Invariance-guided Graph Representation Learning
(Joint work with Haoyang Li, Yijian Qin, Zeyang Zhang,
Haonan Yuan, Yang Yao, Jie Cai, Peiwen Li, Tianyin Liao)



Graph Distribution Shifts

1 In dynamic and open environments, distribution shifts naturally occur
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Main Challenge for Handling Distribution Shifts

O Why existing GRL fail to handle distribution shifts and achieve OOD generalization?

0 Answer: spurious correlations
O GRL tends to exploit statistical correlations in the training set
O But spurious correlations cannot generalize under distribution shifts
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Invariance-guided Graph Representation Learning

O How to get rid of spurious correlations?

00 Main idea: distinguish invariant and variant subgraphs
O Invariant: relationships with labels are stable under distribution shifts

O Variant: the complement of invariant, e.g., environments
Invariance Variance
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Finding Invariance

How to find invariance in GNN
architectures?
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Graph Invariant Learning in the Vector Space

O OOD-GNN (IEEE TKDE’22)
O StableGNN (TPAMI'23)

O IDGCL (IEEE TKDE’22)

0 OOD-GCL (ICML'24)



Out-of-Distribution Generalized GNN (OOD-GNN)

O How to get rid of spurious correlations in node representations?

0 Main idea: decorrelations

0 Remove the statistical dependence of truly predictive (causal) information
and spurious (non-causal) information by sampling reweighting, i.e., assign
each sample (graph) a weight
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OOD-GNN: Out-of-Distribution Generalized Graph Neural Network. TKDE, 2022.
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OOD-GNN: HSIC

O In practice: encourage to eliminate statistical dependence of all dimensions
0 Since we do not know which ones are causal and spurious

O To get rid of spurious correlations, we expect Z.; L Z.;,Vi,j € [1.d],i # j

0 We adopt Hilbert-Schmidt Independence Criterion (HSIC) measured as:

Proposition 1. Assume Elkz, (Z.;.Z.;)] < oo and Elkz, (Z,;.Z.;)] < >, and kz,_ kz,, isa
characteristic kernel, then

HSI((Z*,Z“) = &> Z*, Al Z*,

0 However, calculating HSIC is intractable. We adopt a practical version as:

- min ||Cz,, 7. lﬁ . »
Cr.i2y =TT Lone .[(r(z,, = e S0 S Z)) - (8(2) = e 01 9(2))

where f(-)and g(-) are the random Fourier features function:

F(Zsi) = (f1(Zsi). f2(Zsi)s . o s folZyi)),
f/lz?/] o (‘II[ZV;’II_’(Z!;) """ !1(,')[2,.,)'

fi(Zsi), 94(Z.;) € Hppr. Vg € [1.Q|. Hpgpr = {h: 2 — V2cos(wa+ ¢)|w ~ N(0,1), ¢ ~ Uniform(0, 27)}

OOD-GNN: Out-of-Distribution Generalized Graph Neural Network. TKDE, 2022.
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OOD-GNN: Optimization

O Optimization objectives: jointly optimize weights
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OOD-GNN: Out-of-Distribution Generalized Graph Neural Network. TKDE, 2022.



OOD-GNN: Experiments

O Setup: 14 graph datasets, various kinds of domains/shifts
O Results:

TABLE 5: Results on nine Open Graph Benchmark (OGB) datasets. We report the ROC-AUC (%) for classification tasks
and RMSE for regression tasks with the standard deviation on the test set of all methods. None of the baseline methods is
consistently competitive across all datasets, while our proposed method shows impressive performance. (T) means that
higher values indicate better results, and (|) represents the opposite.

TOX21 | BACE | BBBP | CLINTOX | SIDER | TOXCAST | HIV ESOL | FREESOLV

Metric ROC-AUC (1) RMSE (1)
GCN 753+0.7 | 792514 | 689+15 | 913117 | 59.6£1.8 | 63.5204 | 76.1£1.0 || 1.11£0.03 | 2.64+0.24
GCN-virtual | 77.5+0.9 | 689%7.0 | 67.8+2.4 | 88.6+2.1 | 59.8+15 | 66.7+0.5 | 76.0+1.2 || 1.02+0.10 | 2.19+0.12
GIN 749+0.5 | 73.0+4.0 | 682+1.5 | 88.1425 | 57.6+14 | 634%07 | 75.6+1.4 | 1.17+0.06 | 2.76+0.35
GIN-virtual | 77.6+0.6 | 73.5+5.2 | 69.7+1.9 | 84.1+38 | 57.6+1.6 | 66.1+05 | 77.1+1.5 || 1.00+0.07 | 2.15+0.30
FactorGCN | 57.8%2.1 | 70.040.6 | 541£1.1 | 64.242.1 | 533417 | 512408 | 57.1+15 || 3.39+0.15 | 5.69+0.32
ein 52.3+1.1 | 54.5+0.9 | 51.841.5 | 522411 | 51.3+11 | 507405 | 51.3+09 | 4.15+0.10 | 7.34+0.12
PNA 715405 | 77.4+2.1 | 66.241.2 | 812420 | 59.6+1.1 | 60.6402 | 79.1+1.3 || 0.94+0.02 | 2.92+0.16
TopKPool | 75.6409 | 76.9+2.4 | 68.6+1.1 | 86.9+1.1 | 60.6+15 | 64.7+0.1 | 76.7£1.1 || 1.17£0.03 | 2.08+0.10
SAGPool | 747431 | 76641.0 | 693421 | 887410 | 61341 48402 | 777413 || 1224005 | 2285012
IOOD-GNN 1 78.4+0.8 | 81.3+1.2 | 70.1+1.0 | 91.4+1.3 | 64.0+13 | 68.7+0.3 | 79.5+0.9 || 0.88+0.05 | 1.81:0.14

OOD-GNN: Out-of-Distribution Generalized Graph Neural Network. TKDE, 2022.




StableGNN

0 OOD-GNN: does not delve into complicated graph structure

O Main idea: encode and remove subgraph-level spurious correlations

0 Employ graph pooling layers to learn high-level graph representation
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Generalizing Graph Neural Networks on Out-of-Distribution Graphs, TPAMI 2023



Independence-promoted Disentangled Graph
Contrastive Learning (IDGCL)

O Except the reweighting, OOD-GNN performs like a normal GNN
O The formation of a graph is typically driven by many entangled latent factors
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— Can we disentangle latent factors in the message passing?

O The graph labels can be extremely scarce for many graph datasets/scenarios
— Can we design self-supervised learning frameworks?

Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



IDGCL: Method

O Key idea: disentangled graph encoder + factor-wise contrastive learning + HSIC
0 Each channel for one disentangled factor
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Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



IDGCL: Method
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O Graph Augmentation
O Four types of strategies: node dropping, edge perturbation, attribute masking, subgraph sampling

0 Reflect diverse aspects behind graphs, can be directly extended
exp ¢(vi, vy, )

O Self-supervised loss: po(yila:) = —x ,
Z_/:] exp (f)(\",. Vyr )

Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



IDGCL: Method
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O Factor-wise message-passing

01 First, a shared GNN for a few layers H;t' = GNN,(HE, A)

. P (o p S
0 Then learn K GNNs with independent parameters he, . = READOUT A'({Hl;+l})
O Each channel only captures one hidden factor zi; . = MLPr(hg. k).

Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



IDGCL: Method

O Factor-wise contrastive learning

Embeddings Embeddings

0 Consider multiple latent factors M mne
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Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



IDGCL: Experiments

O Visualizations for representations
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Disentangled Graph Contrastive Learning with Independence Promotion. TKDE, 2022.



OOD-GCL

O Can we move a step forward to the “pre-training, fine-tuning” paradigm?

O Main idea: learn disentangled invariant graph representation for K latent clusters

0 Can be used as pre-training and easily fine-tuned for downstream tasks
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Recap: Graph Invariant Learning in the Vector Space

O OOD-GNN (IEEE TKDE'22): sample reweighting for decorrelation
O StableGNN (TPAMI'23): pooling for subgraph-level decorrelation
O IDGCL (IEEE TKDE'22): self-supervised decorrelation

O OOD-GCL (ICML'24): “pre-training, fine-tuning” decorrelation



Finding Invariance

How to find invariance in GNN
architectures?
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How to find invariance in the How to find invariance in the

topology space? vector space?



Graph Invariant Learning in the Architecture Space

O GRACES (ICML'22)
O OMGNAS (AAAI'24)
O DCGAS (AAAI'24)
O CARNAS (KDD’25)



Challenge of Fixed Architectures

O A fixed architecture on the training data may fail to generalize
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GRACES: Graph Neural Architecture Search under
Distribution Shifts

O Main idea: customize a unique GNN architecture for each graph
instance to handle distribution shifts
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Graph Neural Architecture Search under Distribution Shifts. ICML, 2022.



GRACES: Graph Encoder

O Goal: learn a vector representation for each graph to reflect its characteristics
O Challenge: preserve diverse properties of the original graph

O Method: self-supervised disentangled graph encoder
O Encoder: disentangled GNN

O Supervised loss: the downstream task
O Self-supervised loss: node degree as regularization L., = Z Z Csst (
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GRACES: Architecture Customization

O Goal: customize an architecture based on the graph representation
O Assumption: graphs with similar characteristics need similar architectures
O Method: prototype based architecture customization

O Probabilities of choosing operations: pi=h- Il:“ll» o= 5= (j)((\%)(,,)

O Regularizer to avoid mode collapse:
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GRACES: Learning Architecture Parameters

O Goal: learn parameters for the customized architectures
O Method: customized super-network i Z Poo(X
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layer

GRACES: Experiments

Synthetic OOD graph datasets

Real-world OOD graph datasets

dataset hiv sider bace
GCN 75.9941.19 59.84 41 .54 68.93+6.95
GAT 76.804+0.58 57.4042.01 75.344+2 36
GIN 77.()7;};1,49 57 57-j;| 56 73.46:5,24
SAGE 75.5811_40 51§ 36&1 32 74.85-:-2.7_1
GraphConv ~ 74.46+0.86 56.09+1 .06 T8.8T+1.74
MLP 70.8810.83 -58.1()':*:1,.“ 71.60:2,30
ASAP 73.81i1,|7 55-77il.|8 7].55::2,7.1
DIR 77.0540.57 57.34+0.36 76.03 4220
DARTS 74.()43_1,75 60.6-“1L1.37 7(5.71 +1.83
PAS T1.1945.28 59.3141.48 76.5941 87
GRACES 77.3111,00 61.85:‘:2.56 79.46i3,04
04
03
02
01

bias b=0.7 b=0.38 b=0.9
GCN 48.39+1 69 41.55+3 .88 39.13+1.76
GAT 50.7544.80 42,4842 46 40.1045.10
GIN 36.83+5.40 34.8343.10 37.4543. 59
SAGE 46.66+2 51 44.5045.79 44.794 4 83
GraphConv ~ 47.2941 95 44.67 45 88 44.824 4 84
MLP 48.27 41 27 46.73 43 48 46.41 42 34
ASAP 54.07£13.85 48.32412.72 43.524 8 41
DIR 50.084£3.46 48.22 1.6.27 43.11 45 43
random 45.92:};4.29 51.72ir,_:m 15.893:5.”9
DARTS 50.631—8_91) -15.‘11-}77.71 1111+11_:
GNAS 55.18;&;18.(52 5164;t 19.22 37.563:5_.13
PAS 52.15;},1_;55 43.12 +5.95 39.84 +1.67
GRACES 65.72.17.a7 59.57117_37 50.94.5 14
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DCGAS: Data-Augmented Curriculum GraphNAS

O Main idea: GRACES only focus on searched architectures
O Training data can be limited — can we augment existing graph?
O Importance of graph is different — can we design clever learning strategy?
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Data-Augmented Curriculum Graph Neural Architecture Search under Distribution Shifts. AAAI, 2024



DCGAS: Data-Augmented Curriculum GraphNAS

O Embedding-guided data generator: generating graphs with similar structures
O Embedding guidance + discrete graph diffusion model
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DCGAS: Data-Augmented Curriculum GraphNAS

O Two-factor uncertainty-based curriculum weighting: schedule the training
O Measures the uncertainty of the architecture performance on data
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Data-Augmented Curriculum Graph Neural Architecture Search under Distribution Shifts. AAAI, 2024



OMGNAS: Multimodal GraphNAS
O OOD Problem of multimodal graph

Dress

C) |

Rt S B S S e
o

© Blue Dress
© Red Dress
© Black Dress

Distribution Shift on Singlemodal Domain (Color Shift)

Multimodal Graph Neural Architecture Search Under Distribution Shifts. AAAI, 2024.



Distribution shift

OMGNAS: Multimodal GraphNAS

O Main idea: decorrelate multimodal graph features, then customize
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CARNAS: Causal-aware GraphNAS

O Combine customization idea with invariance principle

objective function = (1 — 0)(Lprea(Ye,Y) + 01Larch + 02L0p) + 0Lprea(V,Y)

Groph G yr G ?
A
cuso ()l
f;.;t:g.' aph € gi 0
: opy 02 04
identificotion edge shared 'V‘ -------- g L sradasssasessasiarastestaaratsnieates .

network GNN,  mask graph J op g. g‘

i S 3 2

B Lesssens A, encoder H - 0y 0

apur ~ ;o GNNy © _ T £ : i il I
t bum(f(;.m 3 - P 2 learnable 0, 0,
JRCTEPPReD . : : 3 — / Vg F==—. “~dep 03 0,
: . : : { 4 vectors of ; 0 o

: o - : o .
é‘" ™ operalfons I ‘Carch

: : \ : o &

_____ > . S i e e 0 0,

53 0, 0,

Disentangled Causal Graph Invariant
Subgraph Identification Embedding Intervention Architecture Customization

Causal-aware Graph Neural Architecture Search under Distribution Shifts. KDD, 2025.



CARNAS: Causal-aware GraphNAS

O Disentangled Causal Subgraph Identification

objectiv

O Goal: capture different latent factors and split the
input graph instance causal/non-causal subgraph
O Learnable disentangled GNN layers

) -
z" = |2 GNN (Z(‘, ”.D)

identification edge
network GNN, 7 mask

O Edge importance mask

:pur-;v..'. ,"— L L
s subu::uuh -” Sé; = AiLP (Z;'() ‘)‘,, ZEOI) )

O Causal/non-causal subgraphs
' -/ Ec = Top;(Sg), Es=E - &

e}

Subgraph Identification

Causal-aware Graph Neural Architecture Search under Distribution Shifts. KDD, 2025.



CARNAS: Causal-aware GraphNAS
O Graph Embedding Intervention

function = (1 — c)(l:(.p,ed(}"},)’) + 01Laren + 02L,p) + ame,(}", Y)
O Goal: do interventions in -

-~
-
a
~)

the latent space 1
[ Oy (1Y
O Learn representation i : 5, o
L opy - it
Zc = GNNj (Ge), Zs = GNNj (Gs) ated et SusansavaLassasarasIsaieh AR Reses :
He = READOUT (Z¢), Hs = READOUT (Zs) graph b Iﬁop B 0, o
ncoder .. ." ). = 0: Oj
: - R 8) | Tmeee- :
O Intervention 17l By I
dO‘SZGSj) : H\:,' =(1 "}l)'H(\ +[l'Hsj. J € “-Nv.\'] . ,’/, Vg l~~=-. MR “‘é-. gl gl
y ] L8 { . vectorsof oj oj
v 2 ' operations I J i
O Architecture customization M o; 5
R o e 5 o 0, 0:
exp (op,k;'r}l) ‘ o _ 0, ?4 :
: IOl exp (°Pﬁ-TH} Graph Invariant
' Embedding Intervention Architecture Customization

O Joint Optimization
Lan = O'-Epred + (1 - 0)Leausal
Lcausal = chred + 01 Lgreh + 92£0p

Causal-aware Graph Neural Architecture Search under Distribution Shifts. KDD, 2025.



Recap: Graph Invariant Learning in the Architecture Space

O GRACES (ICML'22): customize architectures
O OMGNAS (AAAI'24). data augmentation + curriculum
O DCGAS (AAAI'24): multimodal decorrelation
O CARNAS (KDD’25): capturing invariant parts



Finding Invariance

How to find invariance in GNN
architectures?

/ - .'/"'I"\
nodel® & * %] vector
fiu—> R4
]Rd
Feature representation,
embedding
How to find invariance in the How to find invariance in the

topology space? vector space?




Graph Invariant Learning in the Topology Space
Static graphs:
O GIL (NeurlPS’22)
O DIR (ICLR’22)
O NIL (ACM TOIS’23)
O GOODFormer (arXiv'25)
Dynamic graphs:
O DIDA (NeurlPS’'22)
O SILD (NeurlPS’23)
O EAGLE (NeurlPS’23)



Invariance-guided Graph Learning

O Previous methods implicitly learn invariant/variant graphs
O Can we explicitly distinguish invariant and variant subgraphs?

o OH e
NH
O OH
0 Challenge:

O There is no labels for invariant and variant subgraphs
O Variant and invariant subgraphs are highly entangled



GIL: Method

O Key Ildea: mutual promotion of invariant learning and environment (variant) inference
O Invariant subgraphs: for predicting labels
0 Variant subgraphs: for providing environments

Environment Inference

Cluster variant subgraph; Gy} to mfcr environments

‘Invariant Subgraph Identification

Latent environments: | || |

Objectlve function

g -4 | B - 3 G, . ' =
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Learning Invariant Graph Representations under Distribution Shifts. NeurlPS, 2022.



GIL: Method

O Goal: learn a mask to separate invariant and variant subgraphs
O Challenge: need to handle graphs of various sizes and be inductive
O Proposed method: GNN with top-t pooling

Z(n‘l) _ C‘NNM f M — Z("”)T . Z(m) i = p — —
— ] I (G) 2] i j A] —TOpf (M ~}‘A).A\ —A A]

'Invariant Subgraph Identification | Environment Inference
Latent environments:
P(-) Variant Cluster variant subgraphs [Gy} to infer environments
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dgoras | ||| g7 BE e
L oo ?}E@..‘

SJUSLLUOJIAUS pauBjU|

: X .
Mask M, g E. _______ , ;
&R an o % Invariant : N | L gl",“
Graphs from a mixture | )ég A~ oﬁ 7 qubgraphs [ | w u( ) |.Shered, { =g() f Shared_ | {weg{) | <--
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GIL: Method

O Assumption: the variant subgraphs capture environment-discriminative features
O Challenge: there is no ground-truth environment labels
O Proposed method: cluster variant subgraphs infer environments, e.g., k-means

Einfer = k-means(H)

Environment Inference
" Cluster variant subgraphs {ﬁ } to infer environments
l% Iﬁ l l I 1 o
LI L :
2> | b= 3
.................. ~ M TSRS TGO S LI SR PN m
Q
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b |
, <.
| -~
: (o]
' 2
| 3
]
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wn
]F, Em[w
Ly <

Invariance regulanzer Atrace(Var(V;R®))

I
Objective function
woe g() l

},} - /((7) T %Predlctlonl




GIL: Method

0O Goal: find an invariant subgraph generator Zs = {®() : P*(Y|®(G)) = P (Y|®(G)).e.¢’ € supp(€)}
m Optimization: Theorem 3.2. A generator ©(G) is the optimal generator if and only
¢* = arg max I (Y: P(G)).
‘I’EI,-'
where I(-:

O Invariance regularizer:

-) is the mutual information between the label and the generated subgraph.

Eeesupp(&;, .. ) R (f(G),Y; 9) + Atrace(Varg,, ., (VoR"))

o() |

Wwegl)
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. P 'Invariant Subgraph Identification | Environment Inference
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GIL: Theory

O We prove that the maximal invariant subgraph generator can achieve OOD optimal

Theorem 4.1. Let * be the optimal invariant subgraph generator in Assumption 3.1 and denote the
complement as G\ ®*(G), i.e., the corresponding variant subgraph. Then, we can obtain the optimal
predictor under distribution shifts, i.e., the solution to Problem 1, as follows:

argminwo go ®"(G) = argmin  sup R(fle). (10)
w,g9 ecsupp(&)

0 Several assumptions:
(1) *(G) L G\?*(G)
(2)V® € Ig, 3 € € supp(€) such that P¢' (H(G)) = P¢(®(G))

and P¢ (G,Y) = P¢ (#(G), Y)P® (G\®(G))

O We prove that GIL maintains permutation invariance.

Theorem 4.2. Our proposed GIL model is permutation-invariant if GNNM and GNN! are
permutation-equivariant and READOUT Tis permutation-invariant.

O We show that the time complexity of GIL is on par with the existing GNNs
0 Time Complexity: O(|E|d + |V|d?), |E| and |V| are the edge and node number.

Learning Invariant Graph Representations under Distribution Shifts. NeurlPS, 2022.



GIL: Experiments

0 OOD Generalization on real-world datasets

MNIST-75sp Graph-SST2 MOLSIDER MOLHIV

ERM 14.94+3.27 81.44+059 57.57+156 76.20+1.14

Attention 16.44 4378 81.57+0m 56.99.+0.54 75.8441.33

Top-k Pool 15.02+3.08 79.78+1.35 60.63+152  73.01+1.65

SAG Pool 19.34+£1.73 80.24+1.72 61.29+1.31 73.264+0.84

ASAP 15.14+358 81.57+0384 55.77+1.34 73.81+1.17

GroupDRO 15.72£435 81.29+1.44 56314115 75444270

IRM 18.74+2.43 81.01+1.13 57.10+092 74.46+2.74

V-REx 18.40+1.12 81.76+008 57.76+0.18 75.6240.79

DIR 17.38+3.52 83.29+053 57.74+163  77.05+057

GSAT 20.12+1.35 82.95+058 6%2* 1.36 76.47+1.53

GIL 21.94:0.38 83.44:037 63.50+057 79.08+0.54

O Ogbg-molhiv
CIN GIL HIG PAS+FPs GIL
(Rank #8) (CIN Backbone) (Rank #2) (Rank #1) (HIG Backbone)
80.94 1057 81.15+046 84.03+021 84.20+0.15 84.2310.25

Compatible with various backbone GNNs
and a new SOTA on OGB leaderboard!

Learning Invariant Graph Representations under Distribution Shifts. NeurlPS, 2022.




GIL: Experiments

0 Showcase on Spurious-Motif datasets

|
Ay Ay Ay ArlAy A
Y1 'F1 ‘T

(a) Top-k Pool (b) SAG Pool (c) DIR (d) GSAT (e) GIL (f) Ground Truth

0 Showcases on Graph-SST2 (human-understandable)

()]

2 the 's = actors daniel : a romantic

B bl 7~

8_ world best ) auteuil delightful comedy Capture the subgraphs with
s - '(" ________________ positive/negative semantics
> o

T ©onto screen - and an stupid

% /4/ s

c the loud = violent = mindless unbelievably film

Learning Invariant Graph Representations under Distribution Shifts. NeurlPS, 2022.



Discovering Invariant Rationale
O Main idea: minimize interventional risks to find invariant (causal) features

Multiple s-Interventional Distributions

do(S = 0) & & & cﬂ g f%

w30 35 Mo i HE. %
ws=8 P L & nl 48

0 Formally, from a causal perspective

Y =fy(C), YIS|C
Input graph G

Causal part C
Non-causal part S
Ground-truth label Y

Discovering Invariant Rationales for Graph Neural Networks. ICLR, 2022.



Discovering Invariant Rationale

O The causality ladder

Judea Pearl
2011 Turing Award

ACTIVITY:
QUESTIONS:

EXAMPLES:

L

(3. COUNTERFACTUALS

Imagining, Retrospection, Understanding

What i 1 bad done ...?2 Why?

(Was it X that caused Y? What if X had not
occurred? What if I had acred differently?)

Wias it the aspinn that stopped my headache?
Would Kennedy be alive 1f Oswald had not
killed him? Whar if I had nor smoked for the

last 2 years?

ACTIVITY:
QUESTIONS:

EXAMPLES:

L

[ 2. INTERVENTION

Doing, Intervening

What if 1do ...2 How?
(What would Y be if Tdo X?
How can I make Y happen?)

If T rake aspirin, will my headache be cured?

Whar if we ban cigarettes?

ACTIVITY:

QUESTIONS:

MHAREL

EXAMPLES:

L

(1. ASSOCIATION

Seeing, Observing

What if 1see..7

(How are the variables related?

How would seeing X change my belief in Y7)

What does a symptom tell me abour a disease?
What does a survey tell us about the

election results?




Discovering Invariant Rationale
O Main idea: minimize interventional risks to find invariant (causal) features

Distribution .
Intervener i > P > ‘RS‘
| No BP
‘ : Rationale Shared Graph = j=p  Shortcut Classifier
Generator Encoder | Caus ai Claésiﬁef i s

S Lo+ n

Invariant Rationale Causal Prediction

0 Rationale generator: split the input graph into causal/non-causal subgraphs

Z = GNNy(g9), M;; =0(Z]Z;) & =Top,(M®A), & =Top; . (1-M)®A)
0 Distribution Intervener: create interventional distributions by randomly replacing
the complement of the causal subgraph
0 Optimization: minimize variance of interventions

min Rpr = Es[R(A(G), Y |do(S = s))| + AVar,({R(h(G), Y|do(S = s))})

Discovering Invariant Rationales for Graph Neural Networks. ICLR, 2022.



Node Invariant Learning (NIL)
O For graph-level tasks, different graphs can be considered samples
— how to generalize to node/link-level tasks?
O Basic idea: the receptive field of each node is an ego-subgraph

€9 2 =x
/ .':.‘1 ....... ° h? = X
..". 1 _ -
‘..- hB = Xp @ hfz =x,

- hll) =Xp '\" -
f;:ggregalt( . ) -
ay .. @ A0 = x
' fupdau-( . ) A A

O Treat node classification as ego-subgraph classifications
O Note: these subgraphs are dependent, but can be assumed to satisfy
conditional independence, i.e., P(Y|G) =[], P(y|Gy)

Invariant Node Representation Learning under Distribution Shifts with Multiple Latent Environments. ACM TOIS, 2023.



NIL: Framework
O Goal: mask invariant/variant graph structures and node features

Av  _ c: . MT M M _ M »d
M., = Sigmoid (Z}! " - ZY), ZM = GNNM(G,) e RY.
; P D, S S
Al = MY O A, X, = MX 0 X,; A =A,—-ALX> =X, X,
Invariant Ego-subgraph ~ Node Environment Inference
|dentiﬁcation Contr :»::5.1;;!".‘;- modularnty-based ‘:_:";;;_:h clustering
with vanant ego-subgrapns {6, |
© Node of 1% Class Op, = H{ln) k Variant ego- : P e s s
, Environment e /  Environment e
© Node of 2™ Class SO0 6{ jubgraphs {G7}! ver = (v, v, 0., | | VO = (o v06..) T _
o - 11 3
=2 4 N k)
! ]
Q ' QO P | @
Training D) : @Q / P2
& \ A2) 1S
Graph G, NS ———— 2
R Invariance Regularization 3
- - ————— - . e ey 3
. O Invariant ego-subgraphs :’lnvariant ego-subgraphs E 3
:Distributioh lG.', = ¥() iney: {Gf,,G1,Gl,. } "Yinex: {Ge,, 61 Gy, 3Y | D
e ' 4 , 7
shifts Shared -
: Invariant ego- o G — I A “AEinfer
) 2 i < 1 "
s subgraph (;'L’. (Zelw Invariant ego’ .__‘:‘.-.'-‘51:_’;--‘_‘“__‘_
i 3 L\ subgraphs {G}
Testing ® ® 0 - _Invariance __
Graph Gy, Invariant ego- ve: Rec
subgraph Gy, Objective: E, (R°) + Atrace(Var(VyR)
Y() f =wogoW¥(-) Prediction

Yo = f(Gy)

Invariant Node Representation Learning under Distribution Shifts with Multiple Latent Environments. ACM TOIS, 2023.



NIL: Framework

K
| | & Xp( By, &
O Goal: infer environments mine = -1 3 log— B
( & k=1 L:\\’-l.k’u.- exp(B,x)

0 Contrastive modularity-based clustering

1 .
. . B=—|(C' \(——i C'dd'C)].
0 Based on homophily assumption 2m o\ )
Invariant Ego-subgraph Node Envuronment Inference
Identification Con ! odularity-based graph clustering
vith vanant rﬁ.'.f.\—\?.;!..)l.‘:;:ﬂ?:‘a :.u |
@ Node of 1% Class Og, = ¥(0s,) - Variant ego- P e e it \

Environment e, Environment e,

© Node of 2™ Class ~ OO 3 subgraphs {G}}| ver = (v, v, 0., ...} i Vex = {vy, vs, v, ... } \: s
] [ | IR}
o o R | @
] '
O | voNe | @
Training - E @ S
\
Graph G, M £ 2
R Invariance Regularlzatlon o)
e N =Ny R Gy | e T e =
. Invariant ego-subgraphs llnvanant ego subgraphs E 3
‘Distribution iney: {G! ,Gi,GL, ... } "] in ex: {G},, G}, G}, ... }1 ®
: shifts _Shared__ (s o7 &
~ Invariant ego- s - D ginfer
i subgraph Gy '“t‘)’a”a': e{gc",'} [ Je-toss EeRD.
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Testing L2} & O - _nvariance __
Graph G, Nvariant ego- st Reg
subgraph (’v; Objective: £, (R") + Atrace(Var(VyR®)
W) f=wogoW() Prediction

Vo = f(Gy)

Invariant Node Representation Learning under Distribution Shifts with Multiple Latent Environments. ACM TOIS, 2023.



NIL: Framework

O Goal: encourage to only use invariant parts for prediction

Eeesupp(Einger) R (f (Gv) .3 0) + Atrace (Varg,, ., (VoR®))

Invariant Ego-subgraph _ Node Envuronment Inference
|dentiﬁcation Conti ;::;.;:.!u;-- modularity-based .._:";;;V.‘f[ cluste
. : with vanant ',7',1(.\-“-‘.11.‘Jl.’:;ﬁ-"ﬁﬁ (G ]
© Node of 1% Class O, = ¥ Gw,) - Variant ego- : T et e e ~
‘ Environment e s/ Environment e
© Node of 2™ Class o) B @ v, M subgraphs {Gé} Ver = {vy, vy, v l E Vek = {u;.:y.ll'(,f(u.} \: e
- 1 =] =
O - 8 . )
o= i 0o 1|3
Training S & : @@ i |2
\ /
~ -’ po )
GraphG,, = mmAU 0 SESSes 0000 | e e 2
a Invariance Regularlzatlon 5]
: N Uy R mGY 9| | e =3
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- — ine;: {G! ,Gs, Gl ... " iney: {G},, G/, G}, i ®
:Distribution Gy = W() ines: (G, it ) K: | At =}
:  shifts ¥ Qo ®
- Invariant ego- S (}Lb " ““““ (") e
y o 3 ae Invariant eg Loss E.(R' infer
subgraph Gy 0 ..--:».; _______
. A (1) subgraphs {G}}
Testing @ & 6 - _Invariance __
Graph G¢, Nvariant ego- . x Regularize
subgraph Gv, Objective: I, (R") + Atrace(Var(V,R®)
W) f=wogoW() I’redlctlon

Yy = f((;l)

Invariant Node Representation Learning under Distribution Shifts with Multiple Latent Environments. ACM TOIS, 2023.



Graph OOD Transformer (GOODFormer)

O How to tackle the OOD generalization problem of graph Transformers?

O Challenges:
O The classical self-attention cannot guarantee sharpness.

0 The dynamically evolving invariant subgraph leads to prohibitive computational
complexity for positional and structural encoding.

[ v[ ’
ol e el

epoch =0 epoch=2 ++ epoch =100

3
>

Invariant Graph Transformer for Out-of-Distribution Generalization. arXiv, 2025.



.
GOODFormer: Method

O Key Idea: design attention mechanisms and postional and structural

encodings based on graph invariant learning principles

0 Attention: how to guarantee sharpness
00 Positional and structural encoding: how to maintain efficiency and expressiveness

Entropy-guided Invariant Subgraph Disentangler Evolving Subgraph Positional and
Structural Encoder
1 Trunslomn.r Layers 2 Entropy-guided Sharp Attention 3 Altention- &,llldtll MPNN ‘ lk o ee
| T B8 | y
T °* 99 s 99 | | | g
ax ~ Fiw o4 8 ol o g
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E=— / / e oOx ne
mﬁm -\“dw / LA | 'I | -':--‘LH”’ ‘
| | x-non | | F===s=]

5
=
=
[
-

ﬁ /,"I
11 = [ MpaNz A, | [ MenNz 4 |
Temperature t; ‘_] /

T‘npr!u\hu.d' , Il

e | r
|

3 " I
i an\ | | J
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!lhm |ll’| l an o ‘ '
oo oo | ol &
Hard ted PSE
min, 8§87 = M| « ! oo oo | ,.__.,"} | i tangonaleiat
r P i oo, | T
| o Rundom Feature Node: @  Encoding Feature Node
L _____________________________
Node F in ot b PSE
Entropy [ s In x(E) I l aftmax(—£) ] Subgrapl el

Minumization y 5 Node i-;gu:_r._-\ ___________________ 2

_— “ o e e e - = =57 Node Features
ming B[] f 00, e b 1 I MLP Invariant GT Learning

Eq |[L(R(G). Y|da(Gy = G.)))
Training Test Tune Traming » Invirant Subgraph Node: @ Variant Subgraph Node: t+AVarg, ([L(A(G), ¥{do(Gs = GNP

Invariant Graph Transformer for Out of—Dlstrlbutlon Generallzatlon arXiv, 2025.



e
GOODFormer: Method

0 Goal: separate invariant and variant subgraphs for graph Transformer

O Proposed method:
00 Two attentions for invariant/variant subgraphs Za: = Softmax(E)ZWy, Zyus = Softmax(—E)ZWy
O Test-time training: minimize entropy difference between training and test data

Entropy-guided Invariant Subgraph Disentangler ’ Evolving Subgraph Positional and
Structural Encoder

1 Trunslomnr Layers 2 Entropy-guided Sharp Attention 3 Altention- L,lll(.lt.(l MPNN
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Invariant Graph Transformer for Out of—Dlstrlbutlon Generallzatlon arXiv, 2025.



GOODFormer: Method

0 Goal: Capture the positional/structural information of dynamically evolving subgraphs
OO0 Learnable MPNN-based encoder instead of hand-crafted encoding
O Distillation loss to transfer knowledge from full-graph to subgraph encodings

Entropy-guided Invariant Subgraph Disentangler ’ Evolving Subgraph Positional and
Structural Encoder
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Invariant Graph Transformer for Out-of-Distribution Generalization. arXiv, 2025.



Invariant Learning for Dynamic Graphs

O Many graphs are dynamic in nature

Day1 Day 2 Day 3
$100, Day 1 $100, Day 2 $100, Day 3 Transaction in Day 47
o—— o——3p o—z...
' A ’ A B
Transaction in Day 27 $400, Day 1 $500, Day 2 \5400 Doy 3

‘ _ $200, Day 2 $200, Day 3

$100, Day 1 $100, Day 2 $100, Day 3

Transaction in Day 3;;‘"‘\.
® client A bank company @ client A bank company @ client A bank company

O Distribution shifts can be spatio-temporal




DIDA: Method

O Key ldea: finding invariant/variant spatial-temporal patterns and apply intervention
O Intervention: from causal theory to get rid of spurious correlation

Spatio-Temporal Intervention Mechanism

P —— e ————— — — — — — —
| Original Distribution

Disentangled Dynamic Graph Invariance Loss Spatial
Attention Networks Temporal Spatial temporal
Cm Cm Lm

t=1

Ld,, — var_g(LmldO(Pv = §))

V(L +ALy,)

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.




DIDA: Method

O Goal: separate invariant and variant spatial-temporal subgraphs

O Proposed method: disentangled dynamic graph attention network
O First calculate masks

q’, = W, (h!||TE(#)). k', = Wi(h' [|[TE(#)).v! = W, (h' ||TE(t"))
Soft ((' 1‘) Soft ( q.k]‘)
m; = Soitmax LAm . = D0itmax| —
I i \ ‘ Vi

O Then calculate message-passing z;(u) = Agg,(m;, v & my))

0 Updating node representation
hft — ZII(”‘) + zt\-(u)

Disentangled Dynamic Graph
Attention Networks

t=1 t=2 t=3

VL +AL;,)

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.



DIDA: Method

O Goal: create intervened distributions by sampling and reassembling variant patterns

2z (u), 24} (u) z',‘ (u), 23 (v)

Spatio-Temporal Intervention Mechanism

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.



DIDA: Method

O Goal: focus on invariant patterns using intervened distributions

O Original objective: min B, g1:t)wp,, (vt.c10) £(fo, (P}(v)),y")
1 .62 ' v ) v

st yt LPL(v) | Pi(v)

O Practical version: intervention-invariant regularization

Hbm L+ ANy,
. £”:€( S AVER N
£=U(f(@).y) = = B o) )
['do — VarsiES(‘Cm|d0(P/ — SL))

v
Invariance Loss Soan
Temporal Spatial t:mporal
m 3 @!f,,

T

Ld,, — var_g(LmldO(Pv = §))

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.



DIDA: Experiments

O Synthetic datasets

O

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.

Model \} 0.4 0.6 0.8
Split Train Test Train Test Train Test
GCRN 69.60+1.14  72.57+072 T4.71+0a07  T72.29+047 75.69+007 67.26+0.22
EGCN 78.82+140 69.00+053 79474168 62704104 81.07+4.00 60.13+0589
DySAT 84.71+080 70.24+126 89.77+032 64.01+019 94.02+129 62.19+039
IRM 85.20+007 69.40+009 8948+022 63.97+037 95.02+009 62.66+033
VREX 84.77+084 70.44+108 89.81+021 63.99+021 94.06+130 62.21+040
GroupDRO | 84.78+085 70.30+123 89.90+0.11 64.05+021 94.08+133 62.13+035
DIDA 87.921092 85.20:084 91.22+059 82.89:1023 92724216 72.59+331
Real-world datasets
Model COLLAB Yelp Transaction
Test Data w/o DS w/ DS w/o DS w/ DS w/o DS w/ DS
GAE 77.15+050 74.04+075  70.674+1.11 64.45+502  71.90+032 73.44+041
VGAE 86.47+004 74954125 T76.54+050 65.33+143 79314037 75.66+030
GCRN 82.784+054 69.724045 68.59+105 54.684+759 78994028 T1.244035
EGCN 86.624095 T76.15+091 7821+003 53.82+4206 73.22+41.11 66.49+097
DySAT 88.77+023  76.59+020 T78.87+057 66.09+142 81.55+066 76.18+043
IRM 87.96+090 75424087 664941078 56.02+1608 81.65+050 75.61+061
VREx 88.31+032 76.24+077  T79.04+016 66414187  81.72+035 76.244052
GroupDRO | 88.76+0.12  76.33+029 79.38+042 66971061  81.50+024  75.92+037
DIDA 91.97 1005 81.87+t040 78.22+040 75.92+090 83.081033 77.61+0.59




DIDA: Experiments

0 Showcases:

mm DIDA
mm DIDA w/o |
mmm DIDA w/o 1&D

0 Ablation studies:

COLLAB Yelp  Transaction Synthetic

Dynamic Graph Neural Networks Under Spatio-Temporal Distribution Shift. NeurIPS, 2022.



Spectral Invariant Learning for Dynamic Graphs (SILD)

O However, in many cases, distribution shift may be unobservable in the
time domain while observable in the spectral domain

o o ool Il
“ ‘ ‘ * }W ~ iillll‘ml [ o e ’ o —
0 .”“ o 0.0

t=1,2 t=1,2 ' Node of Class B
t=5 t=5

Temporal Link

@ © @ & O O
t=13,5 t=1,3,5 Invariant Spectrum
‘ A
C T N o Lk -
, ' ‘ ‘*Jf i . i . " Variant Spectrum

Temporal signals on a dynamic graph Spectrums on the same dynamic graph

O Motivation example: A simple dynamic graph with two frequency
components (having variant & invariant relationship with the labels)
O O O
t=1 t=2 t=T
Spectral Invariant Learning for Dynamic Graphs under Distribution Shifts. NeurIPS, 2023.
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SILD: Framework

Dynamic Graph Neural Networks
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Spectral Invariant Learning for Dynamic Graphs under Distribution Shifts. NeurlPS, 2023.



EAGLE: Environment-Aware dynamic Graph Learning

O Key Ildea: investigate environments carefully
O Find the spatio-temporal invariant patterns then apply causal inference to decorrelations
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Environment-aware dynamic graph learning for out-of-distribution generalization. NeurlIPS, 2023.



Recap: Graph Invariant Learning in the Topology Space

Static graphs:

O GIL (NeurlPS’22): cluster variant subgraphs into environments

O DIR (ICLR'22): intervention to capture invariance/variance

O NIL (ACM TOIS’23): generalize to node-centric tasks

O GOODFormer (arXiv'25): invariance for attention and position encoding
Dynamic graphs:

O DIDA (NeurlPS'22): intervention for spatio-temporal invariance

O SILD (NeurlPS’23): invariance in the spectral domain

O EAGLE (NeurlPS’23): model invariance from environments
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Survey

Out-Of-Distribution Generalization on Graphs:
A Survey

Haoyang Li, Xin Wang, Member, IEEE, Ziwei Zhang, Member, IEEE, Wenwu Zhu, Fellow, IEEE

Abstract—Graph machine learning has been extensively studied in both academia and industry. Although booming with a vast number
of emerging methods and techniques, most of the literature is built on the in-distribution hypothesis, i.e., testing and training graph data
are identically distributed. However, this in-distribution hypothesis can hardly be satisfied in many real-world graph scenarios where the
model performance substantially degrades when there exist distribution shifts between testing and training graph data. To solve this
critical problem, out-of-distribution (OOD) generalization on graphs, which goes beyond the in-distribution hypothesis, has made great
progress and attracted ever-increasing attention from the research community. In this paper, we comprehensively survey OOD
generalization on graphs and present a detailed review of recent advances in this area. First, we provide a formal problem definition of
OOD generalization on graphs. Second, we categorize existing methods into three classes from conceptually different perspectives,
i.e., data, model, and learning strategy, based on their positions in the graph machine learning pipeline, followed by detailed
discussions for each category. We also review the theories related to OOD generalization on graphs and introduce the commonly used
graph datasets for thorough evaluations. Finally, we share our insights on future research directions.

Index Terms—Graph Machine Learning, Graph Neural Network, Out-Of-Distribution Generalization.

+

Out-Of-Distribution Generalization on Graphs: A Survey. IEEE TPAMI 2025.
Paper collection: https://github.com/THUMNLab/awesome-graph-ood
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https://zw-zhang.github.io
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