFormer 18.15 29.93 11.97 13.36 23.24 8.76
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Fig. 5 Prediction errors at each forecast time step on PeMS08
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Table 3 Comparison of computational complexity between the DSAFormer and the baseline model

PeMS04 PeMS08
Dataset Training time/ GPU memory Training time/ GPU memory
(s-epoch™) Inference time /s usage/MB (s-epoch™) Inference time/s usago/MB

DDGCRN 367.29 65.36 10717 104.95 4.71 6051
PDFormer 128.32 8.92 10885 69.49 3.82 5469
DTRformer 104.12 19.44 8789 57.24 14.67 4999
DSAFormer(SA) 64.46 5.63 7051 46.48 3.04 4853
DSAFormer 56.32 4.73 6255 37.45 2.85 4637
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Table 4 Ablation experiment of different modules

PeMS04 PeMS08

Dataset

MAE RMSE MAPE/% MAE RMSE MAPE/%

T-SA_S-DSATA 1822 29.87 11.98 13.38  23.01 8.90
T-DSATA_S-SA 1846 30.21 12.19 13.42 2299 8.90
T-SA_S-SA 18.31 30.27 12.01 13.37  23.05 8.88
w/o DSA 18.37 30.13 12.07 13.40 23.27 8.85
w/o DWC 18.32 30.20 12.00 13.38  23.22 8.83

DSAFormer  18.12 29.84 11.94 13.36 23.24 8.76
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Table 5 Experimental setup for hyperparameters

Number of Number of
Method N' ta-ratio long-timescale  short-timescale
token token
Temporal DSATA 8 0.5 5
8 1 4
8 2 5 3
12 0.5 4 8
12 1 6 6
12 2 8 4
16 0.5 5 11
16 1 8 8
16 2 11 5
Spatial DSATA 36 0.5 12 24
36 1 18 18
36 2 24 12
48 0.5 16 32
48 1 24 24
48 2 32 16
60 0.5 20 40
60 1 30 30
60 2 40 20
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Fig. 7 Hyperparameter analysis of DSATA in temporal dimension
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Fig. 8 Hyperparameter analysis of DSATA in spatial dimension
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Traffic Flow Prediction Based on Dual-Scale Adaptive Token Attention

GUO Jinyan', ZHENG Hong', DU Jiayu', LUO Yujian', LI Pengwei!, SHAN Rongsheng?
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. School of Cyber Science and Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: To address the shortcomings of existing methods in traffic flow prediction concerning computational
complexity, real-time performance, and the integration of local and global features, this paper proposes a traffic flow
prediction model that employs dual-scale adaptive token attention. The model incorporates a dual-scale adaptive token
attention mechanism designed to extract complex spatio-temporal features while optimizing computational efficiency.
Through dual-scale learnable pooling operations, the resulting tokens effectively capture both long-term and short-term
temporal features of the data. Furthermore, the adaptive token attention mechanism integrates global dependencies to
enhance prediction accuracy and operational efficiency. Experimental results on two public datasets demonstrates that
the proposed method outperforms existing mainstream models in both prediction accuracy and computational
efficiency. Particularly suitable for real-time traffic flow prediction scenarios, this approach provides an efficient and
accurate solution for intelligent transportation systems, exhibiting significant theoretical and practical implications.
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