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3. Predict graph context and label
using aggregated information
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PROPOSITION 1. Let the graph-based ST learner f trained without

considering invariant relations, then the upper bound of empirical risk
. 2(1=-pi)dipow; - .

under environment ey would be &y ~ % that is irreducible,

where w is the weight for causal neighbor aggregation. When f is

transferred to OOD test set N(ug, oqleq) satisfying pg = quo where

q € N*. The OOD risks are amplified to eq ~ M

1+d;
where 1., and o, are the expectation and variance of learnable ws.
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mi@n R¢(w, ®) + AVar(R®(w, ®))

» Subgraph-based invariance extraction
» Invariant risk minimization

[11 Wu Y, Wang X, Zhang A, et al. Discovering Invariant Rationales for Graph Neural
Networks[C]//International Conference on Learning Representations 2022.

[2] Wu Q, Zhang H, Yan J, et al. Handling Distribution Shifts on Graphs: An Invariance
Perspective[C]/International Conference on Learning Representations 2022.
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Capture quantified invariant relations
for OOD ST learning
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PrRoPOSITION 2. Let the ST learner f* be trained considering in-
variant relations, then the empirical risk under any environment

e,—(‘i = 1,...,K) can asymptotically cjonverge to 0 wifh wi = pl. where ‘ g?*’&*ﬂ*ﬂgH‘jﬁiﬁﬂﬂs“ﬁ*ﬁ?l‘iﬁ{hﬁﬂ

wy is the weight for causal part neighbor aggregations.
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Global invariance
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01/01/2017- .
SIP 108 25,920 03/31/2017 Smin 72.17/55.45
03/01/2012- .
Metr-LA 207 34,272 06/30/2012 Smin 27.45/30.25
. 01/01/2015-
KnowAir 184 11,688 12/31/2018 3h 52.69/61.60
.. 01/01/2012- .
Electricity 321 26,304 12/31/2014 15min 2538.79/820.92
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I 1) 25 25,920 | 34,272 11,688 26,304
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| SIP | Metr-LA
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e AL, A | s (RS A
STGCN 22.75% 26.72% 23.36% 12.62% 15.13% 13.53%
MTGNN 20.09% 23.74% 20.70% 10.05% 12.56% 11.25%
GWN 20.13% 23.65% 20.84% 10.01% 12.52% 11.17%
DCRNN 21.17% 24.64% 21.88% 10.50% 13.01% 11.41%
ASTGNN 22.31% 25.87% 22.92% 10.04% 12.55% 10.99%
AdaRNN 21.22% 24.78% 22.79% 10.14% 13.08% 11.58%
MTGNN+IRM 20.21% 23.86%  20.52%%* 10.02% 12.53% 11.03%
GWN+IRM 20.01%*  23.56%*  20.64% 9.94%* 12.45%*  10.95%%*
CauSTG 19.91% 23.03% 20.35% 9.75% 12.34% 10.64%
Beyond non-inv 0.90% 2.62% 1.69% 2.60% 1.44% 3.18%
Beyond inv 0.50% 2.25% 0.83% 1.91% 0.88% 2.83%
SUshsIoS
iHRASENS
Ak | SIP | Metr-LA | KnowAir | Electricity
CauSTG-Adj | 21.10% | 11.60% | 26.14% 2.24%
CauSTG-GRU | 21.62% | 10.55% | 25.17% 2.30%
CauSTG-NoHier | 23.26% | 13.42% | 26.68% | 2.84%
CauSTG 19.91% | 9.75% 23.63% 1.89%
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TEHELLER : KnowAir and Electricity

KnowAir Electricity
B N e | e S A
VAENHEER - IRELE 3t )
STGCN 31.71% 42.87% 33.94% 2.65% 4.93% 3.93%
MTGNN 24.06% 36.22% 29.59% 2.12% 4.41% 3.65%
GWN 24.13% 36.21% 29.53% 2.08% 4.34% 3.51%
DCRNN 2517%  3623%  3043% | 231%  468%  3.83%
ASTGNN 26.31% 37.43% 31.27% 2.33% 4.71% 3.79%
AdaRNN 24.60% 36.47% 30.76% 2.10% 4.45% 3.88%
MTGNN+IRM 24.03% 35.14% 29.46% 2.05% 421% 3.28%*
GWN+IRM 24.01%*  35.12%*  29.34%* 2.04%* 4.13%* 3.33%
CauSTG 23.63% 34.32% 28.95% 1.89% 3.89% 3.15%
Beyond non-inv 1.79% 5.22% 1.96% 9.13% 10.37% 10.26%
Beyond inv 1.58% 2.28% 1.33% 7.35% 5.81% 3.96%
SIP KnowAir
02004 0.2390 0215 0.250
0.2385 0.248
o 0.2002 02380 0210 ‘
E3 < 0.246
Egﬁﬂg _“ 2000 02375 0205 0.244 .,
& 0.1998 & &
s $ 02425
“0.1996 < 0.200° =
Tradeoff between 01001
0.195 0.238
_— 0.1992 0.2 N
efficiency and - S U Clweauu] 8 I T O
per‘formance 020 Sub-environment partition K 024 Invariance ction threshold r% 026
0.244
Tradeoff between ‘ .
. 1 0.210]
variance and
0.205
. . 0238 0.2:
Invariance 0.200 0.20 021
0.236
0.195 3 S 6 I 0.19 4o 5, » 2o 0.20
Number of TCN kmwlwl“ ! umwngn‘fu injective nm\cu 15
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