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in the middle and temporal module on both sides) was used in the model to extract spatial-temporal features, and the

multi-channel spatial module was divided into static graph convolution module and dynamic graph convolution mod-

ule. The static graph convolution module simultaneously extracted specific and common features from topological

spatial structures, semantic spatial structures, and their combinations. The dynamic graph convolution module as-

signed different weights to different features and extracts dynamic spatial features from unknown graph structures. In

the temporal module, the multi-head attention mechanism was used to extract the global temporal features, and the

temporal gating mechanism extracted the local temporal features. The model extracted spatial information from dif-

ferent spatial structures and temporal information from different time intervals to establish a global and comprehen-

sive spatial-temporal relationship. The experimental results show that the MHGCN performs better than the existing

traffic flow prediction models on four real world traffic flow datasets.
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synchronous graph convolutional networks: a

new framework for spatial-temporal network

data forecasting, STSGCN) PU. FJf£ 4
JRI PSS 3 - PR B B4 ) 2 4l 3R R e =2
S
o FH T 32 38 3 70 ) i 22 18 ODE M 4%
(spatial-temporal graph ODE networks for
traffic flow forecasting, STGODE) P j#
T 5K S T R RN B BN A,
N SE A T MO B AR 45 2 T SRR
33 ZWRE
ASCRIHT 12 AN 3SR RS (1 hD fAZ i 2
FRMASR 12 MR RSB R . A SC%EHE Adam
MACERINZAR, WIaRies: 2205 0.002, ftAbRR
/N9 16, IZREEHTN 200 ¢, A1 SREEHERE I BIE o
FBIME € 73BN 10 F1 0.5, 15 LA ]
fi & BUEN 0.6 HSEIGHWRT, 34> GCN [z
780 J= BTG N BOR A F R . ARSI T Se B S
NVIDIA Tesla V100-SXM2-32GB GPU _F#47.
34 ZLBHERSHH
FARARAE 4 N AR B RE LL B AR 1, fi
FaE 25 12 AN PR R 12 AN RS, Sk
HE 10 K, RJEH 10 RSB~ 3948 2 Tl
8, FRZEFRAEEIEHI A0, HARZEF I
rebRfEZE . MR 1 ATLAE H, MHGCN f£ PEMS07
B BT fe AR AL T 0 EE AR . T AE

R 1 BIREE 4 NRIRE EAMREELERR
Hirte 5 H% FC-LSTM  STGCN DCRNN  ASTGCN Wﬁi‘;\}]‘et STSGCN  STGODE (1\2’?;;;)
PEMS03 RMSE  35.1120.50  30.1240.70  30.312025 29.66+1.68 32.94+0.18 29214056 27.69+0.73  27.36+0.22
MAE 2133024 17.494046 18.1840.15 17.69+1.43  19.85£0.03  17.48+0.15 16.5120.06  16.170.10
MAPE  233344.23% 17.15£0.45% 18.9140.82% 19.40+2.24% 19.93+0.49% 16.78+0.20% 18.38+1.10% 17.52+0.26%
PEMS04 RMSE  44.56+0.01  35.55£0.75  38.12+026  3522+41.90 39.7040.04 33.65£020 32454027  32.23+0.11
MAE  28.70£0.01  22.70+0.64 2470022  22.93+1.29  2545+0.03 21.19£0.10  20.87+£0.11  20.55+0.07
MAPE  19.2040.01% 14.59+0.21% 17.1240.37% 16.56+1.36% 17.29+0.24% 13.90+0.05% 14.98+0.42% 14.44+0.21%
PEMS07 RMSE  45.84+0.57 38.78+0.58 38.58£0.70 42.57+3.31 42.78+0.07 39.0320.27  36.75+0.49  34.82+0.06
MAE  29.98:042 25384049 2530+0.52 28.05:2.34  26.85:0.05 24.26+0.14  23.95:0.60  22.05+0.05
MAPE  13.20£0.53% 11.08+0.18% 11.66+0.33% 13.92+1.65% 12.12+0.41% 10.21£1.65% 10.98+0.75% 9.82+0.08%
PEMS08 RMSE  34.06+0.32  27.83:0.20 27.83£0.05 28.16£0.48 31.05£0.07 26.80+0.18 25.97+0.19  25.89+0.15
MAE  222040.18  18.0240.14  17.86+0.03  18.6120.40  19.1320.08 17.13£0.09  16.79£0.13  16.62+0.07
MAPE  14.2040.59% 11.40£0.10% 11.45+0.03% 13.08+1.00% 12.68+0.57% 10.96+0.07% 11.84+0.52% 11.52+0.10%
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JY4E Graph WaveNet /&2 T IS5 MR, (H 2
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2. ASTGCN & 1 FIAES5 1 JE BvE, BRI Ak
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({5 SN RS B A ELAE DR Tt s 2R
AN, AHI 2 R RS B 5 S SO U g
Ao STGODE g | R BLHERE, 1E25AlE
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& B R NIE - (Y S S U o P S
P, [FIRHE B 222035 RN T SITTE I Eh A 25 1]
KFR, RIS RS LIk s ) v B S A R g
SXFLERAY AR LG, AR SCHR H R AYTE 4 N
g LIPERE G AR T XS FUBLRY, Xt R B A
B2 AR J) e AR SCHE HH R 2R &85 g 7 5.
B R e X 2 AL, FERRS B RELK
ML ZSH RIS RO B S5, XA A Y
ROCR T 0 LU AL S R . S AAUAE 4 A4
TR 1 h B HEREanEl 5 R, R T AR
SCREALRIG ELRE AU E 4 ANERAE EFRIIRSR 1h
(P35 Ve RE LA, R 4 2k B B B 00 e B AS [
B PR RE 1 22 57
3.5 BYHHAMLE
BGRB8 o MR R 5 RS R 2R

EREIIR/N, KRR TIODRS FE s ok, i AAS
SCIE IR SR 8 R AS AR P R A R A 22
TCHIN I, Fon, o BE n A n, RS TGN
(64,128,256}, RN SEHE. MHGCN FAYA
[FIZHEH & PERELLRLNR 2, ATLVE RIEIX 9 HAH
&, n =256, n, =128 (IZ4H47E PEMS03 $idfi4E
I, MAPE {84785 T4 6 n =128, n, =256, 1fi
RMSE H1 MAE f8FrML T HAti4H 5 . 7E PEMS04.
PEMSO07 Al PEMS08 1% 3 MNMdE4E -, 1ZHATIFT
AR THANLA A RIAR SO R B A 1)
—HZ¥n =256, n,=128.
3.6 HRELSCIY
AR AT A 5256 561 MHGCN AR rp A
PB4 2, MHGCN A2 f F50 44 e ok L I
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* MHGCN-two ¥ JZ i 25 54 ;
* MHGCN-S il 2 if 1 = [A B v (1 3l 25
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£ PEMSO03 1 PEMS04 L[ T MAPE $8 45 0& =T
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B, MHGCN-two HERIHES T P 2 I 251,
RWIZB — R B L J2 I e B g
I . MHGCN-S #5413 Bl 5l 2 [ A R 1) 3 22
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st 5% 3t 1°%
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(c) PEMSO7#44k (d) PEMSO8%#fss
K5 SBRAE 4 MRS EFINR K 1 h M~FEERE
# 2 MHGCN iRE AR ES#H SRt aEEL B
n, =64 n, =128 n, =256
EE/E S fatr
n, =64 n, =128 n, =256 n, =64 n, =128 n, =256 n, =64 n, =128 n, =256
PEMS03  RMSE 27.30 27.47 27.90 27.73 27.98 27.97 28.51 27.30 27.60
MAE 16.17 16.43 16.52 16.27 16.37 16.53 16.73 16.14 16.24
MAPE 17.33%  18.15% 1826%  18.35%  17.39% 1720%  2121%  17.33% 17.77%
PEMS04  RMSE 32.32 32.61 32.65 32.34 32.51 33.32 32.40 3223 32.67
MAE 20.72 20.77 20.69 20.71 20.67 21.04 20.79 20.55 20.65
MAPE 14.50%  14.55% 14.58%  14.59%  14.57% 1442%  14.58%  14.34% 14.36%
PEMS07  RMSE 35.11 35.08 34.94 35.00 34.73 34.77 35.00 3471 34.94
MAE 22.61 22.46 22.44 2243 22.15 22.18 2245 22.13 22.38
MAPE 10.59%  10.08% 10.11%  10.10% 9.92% 10.05%  10.11% 9.84% 10.13%
PEMS08  RMSE 26.25 25.97 26.48 26.24 26.14 26.16 26.13 25.89 26.25
MAE 16.93 16.83 17.14 16.83 16.84 16.81 16.71 16.67 16.86
MAPE 11.64%  11.52% 1200%  11.55%  11.70% 11.75%  11.90%  11.51% 11.46%
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