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1.1 Background

O Graph data are everywhere

* Social network
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1.2 Graph Out-of-distribution Issue

O OOD Issue in Graph Classification
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[1] Discovering Invariant Rationales for Graph Neural Networks, ICLR 2022
[2] OOD-GNN: Out-of-Distribution Generalized Graph Neural Network, TKDE 2022



2.1 Assumption of Graph Generation

O Stable (aka. Causal, Invariant, Rationale) Feature & Environmental Feature

Stable feature: functional group, e.g. —-OH, -COOH
Environmental feature: scaffold, e.g. carbon ring, carbon chain

@) HO\OO @) /O\e\
4o—0 5. O~ 0 T
© © K o A O
Molecule: Molecule: O O © Cf © Ok
Cyclopropanol 1, 4-cyclohexanediol 2
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3-carbon ring 6-carbon ring Scaffold: small size Scaffold: large size

O Sufficiency & Invariance Assumption

Assumption 3.1. Given G, there exists an optimal invariant subgraph generator ®*(G) satisfying:
a. Invariance property: Ve, e’ € supp(€), P¢(Y|®*(G)) = P (Y|®*(G)).

b. Sulliciency property: Y = w*(g*(®*(G))) + €, € L G, where g*(-) denotes a representation
learning function, w”* is the classifier, | indicates statistical independence, and ¢ is random noise.

[4] Learning Invariant Graph Representations for Out-of-Distribution Generalization, NeurlPS 2022
[5] Learning Substructure Invariance for Out-of-Distribution Molecular Representations, NeurlPS 2022



3.1 Two Types of Distribution Shifts

O Correlation Shift v.s. Covariate Shift
» The joint distribution of training and test data as P..(G,Y) and P..(G,Y)
Distribution shift means that P..(G,Y) # P (G,Y)
P (G,Y) = P (Y]G) Py (G)
Pee(G,Y) = P (Y|G) Pro (G) ()

» Correlation shift: P..(G) = P, (G) but P.(Y|G) # P (Y|G) @
» Covariate shift: P..(G) # P..(G) but P.(Y|G) =P, (Y|G) Graph Data Generation

Our scope: these distribution shifts mainly caused by the environmental features.

[1] OoD-Bench: Quantifying and Understanding Two Dimensions of Out-of-Distribution Generalization, CVPR 2022
[6] GOOD: A Graph Out-of-Distribution Benchmark, NeurlPS 2022



3.1 Two Types of Distribution Shifts

[0 Correlation Shift v.s. Covariate Shift

Camelyon Cow & Camel Colored MNIST

Training

Test

Covariate (diversity) shift Correlation (concept) shift

e.g. Domain Generalization

[1] OoD-Bench: Quantifying and Understanding Two Dimensions of Out-of-Distribution Generalization, CVPR 2022



3.1 Two Types of Distribution Shifts

[0 Correlation Shift v.s. Covariate Shift

Stable feature
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Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



3.2 Related Studies
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3.3 How to Address Covariate Shift on Graphs?

Existing Issue: Insufficient discrepancy of environmental features

O Graph Covariate Shift
1
GCS(Pir, Peo) = 5 [ 1Pir(9) = Pre(9)ldg
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O Our Idea

« Using data augmentation to increase the environmental discrepancy

Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



3.3 How to Address Covariate Shift on Graphs?

O Two Principles for Graph Augmentation

* Principle 1 (Environmental Feature Discrepancy). Environmental features
should remain discrepant during augmentation

Principle 3.1 (Environmental Feature Discrepancy) Given a graph set {g} with distribution func-
tion P, let T'(-) denote an augmentation function that augments graphs {1'(g)} to distribution P.
Then T'(-) should meet GCS(F, P) - 1.

* Principle 2 (Stable Feature Consistency). Stable features should remain
consistent during augmentation

Principle 3.2 (Stable Feature Consistency) Given a set of graphs {g} with a corresponding stable
feature set {gaa = (Agta, Xata) ). Let T'(+) denote an augmentation function that augments graphs

{T(g)} with a corresponding stable jc*u.-:ur& set {Guta {AL,“ X, ot Then T'(-) should meet
E[ || Asta Hm“ %] = 0 and B[ | X . ﬂm|| 2] = 0, where | - | - is the Frobenius norm.

Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



3.4 Adversarial Invariant Augmentation

O Distributionally Robust Optimization

“%}“{ sup(Ep[A(/(0).9)]: D(P.P) p}}?
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Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



3.4 Adversarial Invariant Augmentation

O Robust surrogate loss: #(f(9),y)

d(f(9),y) = supzec{l(f(7),y) —vc(7,9)}

O Adversarial Augmentation

Voo (f(9),y) =Vel(f(T) y),

where 7~ = arg_rga}c{f(f(ﬁ): y) —ve(7,9)}-
geG

Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



3.4 Adversarial Invariant Augmentation

O Adversarial Augmenter & Stable Feature Generator
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| 3.4 Adversarial Invariant Augmentation

0 Maximization
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| 3.4 Adversarial Invariant Augmentation

0 Minimization
7=(AeM* X o M)
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| 3.4 Adversarial Invariant Augmentation

0 Mask Combination
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4.1 Experiments: Main Results

Table 1: Performance on synthetic and real-world datasets. Numbers in bold indicate the best
performance, while the underlined numbers indicate the second best performance.

Type Method Motif CMNIST Molbbbp Molhiv

base s17e color scaftold 517e scattold 517
EEM 68604425 51. 744288 28600187 68104168  TE 294376 O0Y.58:i251 59944237
General IRM T0.65+4.07 S5141ls37s 27.83+203 67224105 77564248 67974181 59004292
Generalization GroupDRO  68.244s902 51954586 2907304 0606474230 79274243 TOO4s257 S58.98:206
VREx T1. 47 +6.0 32674550 28B48+287 6874103 T8 T0s237 TO.TTi231 585328
DIR 6207875 52274456 33204607  668B0s225  T640:443 68071220 5E.08:23
CAL 6H5.6344.20 51184560 27994329 O6R.00s260  TO50a81 6737436 57.95:224
Graph GSAT 628041141 53204835 28174126 66784145 75634383 68.606+135 5806419
Generalization OQOD-GNN - 61104787 53261467 206491294 60724123 7948w 70464197 60.60L377
’ StableGNN  57.0741400 46934885 2838434090 06740130 7T AT 68444133 56712
CIGA G643 49 1dass 322240267 049242m 6598433 69 40ez30 SY.55:25
DisC S1.08+3.08 50394105 24994098 67.12421n1 56.59:000m  68.07+175  5E.T76:0m
DropEdge 45084096 45034461 220512090 06649455 TE32.344 TOT8a138 58534136
GREA 56. 744023 54130002 29024326 09724166 TT34e3s2 67.79+250  60.71+2.20
Graph FLAG 61124530 51664414 32300260 67.69423 79260226 68.45:230 60594205
Augmentation  M-Mixup TJOO8s382 Sl 48sam 20474345 68.754031  TE92.243  68.88:263  59.03.3 1
G-Mixup 59664703 52.8lee7s 31 85asx2 6744062 TES5:06  TOOls252 53934243
AlA (ours)  73.644s05 55854798 30370444 70.790s5 8103505 TL15qam 61644337

Unleashing the Power of Graph Data Augmentation on Covariate Distribution Shift, NeurIPS 2023



5 Conclusion

» We aim to address the covariate shift issue in graph learning,
which is important yet largely unexplored.

» We introduce a novel graph augmentation method, AlA, grounded
In two principles: environmental feature discrepancy and stable
feature consistency.

» We conduct extensive experiments and the results demonstrate
the effectiveness of our method.



