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Traffic flow prediction based on reinforcement learning and Mamba-Correlation
Graph Convolutional Networks

CHEN Yan, XU Kuncai, ZHANG Shuo, ZHANG Jingui, ZHANG Ning

(College of Intelligent Engineering, Guiyang Institute of Information Science and Technology, Guiyang 550025, China)

Abstract: Accurate traffic flow forecasting is one of the core tasks of intelligent transportation systems, providing effective decision
support for traffic management authorities to alleviate urban congestion and optimize road network efficiency. However, traditional
forecasting methods have limitations when handling complex spatio—temporal nonlinear relationships and dynamic traffic patterns. To this
end, we propose a Mamba—Correlation Graph Convolutional Network (Mamba—HiLoGCN) method incorporating reinforcement learning.
First, Mamba is combined with CorGCN to flexibly explore spatio—temporal dependencies and accurately capture interactions between
traffic flows on different road segments. Second, by integrating a correlation attention mechanism with a Hil.o attention mechanism, it
adaptively adjusts focus on high—frequency and low—frequency features, enhancing the ability to capture both short—term fluctuations and
long—term trends. Finally, DDPG optimizes prediction strategies through interaction with the environment and adaptively adjusts the
adjacency matrix, ensuring high accuracy in complex and dynamic traffic scenarios. Experiments conducted on multiple real-world traffic
datasets demonstrate that Mamba-Hil.oGCN significantly outperforms 18 baseline models across all evaluation metrics. These include HA,
ARIMA, LSTM, GRU, CNN, DCRNN, GMAN, T - GCN, STGCN, ASTGCN, STSGCN, AGCRN, STGODE, STCGCN, Bi — STAT,
ASTMGODE,ASTTN and DDGformer, validating its effectiveness in enhancing prediction accuracy and robustness.

Key words: intelligent transportation systems; traffic flow prediction; Mamba — CorGCN model; HiLo Correlation Attention;
DDPG algorithm
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Fig. 1 Mamba-HiLoGCN Network
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Table 3 Performance comparison of different models across six datasets
B . ] ] Mamba-HiLo
g S fabr  SISGCN' AGCRN™! STGDDE™’ STCGCN™' Bi-STAT™™! ASTMGODE™  ASTIN'™*' DDGformer™’ .
PeMS03 MAE 17. 49 15.97 16. 50 16. 67 15.39 15.99 14.99 14.56 14.20
MAPE/% 29.21 28.11 27.85 27.72 25.87 24.37 23.97 23.33 23.01
RMSE 16.78 15.23 16. 69 16. 31 15.48 14.58 13.48 13.68 13. 14
PeMS04 MAE 21.20 19.83 20. 84 20.79 18.31 19. 80 18. 89 18. 09 17.22
MAPE/% 33.61 32.28 32.82 33.63 30.83 30.53 30.22 30.02 29.61
RMSE 13. 84 12.98 13.78 13.73 12.33 13.09 12.23 11.43 10. 34
PeMS07 MAE 24.22 21.22 22.59 23.50 20.25 21.33 20.35 18.97 18.13
MAPE/% 39.04 35.19 37.58 37.29 33.24 32.03 30.33 30.13 30. 10
RMSE 10.22 9.16 10. 15 9.72 8.56 8.78 7.98 7.78 6.92
PeMS08 MAE 17. 16 16.05 16. 81 17.85 13.46 13. 06 12. 16 12. 04 11.31
MAPE/ % 26. 86 25.23 25.98 26.48 23.13 23.13 22.03 21.93 21.65
RMSE 10.92 10. 19 10. 62 10. 64 9.55 9.76 8.66 8.16 .92
HZME (in) MAE 12. 86 11.84 11.34 11.02 11.31 10.51 10. 11 9.91 9.44
MAPE/ % 23.40 24.40 22.01 18.91 17.21 16.23 16. 01 15.71 15.01
RMSE 28.10 30. 10 40.44 22.40 21.30 20.52 20.20 19.98 19.32
HZME(out)  MAE 18.72 19. 45 19.43 17. 67 17.11 16.78 16. 08 15. 89 15.02
MAPE/ % 33.19 33.81 33.57 30. 88 30.27 28.87 28.17 27.27 26.01
RMSE 76.72 88.79 88.34 70. 65 70. 34 59.94 59.14 57.24 50. 12
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3 BiE IR, e S R 15 YL IR0 A A RS

ARCHEH T —Fp F F Mamba - CorGCN | HiLo
CorAttention A1 DDPG f*) 32 i it 751 75 7% Mamba —
HiLoGCN, Mamba — CorGCN ] F 2 B i 55 F¢ 1F
DDPG H i W AN [F] i ] 25 1375 5% 00 QB0 B L) 4
I HRE B . HiLo CorAttention ffii% 7 VA REWS H &
07 L HE AITOX v AURT AROIBURE AR Y G T, B v 1 X
S I S A R PR LR R, AR SOl ] HZME
(in) . HZME (out) . PeMS03 . PeMS04 . PeMS07 il
PeMS08 $i i 4E X Mamba—CorGCN H P BESEAT T 5K
BPEAl . SEEG 45 B L B Mamba—CorGCN Y PEBEL
T HA | ARIMA LSTM , GRU,CNN, DCRNN, GMAN |
T-GCN, STGCN, ASTGCN, STSGCN, AGCRN,
STGODE , STCGCN, Bi = STAT, ASTMGODE , ASTTN
1 DDGformer

Fo , Mamba - HiLoGCN K 4™ Ji& 21| 25 < Jii 1 i

S, B 5IF Mamba—HiLoGCN HE 22 7E 5 745 &
S8 P AR S U R AR 4 O T 2 AR RE T, X
S BAZ 38 YL T 5 s e T A4 B R AR AL, S
B @RS — i S R SRR

&% Lk

(1] B, FET R LSTM 45 43 J2 3 28 P 4 B A A2 3 i B [ 1/
OL]. A HEHL ST (2025-12-16)[2026-04-10]. DOL:
10. 20169/j. issn. 2095-2163. 25112603.

[2] BRLL, 57245, WIKIR, 4. JT VMD Z BBtk iy s i 28 i
WHMATF[T]. RN, 2025,42(1) :126-132.

[3] SUN Y, LIAO K. A hybrid model for metro passengers flow
prediction[ J]. Systems Science & Control Engineering, 2023, 11
(1):2191632.

[4] skKik, PMBEAR, RIALBE, 46 T K HEELR LY RBF #
245 2 i B0 Oy vk (1], B AR THEE AL S T, 2020, 10
(8):148-151.

[5] MENDEZ M, MERAYO M G, NUNEZ M. Long-term traffic
flow forecasting using a hybrid CNN — BiLSTM model [ J ].



Wi, 25 . & Ay 0 RS R DG P12 B 0 2% 14 5 3 I f T 81

Engineering Applications of Artificial Intelligence, 2023, 121.
106041.

(6] BUHbde, Wi, BT BP Pl 4% 1Y i 8 2 5% A I 22 3 It 15
WLI]. BREHAHLE R ,2015,5(4) :36-38.

[7] AL-HUTHAIFI R, LI T, AL-HUDA Z, et al. FedGODE:
Secure traffic flow prediction based on federated learning and graph
ordinary differential equation networks [ J]. Knowledge — based
Systems, 2024, 299 112029.

(8] ARBUFI, AR, XIsT, 5. HeT IR RPN 2 [ 45 1 38 0 I
BEBD]. BREHAHLS T ,2019,9(6) :168-170.

[9] WEI S, HU D, WEIF, et al. Traffic flow prediction with multi—
feature spatio —temporal coupling based on peak time embedding
[J]. The Journal of Supercomputing, 2024, 80 (16): 23442 -
23470.

(10 BRHE, it , 2=ty . BT 2RISR 22 018 A 4l s
BB BN [ 7], SO T RAE %4, 2025,47(9) : 101-106.

[11]FANG S, PAN X, XIANG S, et al. Meta— MSNet: Meta—
learning based multi—source data fusion for traffic flow prediction
[J]. IEEE Signal Processing Letters, 2020, 28: 6-10.

[ 12]KUMAR R, MOREIRA J M, CHANDRA J. DyGCN-LSTM: A
dynamic GCN - LSTM based encoder — decoder framework for
multistep traffic prediction [ J]. Applied Intelligence, 2023, 53
(21) ; 25388-25411.

[13]YUAN D, XUE J, SU J, et al. ST-Mamba: Spatial -temporal
mamba for traffic flow estimation recovery using limited data
[ C]//Proceeding of 2024 IEEE/CIC International Conference on
Communications in China. Piscataway, NJ. IEEE, 2024, 1928 -
1933.

[14]LI Z, WANG L, WANG D, et al. Short-term traffic - flow
forecasting based on an integrated model combining bagging and
stacking considering weight coefficient[ J]. Electronics, 2022, 11
(9) : 1467.

[15]LI W, SUI L, ZHOU M, et al. Short—-term passenger flow
forecast for urban rail transit based on multi — source data [ J].
EURASIP Journal on Wireless Communications and Networking,
2021, 2021(1): 9.

[16]CHEN J, CAO J, HU M. A rapid semi-analytical approach for
modeling traffic flow on changing road conditions and its
application [ J ]. Applied Mathematics and Computation, 2024,
481 128932.

[17]ZENG W, WANG K, ZHOU J, et al. Traffic flow prediction
based on hybrid deep learning models considering missing data and
multiple factors[ J]. Sustainability, 2023, 15(14) . 11092.

[18]QU L, ZHOU Y, LI J, et al. HMM —based map matching and
spatiotemporal analysis for matching errors with taxi trajectories
[J]. ISPRS International Journal of Geo—-Information, 2023, 12
(8): 330.

[19]RAJEH T M, LI T, LI C, et al. Modeling multi — regional
temporal correlation with gated recurrent unit and multiple linear
regression for urban traffic flow prediction[J]. Knowledge—based
Systems, 2023, 262.110237.

[20] SALAMANIS A I, GRAVVANIS G A, KOTSIANTIS S B, et al.
Novel sparse feature regression method for traffic forecasting[J].
International Journal on Artificial Intelligence Step Tools, 2023, 32
(1) : 2350008.

[21]MIAO Y, BAI X, CAO Y, et al. A novel short—term traffic

prediction model based on svd and arima with blockchain in
industrial internet of things[ J]. IEEE Internet of Things Journal,
2023, 10(24) . 21217-21226.

[22]JIA C, ZHANG W, HE Y, et al. Context based spatial-temporal
graph convolutional networks for traffic prediction[ J]. Knowledge—
Based Systems, 2025, 310 112933.

[23]KUO R J, KUNARSITO D A. Residual stacked gated recurrent
unit with encoder—decoder architecture and an attention mechanism
for temporal traffic prediction[ J]. Soft Computing—A Fusion of
Foundations, Methodologies & Applications, 2022, 26 ( 17).
14259-14276.

[24]LIN W, ZHANG Z, REN G, et al. MGCN: Mamba-integrated
spatiotemporal graph convolutional network for long—term traffic
forecasting[ J]. Knowledge—based Systems, 2025, 309 112875.

[25]L1Y, CHAI S, MA Z, et al. A hybrid deep learning framework
for long—term traffic flow prediction[ J]. IEEE Access, 2021, 9.
11264-11271.

[26]CINI N, AYDIN Z. A deep ensemble approach for long —term
traffic flow prediction [ J ]. Arabian Journal for Science and
Engineering, 2024, 49(9) . 12377-12392.

[27]LIU S, LIN W, WANG Y, et al. Convolutional neural network—
based bidirectional gated recurrent unit — additive attention
mechanism hybrid deep neural networks for short—term traffic flow
prediction[ J]. Sustainability, 2024, 16(5) : 1986.

[28]LIN Y, SONG C, GUO S, et al. Spatial —temporal synchronous
graph convolutional networks: A new framework for spatial —
temporal network data forecasting[ J]. Proceedings of the AAAI
Conference on Artificial Intelligence, 2020, 34( 1) : 914-921.

[29] BAI L, YAO L, LI C, et al. Adaptive graph convolutional
recurrent network for traffic forecasting [ C ]//Proceedings of
Advances in Neural Information Processing Systems. NeurIPS,
2020 17804-17815.

[30]FANG Z, LONG Q, SONG G, et al. Spatial-temporal graph ode
networks for traffic flow forecasting[ C ]//Proceedings of the 27"
ACM SIGKDD Conference on Knowledge Discovery & Data
Mining. New York:ACM,2021; 364-373.

[31]BAO Y, HUANG J, SHEN Q, et al. Spatial-temporal complex
graph convolution network for traffic flow prediction [ J ].
Engineering Applications of Artificial Intelligence, 2023, 121.
106044.

[32]CHEN C, LIU Y, CHEN L, et al. Bidirectional spatial-temporal
adaptive transformer for urban traffic flow forecasting[ J|. IEEE
Transactions on Neural Networks and Learning Systems, 2022, 34
(10) : 6913-6925.

[33]JCHEN Y T, LIC, LI S. Attention based spatial-temporal multi—
graph ordinary differential equation network for traffic flow
prediction[ J]. Engineering Applications of Artificial Intelligence,
2025, 149 110526.

[34] XUE Z, HUANG L, NING Q. ASTTN: An adaptive spatial -
temporal transformer network for traffic flow prediction [ J].
Engineering Applications of Artificial Intelligence, 2025, 148:
110263.

[35]LI Y, XU H, ZHANG T, et al. DDGformer: Direction — and
distance—aware graph transformer for traffic flow prediction[J].
Knowledge—based Systems, 2024, 302. 112381.



