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Potential outcome
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Structure causal model



Potential outcome [Rubin, 1991] ﬁ

* Potential Outcome FEF TG, a0, FRARB/IEKRE, A
EIZFEMMBESRE, KFEell, Ti58000; HEell, T#H:/6000, NhZTFFRRVE
BN /9+2000,

« BT TFHIERN (Treatment Effect) , FENIAJLAENE—RZFAEBEER.

- (BEFERHELUTLR:
- REMRIK (SUTVA) | AEMNEREEERASEESN, THUKEXIRE MAER.
- —EUE: WMRSLPRERZHRTRw, 8y wHBEEERS TSR,
- R SEMBEE, INZEFZWET, FATHNRBRITSBREERETX.

(Unconfoundedness)

- FRYT: BBV R T,




Structure causal model [Pearl, 2000]
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Structure causal model VS Potential outcome
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: Traffic context

6 : Historical traffic
@“ flow data ‘
0 : Ground truth of

@ future traffic P(Hy|do(X;)) = Z P(S¢, T¢|do(X4))P(H¢|do(S¢, Th))

St ;Tt

= Y P(S:,TiXy) Y  P(HS;, Ty, X',)P(X',)
S:, Ty X
(1)

Reference: Spatio-temporal Neural Structural Causal Models for Bike Flow Prediction.
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dataset Category Models SHmn Emin AVE
: MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
Deep LSTM 142031 28.2169 19.5308% | 19.8906 41.4004 26.1706% 17.378  35.3137 22.9824%
Learning GRU 14.5063 30.5848 20.1777% | 20.2897 42.8662 27.1207% | 17.7293 37.0763  23.7914%
Predefined STGCN 11.5225 323062 15.4271% | 14.1583 36.1548 18.3616% | 13.2019 33.4340 16.9863%
Graph STGODE 13.0722 25.5082 17.6931% | 18.2863 38.2222 23.7129% | 159745 32.0672 20.8288%
GWNet 11.3790  23.4735 15.7683% | 14.4496 30.3216 20.0026% | 13.0956 25.7935 17.9991%
BJ-Bike Adaptive HGCN 12.3808 23.7278 16.5783% | 14.4550 29.5130 19.1782% | 13.6700 25.9349 18.0185%
Graph CCRNN 13.0028 40.7625 16.2663% | 15.1600 43.8774 19.0467% | 14.4291 40.7677 17.7535%
DMSTGCN | 11.3967 23.1091 15.6620% | 14.1286 29.5651 18.9005% | 12.9921 25.6640 17.3526%
Attention GMAN 142979 32.5408 19.4858% | 19.5415 43.8546 25.7455% | 17.3069 38.4888 22.7454%
Graph ASTGNN | 13.0494 26.2419 17.4269% | 17.8318 40.4308 23.1511% | 15.8104 33.4645 20.4270%
Dynamic DGCRN 11.4163 27.7059 16.0872% | 14.0468 33.2321 19.2002% | 12.9966 29.8171 17.7582%
Graph STNSCM | 11.2833 23.2897 15.2978% | 13.3415 28.1254 17.4721% | 12.5180 24.4383 16.4879%
Deep LSTM 3.1259  6.0591  24.8426% | 3.8342 79119 30.9824% | 3.4809 6.9045  28.5997%
Learning GRU 3.1359  6.0629 24.8762% | 3.8442  7.8694  30.9406% | 3.4908 6.8827  28.6149%
Predefined STGCN 2.6015 49071 20.5065% | 2.9732  6.1072  23.3678% | 2.7879 5.4049  22.4650%
Graph STGODE 2.7222  5.2398 21.4485% | 3.2079 6.7118 25.4689% | 2.9649 5.8408  23.8943%
GWNet 2.5686  4.8377 20.5743% | 2.9589  6.1023  23.7937% | 2.7644 5.3748  22.6851%
NYC-Bike  Adaptive HGCN 2.5865 49755 20.2884% | 29728  6.4410 23.4383% | 2.7803 55742 22.3060%
Graph CCRNN 2.5945  4.8986 20.4141% | 2.9670  6.2435  23.4624% | 2.7814 5.4886  22.4958%
DMSTGCN | 2.5539 47400 20.1860% | 29159  6.0370 23.2154% | 2.7395 5.3201  22.1471%
Attention GMAN 3.1153  6.2649  23.6753% | 3.1816  6.4593  24.7447% | 3.1469 6.1648  24.7131%
Graph ASTGNN 29774  5.6568  23.3848% | 3.3349  6.8282  26.2812% | 3.1576 6.0232  25.3607%
Dynamic DGCRN 26175 49426 20.5837% | 29653  6.1419  23.3420% | 2.7918 54210  22.4856%
Graph STNSCM 25289 4.6835 19.8475% | 2.8099  5.6129 22.4450% | 2.6701 5.0397  21.5300%
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