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Abstract

Graph neural networks (GNNs) are widely used for node
classification tasks, but when encountering distribution shifts
due to environmental change in real-world scenarios, they
tend to learn unstable correlations between features and la-
bels. To overcome this dilemma, a powerful class of ap-
proaches views the environment as the root cause of those
unstable correlations, thereby their key focus is to infer the
environment involved, enabling the model to avoid captur-
ing environment-sensitive correlations. However, their infer-
ences rely solely on the single-level information from one
low-hop ego-graph, neglecting both global information and
multi-granularity information in local ego-graphs with differ-
ent hops. Although applying deeper GNNs on the high-hop
ego-graph could capture global information, it will bring the
side effect of over-smoothing node representations. To tackle
these issues, we propose a novel Multi-Level Environment In-
ference model named MLEI, which effectively broadens the
horizon of training GNNs under node-level distribution shifts.
Specifically, MLEI first leverages a linear graph transformer
to surpass the scope of ego-graph, efficiently enabling high-
level global environment inference. This global environment
is in turn used as an overview to assist layer-by-layer en-
vironment inference on local multi-hop ego-graphs. Finally,
we combine the environment from global and local views
and utilize the designed objective function to capture sta-
ble predictive patterns. Extensive experiments on real-world
datasets demonstrate that our model achieves satisfactory per-
formance compared with the state-of-the-art methods under
various distribution shifts.

Introduction

Graphs are ubiquitous data structures in many fields, such
as social networks (Fan et al. 2020) and knowledge graphs
(Nickel et al. 2015). In recent years, graph neural networks
(GNNs) have emerged as a powerful tool for learning the
representations of graph data, in which the core operation
is message passing based on structures (Wu et al. 2020).
Owing to their exceptional performance, GNNs have been
widely applied to a range of graph analysis tasks, including
but not limited to node classification (Velickovic et al. 2018)
and traffic prediction (Wang, Cao, and Yu 2020).
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Figure 1: Nodes can be analogized to the trunk in an image,
where the multi-hop neighboring information of a node cor-
responds to the environment at different ranges surrounding
the tree, eg. (meso (micro) vs two (one)-hop). The global in-
formation corresponds to the macro environment where the
tree is located, such as a desert or grassland.

Despite their significant advances, most existing GNN
models are built on the assumption of i.id., i.e., training
and testing nodes are drawn from the same distribution
(Li et al. 2022). However, in the real world, this assump-
tion can be easily violated due to environmental changes
during the data generation (Chen et al. 2022; Fan et al.
2022; Chen et al. 2024). For instance, in the Twitch dataset,
users (nodes) and their categories (labels) are heavily influ-
enced by their geographical locations, resulting in distribu-
tion shifts among nodes from different regions (Wu et al.
2022; Yu, Liang, and He 2023). In such cases, vanilla GNNs
are prone to capture unstable correlations between features
and labels, inevitably exhibiting degraded performance on
out-of-distribution (OOD) data.

To tackle this OOD problem, there has been a growing
interest in viewing the environment as the root cause of un-
stable dependencies through causal analysis. Consequently,
their focus is on inferring the environment involved to pre-
vent the model from capturing environment-sensitive corre-
lations (Yuan et al. 2023). The main challenge in doing so
mainly lies in the fact that, unlike image data, where datasets
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Figure 2: The performance variation of stacking different
numbers of GNN layers on the Arxiv and Citeseer datasets.

typically include contextual information as environment la-
bels, in graphs, environment labels for nodes are usually un-
available and laborious to collect (Wu et al. 2024). If we
attempt to infer these labels, another challenge emerges: the
environment is inherently related to the interconnected na-
ture within nodes (Li et al. 2023), which requires the model
to adapt to structural features. As a result, existing models
utilize the ego-graphs that can reflect the local structure of
each node for modeling. For example, EERM (Wu et al.
2022) and LiSA (Yu, Liang, and He 2023) take node rep-
resentations from a fixed-hop ego-graph for environment-
invariant learning, while CaNet (Wu et al. 2024) infers envi-
ronments through variational inference based on the node
representations from the low-hop ego-graph. It is evident
that their modeled environment is short-sighted, neglecting
both global information and multi-granularity information in
local ego-graphs with different hops. As shown in Fig. 1, we
can analogize the node to the trunk in an image, where the
multi-hop neighbors (ego-graphs) of a node correspond to
environments at different ranges surrounding the tree. It is
clear that a node has access to rich contextual information
across multiple levels. However, using global-level infor-
mation, such as the macro-environment (desert, grassland)
where the trees are located, as an example, current models
generally neglect this aspect. A potential remedy is to em-
ploy a high-order ego-graph to model such global relation-
ships, but it suffers from the well-known problem of over-
smoothing node representations, potentially leading to de-
graded performance on test data. To validate this point, we
apply deep GNNs with the CaNet model on Arxiv and Cite-
seer datasets. As shown in Fig. 2, the generalization perfor-
mance decreases as the number of layers increases.

To alleviate the above drawbacks, we propose a novel
Multi-Level Environment Inference model (MLEI) to effec-
tively expand the horizon of training GNNs under node-level
distribution shifts. Firstly, MLEI employs a linear graph
transformer to go beyond the scope of the ego-graph, ef-
fectively achieving advanced global environment inference
through probabilistic resampling. Secondly, this global en-
vironment serves as a general environment that assists lo-
cal relations inference across multi-granularity ego-graphs.
These approaches can identify the environments from dif-
ferent perspectives so that we can separate environment-
sensitive correlations more accurately. Finally, the two com-
plementary (global & local) parts undergo shift-robust learn-
ing with an objective function derived from causal analysis.
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Extensive experiments show that MLEI enjoys satisfactory
performance improvements over baselines on six node clas-
sification datasets with four types of distribution drift.

Our main contributions are summarized as follows:

e We propose a multi-level learning model for graph OOD
generalization, which effectively expands the modeling hori-
zon by utilizing global and local information.

e We perform environment inference with the linear trans-
former and multi-hop ego graphs, capturing rich information
from different granularities.

e We conduct extensive experiments on six benchmark
datasets under various distribution shifts. The results ver-
ify the effectiveness of our proposal compared with existing
state-of-the-art methods.

Related Work

Graph Neural Networks

Graph Neural Networks (GNNs) enable high-quality rep-
resentation learning for graph-structured data (Zhou et al.
2020; Wu et al. 2020). Existing GNNs are generally cat-
egorized into two types: spatial-based and spectral-based
(Bo et al. 2021). The former propagates information re-
cursively based on structures, while the latter follows op-
erations in the spectral domain inspired by signal process-
ing. Numerous GNN models and their variants, such as
SGC (Wu et al. 2019), APPNP (Gasteiger, Bojchevski, and
Giinnemann 2018), and LPSL (Han et al. 2023), have been
proposed, achieving state-of-the-art performance in tasks
such as recommendation systems (Zhang et al. 2023), pro-
tein function prediction (Shi et al. 2020), and traffic fore-
casting (Wang, Cao, and Yu 2020). However, most existing
models focus on improving performance on in-distribution
data. When encountering data with different distributions
during the testing phase, their performance significantly de-
teriorates (Li et al. 2022; Lu et al. 2024). Therefore, to im-
prove the practical effectiveness of GNNs, more attention
needs to be given to handling distribution shifts.

Out-of-Distribution Generalization on Graphs

Out-of-Distribution (OOD) generalization on graphs, which
does not rely on the assumption that training and testing data
come from the same distribution, is increasingly receiving
attention from the research community (Fan et al. 2023; Liu
et al. 2023; Yang et al. 2022; Gui et al. 2023). Recent stud-
ies (Chen et al. 2023; Yuan et al. 2023; Li et al. 2023) have
focused on modeling environments by uncovering the fun-
damental causes of distribution shifts and integrating them
with learning strategies to enhance generalization. However,
due to the complex interactions in graphs, the environment
labels for nodes are either unavailable or costly to obtain,
making it challenging to incorporate them directly. There-
fore, some approaches (Yu, Liang, and He 2023; Wu et al.
2022) adopt different graph editing strategies to heuristically
generate augmented environments and then combine them
with the principles of invariant learning for model training.
Another approach (Wu et al. 2024) leverages variational in-
ference to sample environments based on node representa-
tions and combines it with causal intervention for stable re-



lationship learning. Nonetheless, these methods largely de-
pend on low-order ego-graphs, which restrict the modeling
of multi-level relationships in the data, resulting in subopti-
mal generalization performance.

Problem Formulation

In this section, we provide necessary terminology and main
problem definitions. Given a graph G = (V, &, X) , where
V and £ denote the node set and edge set, X = {x,|v €
V} € RVXD js the feature matrix, N indicates the number
of nodes and D is the input feature dimension. Meanwhile,
the structure can be defined as an adjacency matrix A €
RNVXNA; ; = 1if there is an edge between node v; € V
and v; € V and A, ; = 0 otherwise. For each node v, its
corresponding one-hot label is denoted as: y, € {0,1}¢,
where C is the number of class.

Node-Level Predictive Task on Graphs

Given a graph G with the node features X, the adjacency
matrix A , and the labels of the training nodes: {y, }vev,,
where the V, is train set, the goal of this node-level predic-
tive task is to predict the node labels in the test set: V.. Here,
the distributions of the training and testing nodes can be de-
fined as: pi-(G,Y) and p:.(G,Y), where G denotes a ran-
dom variable of related neighbors for node and Y denotes as
a random variable for node labels. Most models rely on the
i.i.d. assumption, which means that the training and testing
node are drawn independently from the same distribution:
Pir(G,Y) = pre(G,Y). Meanwhile, they always model G
from node’s low-order ego-graph. Our model is not limited
to this and can be extended to include neighboring informa-
tion with potential relationships on a global scale.

Out-of-Distribution Generalization on Graphs

In real world, the phenomenon of distribution shift, i.e.
per(G,Y) # pie(G,Y), is widely prevalent. By exploring
the shift from the data-generative perspective, there is a gen-
eral consensus that the fundamental cause of the drift is the
environment F. The data generation process can then be
further characterized as P(G,Y|E) = P(G|E)P(Y|G, E).
Their dependence is illustrated in Fig. 3 (a) by a causal di-
agram. Unlike image data, which has clear contextual en-
vironmental information, the environment label of nodes is
unavailable and laborious to obtain. For example, in cita-
tion networks, the environmental information of a node is
related to its publication time, as well as the properties of
nodes connected to it within multi-hop distances. Building
upon these foundations, the goal of graph out-of-distribution
(OOD) generalization is to eliminate the impact of com-
plex environmental information as much as possible during
model training, enabling the derived model to perform well
on test data with different distributions.

Methodology

In this section, we provide a detailed introduction to the de-
signed model, which is divided into three main parts. First,
for each node, we extend beyond the scope of the ego-graph
and apply a linear-complexity transformer to decouple the
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global relationship, upon which we perform the environment
inference. Second, we leverage multi-hop ego-graphs to in-
fer multi-granularity local relations. Finally, under the ob-
jective function derived from causal intervention, we con-
duct model learning with the representations and environ-
ments learned from both local and global views. The over-
all framework is shown in Fig. 3 (b). Before diving into the
methodology, we outline the technique of causal interven-
tion (do-operation) by using backdoor adjustment.

Causal Treatment with Backdoor Adjustment

In the causal literature (Wu et al. 2024; Pearl, Glymour, and
Jewell 2016), the do-operation aims to remove the depen-
dence of the target on other variables. Here, as shown in Fig.
3(a), we intend to cancel out the influence of £ on G, so
that the unstable correlation between the node and labels
is no longer captured: py(Y'|do(G)), where 6 is the train-
able parameter of predictor, Y is a random variable for pre-
dicted node labels. The ideal way to achieve pg (Y |do(G)) is
through a randomized controlled trial, which involves con-
ducting controlled experiments across all possible contexts
in the physical scenario to eliminate environmental biases,
enabling the model to learn stable correlations from G to
Y (Wu et al. 2024). However, this operation is difficult to
achieve in practice due to limited resources. Therefore, we
have adopted the backdoor adjustment (Pearl, Glymour, and
Jewell 2016) to implement, as described below :

po(Y|do(G Zpe Y|do(G), E = e)pg(E = ¢|do(Q))
= Zpe V|G, E = e)py(E = e|do(G))

= Zpg(Y|G,E =e)po(E =e),

(1
Since the environmental labels are unknown, we further in-
troduce distributions (g4(E = e|G)) to obtain the varia-
tional lower bound as our learning objective:

log po(Y|do(G)) =log > " py(Y|G,E = e)P(E = e)
1o . q¢( = ¢|G)

> Eq, (56 log po (V|G, E)] — KL(g4(E|G)|Ipo(E)),
2
where these two terms correspond to the prediction and reg-
ularization terms respectively, po(F) is the prior distribu-
tion of environments. Based on this, our efforts can focus on

the environment inference: ¢4(E|G) and the learning of sta-

ble predictive pattern: py(Y'|G, E). Next, we will implement
them from global and local views.

Global Relations Modeling with Transformer

In this part, we introduce the global relations modeling
based on the transformer, which includes global represen-
tation learning and environment inference. The global atten-
tion mechanism in the transformer can capture the implicit
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Figure 3: Illustration of the do-operation on a causal graph for (a) and the overall framework of MLEI for (b).

inter-dependencies between nodes that are not explicitly ex-
pressed by the input structure. However, the time and space
complexity of a vanilla transformer typically scales quadrat-
ically with the number of nodes, which limits its application
on large-scale graphs. To address these issues, building upon
the previous work (Wu et al. 2023), we leverage matrix op-
eration rules to achieve linear complexity. The specific op-
erations are described as follows:

Global Represetation Learning First, we use a one-layer
MLP f(-) to map the initial node features X into the latent
space Z° = f(X). Next, we compute the linear attention
based on these latent representations, i.e., projecting the rep-
resentations Z° into the query space, key space, and value
space. The query vectors are used to calculate the attention
weights, while the key vectors represent the importance of
the inputs. This process is formulated as follows:

Q
_ 0

_ 0
HK”) V_fV(Z )7

where fq, fx, fy are shallow neural networks (one-layer
- || denotes the the Frobenius norm.

Based on the above representations, we can perform all-
pair attentive propagation:

D = diag <1 + %Q(KT1)> ;

Q=
) 3)
K= fK(ZO)aK =

1. . “)
76 — D1 [V + NQ(KTV)} ,

where 1 is an N-dimensional all-one column vector, D de-
notes the attention normalizer, diag(-) is an operation that
changes the N-dimensional column vector into a N x N di-
agonal matrix, Z¢ = {zJ|v € V} is the final representation
which includes global relations.
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Global Environment Inference qgl (E|G) For each node

v, we assume eJ € RX as its inferred environment, which
can be sampled from a categorical distribution S(7¢). Here,
the probabilities 79 are modeled by the global node repre-
sentation zJ:

7 = Softmax(W,z7), %)

where W, € R¥s*X is a trainable weight matrix, H, is
the hidden dimension of transformer. Since the sampling
process is non-differentiable and hinders back-propagation
in the training stage, we modify this process with the
reparametrization trick (Maddison, Mnih, and Teh 2017) :

oo _xp((my +t§;) /7) .
ok = Zk exp(( Tk + tz)/7)7 tk Gumbe](O, 1),(6)

where ¢ is i.i.d sampled from Gumbel distribution and 7
is a temperature coefficient. Based on the above operations,
for each node v, we can further formalize the prediction

global (Y|G E)
> (7

global fP (

where o denotes the activation function, here we use the
ReLU. Wy and b are the trainable parameter matrix and
bias term respectively, fp is a one-layer MLP for predicting
labels, which will be shared with the local view. Finally, the
loss function in this global view can be further defined as:

o WTZe(g)zq +b)
k=1

LOSSngbal _
K
~ global (9) (9)
WM D lyo loggi' ! = > [ei log wly, + ey log K],
vEVir k=1

)
where these two items correspond to the prediction term and
regularization term in the function (2) respectively.



Local Relations Modeling with Ego-Graphs

In this part, we introduce the local relations modeling with
multi-hop ego-graphs. Since the contextual information un-
der different receptive fields is different, as shown in Fig.3,
we model the ego-graph of different hops layer by layer to
capture this multi-granularity information. Specifically, for
the [-th layer, similar to the process on the global level, local
environment inference q(”w(E |G) can be defined as follows

(the difference is that the node representation zg,l) comes

from the feature transformation of the [-hop ego-graph by
w1 = Softmax(W,;z{!),

GNNs) :
exp (( + ¢ ) /T)
Zk eXp(( 1)k + tl )/ )
(10)

where W, is the trainable parameter matrix at the [-layer.
Furthermore, the node representation combined with the lo-
cal environment information can be defined as:

z(l+1) -

(o >

U, Ay =

C))

e —
Cok =

th. ~ Gumbel(0, 1),

W(l k) (z)+ngl,k)Z5]z)

)

(11)
where W(Sl’k) and W%"k) are trainable weight matrices, d,,
denotes the degree of node w.

Multi-Level Local & Global Information Fusion

In this section, we introduce the fusion of global and local
information. First, for each layer, after capturing information
from the ego-graph, we integrate the global environment as
a general outline to further enhance the modeling of local
relationships. The specific process is defined as follows:

2(l0) —

1
Ze(g) Z W%’k)zg) + W(Sl"k)zgl)
d,d,
u, Ay =1
(12)
I+1 ly
glocatt _ 20" b2 (13)

Therefore, for this local view, after L-layer propogation,
we can obtain the label prediction pl‘”“l(Y\G ,E):
local local_-L

Yo fP( 2y ) (14)

where fp is a one-layer MLP for predicting labels. At this
time, the loss function in the local view can be defined as:

local
Loss' " =

MT' > lve

VEVir

L

K
233 e lognl) + el

=1 k=1

~local

logy, log K]

1s)
Finally, the overall loss function can be further rewritten as:
Loss = Loss'*“® 4+ \Loss91°%% (16)

where )\ is a tuneable hyper-parameter.
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Experiments
Datasets

We evaluate our proposed model on six datasets with differ-
ent scales and properties, including Cora, Citeseer, Pubmed
(Sen et al. 2008), Twitch (Rozemberczki and Sarkar 2021),
Arxiv (Hu et al. 2020), and Elliptic (Pareja et al. 2020). The
statistics of these datasets is provided in Table 2. Follow-
ing the previous work (Wu et al. 2024), the construction of
ID and OOD data for each dataset is as follows. For Cora,
Citeseer, and Pubmed, we utilize randomly initialized GNNs
to synthesize spurious features to introduce OOD data. For
Arxiv, papers published between 2005 and 2014 are treated
as ID data, while those published after 2014 are considered
OOD data. For Twitch, we use the nodes from subgraphs
DE, PT, and RU as ID data, and the nodes from ES, FR, and
EN as OOD data. For Elliptic, we use the first five graph
snapshots as ID data, and the remaining snapshots are di-
vided into eight groups of the same size as OOD data.

Baselines and Experimental Settings

We mainly compare two categories of models. One category
is designed for OOD generalization on general data, includ-
ing IRM (Arjovsky et al. 2019), DeepCoral (Sun and Saenko
2016), DANN (Ganin et al. 2016), GroupDRO (Sagawa et al.
2019), and Mixup (Zhang et al. 2017). The other category is
for OOD generalization specifically for learning on graphs,
including the state-of-the-art models: SR-GNN (Zhu et al.
2021), EERM (Wu et al. 2022), and CANeT (Wu et al.
2024), with the latter two also focusing on environment
modeling in graph data. Furthermore, for these models, we
adopt GCN and GAT as backbone networks respectively for
a comprehensive comparison. For each dataset, we randomly
split the ID data into 50%/25%/25% proportions for training,
validation, and testing. Following existing work, we use ac-
curacy to evaluate performance on Cora, Citeseer, Pubmed,
and Arxiv, and use ROC-AUC and macro F1 score as met-
rics for Twitch and Elliptic, respectively. Additionally, we
conduct five trials with different initializations.

Result and Analysis

We report the test performance of each dataset in Table 1,
Table 3, and Figure 4. It can be observed that regardless
of whether GCN or GAT is used as the backbone network,
MLGI achieves almost the best performance across differ-
ent distribution shifts, showcasing its superiority in handling
various complex real-world testing scenarios. Specifically,
the accuracy on the Pubmed dataset is 3.79% higher than
the state-of-the-art method CaNet. Meanwhile, our method
exhibits a relatively low standard deviation on Cora, Cite-
seer, and Pubmed, which to some extent indicates its stabil-
ity. For testing on the dynamic graph Elliptic, we split these
test snapshots into eight equal-sized subsets in chronologi-
cal order. Our method performs optimally on all OOD data,
with the highest improvement being 4.42% on OOD4 with
a GCN backbone, further proving its capability to general-
ize to unseen graphs. Finally, the impressive performance on
the Twitch and the large graph dataset Arxiv highlight the
method’s efficiency in handling complex distribution shifts.



Cora Citeseer Pubmed
Backbone  Method 00D D 00D D 00D D

ERM 7430 +266 94.83+025 | 7493 +239 85.76+026 | 81.36+1.78 92.76 +0.10
IRM 7419 +260 94.88 +0.18 | 7534 +161 85344046 | 81.14+1.72 92.80 +0.12
Coral 7426 +228 94.89+0.18 | 7497 +£253 85.64+028 | 81.56+235 92.78 + 0.11
DANN 73.09+324 95.03+0.16 | 74.74+278 85754049 | 80.77 +1.43 93.20 +0.42
GroupDRO | 74.25+261 94.87+025 | 75.02+205 85334036 | 81.07+18  92.76 £0.08
GCN Mixup 92.77+127 9484 +030 | 77.28 +528 85.004+050 | 79.76 £4.44  92.68 £0.13
SRGNN 8191 +264 95094032 | 76.10+4.04 85844037 | 84.75+238  93.52+031

EERM 83.00+077 89.174+023 | 7476+ 115 83.814+0.17 OOM OOM
CaNeT 95.60+093 97.96+0.17 | 93.05+091 95.18+024 | 88.05+1.09 97.47 +0.08
Our 97.32 +0.29 97.85+0.10 | 94.61 £0.74 9527 +0.15 | 91.84 +0.59 97.16 £ 0.25
ERM 91.10+£226  95.57+040 | 82.60+051 89.024+032 | 84.80+147 93.98 +0.24
IRM 91.63+127 9572+031 | 82.73+037 89.11+036 | 84.95+1.06 93.89 +0.26
Coral 91.82+130 95.74+039 | 82.44+058 89.05+037 | 85.07+0.95 94.05 +0.23
DANN 92404205 95.66+028 | 82.49+067 89.02+031 83.94 4+ 0.84 93.46 + 031
GroupDRO | 90.54 +094 9538 +023 | 82.64+061 89.134+027 | 85.17+08  94.00+0.18
GAT Mixup 9294 +121  94.66+0.10 | 82.77+030 89.05+£005 | 81.58+065 92.79+0.8
SRGNN 91.77 £243  9536+024 | 82.72+035 89.10+0.15 83.40 +0.67 93.21 £0.29

EERM 91.80+073 91.37+030 | 74.07+075 83.53+0.56 OOM OOM
CaNeT 97.52+0.12 96.07 £044 | 9533 +022 89.12+052 | 89.50+ 1.07 95.03 +0.26
Our 97.92 +0.27 97.44 +£008 | 96.78 £030 94.51 +£0.28 | 91.23 +0.77 97.16 £ 0.16

Table 1: Test Accuracy 1 (mean4standard deviation) for citation networks on out-of-distribution (OOD) and in-distribution
(ID) data. OOM indicates an out-of-memory error on a GPU with 24GB memory.

Datasets . #Nodes  #Edges  #Classes #Features
Cora 2708 5429 7 1433
Citeseer 3327 4732 6 3703
Pubmed | 19717 44338 3 500
Twitch 34120 892346 2 2545
Arxiv 169343 1166243 40 128
Elliptic | 203769 234355 2 165

Table 2: Statistics for experimental datasets.

Elliptic-GCN Elliptic-GAT
82 82

—+CaNet ===Qur ——CaNet Our
74 74

/\\
66 ¥ 66
58 58
50 50
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

Figure 4: Macro F1 score on eight testing sets (by chrono-
logically grouping the testing snapshots) of Elliptic.

Ablation Study

In this section, we conduct ablation experiments to verify the
effectiveness of each component. Among them, we remove
the regularization term, global relationship modeling, local
relationship modeling, and environment inference on multi-
hop ego-graphs (i.e., leave global inference and one infer-
ence across all layers in the local view). The results, shown
in Figure 6, illustrate that each component has a certain de-
gree of influence on the model, varying with the degree of
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distribution drift in the data. The relationship modeling at
different levels has a positive impact on out-of-distribution
generalization. Specifically, on the Arxiv dataset, as the time
gap between training and test data becomes larger, the im-
pact of each part becomes more pronounced, which indi-
rectly reflects the importance of multi-level environmental
inference under regularization constraints.

Hyper-parameter Study

In this section, we study the impact of three hyper-
parameters, including the number of pseudo environments
K, the trade-off factor A, and the temperature coefficient 7
in the Gumbel-Softmax. The results are presented in Fig-
ures 5, 7, and 8. Regarding K, we select values from 1 to 5
for the experiment. It is observed that in most cases on both
datasets, the optimal value is obtained at K'=3. Notably, the
impacts of OOD2 and OOD3 on Arxiv are relatively signif-
icant, which correlates with the degree of distribution shift
between OOD data and training data. Regarding the trade-



Arxiv Twitch

Backbone  Method — gp 00D 2 00D 3 D 00D 1 00D 2 00D 3 D
ERM 56.33+0.17 5353 +044 4583 +047 5994 +045 | 66.07 014 52.62+001 63.15+008 75.40+0.01
IRM 5592 +024 5325+049 45.66+083 6028 +023 | 66.95+027 52.53+002 62.91+008 74.88+0.02
Coral 5642 +026 53.53+054 4592+052 60.16+012 | 66.15+014 52.67+002 63.18+003 75.40+001
DANN 56.35+011 53.81+033 45.89+037 60224029 | 66.15+013 52.66+002 63.20+006 75.40+002
GCN GroupDRO | 56.52 027 53.40+029 45.76+059 60.35+027 | 66.82+026 52.69+002 6295+0.11 75.03+001
Mixup 56.67 £o046 54.02+051 46.09+058 60.09 015 | 65.76 £030 52.78 004 63.15+008 75.47 +0.06
SRGNN 56.79 +135 54.33+178 4624 +190 60.02+052 | 6583 +045 5247 +006 62.74+023 T75.75+009
EERM OOM OOM OOM OOM 67.50+074 51.88+007 62.56+002 74.85+005
CaNeT 59.01 +030 56.88+070 56.27+121 61424010 | 6747 +032 53.59+019 64.24+018 75.10+008
Our 60.03 + 048 5747 +o0s1 57.64+087 6092+044 | 68.59 +046 53.77 +018 64.59+026 75.36+024
ERM 57.154+025 5507 +058 46.22+082 59.72+035 | 65.67+002 52.00+010 61.85+005 75.75+0.15
IRM 56.55+018 54.53+032 46.01+033 59.94+018 | 67.27+019 52.85+015 62.40+024 75.30 +0.09
Coral 5740 +051 55.14+071 46.71 061 60.59+030 | 67.12+003 52.61 001 63.41+001 75.20+001
DANN 5723 +018 55.13+046 46.61 £057 59.72+014 | 66.59 +038 52.88 +012 62.47+032 75.82+027
GAT GroupDRO | 56.69 027 54.51+049 46.00+059 60.03+032 | 67.41 £004 52.99+008 62.29+003 75.74+0.02
Mixup 5717 +033 55334037 47.17+08 59.84+050 | 65.58+013 52.04+004 61.75+013 75.72+007
SRGNN 56.69 +038 55.01 +055 46.88+058 59.39+017 | 66.17 +003 52.84 +004 62.07+004 7545 +003
EERM OOM OOM OOM OOM 66.80 046 52.39+020 62.07+068 75.19+050
CaNeT 6044 +027 5854+072 59.61 +028 62914035 | 68.08+019 53.49+014 63.76+017 76.14+007
Our 61.03+020 59.73+023 60.28 +076 62.37+034 | 67.93+019 54.61 +015 64.69 +0.08 7598 +020

Table 3: Test Accuracy 1 (meanzstandard deviation) for Arxiv and ROC-AUC 1 for Twitch on different subsets of out-of-
distribution data. For data splits, publication years and subgraphs are used on Arxiv and Twitch.
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Figure 6: Ablation studies on Arxiv and Twitch.
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Figure 7: Performance with different K" and 7 on Twitch.

off factor A\ , Cora, Citeseer, and Pubmed achieve the best
value at 0.008, 0.08, and 0.3, respectively. This parameter
appears to vary with the dataset size. In a dataset with a
larger number of nodes, the richer the global relationship,
the greater the weight assigned to it, which aligns with in-
tuition. Regarding 7, in most cases, the best performance is
achieved when 7=1. A too-large 7 value tends to result in
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Figure 8: Performance with different K and 7 on Arxiv.

over-smoothed outputs, collapsing to a uniform distribution
and diminishing the information content.

Conclusion

In this paper, we explore the node-level out-of-distribution
generalization by proposing a multi-level environment in-
ference model, named MLEI. In contrast to existing mod-
els that focus solely on the local ego-graph, MLEI can ef-
fectively capture the multi-granularity structural informa-
tion. Within these rich environments, MLEI integrates an
objective function derived from causal analysis, enabling
the model to identify environment-insensitive predictive pat-
terns. We validate the effectiveness of MLEI through exten-
sive experiments across datasets of varying scales and shifts.
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