Pre—training Enhanced Spatial-temporal Graph Neural

Network for Multivariate Time Series Forecasting
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( (a) Traffic flow over 9 days in PeMS04 datasets. \
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FR Rz (b) Similar traffic trend in different context. (c) Different traffic trend between similar series.

» TSformer: efficient unsupervised pre—training model for Time Series based on TransFormer blocks
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Baseline: STEP + Graph WaveNet

TH RS

[- STEP W STEP w/o GSL M STEP w/o req BEEE STEP-DCRNN s DCRNNI

3.8 5.0
11
3.6/ 7.5
3.4 10 7.0
W32 4o 4 6-5
= = z
s Z6.0
3.0 8
o 5.5
7 5.0
26
3 -3 ) 63 6 9 4.5 6 9
Horizon Horizon Horizon

(a) Impact of important components.

Table 2: Multivariate time series forecasting on the METR-LA, PEMS-BAY, and PEMS04 datasets. Numbers marked with *

indicate that the improvement is statistically significant compared with the best baseline (t-test with p-value< 0.05).

Datasets Methods Horizon 3 Horizon 6 Horizon 12
MAE RMSE  MAPE | MAE RMSE  MAPE | MAE RMSE  MAPE
HA 479 1000 1170% | 547 1145  13.50% | 6.99  13.89  17.54%
VAR 442 780  13.00% | 541 913  12.70% | 652 1011  15.80%
SVR 339 845 930% | 505 1087  1210% | 672 1376  16.70%
FC-LSTM 344 630 960% | 377 723  1009% | 437 869  14.00%
DCRNN 277 538 730% | 315 645 880% | 360 760  10.50%
STGCN 288 574 762% | 347 724 957% | 459 940  1270%
— | Graph WaveNet 269 5.5 6.90% | 307 622 837% | 353 737  10.01%
ASTGCN 486 9.27 921% | 543 1061  10.13% | 651 1252  11.64%
STSGCN 331 7.62 8.06% | 413 977  1029% | 506 1166  12.91%
GMAN 280 555 741% | 312 649 8.73% | 344 735  10.07%
MTGNN 269 518 6.88% | 3.05  6.17 819% | 349  7.23 9.87%
GTS 267 527 7.21% | 304 625 841% | 346 731 9.98%
STEP 261"  4.98°  6.60%" | 2.96° 597"  7.96%' | 337" 6.99°  9.61%"
HA 189 430 416% | 250 582 562% | 331 754 7.65%
VAR 174 3.16 360% | 232 425 5.00% | 293 544 6.50%
SVR 185  3.59 380% | 248 5.8 5.50% | 3.28  7.08 8.00%
FC-LSTM 205 419 480% | 220 455 5.20% | 237  4.96 5.70%
DCRNN 138 295 290% | 174  3.97 3.90% | 207 474 4.90%
STGCN 136 2,96 290% | 181 427 417% | 249 569 5.79%
PEMS.BAy [CraphWaveNet 130 274 2.73% | 163  3.70 3.67% | 195  4.52 4.637% |
ASTGCN 152 3.13 3.22% | 201 427 448% | 261 542 6.00%
STSGCN 144 301 304% | 183  4.18 417% | 226 521 5.40%
GMAN 134 2091 286% | 163 376 368% | 186  4.32 437%
MTGNN 132 279 2.77% | 165 374 369% | 194 449 4.53%
GTS 134 283 282% | 166  3.78 3.77% | 195  4.43 4.58%
STEP 126" 273" 2.59%% | 1.55° 3.58°  3.43%° | 1.79° 4.20°  4.18%"
HA 28.92 4269  2031% | 3373 4937  24.01% | 4697 6743  35.11%
VAR 2194 3430  1642% | 2372 3658  18.02% | 2676 4028  20.94%
SVR 2252 3530  1471% | 27.63 4223  18.29% | 3786 5601  26.72%
FC-LSTM 2142 3337  1532% | 2583 3910  2035% | 3641 5073  29.92%
DCRNN 2034 3194  1365% | 2321 3615  1570% | 2924 4481  20.09%
STGCN 1935 3076  1281% | 2185 3443  1413% | 2697 4111  16.84%
p—— |Graph WaveNet 1815 2924  12.27% | 1912 3062  13.28% | 20.69 33.02  14.11%|
ASTGCN 2015 3143 14.03% | 2209 3434  1547% | 2603 4002  19.17%
STSGCN 1941 3069  12.82% | 21.83 3433  1454% | 2627 4011  1471%
GMAN 1828 2932 1235% | 1875 3077  12.96% | 1995 3021  12.97%
MTGNN 1822 3013 1247% | 19.27 3221  13.09% | 2093 3449  14.02%
GTS 1897 2983  13.06% | 19.29 3085  13.92% | 21.04 3481  14.94%
STEP 17.34* 28.44% 1157%" | 18.12" 29.81" 12.00%" | 19.27° 3133 12.78%"
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( (a) Traffic flow over 9 days in PeMS04 datasets. \
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(b) Similar traffic trend in different context. (c) Different traffic trend between similar series. ‘ ,
embeddings among different patches.



T

[



