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Pre-trained Spatio-temporal Attention Model for Traffic Flow Prediction

TONG Xudong,ZHOU Qiang,GU Jingjing, SHI Guoliang ,CUI Hongfei
{ College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics,Nanjing 211106 ,China)

Abstract : Precise traffic flow prediction is fundamental to the development of intelligent transportation systems and smart city initia-
tives. Traffic flow data is characterized by complex spatio-temporal dependencies, manifesting multi-scale feature variations and dy-
namic evolutionary patterns. Existing methodologies exhibit significant limitations in capturing these multi-scale spatio-temporal fea-
tures , thus failing to adequately exploit the rich spatio-temporal correlations inherent in traffic data. Pre-trained Large Language Models
(PLMs) have demonstrated considerable potential in feature representation learning ; however, their direct application is substantially
constrained by the domain disparity between their pre-training data,which is predominantly concentrated in natural language domains,
and the distinctive characteristics of traffic flow data. To address these challenges, this paper proposes a Pre-trained Spatio-Temporal
Attention Model for Traffic Flow Prediction( PSTAM) . The framework incorporates two primary innovations : firstly ,an innovative du-
al-pathway activation mechanism to resolve domain disparities, facilitating effective feature alignment and fusion;secondly, advanced
pre-training strategies for comprehensive modeling of multi-scale spatio-temporal features , substantially enhancing the capacity to cap-
ture complex spatio-temporal dependencies. Experimental evaluations demonstrate that PSTAM consistently outperforms state-of-the-art
methods across multiple benchmark traffic datasets, providing robust support for real-time decision-making processes in intelligent
transportation systems.

Keywords : traffic flow prediction; pre-trained large language models ;dual activation mechanism ; multi-scale ; domain adaptation
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% T STD-MAE I ST-LLM, T i 7 135 45 A b T oAt 32
LA T BENESA.

K2 ZCEBETIL RN
Table 2 Comparison of traffic flow prediction results
PEMS03 PEMS04 PEMSO07 PEMS08

Dataset MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
ARIMA 35.31 47.59 33.78 33.73 48.80 24.18 38.17 59.27 19.46 31.09 44.32 22.73
VAR 23.65 38.26 24.51 23.75 36.66 18.09 75.63 115.24 32.22 23.46 36.33 15.42
LSTM 21.33 35.11 23.33 27.14 41.59 18.20 29.98 45.84 13.20 22.20 34.06 14.20
TCN 19.31 33.24 19. 86 31.11 37.25 15.48 32.68 42.23 14.22 22.69 35.79 14.04
DCRNN 18.18 30.31 18.91 24.70 38.12 17.12 25.30 38.58 11.66 17.86 27.83 11.45
STGCN 17.49 30.12 17.15 22.70 35.55 14.59 25.38 38.78 11.08 18.02 27.83 11.40
ASTGCN 17.69 29.66 19.40 22.93 35.22 16.56 28.05 42.57 13.92 18.61 28.16 13.08
GWNet 19.85 32.94 19.31 25.45 39.70 17.29 26.85 42.78 12.12 19.13 31.05 12.68
STSGCN 17.48 29.21 16.78 21.19 33.65 13.90 24.26 39.03 10.21 17.13 26.80 10.96
STFGNN 16.77 28.34 16.30 19.83 31.88 13.02 22.07 35.80 9.21 16.64 26.22 10. 60
STGODE 16.50 27.84 16.69 20.84 32.82 13.77 22.99 37.54 10.14 16.81 25.97 10.62
DSTAGNN 15.57 27.21 14. 68 19.30 31.46 12.70 21.42 34.51 9.01 15.67 24.77 9.9%4
ASTGNN 15.07 26.88 15.80 19.26 31.16 12.65 22.23 35.95 9.25 15.98 25.67 9.97
AGCRN 16.06 28.49 15.85 19.83 32.26 12.97 21.29 35.12 8.97 15.95 25.22 10.09
Z-GCNETs 16. 64 28.15 16.39 19.50 31.61 12.78 21.77 35.17 9.25 15.76 25.11 10.01
PDFormer 14.94 25.39 15.82 18.32 29.97 12.10 19.83 32.87 8.53 13.58 23.51 9.05
STAEformer 15.35 27.55 15.18 18.22 30.18 11.98 19.14 32.60 8.01 13.46 23.25 8.88
OFA 18.43 29.73 17.11 23.37 36.37 14.93 25.53 37.51 11.35 18.89 28.67 11.24
ST-LLM 14.19 24.76 15.23 17.65 29.70 12.37 18.89 31.32 8.15 13.64 22.45 8.70
STD-MAE 13.80 24.43 13.96 17.80 29.25 11.97 18.65 31.44 7.84 13.44 22.47 8.76
PSTAM 13.41 24.04 13.82 17.52 29.20 12.57 18.58 31.01 8.31 13.21 22.28 8.73

73T PLM A9, PSTAM 5 OFA Mt , 7 4 %%
4 9 MAE #9434 B3 T} T 27. 24% ,25.03% ,27.22%
30.07% ;5 STLLM fHLt, 78 4 4IRS /) MAE #5543 31
BT 5.50% ,0.74% ,1.64% ,3.15% ; 5 STD-MAE A It
A4 NEIRE LW MAE #5440 588 7T 2.83%,1.57%,
0.38% ,1.71% . 3X W PSTAM i 13 XU TG S ATF B S AT
BB T BN SRR T 55 22 0 AR i 0 22 S TR R, [ o 5
YNGR hr B it 25 Transformer #5504 38 T X & 2% BF 25 4K i

KARIFHIRAES). ML Z T, OFA B % BB SR E 522
TS P AT 2 S T AL, o F 5 A5 9 2 [ 15 B R AT G bk
A BT FEAME IR P A I 25 45 2 5 STLLM. SRR Y
T 2 T R A T A (R A D Tl P T, 4 T
o 2 FRAELE A ] RBE L F) 20 2 B2 4 P s STD-MAE i A B3
Gy 23 HERD A o I 25 REAIE , (ELHC 1 B SR e DLt X 4k 22
FRAHRRRTTR.

e AR R 457 A TR ALE AL PSTAM 5
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STAEformer #8 1, £ 4 MBS 1 MAE 554578 F T
12.64% ,3.84% ,2.93% ,1.86% ; 5 PDFormer #f kb, 7E 4 4~
IR F iy MAE #8450 3R F+ T 10. 24% ,4.37% ,6.30% ,
2.72% . XKW PSTAM 456 7 W 4 XA £ 20 T 3 A8
HRRITRTT A B E R, R A SO R R
Rk FE 25 FRfI. PDFormer B SR N2 1 B b K M8
AR (B Z WNAAIR SRR, LR BEAR PR AL S8 TE T
/] ; STAEformer 3T Transformer 2244 (% 116F 22 B HifS 5%,
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B, T BUE 2R B R AR SR RO T A7 A e PR A

ST S , S0 45 R840 UE B T 4 SO 4t 1 PSTAM fiE
TRTE AR P 2 7 1) RO R 22 s P I 233 R A1F B AR iy T P 3K
. 3 5 L R B B AR N I 2 & kL FE B 45 Trans-
former #LH ) B3 RIAE A, PSTAM RESS BE )il 4 1T Hb AT 4K 28 S 0
ERUREA 2 RE LS Z-IRBIE R, WIS 5 5
R FI 25 5

4.4 HFLE
4.4.1 BIEFHBEE

T BE PSTAM & AR 30, A0t 1 8 A
AR RAEAL PSTAM-D E/R7E PSTAM [¥ 55l b R 40T B B
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PSTAM-DP /R {1 &3 W Il Z-4 5 B Bt , PSTAM-DS R /R{X
ZHiETas [ RSB B, PSTAM-DR 278 {3 24 [8] 3 F 300 By
Bt ;PSTAM-PS 5% 75 2= # T I| 25 2 %7 & it 25 Transformer 8
B, PSTAM-P =7 5 F Bl YN 25 25 67 i i 25 Transformer 25
B ZRORRS 4, PSTAM-S 38R X4 N 25 220 B e 25
Transformer BEEH AT 25 B 1 B 13848 X L7 (R BRI 7 43
TR T XS ST B S A T 45 £ 0 B B 4¢ Transform-
er REHRAASTY B R £ . T R S 36 SR L 1 08 4 S 0 B sk
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Table 3 Comparison of traffic flow prediction ablation results

PEMS03 PEMS04 PEMSO07 PEMS08

Dataset MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE  MAPE
PSTAM-D 14.31  26.34 14.12  18.61  31.01  13.78  20.07 32.93  9.33  13.78 23.79  9.83
PSTAM-DE  13.73  25.53  14.01  17.87 29.88  13.41  19.47 32.27  9.17  13.57 23.58  9.57
PSTAM-DP  13.61  25.37  13.93  17.74  20.73  13.37  19.43  32.53  9.14  13.53 23.55  9.53
PSTAM-DS  13.57  25.20  13.90 17.72  29.81  13.30  19.43  32.40  9.13  13.68 23.64  9.67
PSTAM-DR  14.01  25.97 14.07 18.03 30.32 13.53 19.79 32,51  9.23  13.71 23.73  9.70
PSTAM-PS  14.43  25.45  14.31 18.78 31.32  13.81 20.13 33.32  9.57  13.89  23.95  10.08
PSTAM-P 14.26  25.38  14.26  18.55 30.89  13.88  20.01  33.02  9.23  13.66 23.68  9.80
PSTAM-S 14.06  26.03  14.09 18.07 30.04  13.51  19.81 32,67  9.21  13.58 23.53  O.73
PSTAM 13.41 2404 13.82 17.52 29.20 12.57 18.58 3101 831  13.21 22.28 8.73
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Fig.2 Sensitivity analysis of PLM layers
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Fig.3 Sensitivity analysis of PLM fully fine-tuned layers
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Fig.4 Sensitivity analysis of PLM fine-tuning LoRA rank
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Fig.5 Analysis of peak period traffic flow prediction
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Fig.6 Analysis of transition period traffic flow prediction
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