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Abstract

The development and evaluation of graph neural networks
(GNNs) generally follow the independent and identically dis-
tributed (i.i.d.) assumption. Yet this assumption is often un-
tenable in practice due to the uncontrollable data generation
mechanism. In particular, when the data distribution shows
a significant shift, most GNNs would fail to produce reli-
able predictions and may even make decisions randomly. One
of the most promising solutions to improve the model gen-
eralization is to pick out causal invariant parts in the in-
put graph. Nonetheless, we observe a significant distribu-
tion gap between the causal parts learned by existing meth-
ods and the ground-truth, leading to undesirable performance.
In response to the above issues, this paper presents GPro, a
model that learns graph causal invariance with progressive in-
ference. Specifically, the complicated graph causal invariant
learning is decomposed into multiple intermediate inference
steps from easy to hard, and the perception of GPro is con-
tinuously strengthened through a progressive inference pro-
cess to extract causal features that are stable to distribution
shifts. We also enlarge the training distribution by creating
counterfactual samples to enhance the capability of the GPro
in capturing the causal invariant parts. Extensive experiments
demonstrate that our proposed GPro outperforms the state-of-
the-art methods by 4.91% on average. For datasets with more
severe distribution shifts, the performance improvement can
be up to 6.86%.

Code — https://github.com/yimingxu24/GPro

Introduction
The powerful graph representation learning abilities of
graph neural networks (GNNs) have been widely acknowl-
edged in both academia and industry, and have been proven
to be effective in a variety of applications, such as recom-
mender systems (Niu et al. 2020; Xia et al. 2022; Seo et al.
2022; Yan et al. 2023), finance (Liu et al. 2021; Zhang et al.
2022; Shi et al. 2023; Zheng et al. 2023), life sciences (Hsieh
et al. 2021; Zhu et al. 2022; Su et al. 2022; Fu et al. 2023)
and autonomous driving (Gao et al. 2020; Xu et al. 2022).
Despite their remarkable success, existing GNNs typically
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rely on the assumption that training and testing data are in-
dependently and identically distributed (i.i.d.). However, this
assumption often becomes untenable in realistic scenarios
due to the uncontrollable underlying data generation mech-
anism (Bengio et al. 2019; Li et al. 2022b). Several recent
studies have revealed the vulnerability of GNNs in the face
of differently distributed data (Ding et al. 2021; Gui et al.
2022). The lack of out-of-distribution (OOD) generalization
capabilities hinders the deployment of GNNs in multiple
high-risk scenarios in the open world.

Recently, one of the most promising directions for im-
proving out-of-distribution (OOD) generalization is the
method based on causal invariant learning. Specifically,
most existing studies (Sui et al. 2022a; Fan et al. 2022; Wu
et al. 2022) obtain node representations by GNNs and iden-
tify causal invariant substructures and features from the in-
put graph in a single-step manner, such as directly apply-
ing dot product operations or MLPs. Finally, they introduce
specialized optimization objectives and constraints to mini-
mize the risk of causal invariance across different distribu-
tions. However, the attention in existing works has focused
on the design of optimization objectives, but ignored the ex-
ploration of model architectures. Unlike grid-like data, the
intricate nature of graphs presents a substantial challenge to
this problem since the topological structure leads to complex
coupling associations between the causal and non-causal
parts. This challenge raises a serious concern: How power-
ful is this kind of single-step manner in uncovering causal
substructures in the OOD scenarios?

To validate this concern, we conduct an empirical study
to investigate the effectiveness of existing methods in tack-
ling this challenge. Specifically, in an OOD dataset, we vi-
sualize the causal features learned by existing methods and
the ground-truth causal features (learned only by feeding
the causal substructures into the GNN model) in the fea-
ture space. Unfortunately, our findings reveal a significant
distribution gap between these two sets of features (details
in Figure 4 and Figure 5). In other words, existing meth-
ods fail to capture high-quality causal invariant features, ad-
versely affecting the generalization ability of the model. In-
deed, when tackling complex problems, humans typically
rely on multi-step inference rather than expecting immediate
accurate results. For example, mathematicians break down
difficult proofs into a series of sub-proofs and iteratively ad-
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Figure 1: An illustration of the differences between existing
methods and our proposed solution GPro. (a) The standard
methods incorporate a significant amount of non-causal in-
formation (the green part in the input) in the learned features,
resulting in a deviation from the decision boundary. (b) Our
method is continuously refined via progressive inference to
approach the ground truth.

vance from intermediate results to achieve conclusive solu-
tions. Inspired by this insight, we explore the encoder ar-
chitecture based on the progressive inference paradigm on
graphs to emulate the cognitive processes employed by hu-
mans when solving complex problems, aiming to enhance
generalization capabilities, as illustrated in Figure 1.

In this paper, we present a new framework to learn
Graph causal invariance via Progressive inference, called
GPro, which decomposes the complex problem of discern-
ing causal substructures and features into multiple interme-
diate inference steps from easy to hard. Specifically, each
inference step further separates out the non-causal sub-
structure with high confidence from the intermediate result
learned in the previous inference step via an attention-based
substructure context inference block. By stacking multiple
such blocks, GPro mimics a step-by-step thought process to
refine an accurate answer. Since the causal and non-causal
parts are complementary, instead of only focusing on iden-
tifying the causal substructures, GPro employs a dual-tower
model that concurrently identifies the causal and non-causal
substructures, which aims to facilitate mutual assistance.
Furthermore, to make the progressive inference process bet-
ter capture the causal invariant parts, we propose to enlarge
the training distribution by constructing different counter-
factual samples through two feature-level data augmentation
techniques. We also propose a novel supervised contrastive
learning loss in graph causal invariant learning that lever-
ages the supervised signals within and between samples of a
batch. Our main contributions are summarized as follows:

• We propose the new concept of progressive inference in
graph out-of-distribution generalization, which transforms
the invariant learning process into multiple inference steps.
This overcomes the existing model’s inability to effec-

tively disentangle the complex coupling associations be-
tween causal and non-causal substructures limitations.

• We introduce sophisticated feature augmentation strate-
gies to enlarge the training distribution by generating coun-
terfactual samples. Moreover, we present a novel supervised
contrastive learning objective that effectively utilizes inter-
sample supervised signals to further enhance the generaliza-
tion ability of the model.

• The experimental results demonstrate that our GPro pro-
duces state-of-the-art results on 11 established baselines,
and outperforms the sub-optimal baseline by 4.91% on av-
erage. Qualitative and quantitative analysis of progressive
inference and ablation studies corroborate the effectiveness
of each component in GPro.

Related Work

Graph neural networks have demonstrated impressive per-
formance in a variety of applications (Qiu et al. 2018; Wang
et al. 2019; Fu et al. 2022; Wang et al. 2022; Xue et al.
2022; Fu et al. 2024). However, most existing methods fail
in terms of model generalization, which hinders the deploy-
ment of GNNs in high-risk applications in the open world.
Recent studies are exploring how to improve the general-
izability of GNNs in OOD scenarios, with efforts focusing
on data-centric methods and causal invariant learning ap-
proaches. Data-centric methods (Sui et al. 2022b; Li et al.
2023) improve OOD generalization ability through data aug-
mentation. Causal invariant learning methods (Wu et al.
2022; Li et al. 2022c,a) emphasize minimizing causal invari-
ant risks in different distributions by introducing specialized
optimization objectives and constraints. For example, Sta-
bleGNN (Fan et al. 2023) extracts causal structures from in-
put graphs to help the model eliminate spurious correlations.
CAL (Sui et al. 2022a) and DisC (Fan et al. 2022) divide the
input graph into causal and non-causal graphs, and encour-
ages a stable relationship between causal estimates and pre-
dictions. CIGA (Chen et al. 2022) proposes an information-
theoretic objective to capture the invariance of graphs to
guarantee OOD generalization under various distributional
shifts. FLOOD (Liu et al. 2023) constructs multiple envi-
ronments from graph data augmentation and learns invari-
ant representation under risk extrapolation. For more exten-
sive work, please refer to (Li et al. 2022b). Although these
methods show higher effectiveness, they still suffer from at
least one of the following limitations: (1) Prior works ignore
the important role of encoder architectures in OOD gener-
alization. (Chen et al. 2022) highlights that it is promising
to obtain better OOD generalization ability by incorporat-
ing more advanced architectures. As shown in Figure 4 and
Figure 5, we confirm that existing methods are not sufficient
to deal with this complex problem. (2) Some methods ig-
nore the important role of increasing the diversity of training
data, i.e., enlarging the training distribution, to improve gen-
eralization performance. (3) Existing methods do not fully
consider supervised signals that exist within and between
samples in a batch. Overall, the above limitations lead to
sub-optimal solutions.
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Figure 2: The pipeline and implementation details of the GPro. The basic idea is to decompose the complex problem of causal
invariant learning on graphs into multiple intermediate inference steps, and finally extract causal features with generalization
through progressive inference. Notably, in the input graph toy example of the leftmost, the red part and the green part are defined
as causal and non-causal substructures.

Methodology
The pipeline of GPro is shown in Figure 2. It consists of
three major components: progressive inference-based sub-
structure context inference block, counterfactual graph sam-
ple generation, and causal learning loss function. First, the
substructure context inference block extracts causal and
non-causal representations via step-by-step inference. Then,
two strategies are designed to generate counterfactual sam-
ples to enlarge the training distribution. Finally, the loss
function promotes a causal relationship between causal rep-
resentations and labels, while eliminating any misleading
correlations between non-causal representations and labels.

Problem Formulation
Suppose we are given training and testing graph data
Gtrain = {(Gi, Yi)}N

tr

i=1 and Gtest = {(Gi, Yi)}N
te

i=1 , drawn
from distributions P (Gtrain) and P (Gtest), respectively.
Gtest is unobserved in the training stage. In the out-of-
distribution setting, our goal is to learn a graph predictor f
that achieves a satisfactory generalization on a testing set
with an unknown distribution:

fθ = argmin
fθ

EG,Y∼P (Gtest) [ℓ (fθ (G) , Y )] , (1)

where the distribution shift exists in the training set and the
unseen testing set, i.e., P (Gtrain) ̸= P (Gtest), and ℓ (·, ·) :
Y× Y → R denotes a loss function.

Substructure Context Inference Block
To address the challenges posed by the complex topology
of graphs for causal invariant learning, we decompose the
complex inference problem of learning causal structures and
features into multiple intermediate inference steps. Since the

causal and non-causal parts are complementary, we employ
a dual-tower model where one tower is responsible for iden-
tifying the non-causal part, while the other tower focuses
on recognizing the causal part. These two towers work in
tandem and provide mutual assistance to each other in the
overall task. The illustration of our proposed GPro and its
implementation details are shown in Figure 2.

Specifically, given an input graph G = {A,X}, where A
and X are the adjacency matrix and node features, respec-
tively, we first employ an edge attention layer to measure the
causal importance of edges, and edge-level attention scores
are estimated by considering three simple but effective en-
codings, namely GNN update node feature encoding, node
centrality encoding, and inter-node similarity encoding. The
node features are updated by a GNN encoder, and employ
a residual connection (He et al. 2016) and batch normaliza-
tion (Ioffe and Szegedy 2015) following the GNN layer:

H = f (A,X) . (2)

Then, unlike previous methods that ignore node central-
ity, we realize the role of node centrality in measuring the
importance of nodes (Ying et al. 2021), and additionally in-
troduce the degree centrality of nodes to comprehensively
portray their representations.

qi = MLPnode ([|N (i)| ;hi]) , (3)

where |N (i)| is the degree of node i, hi = H [i, :] is the
feature of node i updated by the GNN encoder f , and [; ] is
the concatenation operation. The inter-node similarity is en-
coded through sim (·, ·). Finally, the calculation formula of
edge-level attention αij for node i and node j is as follows:

αij = σ (MLPedge([sim (qi,qj) ;qi;qj ])) , (4)

where αij ∈ (0, 1) denotes the edge-level attention score
of edge (i, j) in the causal substructure. σ (·) is the
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sigmoid function. Additionally, we define sim (q,k) =
qTk/ ∥q∥ ∥k∥.

To separate causal substructures and features from the
original graph step-by-step, at each inference step, the sub-
structure separation layer constructs a mask matrix M to
further separate the ρ (e.g., 10%) substructures with the
lowest score in the causal attention score matrix E, where
E [i, j] = αij , i.e., those should belong to the non-causal
part, from the causal substructures learned from the previ-
ous inference step:

M = rank (E, ⌊ρ |E|⌋) , (5)

where M = {0, 1}|V|×|V|, |V| and |E| are the number of
nodes and edges in the graph G, respectively. The rank func-
tion sorts the causal attention scores in E, Mij = 1/0 indi-
cates that the edge (i, j) is determined to be the causal/non-
causal substructure in the current inference step.

Afterward, we update the adjacency matrix and edge-
level attention scores in the next intermediate inference step
through the mask matrix M constructed by the (l − 1)-th
layer intermediate inference step:

Al = Al−1 ⊙M, (6)

where ⊙ denotes the Hadamard product of the matrix.
In the progressive inference process, each intermediate

inference step is modeled by a substructure context infer-
ence block, involving Eq. (2) to Eq. (6), as illustrated in Fig-
ure 2(b). We obtain more reliable causal substructure Gc ={
AL

c ,H
L
c

}
and non-causal substructure Gn =

{
AL

n ,H
L
n

}
through an L-step intermediate inference process, that is,
stacking L layers of causal and non-causal substructure con-
text inference blocks that do not share parameters. After de-
riving the final causal and non-causal substructures, we learn
causal and non-causal graph-level representations through
GNN encoders and the pooling operation:

Zc = freadout
(
fc

(
AL

c ,H
L
c

))
, (7)

Zn = freadout
(
fn

(
AL

n ,H
L
n

))
, (8)

where freadout (·) is a readout function to generate the
graph-level representation. Zc,Zn ∈ RN×d are causal and
non-causal representation matrices in the mini-batch graph,
respectively. The batch size is N .

Counterfactual Graph Sample Generation
To this point, we have extracted causal and non-causal repre-
sentations in graphs through a complex multi-step inference
process. To further improve the graph OOD generalization,
we employ two strategies to generate counterfactual graph
representations to eliminate correlations between causal
and non-causal variables, while increasing the diversity of
samples and enlarging the training distribution. As causal
variables reflect invariant intrinsic properties in graph data,
inappropriate interventions on causal representations may
lead to changes in the semantics and labels of the input
graph. However, there is no causality between non-causal
representations and labels. Therefore, we could enlarge the
training distribution through robust interventions on the
non-causal representation.

The first counterfactual graph representation generation
strategy is to randomly permute the non-causal representa-
tions. Random permute has proven to be effective in OOD
problems in several domains (Lee et al. 2021; Sui et al.
2022a). The permute (·) function randomly permutes the or-
der of the graphs in the mini-batch.

idx = permute (N) , (9)

where idx is the new indices after random permutation. Zper
n

is the randomly permute non-causal representation matrix,
i.e., Zper

n = Zn [idx, :].
Inspired by (Tang et al. 2021), we design a new coun-

terfactual sample generation strategy for graph-level repre-
sentations. The core of the second strategy is to enlarge the
training distribution by swapping the mean and variance be-
tween the non-causal representations of the samples in the
mini-batch.

Zsmv
n = σZper

n

Zn − µZn

σZn

+ µZper
n

, (10)

where µZn , σZn are the means and variances of the non-
causal representations of each sample in the minibatch, and
µZper

n
, σZper

n
are the means and variances of the non-causal

graph representations after random permutation.

Causal Learning Loss Function
It is necessary to design reasonable loss functions to en-
sure causal relationships between causal features and labels
while eliminating spurious correlations between non-causal
features and labels. After counterfactual graph sample gen-
eration, given a mini-batch of graphs, we can extract three
graph-level representations, i.e., a real graph representation
Z = [Zc;Zn] and two counterfactual graph representations
Zper = [Zc;Z

per
n ], and Zsmv = [Zc;Z

smv
n ]. Since the

causal and non-causal parts are complementary, we employ
a dual-tower model to identify the causal and non-causal
parts, respectively. Therefore, we firstly design two classi-
fiers, namely causal classifier Φc and non-causal classifier
Φn to train this dual-tower model (note that, the loss from
Φc is not back-propagated to the encoder model involved
in generating non-causal features, and vice versa). The pur-
pose of the causal branch is to estimate causal features, so
we classify its representation to the ground-truth label. Thus,
we define the supervised classification loss as cross-entropy
(CE) loss to train the causal encoder. Meanwhile, we utilize
the generalized cross-entropy (GCE) (Zhang and Sabuncu
2018) loss and target labels to train a non-causal encoder
and classifier. GCE loss is described as:

GCE (Φn (z) ,y) =
1− Φy

n (z)
q

q
, (11)

where y refers to the ground truth label, Φn (z) and Φy
n (z)

indicate the softmax output of the non-classifier Φn and its
probability belonging to the target class y, respectively. q is
a hyperparameter. The GCE loss imposes a higher weight
on the gradient of the CE loss for samples, which have high
confidence Φy

n of the target category y. It is defined as fol-
lows:
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∂GCE(Φn (z) , y)

∂θn
= (Φy

n)
q (Φn (z) , y)

∂θn
, (12)

where non-causal shortcut information is usually easier to
learn and will have larger (Φy

n)
q as confirmed by prior

work (Lee et al. 2021; Fan et al. 2022). GCE loss ampli-
fies the gradient by (Φy

n)
q to emphasize the non-causal en-

coder and classifier Φn overfocus on non-causal informa-
tion. Therefore, we train the causal and non-causal parts with
CE and GCE losses, respectively. The mathematical defini-
tion of the objective function is as follows:

Ldis = CE (Φc (Z) ,Y) + GCE (Φn (Z) ,Y) . (13)

In addition, we also train the causal and non-causal en-
coders by the CE and GCE loss between the counterfac-
tual graph representations Zper, Zsmv and the target la-
bels, respectively. For the causal part, we maintain the con-
sistency between causal features and the target label Y,
which is equivalent to expanding the training distribution,
thereby better training the causal classifier. To make the
spurious correlation between counterfactual graph represen-
tations and labels still exist, we permute the label Ỹ =
Y [idx] along with Zper and Zsmv as the target labels for
the output of Φn. This ensures that the non-causal encoder
and classifier continuously focus on the non-causal infor-
mation. Meanwhile, samples can be regarded as unbiased
and high quality when the loss of the causal classifier is
small, but the loss of the non-causal classifier is large. In-
spired by (Lee et al. 2021), we enforce the causal encoder
and classifier to learn causality by increasing the weights of
counterfactual samples of unbiased samples by W (Z) =

CE(Φn(Z),Y)
CE(Φc(Z),Y))+CE(Φn(Z),Y) . Moreover, Lcou is not used dur-
ing the initial training phase because the generated counter-
factual graph representations are of low quality and may lead
to label changes. Lcou is formally defined as follows:

Lcou = W (Z) (CE (Φc (Z
per) ,Y) + CE (Φc (Z

smv) ,Y)) /2

+
(

GCE
(
Φn (Z

per) , Ỹ
)
+ GCE

(
Φn (Z

smv) , Ỹ
))

/2.

(14)
To enhance the disentanglement between causal and non-

causal representations, a novel loss function is proposed
in this work, which extends supervised contrastive learn-
ing (Khosla et al. 2020) (SCL) into the graph causal invariant
learning. Specifically, by leveraging the label information,
the proposed method pulls together causal graph representa-
tions that belong to the same class in a batch, while pushing
apart causal graph representations from different classes and
non-causal graph representations from all classes. The novel
supervised contrastive loss of graph causal invariance prin-
ciple is defined as follows:

Lscl =
∑

i∈I
−1

|P (i)| log

∑
p∈P (i)

exp (zc
i ·z

c
p/τ)∑

j∈A(i)

exp (zc
i ·zc

j/τ)+
∑
k∈I

exp (zc
i ·zn

k/τ)
,

(15)
where i ∈ I ≡ {1...N} is the index in the mini-batch, and
A (i) ≡ I \ {i}. P (i) ≡

{
p ∈ A (i) : yp = yi

}
is the set

of indices that have the same label as graph i, and τ is a

temperature parameter. zci and znk are the causal and the non-
causal representation of graph i and k, respectively.

Note that the causal and non-causal substructure context
inference blocks have the same architecture but do not share
weights, we expect both encoders to make similar judgments
on edge-level attention scores. We impose a consistency
constraint on the context inference blocks of causal and non-
causal substructures via mean squared error (MSE) loss.

Lcon = MSE (Ec,En) , (16)
where Ec and En are the learned attention score matrices
for the causal and non-causal substructure context down-
sampling blocks, respectively.

Finally, combining all the above defined losss functions,
the total causal learning loss function is defined as:

L = Ldis + λ1Lcou + λ2Lscl + λ3Lcon, (17)

where λ1, λ2, and λ3 are hyperparameters for weighing
the importance of counterfactual loss, supervised contrastive
loss, and consistency loss, respectively. The details of our al-
gorithm are summarized in the Appendix.

Experiments
Experiment Preparation
Datasets We use three benchmark graph classification
datasets in causal learning (Fan et al. 2022), namely
CMNIST-75sp, CFashion-75sp, and CKuzushiji-75s, to
evaluate the performance of the models on out-of-
distribution (OOD) problems. The datasets consider three
bias degrees 0.8, 0.9, 0.95, i.e., the causal and the non-causal
substructures have 80%, 90%, and 95% probabilities of co-
occurrence in the training set. For example, at a bias degree
of 0.9 in the training set of CMNIST-75sp superpixel graph,
90% of the 0 digits come with a red background (i.e., bi-
ased samples), and the remaining 10% come with a random
background color (i.e., unbiased samples). Thus, it enables
the establishment of spurious correlations between the non-
causal substructures and the labels. The datasets are divided
into the training set: validation set: testing set in the ratio
of 10K:5K:10K. The testing sets are all unbiased samples.
Each dataset contains 10 classes. Statistics of the datasets
are provided in the Appendix.

Baselines To verify that GPro produces consistent and sig-
nificant improvements, we compare GPro with 11 state-of-
the-art algorithms designed for in-distribution (ID) or out-
of-distribution (OOD) learning. In-Distribution Methods:
GCN (Kipf and Welling 2017), GIN (Xu et al. 2019), GC-
NII (Chen et al. 2020), FactorGCN (Yang et al. 2020), and
DiffPool (Ying et al. 2018). Out-of-Distribution Meth-
ods: LDD (Lee et al. 2021), StableGNN (Fan et al. 2023),
CAL (Sui et al. 2022a), DisC (Fan et al. 2022), CIGA (Chen
et al. 2022) and GALA (Chen et al. 2023). More details on
the baselines can be found in the Appendix.

Implementation Details We use the Adam opti-
mizer (Kingma and Ba 2014), and the learning rate is 0.01.
For Eq. (7) and Eq. (8), we use the GCN (Kipf and Welling
2017) with 2 layers and 146 hidden dimensions as the
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Dataset CMNIST-75sp CFashion-75sp CKuzushiji-75sp
Bias 0.8 0.9 0.95 0.8 0.9 0.95 0.8 0.9 0.95

GCN (Kipf and Welling 2017) 50.43±4.13 28.97±4.40 13.50±1.38 63.60±0.53 57.22±0.93 47.69±0.42 38.45±1.1 28.35±0.79 20.70±0.88

GIN (Xu et al. 2019) 57.75±0.78 36.78±5.55 16.04±1.14 64.25±0.46 58.03±0.40 49.74±0.60 41.83±0.78 30.09±0.87 21.18±1.63

GCNII (Chen et al. 2020) 69.70±1.73 57.68±1.68 41.00±3.75 66.68±0.59 60.58±0.28 53.18±0.08 48.53±0.25 36.23±0.20 25.60±0.76

FactorGCN (Yang et al. 2020) 72.30±1.18 62.35±5.07 42.50±4.91 61.23±1.11 53.50±1.29 45.78±2.40 42.87±1.19 32.35±2.79 23.87±0.12

DiffPool (Ying et al. 2018) 73.79±0.02 66.45±0.78 47.12±1.04 62.82±0.53 57.50±0.39 50.86±0.20 45.46±0.65 36.18±0.19 27.45±0.26

StableGNN (Fan et al. 2023) 77.65±1.64 68.87±1.74 51.33±0.87 64.03±0.29 58.26±0.09 51.46±0.39 49.41±0.09 39.30±0.12 28.26±0.14

LDDGCN (Lee et al. 2021) 64.95±1.22 56.65±2.18 46.83±2.88 63.85±1.17 64.30±0.89 62.28±0.48 42.38±0.33 38.75±0.49 33.08±0.59

LDDGIN (Lee et al. 2021) 64.88±1.45 50.59±1.07 31.23±2.48 64.65±0.63 57.10±0.43 53.38±0.47 37.83±0.54 28.97±0.18 22.13±0.34

LDDGCNII (Lee et al. 2021) 78.03±0.66 69.53±0.96 51.05±3.87 50.63±1.79 54.09±2.54 57.93±0.88 48.70±1.98 41.59±1.07 33.93±0.71

CALGCN (Sui et al. 2022a) 77.10±1.01 67.89±0.45 51.42±1.39 67.74±0.31 60.90±0.71 54.41±0.15 52.18±0.32 41.47±0.69 31.39±0.65

CALGIN (Sui et al. 2022a) 76.50±0.40 65.32±0.32 44.43±1.28 65.04±0.23 59.82±0.39 52.98±0.51 50.71±0.41 38.40±0.53 29.46±0.49

CALGAT (Sui et al. 2022a) 88.21±0.50 81.57±0.21 69.18±1.10 71.11±0.06 66.22±0.36 59.02±0.39 64.54±0.16 52.00±0.70 37.93±0.81

DisCGCN (Fan et al. 2022) 82.60±0.93 78.14±2.14 63.47±5.65 66.85±1.11 65.33±4.70 63.93±1.50 55.53±2.29 48.13±2.59 36.63±1.73

DisCGIN (Fan et al. 2022) 82.10±1.50 74.90±1.81 58.58±4.24 67.10±1.07 59.90±1.31 55.80±0.36 55.18±1.00 41.75±0.81 30.25±1.63

DisCGCNII (Fan et al. 2022) 79.50±2.48 76.00±1.90 60.54±5.33 66.47±1.77 65.48±0.70 61.75±0.27 54.90±1.30 44.73±1.55 36.95±0.70

CIGA (Chen et al. 2022) 64.45±3.49 48.56±6.44 34.33±2.63 59.37±0.89 53.52±1.98 45.37±2.15 43.80±2.46 31.74±2.18 22.89±0.90

GALA (Chen et al. 2023) 78.82±1.66 64.73±2.39 41.54±3.25 65.64±0.49 59.68±1.47 51.72±1.36 50.41±1.70 33.69±2.76 24.16±0.60

GPro 88.87±1.03 87.58±0.36 79.34±1.07 75.41±0.36 70.57±0.29 64.72±0.71 66.46±0.56 58.35±0.63 47.56±0.40

Table 1: Experimental results (%) for the graph classification task on three datasets with unbiased testing sets. We report the
mean accuracy and standard error. Bold indicates the optimal and underline indicates the suboptimal.

encoder. We train the GPro with 200 epochs and add Lcou
loss function at the 100th epoch. The batch size is 256.
The default value for the number of causal and non-causal
substructure context inference blocks is 2, and ρ are 0.9 and
0.8, respectively. We set q of GCE loss as 0.7 to amplify the
focus on the non-causal part, λ1 is 15, λ2 is 0.01 and λ3 is 1.

Comparison with State-of-the-Art
To comprehensively verify the effectiveness of GPro, we
compared 11 state-of-the-art algorithms and their variants.
Table 1 shows the experimental results (%) for the graph
classification task in the three datasets. We report the mean
accuracy and standard error. Bold indicates optimal and un-
derline denotes suboptimal. On the basis of the experimen-
tal results, we can observe that GPro is optimal in 9 differ-
ent dataset divisions. Specifically, the baselines developed
based on ID are more likely to learn shortcut features from
spurious correlations between non-causal parts and labels,
resulting in performance that is typically inferior to OOD
baselines. Compared to optimal ID-based baseline methods,
GPro improves 22.81%, 10.05%, and 20.05% on average in
three datasets, respectively. When spurious correlations are
more severe in the training set, that is, the bias is larger, the
performance of the baseline developed based on ID degrades
severely. GPro improves 13.91%, 17.75%, and 21.29% on
average over the ID-based design approach when the bias
degree of the datasets is 0.8, 0.9, and 0.95, demonstrating
that GPro has better debiasing causal learning ability. Algo-
rithms designed for OOD often achieve better performance.
Compared with state-of-the-art methods specially designed
for OOD, our proposed model outperforms 4.91% on av-
erage. In the case of datasets with more severe distribution
shifts, the performance improvement could reach 6. 86%.
This further supports the observation in Figure 4 that exist-
ing methods are limited in disentangling the complex cou-
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Figure 3: Quantitative sensitivity analysis of GPro for the
number of progressive inference steps.

pled associations between causal and non-causal substruc-
tures in graphs, resulting in the failure to extract ground truth
causal features.

In summary, the experimental results demonstrate that
GPro obtains state-of-the-art OOD generalization capabil-
ity through a well-designed progressive inference process,
counterfactual sample generation, and causal loss functions.

Effectiveness of Progressive inference
This subsection evaluates progressive inference through
quantitative and qualitative analyses.

Quantitative Evaluation We quantitatively evaluated our
model by comparing the accuracy (%) across three challeng-
ing datasets: CMNIST-75sp-0.95, CFashion-75sp-0.95, and
CKuzushiji-75sp-0.95. We assess the performance at 1, 2,
3, and 4 progressive inference steps, facilitated by stack-
ing substructure context sampling blocks, with each block
representing one step. Initial results, with a single inference
step (L = 1), show a 4.02% improvement over the lead-
ing model, confirming the efficacy of GPro components.
Performance typically improves as the number of inference
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Figure 4: TSNE visualization of sample features of class 0 generated by the model in the CMNIST-75sp dataset. There is
generally a significant distribution gap between the features learned by existing methods (such as GCN, DisC and CAL) and
the ground-truth causal features. GPro learns causal features that are closer to the ground-truth via progressive inference.
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Figure 5: TSNE visualization of the features learned by GCN, DisC, CAL, and GPro in the CMNIST-75sp dataset, where labels
are marked by colors. The features learned through GPro show that the clusters within each category exhibit compactness while
the distance between clusters is maximized.

layers increases. These findings suggest that more complex
datasets require additional inference steps to achieve opti-
mal performance, while simpler datasets are well served by
2 to 3 steps. This experiment illustrates the importance of a
multi-step approach in graph causality analysis.

Qualitative Visualization Evaluation We qualitatively
evaluate the benefits of progressive inference in GPro using
t-SNE visualization, as shown in Figure 4. The visualiza-
tion highlights significant gaps between the causal features
learned by ID methods like GCN and OOD methods such as
DisC and CAL, compared to ground-truth causal features,
which leads to the predictions made by the existing methods
being still unreliable. GPro employs progressive inference
to help bridge these gaps, with longer inference processes
(4-step) yielding superior results compared to shorter infer-
ence processes (1-step). Moreover, we visualize the repre-
sentations of all samples in the test set of CMNIST-75sp
dataset learned by the above models. Figure 5a shows that
each cluster mixes multiple classes, indicating GCN tends to
learn shortcut features (non-causal features) from spurious
correlations between non-causal parts and labels, and fails
to capture generalized causal features. Single-step methods
like DisC, CAL, and GPro-1step inadequately distinguish
class features, resulting in blurred cluster boundaries. Con-
versely, employing longer inference steps results in tighter
intra-class clusters and more distinct inter-class distances,
showcasing the exceptional capability of progressive infer-
ence to capture causal features effectively.

Ablation Studies
To validate the validity of each component in GPro, we con-
duct ablation studies on CMNIST-75sp, CFashion-75sp, and

Method CMNIST-75sp CFashion-75sp CKuzushiji-75sp

GPro 87.58±0.36 70.57±0.29 58.35±0.63

w/o Zper
n 86.84±0.52 (↓0.74) 69.35±0.86 (↓1.22) 57.63±0.58 (↓0.72)

w/o Zsmv
n 86.71±0.41 (↓0.87) 68.96±0.38 (↓1.61) 56.73±0.58 (↓1.62)

w/o Lcou 82.99±0.65 (↓4.59) 63.82±0.40 (↓6.75) 48.25±0.77 (↓10.10)
w/o Lscl 86.25±1.61 (↓1.33) 69.03±0.32 (↓1.54) 57.73±0.64 (↓0.62)
w/o Lcon 86.67±1.05 (↓0.91) 70.13±0.33 (↓0.44) 57.57±0.31 (↓0.78)

Table 2: Ablation study on different variants.

CKuzushiji-75sp with all bias degrees of 0.9. Specifically,
w/o Zper

n and w/o Zsmv
n are designed to remove the counter-

factual generation strategy of randomly permuting the non-
causal representations and swapping the mean and variance
between the non-causal representations, respectively. W/o
Lcou, w/o Lscl and w/o Lcon are the GPro variant models
for removing Lcou, Lscl , and Lcon from the loss function
Eq. (17), respectively. As shown in Table 2, we have the fol-
lowing observations: among the two counterfactual genera-
tion strategies, w/o Zper

n performance decreases by 0.89%,
and w/o Zsmv

n performance decreases by 1.37% on average
in the three datasets. The effectiveness of two counterfac-
tual generation strategies is demonstrated, while w/o Zsmv

n
brings a more significant performance improvement. In ad-
dition, w/o Lcou, w/o Lscl, and w/o Lcon show 7.15%, 1.16%
and 0.71% performance degradation on the three datasets,
respectively. Removing Lcou significantly reduces perfor-
mance across all datasets. Overall, omitting any component
in GPro leads to performance degradation, underscoring the
importance of each component.
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Conclusion
In this paper, we propose a novel approach to graph causal
invariant learning via progressive inference perspective,
called GPro. Specifically, we decompose the problem of
identifying causal invariant parts of graphs into multiple in-
termediate inference steps, and extract causal features that
are stable to distribution shifts through step-by-step infer-
ence. To make the progressive inference process better cap-
ture the causal invariant parts, we propose a novel feature
augmentation method to generate counterfactual samples
to enlarge the training distribution. Moreover, we propose
a new supervised contrastive learning method to fully uti-
lize supervised signals. We conduct comprehensive experi-
ments on three datasets. Compared with the state-of-the-art
method, our proposed model outperforms 4.91% on average.
In the case of datasets with more severe distribution shifts,
the performance improvement could be up to 6.86%. The
experimental results demonstrate that our proposed method
is superior to the state-of-the-art methods.
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