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Attention-based multi—-graph neural network for traffic prediction
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Abstract: Accurate traffic flow prediction is essential for intelligent transportation systems; however, due to intricate
spatiotemporal correlations and nonlinear traffic patterns, attaining precise predictions remains challenging. To address these issues,
this paper presents a novel framework for multivariate time series prediction (MSTGCN+AL) , attempting to use multi—graph neural
networks for prediction. The paper has introduced two new types of graphs. One is the adaptive adjacency graph obtained through an
adaptive adjacency matrix, which can better capture the positional relationships between transportation nodes. The other is the latent
graph, which utilizes global variables to fit trigonometric functions, enabling it to extract periodicity and contextual information from
traffic data more effectively. To align graph nodes and their timestamps, the paper devises a multi—graph fusion module based on
attention mechanisms, including multi—graph spatial embedding, spatial attention, and graph attention. To validate the effectiveness
of the propsed approach, extensive experiments are conducted on the METR-LA dataset. The experimental results show the superior
predictive performance of the proposed MSTGCN+AL model when compared to baseline methods.
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Table 3 Results of ablation experiments

Methods MSTGCN * MSTGCN+A MSTGCN+L
MAE 3.477 4 3.467 3 3.462 5
RMSE 6.871 4 6.863 3 6.839 2
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Fig. 5 The ablation experiments conducted on the METR-LA dataset using the MSTGCN * model
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Table 4 Stability evaluation of MSTGCN+AL model and MSTGCN * model

MSTGCN * MSTGCN+AL
MAE RMSE MAPE MAE RMSE MAPE
Maximum 3.477 4 6.871 4 0.097 7 3.479 2 6.887 2 0.097 5
Minimum 3.467 6 6.850 6 0.097 5 3.437 6 6.713 2 0.096 8
Mean 3.4739 6.862 3 0.097 6 3.460 4 6.818 4 0.097 3
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