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B Tasks on real-world graphs are challenging...
O Most real-world graphs exist in dynamic and open environments
O Dynamic & Open: emerging new classes, decremental/incremental features,
changing data distributions, varied learning objectives, eftc.

L - L am
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' ﬁ-a\_ﬁ Transaction in Day SVA.
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traffic networks transaction networks

O Distribution shifts naturally exists in graph data, and can be spatio-temporal
O Out-of-distribution (OOD) generalized GNNs are critically needed!
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B Main challenges for handling OOD generalization on graphs
O Challenge 1: types of distribution shifts are complex

(" Distribution shift on graph sizes )
Test(large)

Train Train

/~ Distribution shift on node features \
Test(noise) Test(color)

O Challenge 2: spurious correlations
€ GNNs tend to exploit statistical correlations during training
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B Problem formulation
O OOD generalization: f; = arg mein E(x ¥ pea X YN E(f0(X), V)] Prest(X,Y) # Perain(X,Y)
O OOD generalization on dynamic graphs: meinE(gliT,YT) (G y7) 4 (fo(G*), Y1)
B Main idea

O Investigating environments carefully, finding spatio-temporal invariant patterns,

applying causal inference to decorrelations by interventions

SCM on Static Graphs SCM on Dynamic Graphs

tb (Train)

@ Causal Part (invariant) @ Spurious Part (variant)
Ground-truth  =s=s=s== Prediction @ Environments O Observations O Latent Factors

— Observation

p(G', Y |e) = p(G'|e)p(Y'|G', e)

goal | min max E(gl:T,YT)Np(Gl:T’YT|e) [f(fe(gl:T), YT))] e € Eunin # Erot

0 ecE
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@ Modeling ®) Inferring @ Discriminating @ Generalizing ;
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@ Modeling B Step-1: Environments Modeling

O Goal: capture latent environments around each node
O Environment-Aware DGNN (EA-DGNN)

® EAConv: =z, = o(W, (x! ® RTE(t)) + bx)

€ multi-channel convolutions with spatial aggregation:

p(G'",Y"]e)

t T,
At ot + ¢ eXp((Z ,k) Z ,k)
Zv’k o Zv’k T Z A u,v),kzu,k" Aéu,v)ak - ZK EL( ! ;)T ' )
ueEN't(v) k=1 €XP Zu,k’ Zv,k’

€ holistic temporal aggregation:

t

1~ . 2 |15 ;

29! = D80T |e R where 257 = [2] 1|20 ]| -+ 127 k]
T=1

(easily extended to other sequential convolution models)
@ overall architecture: z8 = J;_, {z5'} € RT*(xd)

O Now we have modeled environments by obtaining

@ EA-DGNN environment-aware node representations
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B Step-2: Environments Inferringy i cerring

0 Goal: infer distribution of latent
environments and instantiate

samples with given labels
@ ECVAE toinfer:e ~ q4(e|z,y)
€ denote observed sample library
Sob as.

K T
z=|J | |zt 1} € RIVIXEXDIxd 2= g with their respective multi-label ¥
veY k=1t=1 |Z|

¢ maximize log p.,(y|z) © minimize Lecvar = KL[g4(e|z,y)||p.(e]z)] — o > logp.(ylz. )
4 environment recognition network g, (e|z,y) (encoder) ) =l
prior network p_,(e|z) (observed) ~ sampling & generating Sge

environment sample generation network p,,(z|e,y) (decoder)

O Now we have inferred distributions of environments and established joint sample libraries
8
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B Step-3: Environments Discriminating @ Discriminating
O Goal: discriminate spatio-temporal invariant / variant patterns for generalized prediction
€ Assumption
(a) Invariance Property: Ve c E,[I*(Z''"1) = PL, s.t. p(YL | PLle) = p(YT | PL)
(b) Sufficient Condition: Y" = g(Zz7 + €), ie, Y 1L P | PL

€ Proposition
1, ) = {]I(i —1,5) VI(i — 1,5 — Var(z¥)[i — 1]), j > Var(z®)[i — 1]
EE A I(i —1,5), otherwise

9

8y =Y Var(zZ) — 2j,

'PI( - | Var(z®)[k] < i Var(z®') — 5_1; L1 1111 I(/d @Causal Part (invariant) @Spurious Part (variant)
SR Y T K Z - 2 @Environments OObservations OLatent Factors
Pe (v) = PL(v), Pr={HM
I(-) Invariance ®
O Now we have discriminated Pl={1} OOD Generalization

Variance
onment / Domain
Information

spatio-temporal invariant / variant
] ] @ Invariant Pattern
patterns nOde-Wlser over tlme Recognition Mechanism
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B Step-4: Environments Generalizing

S
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@ Generalizing ;
O Goal: applying causal inference to decorrelations with interventions on variant parts

mein »Ctask & CV»Criska

Liask = ]Ee,\,q(b(e)’(glzT’yT)Np(GlzT’YT|e) [ﬁ (g(Z%;g), yT)]
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B Main results (future link prediction)

Table 1: AUC score (% + standard deviation) of future link prediction task on real-world datasets with
OOD shifts of|link attributes.| The best results are shown in bold and the runner-ups are underlined.

Dataset | COLLAB | Yelp | ACT

Model | w/o OOD w/ OOD | w/o OOD w/ 00D | w/o OOD w/ OOD
GAE 77.15£0.50 74.04£0.75 70.67x1.11 64.45+5.02 72.31+0.53 60.27+0.41
VGAE 86.47+0.04 74.95+1.25 76.54+0.50 65.33+1.43 79.18+0.47 66.29+1.33
GCRN 82.78+0.54 69.724+0.45 68.59+1.05 54.68+7.59 76.28+0.51 64.35£1.24
EvolveGCN 86.62+0.95 76.15£0.91 78.21+0.03 53.82+2.06 74.55+0.33 63.17+1.05
DySAT 88.77+£0.23 76.59+0.20 78.87+0.57 66.09+1.42 78.52+0.40 66.55+1.21
IRM 87.96+0.90 75.42+0.87 66.49+10.78 56.02+16.08 80.02+0.57 69.19£1.35
V-REx 88.31+0.32 76.24+0.77 79.04+0.16 66.41+1.87 83.11+£0.29 70.15+1.09
GroupDRO 88.76+0.12 76.33£0.29 79.38+0.42 66.97£0.61 85.19+0.53 74.35+1.62
DIDA 91.9740.05 81.87+£0.40 78.22+0.40 75.924+0.90 89.84+0.82 78.64+0.97
EAGLE | 92.45+0.21 84.41+0.87 || 78.97+0.31 77.26+0.74 || 92.37+0.53 82.70+0.72

Table 2: AUC score (% =+ standard deviation) of future link prediction task on real-world datasets with
OOD shifts of|node features. |The best results are shown in bold and the runner-ups are underlined.

Dataset ’ COLLAB (p =04) ‘ COLLAB (p = 0.6) ‘ COLLAB (p = 0.8)
Model | Train Test | Train Test | Train Test

GCRN 69.60+1.14 72.57+0.72 74.71+0.17 72.29+0.47 75.69+0.07 67.26+0.22
EvolveGCN 78.82+1.40 69.00+0.53 79.47+1.68 62.70+1.14 81.07%+4.10 60.13+0.89
DySAT 84.71+0.80 70.24+1.26 89.77+£0.32 64.0120.19 94.02+1.29 62.19+0.39
IRM 85.20+0.07 69.40+0.09 89.48+0.22 63.97+0.37 95.02+0.09 62.66+0.33
V-REx 84.77+0.84 70.44+1.08 89.81+0.21 63.99+0.21 94.06%1.30 62.21+0.40
GroupDRO 84.78+0.85 70.30+1.23 89.90+0.11 64.05+0.21 94.08+1.33 62.13+0.35
DIDA 87.92+0.92 85.20+0.84 91.224+0.59 82.89+0.23 92.72+2.16 72.59+3.31
EAGLE | 92.97+0.88 88.32+0.61 ‘ 94.52+0.42 87.29+0.71 ‘ 94.11+1.03 82.30+0.75

12
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B Ablation Study

O EAGLE (w/o El). Remove the Environment Instantiation mechanism in Section 3.2.

O EAGLE (w/o IPR). Remove the Invariant Pattern Recognition mechanism in Section 3.3

O EAGLE (w/o Interv). Remove the spatio-
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B Analysis on Invariant Pattern Recognition Mechanism
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Figure D.5: Intervention efficiency analysis on the intervention ratio. The vertical dashed line

Conclusion

indicates the most suitable intervention ratio while maintaining an acceptable training time cost.
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B Parameter Sensitivity Analysis
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B Visualization
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B Conclusions

O A novel framework named EAGLE for OOD generalization by exploiting
spatio-temporal invariant patterns with respect to environments.

O The first trial to explore the impact of environments on dynamic graphs
under OOD shifts.

O Design the Environment “Modeling-Inferring-Discriminating-Generalizing”
paradigm to endow EAGLE with higher extrapolation power for future
potential environments.

19
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