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« Spatial-temporal graph ode networks for traffic flow forecasting (SIGKDD 2021)
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« Spatial-temporal graph ode networks for traffic flow forecasting (SIGKDD 2021)
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« Spatial-temporal graph ode networks for traffic flow forecasting (SIGKDD 2021)
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[3] Fang Z, Long Q, Song G, et al. Spatial-temporal graph ode networks for traffic flow forecasting.(SIGKDD 2021)
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« Graph neural controlled differential equations for traffic forecasting (AAAI 22)
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[4] Choi J, Choi H, Hwang J, et al. Graph neural controlled differential equations for traffic forecasting. (AAAI 2022)
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« Graph neural controlled differential equations for traffic forecasting (AAAI 22)
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« Graph neural controlled differential equations for traffic forecasting (AAAI 22)
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[4] Choi J, Choi H, Hwang J, et al. Graph neural controlled differential equations for traffic forecasting. (AAAI 2022)
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« Unveiling Delay Effects in Traffic Forecasting:
A Perspective from Spatial-Temporal Delay Differential Equations(WWW 2024)
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[5] Long Q, Fang Z, Fang C, et al. Unveliling Delay Effects in Traffic Forecasting: A Perspective from Spatial-Temporal Delay
Differential Equations. (WWW 2024)



FER#E RS H ENDDETERZ B FmsRaY R F

%

- Neural Delay Differential Equation (NDDE)ZiE\R{HEZ EHI D HIE

P(1), t <0, RIATS '; W o ~ h .
alt) =[ ! ” ©-@
h(0) +/0- f(h(t),h(t —7),t,0)dt, t > 0. @‘W I
e e R T I R
HATRERE, oO)2HEEE. T ,
. . o N
 Neural Delay Differential EquationifES o -
- MGRU# 172
JRIGGRU A fE L HIGRU

R; = o(X;W,, + H, Wp, +b,), zt = o(Wzhi—q1 + Uzgs + ),
Zt — J(thzz + Ht—lwhz + bz):

- hy =2zt Oht—1+(1—2:) O gy,
H; = tanh(X; W + (R: © Hy—1) Wiy + bp),
H:=Z:0H; 1+ (1-Z;) ® ﬂt-

[5] Long Q, Fang Z, Fang C, et al. Unveliling Delay Effects in Traffic Forecasting: A Perspective from Spatial-Temporal Delay
Differential Equations. (WWW 2024)
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Differential Equations. (WWW 2024)
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[5] Long Q, Fang Z, Fang C, et al. Unveliling Delay Effects in Traffic Forecasting: A Perspective from Spatial-Temporal Delay
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Dataset ~ Metric STGCN DCRNN ASTGCN(r) STSGCN | STGODE | AGCRN STG-NCDE DSTAGNN FOGS PDFormer | STDDE
RMSE 7.5 7.18 6.87 593 | 5.6 554 | 539 | 5.54 554 | 560 | 5.19
PeMSD7(M) MAE 4.01 3.83 3.61 301 1 297 1 279 L 268 2.78 276 | 281 | 256
MAPE  9.67 9.81 8.84 755 0 736 1 702 | 676 | 6.93 683 | 706 | 6.61
RMSE  8.28 8.33 7.64 688 | 598 | 592 | 576 | 5.98 604 | 590 | 5.63
PeMSD7(L) MAE  4.84 433 4.09 361 | 322 | 299 | 287 ! 2.98 296 1 292 | 277
MAPE 1176  11.41 10.25 913 | 794 | 759 | 731 ! 7.50 748 | 754 1 7.26
RMSE 3042 3031 29.56 2921 | 2784 | 2825 | 27.09 27.39 24.85 | 25.96 24.52
PeMS03 ~ MAE 1755  17.99 17.34 1748 | 1650 | 1598 | 1557 | 15.62 1506 | 14.95 | 15.03
MAPE 1743 1834 17.21 1678 | 1669 | 1523 | 1506 | 14.74 1503 | 1558 | 14.69
RMSE  36.01 37.65 35.22 3365 | 3282 | 3226 | 3109 | 31.71 31.29 | 2096 | 29.86
PeMS04  MAE 2266  24.63 22.94 21.19 | 2084 | 1983 | 1921 | 19.38 1944 | 1831 | 18.11
MAPE 1434  17.01 16.43 1390 | 1377 | 1297 | 1276 | 12.77 1281 | 1207 | 12.07
RMSE 3934  38.61 37.87 3903 | 3754 | 3655 | 3384 | 34.88 3409 | 3280 | 3259
PeMS07 ~ MAE 2533 2522 24.01 2426 | 2299 | 2237 | 2053 | 21.62 2079 | 1978 | 19.47
MAPE  11.21 11.82 10.73 1021 | 1014 | 912 880 | 9.24 875 | 854 | 849
RMSE 2788  27.83 26.22 2680 | 2597 | 2522 2481 | 25.08 25.36 2461 | 2431
PeMS08  MAE  18.11 17.46 16.64 1713 | 1681 | 1595 | 1545 | 15.85 1610 | 1566 | 15.12
MAPE 1134 1139 10.6 1096 | 1062 | 1009 992 9.93 985 | 9.61 | 974

______________________________

Table 2: Performance comparison of baselines and proposed STDDE on six popular used real-world traffic datasets.

[5] Long Q, Fang Z, Fang C, et al. Unveliling Delay Effects in Traffic Forecasting: A Perspective from Spatial-Temporal Delay
Differential Equations. (WWW 2024)
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Data Metric STDDE-no-delay STDDE  Gain

RMSE 16.97 16.86 0.65%
First 15% MAE 11.54 11.47 0.61%
MAPE 19.71 18.37 6.80%
RMSE 37.72 34.59 8.30%
Last 15% MAE 25.06 23.24 7.26%
MAPE 14.63 13.96 4.65%
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[5] Long Q, Fang Z, Fang C, et al. Unveliling Delay Effects in Traffic Forecasting: A Perspective from Spatial-Temporal Delay
Differential Equations. (WWW 2024)
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Chen RT Q, Rubanova Y, Bettencourt J, et al. Neural ordinary differential equations. (NeurlPS 2018)
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Kidger P, Morrill J, Foster J, et al. Neural controlled differential equations for irregular time series. (NeurlPS 2020)

Neural DDE:
Zhu Q, Guo 'Y, Lin W. Neural delay differential equations.(arXiv 2021)

Neural SDE:
Liu X, Xiao T, Si S, et al. Neural sde: Stabilizing neural ode networks with stochastic noise. (arXiv 2019)
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