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Abstract

Graph transfer learning endeavors to develop a Graph Neu-
ral Network (GNN) model in a fully-labeled source domain,
with the intention of deploying it on a target domain that
has limited labeled data for inference. We reveal that preva-
lent graph transfer learning methods are susceptible to the
homophily shift problem. This issue arises from the diver-
gence in homophily structures between the source and target
graphs, leading to a notable deterioration in the performance
of GNN models. In this paper, we introduce a novel Con-
textual Structural Graph Neural Network (CS-GNN) method,
leveraging a tailored attention mechanism to apprehend a va-
riety of local structural cues, facilitating structural knowledge
transfer across domains. It features an ego-network module
to distill local structural diversity and a moment-based ap-
proach to gauge structural patterns without needing ground-
truth labels. CS-GNN crafts a feature smoothness matrix
from node attributes, guiding a customized attention mech-
anism for feature aggregation. A group-wise fairness loss is
employed to balance learning across various structural pat-
terns, enhancing the model’s ability to transfer knowledge
across domains. Comprehensive experiments conducted on
six benchmark datasets substantiate the superiority of CS-
GNN over the state-of-the-art methods, demonstrating signif-
icant improvements in accuracy and robustness against ho-
mophily shifts.

Introduction
Graph neural networks (GNNs) (Kipf and Welling 2017;
Keriven and Peyré 2019; Wu et al. 2021; Hong et al.
2021a) have become prominent in the field of graph ma-
chine learning due to their ability to transform unstructured
data into low-dimensional representations by capturing both
node features and topological dependencies. However, many
GNN methods struggle with sparse label scenarios, limit-
ing their effectiveness in real-world datasets where obtain-
ing labels is challenging or impractical. To address this,
graph transfer learning has emerged as a promising solu-
tion, which involves transferring knowledge from a relevant
source graph to a target graph (Tan et al. 2018; Zhuang et al.
2019). For example, in protein-protein interaction networks,
abundant functional information from a source network can
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Figure 1: Performance of graph transfer learning methods
with varying homophily discrepency on the Citation (left)
and Social (right) dataset, where different levels of ho-
mophily discrepency were generated by adding 0, 5%, 10%,
15%, 20% of heterophilous edges on the source graph ac-
cordingly.

Citation Social WebKB Airport
Domains A&D B1&B2 C&T U&B U&E B&E

Homo Diff 0.2814 0.0533 0.1957 0.3076 0.1994 0.2833

Table 1: The homophily discrepancy of different real-world
datasets.

be leveraged to predict the functionalities of proteins in a
new target network. While standard transfer learning for
image or text data often focuses on minimizing distribu-
tion discrepancies across domains, graph-structured datasets
present a more complex challenge due to the additional dis-
tribution shift over their intricate structures.

Recent researches have sought to enhance the applica-
bility of GNNs in transfer learning. For example, DANE
(Zhang et al. 2019b) applies adversarial training of do-
main classifiers based on the last-layer node representations.
UDAGCN (Wu et al. 2020) further imposes inter-graph at-
tention mechanisms on top of adversarial training. EGI (Zhu
et al. 2021) adopts Ego-Graph Information Maximization
tactics to align structural information and node embeddings.
GRADE (Wu, He, and Ainsworth 2023) proposes optimiz-
ing Graph Subtree Discrepancy inspired by the Weisfeiler-
Lehman Subtree Kernel. However, these works either ne-
glect the unique characteristics of graph-structured datasets
or focus solely on the topological discrepancies. Recent ap-
proaches like SpecReg (You et al. 2023) and StruRW (Liu
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et al. 2023) propose leveraging graph spectral regularization
or structural re-weighting methods to address structural pat-
tern shift problems, yet their spectrum/spatial-based theories
still underestimate the complexity of real-world datasets.

Despite great efforts, the existing methods have failed to
effectively address the homophily shift problem, resulting in
suboptimal performance in certain scenarios. Homophily is
a common graph property that measures whether nodes with
the same labels or similar features tend to be linked. Ho-
mophily shift denotes the discrepancy in this property be-
tween the source and target domains. To quantify the impact
of homophily shift on graph transfer learning, we conduct
experiments using two graph dataset with varying degrees
of homophily shift. As depicted in Figure 1, the state-of-the-
art graph transfer learning methods (e.g., DANE (Wu et al.
2020), SpecReg (You et al. 2023), StuRW (Liu et al. 2023)),
exhibit a notable decline in performance as the level of ho-
mophily discrepancy increases, where up to 10% accuracy
drop is observed. Unfortunately, homophily shift is prevalent
in real-world datasets, as shown in Table 1. This underscores
the need for a more nuanced approach that can effectively
manage homophily shift to improve graph transfer learning
across diverse datasets.

Although homophily varies across different networks,
substantial differences in internal structural patterns also ex-
ist within individual networks (Lim et al. 2021; Li et al.
2022). This insight prompts us to harness knowledge from
subgraphs with structural patterns similar to those of the tar-
get network, thereby enhancing transferability. To achieve
this, we propose a Contextual Structure knowledge trans-
fer method for GNNs (CS-GNN) that integrates feature
smoothness and contextual message-passing for graph trans-
fer learning. As shown in Figure 1, our approach exhibits
superior robustness across diverse levels of homophily shift.

The pipeline of the proposed CS-GNN is illustrated in
Figure 2. Specifically, an ego-network construction mod-
ule is first employed for each node in the graph to cre-
ate subgraphs that capture diverse local structural infor-
mation which is essential for structure knowledge trans-
fer. Next, we introduce a moment-based feature smooth-
ness method to provide a quantified measure of contextual
structure patterns in both source and target domains, with-
out the need for ground-truth labels. It computes multi-
order moments for each node attribute to form a feature
smoothness matrix, based on which contextual message
passing introduced for customized attention-based feature
aggregation for GNNs. To avoid over-reliance on dominant
structural patterns within the graph, we introduce a group-
wise fairness loss to ensures the model fairly learns di-
verse structural patterns, thus enhancing the model’s trans-
ferability across different domains. The efficacy of our pro-
posed CS-GNN is confirmed on six real-world benchmark
datasets. The source code for CS-GNN is publicly available
at https://github.com/yyy0959/CS-GNN.

The contributions of this paper are as follows.
• We tackle the homophily shift issue in graph transfer

learning effectively by emphasizing the internal diversity
of structural patterns within the network. By harnessing
contextual structural knowledge, we enhance the model’s

ability to transfer knowledge across different domains.
• We propose a novel Contextual Structural Graph Neural

Network (CS-GNN) method, which adopts a customized
attention-based design to capture diverse local struc-
tural information, enabling contextual structural transfer
across domains.

• We introduce a moment-based feature smoothness for
measuring diverse structure patterns without the need for
ground-truth labels, together with a contextual message
passing to enhance GNNs’ transferability across different
domains. Comprehensive experiments conducted on six
benchmark datasets substantiate the superiority of CS-
GNN over the state-of-the-art methods, demonstrating
significant improvements in accuracy as well as robust-
ness against homophily shifts.

Related Works
Graph Neural Networks
Graph neural networks (GNNs) have recently become the
defacto tool to learn the representations of graph-structured
data, demonstrating strong performance across various real-
world tasks. GNN models typically follow a neighborhood
aggregation framework, where node representations are up-
dated by aggregating information from their neighboring
nodes. The pioneering work, Graph Convolutional Networks
(GCN) (Kipf and Welling 2017), introduced spectral con-
volution to graph data. This was followed by efforts to de-
velop deeper (Xu et al. 2018; Li et al. 2019; Liu, Gao, and
Ji 2020) and more scalable (Wu et al. 2019; Lin et al. 2022;
Hong et al. 2024) architectures. Building on GCN, attention-
based methods (Veličković et al. 2018; Shi et al. 2021; Hong
et al. 2021b) dynamically learn weights (attention scores)
on edges during message passing, incorporating attention
mechanisms into neighborhood aggregation.

Homophily and Heterophily
Most GNNs rely on the homophily assumption, which posits
that nodes of the same class are more likely to be con-
nected. However, as a ubiquitous graph property in numer-
ous real-world scenarios, heterophily, i.e., nodes with differ-
ent labels tend to be linked, significantly limits the perfor-
mance of tailor-made homophilic GNNs. Recent researches
has sought to make GNNs better handle heterophilic graphs.
Some of them extend the neighborhood of central nodes by
adding high-order neighbors (Abu-El-Haija et al. 2019; Jin
et al. 2021; Zhu et al. 2020). Others challenge predefined
edges and seek to discover potential neighbors based on rep-
resentational similarity (bao Yang et al. 2021; Liu, Wang,
and Ji 2020; Pei et al. 2020). Additionally, new aggrega-
tion functions have also been designed to discriminate node
representations more effectively for heterophilic graphs (Bo
et al. 2021; Chen et al. 2020; Yang et al. 2021).

Graph Transfer learning
Transfer learning has emerged as a framework to leverage
knowledge from relevant tasks to improve performance on a
target task, particularly useful when training data is insuffi-
cient. Previous works (Ben-David et al. 2010; Zhang et al.
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Figure 2: The framework of CS-GNN.

2019a; Acuna et al. 2021) have established the upper bound
of transfer learning performance and suggest that generaliza-
tion can be improved by reducing attribute distribution dis-
crepancies across domains. Methods to reduce distribution
shift between the source and target include domain regular-
izers (Sun and Saenko 2016; Panaretos and Zemel 2019), ad-
versarial learning (Wu et al. 2020; Dai et al. 2023; Lin et al.
2023), selective instance or task training in the source do-
main(Dai et al. 2007; Yao and Doretto 2010; Mancini et al.
2018; Segu, Tonioni, and Tombari 2023).

Compared with Euclidean data, graph-structured datasets
present a more complex challenge in transfer learning sce-
narios due to their intricate structures. Recent researches
have sought to enhance the applicability of GNNs in trans-
fer learning. For example, (Zhang et al. 2019b; Dai et al.
2023) adopt adversarial learning to train domain-invariant
encoder, following by (Wu et al. 2020) which incorporates
attention to further enhance expressiveness. Alternatively,
graph-specific regularizers have be employed to constrain
the discrepancy between the source and target, including
tree mover distance (Chuang and Jegelka 2024), subtree dis-
crepancy (Wu, He, and Ainsworth 2023), and spectral reg-
ularizer (You et al. 2023). Additionally, (Liu et al. 2023)
reweights the graphs in the source domain during GNN
encoding to alleviate structure shift problem. While these
methods can reduce the distribution shift between source
and target, they underestimate the complexity of real-world
datasets and fail to effectively address the homophily shift
problem. In addition, most of their methods require the tar-
get graph unavailable during pre-training, which is some-
times impracticable in real-world scenarios.

Methodology
Overall Framework
The proposed CS-GNN aims to achieve better transfer per-
formance by leveraging contextual structural knowledge. To
this end, it introduces an implicit local structure match-
ing mechanism across the source and target networks, and
achieves knowledge transferable feature aggregation for
GNNs by adopting a contextual message passing. The over-
all framework is depicted in Figure 2.

Preliminary
Graph Neural Network We represent the graph-
structured data as G = (V,E), where V = {v1, ..., vn}
is the node set and E ⊆ V × V is the edge set. Each
node is associated with node attributes xi ∈ Rd and a
class yi ∈ {1, ..., C}, with C being the total number of
classes. Additionally, each graph has an adjacency matrix
A ∈ {0, 1}n×n, where Aij = 1 iff (i, j) ∈ E, otherwise
Aij = 0. Generally, GNN models follow a neighborhood
aggregation mechanism called message passing, where node
representations are updated by aggregating information
from their neighboring nodes. Let z

(l)
i denote the output

vector of node vi at the l-th hidden layer and z
(0)
i the

original feature. The update function for the l-th hidden
layer is:

z
(l)
i = UDT

(
z
(l−1)
i ,AGG

(
{z(l−1)

j |vj ∈ Nvi
}
))

, (1)

where Nvi
is the set of neighbors of vi. The AGG func-

tion gathers information from neighbors, while the UDT is a
pooling function (Xu et al. 2019) further fuses the informa-
tion from neighbors and the central node.

Homophily Ratio and Discrepancy Homophily ratio
measures the proportion of edges connecting nodes of the
same class. Typically, for node vi, its homophily ratio can
be define as follows:

Hvi
=

∑
vj∈Nvi

I(yi = yj)

|Nvi
|

, (2)

where Nvi
is the neighboring set for node vi, and I(·) is the

indicator function that equals to 1 if (·) holds true and oth-
erwise 0.

To measure the the inner diversity of structure pattern
within networks, we define homophily discrepancy as

∆H = DTW({Hs1 ,Hs2 , ...}, {Ht1 ,Ht2 , ...}), (3)

where Hsi and Htj are the node-level homophily ratio for
node i and node j in the source and target domains respec-
tively, and DTW is the Dynamic Time Warping distance
(Geler et al. 2019) that measures the difference between
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these two lists even when they are unequal in length. Such
a distance metric can discern the distribution of homophily
ratios across networks, offering a nuanced assessment of ho-
mophily shifts.

Problem Formulation In cross-network classification
tasks, we have the source graph Gs = (Vs,Es) and tar-
get graph Gt = (Vt,Et). For simplicity, we assume these
graphs share the same feature space, otherwise we could
project feature vectors that lie in different feature spaces into
the same latent factor space, as did in (Zhao et al. 2024).
We utilize GNN backbone f(·) to encode nodes into em-
beddings Zs and Zt, Subsequently, a classifier g(·) is ap-
plied for predictions. The goal is to train a classification
model f ◦ g : G → Y using the available data from the
source domain and then assess its performance on the tar-
get domain. The objective in graph transfer learning is to
minimize the empirical risk on the target domain, defined as
RT (h) = Pr(x,y)∼DT

(g(f(x,A)) ̸= y).

Ego-Network Construction
To formulate the contextual structural information that is
valuable for graph transfer learning, we define the k-hop
ego-graph for every central node as follows.

Definition 1 (K-hop ego-graph) Supposing that the com-
plete network to be G = (V,E). We define a graph gi =
{V (gi), E(gi)} with V (gi) ⊆ V and E(gi) ⊆ E as a
k-hop ego-graph centered at node vi, if the greatest dis-
tance between vi and any other nodes in the ego-graph is
k, i.e., ∀vj ∈ V (gi), |d(vi, vj)| ≤ k, where d(vi, vj) is the
graph distance between vi and vj . And gi is the induced sub-
graph of node set V (gi), which means for each node pair
a, b ∈ V (gi), (a, b) ∈ E(gi) if and only if (a, b) ∈ E.

By default, in the following subsections, we restrict the
message passing process for node i within its k-hop ego-
network. This approach allows us to construct networks with
different structural patterns while retaining local contextual-
ity within each of them.

Moment-based Feature Smoothness
After obtaining the K-hop ego-graphs, we aim to integrate
quantified contextual structure pattern measurements, such
as homophily ratio, into the message passing process to al-
low for diverse aggregation mechanisms within the same
network. However, cross-network node classification tasks
are usually semi-supervised, meaning only part of nodes in
source domain have accessible labels, and few or no labels
on the target domain. To address this, we leverage feature
smoothness as a metric to reflect structural patterns in the
absence of ground-truth labels.

Definition 2 (Feature Smoothness) Given graph G =
(V,E) with its normalized feature X ∈ Rn×d, its feature
smoothness can be calculated by:

FSG =
1

|E| · d

∣∣∣∣∣∣∑
u∈V

(∑
v∈Nu

(xu − xv)
)2∣∣∣∣∣∣

1
, (4)

where xu, xv are the feature vectors of node u, v acccord-
ingly, and || · ||1 is the Manhattan norm.

Theoretically, feature smoothness assesses how nodes ac-
quire information from their neighbors (Hou et al. 2020),
which can indicate how the message passing process
in GNNs alters node embeddings. However, the feature
smoothness score evaluates the overall magnitude and does
not capture the variability within different attributes. Addi-
tionally, it does not account for the distribution of feature
differences between individual pairs of connected nodes. To
address these limitations, we propose a novel moment-based
feature smoothness measurement to offer a more nuanced
and comprehensive assessment of the contextual structure.

Definition 3 (Method of Moments) For a random variable
X , its k-th order origin moment is denoted as E(Xk),
where E(Xk) = 1

Z(θ)

∫ +∞
−∞ xkf(x, θ)dx. The k-th order

central moment of X is E((X − µx)
k) = 1

Z(θ)

∫ +∞
−∞ (x −

µx)
kf(x, θ)dx, where µx is the 1-th order origin moment

of X . The k-th order standardized moment of X is E((X −
µx)

k) = 1
Z(θ)

∫ +∞
−∞

(x−µx)
k

σk
x

f(x, θ)dx, where σx is the stan-

dard deviation, and Z(θ) =
∫ +∞
−∞ f(x, θ)dx is the nonmal-

ized functions so that f(x,θ)
Z(θ) can obey the formula of proba-

bility density function.

Based on the formulation of moments, we propose the
computation of moment-based feature smoothness.

Definition 4 (Moment-based Feature Smoothness) Given
graph G = (V,E) with its normalized feature X ∈ Rn×d.
Let xi denote the feature vector of node i, and δuv = (xu −
xv)

2. The k-th order of moment-based feature smoothness
can be then calculated by:

FS(k)
G =



1

|E|
∑

(u,v)∈E

δuv ≜ µi, k = 1,

1

|E|

( ∑
(u,v)∈E

(δuv − µi)
2
) 1

2

≜ σi, k = 2,

1

|E|

( ∑
(u,v)∈E

(δuv − µi)
k

σk
i

) 1
k

, k ≥ 3.

Based on the definition, we formulate the moment-based
feature smoothness matrix FG to measure the structure pat-
tern of graph G, where the i-th column of it being the i-th
order of moment-based feature smoothness, i.e., FG[i, :] =

FS(i)
G .

Contextual Message Passing
We propose contextual message passing for GNNs to en-
hance its transferability. As illustrated in Figure 3, conven-
tional GNNs perform message passing by treating neighbor-
hood nodes equally, which can be formulated as

z(l)u =
∑

v∈N(u)

MLP(α(z(l−1)
u , z(l−1)

v ) ∗ z(l−1)
v ), (5)

where α(·) : Rd × Rd → R is the attention mechanism that
computes the importance of node u to node v.
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Figure 3: Illustration of conventionl graph attention and the
proposed contextual attention mechanism.

However, conventional graph attention mechanisms uses
the same attention machanism on both source and target do-
mains without taking into account the homophily character-
istics. This approach makes them particularly sensitive to the
homophily shift during graph transfer learning. To address
this issue, we propose contextual message passing that in-
corporates feature smoothness for knowledge transfer across
domains, which is particularly designed to provide person-
alized attention weights for diverse structural patterns.

Specifically, for an ego-network centered at node vu, we
compute the feature smoothness matrix Fgu and encode it
into the query vector as:

Qu = [q · σ(WsrcFgu)||q · σ(WdstFgu)], (6)

where W
(l−1)
src ,W

(l−1)
dst ∈ Rh×k are learnable parameters

that fuse information from different moments of feature
smoothness; σ(·) is the activation function; q ∈ Rh is
learnable vector that further project σ(WsrcFgu) into a d-
dimensional embedding space. We derive the key vectors as

K(u,v) = [z(l−1)
u WK ||z(l−1)

v WK ], (7)

where WK ∈ Rd×h′
is a learnable transformation matrix

and || is the concatenation operation.
Then we calculate the importance of node v’s features to

node u by the inner product of the key and query vectors,
i.e., euv = QT

uK(u,v). Once {euv |v ∈ Nu} is obtained,
we use the normalized attention coefficients to compute the
linear combination of the neighbor features, serving as the
final output features for the central node:

αuv =
exp(LeakyRelu(euv))∑

v∈Nu
exp(LeakyRelu(euv))

, (8)

z(l)u = σ(
∑
v∈Nu

αmkz
(l−1)
v W(l−1)). (9)

Different from conventional graph attention, our CS-GNN
provides a customized attention mechanism for each node

based on their contextual structure. Intuitively, our method
serves as an implicit structure matching machanism, which
assigns similar attention mechanisms to nodes with similar
structure patterns across domains.

Group-Wise Fairness Loss
Previous works apply cross-entropy loss as the overall loss
function, aiming for optimal accuracy performance on a
global scale. However, this approach can be problematic
since it will leads to model’s over-reliance on the majority
structural pattern on the graph. In graph transfer learning set-
tings, this can lead to over-emphasize on particular structure
patterns in the source domain, thus impairing transfer per-
formance in the target domain. Our objective is to maintain
an unbiased performance across nodes that exhibit a variety
of structural patterns. To this end, we propose a group-wise
fairness loss based on a graph partition approach.

In real-world scenarios, nodes with similar structure pat-
terns tend to get clustered together. Therefore we utilize the
scalable graph partition module METIS (Karypis and Ku-
mar 1998) to split nodes into multiple non-overlapping sub-
graphs: {G1,G2, ...,GK}. For each subgraph Gi, we calcu-
late the cross-entropy loss over it, and apply weighted-sum
to form the group-wise fairness loss:

L =
K∑
i=1

wimiLGi
(10)

where mi =
|Vi|
|V | represents the percentage of node in sub-

graph i; wi represents a dynamic weight for the subgraph.
The dynamic weight wi is initialized as 1/K, and then de-

termined by the averaged cross-entropy loss in the last train-
ing epoch (denoted by L̂Gi

) with a softmax modulation

zi =
1/L̂Gi∑K
i=1 1/L̂Gi

, wi =
exp((zi−max(z)/τ)∑K
i=1 exp((zi−max(z)/τ)

, (11)

where τ is a temperature parameter for controlling the sharp-
ness of the distribution.

According to (10)–(11), the weights of underperform-
ing subgraphs (with larger loss) will be dynamically in-
creased during the training process, which avoid the model’s
over-reliance on particular structure thus achieving fairness
across diverse structural patterns.

Experiment
Datasets We conduct experiments on six real-world
datasets: Citation (Tang et al. 2008), Social (Li et al. 2015),
WebKB (Pei et al. 2020), Airport (Ribeiro, Saverese, and
Figueiredo 2017), ARXIV (Hu et al. 2020), and CORA (Bo-
jchevski and Günnemann 2017).

Baselines We compare our methods with graph neural net-
work models and the state-of-the-art graph transfer learning
methods. For basic graph neural network models, we include
classic GCN (Kipf and Welling 2017) and GAT (Veličković
et al. 2018), as well as GCNII (Chen et al. 2020) and JKNet
(Xu et al. 2018), which can handle heterophilic graphs. The
compared graph transfer learning methods include EERM
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CITATION SOCIAL WebKB
A→D D→A B1→B2 B2→B1 T→C C→T Rank

GCN 65.31±1.13 64.51±0.73 60.95±1.13 57.35±1.29 71.91±1.26 72.46±1.32 6.8
GAT 67.50±1.79 65.05±0.94 56.35±2.96 50.73±4.75 72.90±2.98 71.15±1.75 7.3

GCNII 68.27±0.63 62.87±3.75 57.00±0.39 55.96±0.29 71.58±1.25 69.73±1.26 7.6
JKNet 66.42±1.11 63.97±1.57 58.47±1.81 58.30±1.05 70.38±1.52 73.88±0.98 7.3
EERM 55.63±4.39 52.21±4.57 49.78±3.02 48.22±2.60 55.74±0.39 57.70±1.32 10.7
MIXUP 65.10±2.50 65.05±0.94 48.30±1.47 47.22±2.78 71.48±0.46 72.35±0.49 9.0
DANE 70.37±1.96 67.45±1.03 51.05±7.15 53.48±2.13 73.33±1.91 74.86±1.02 4.8

UDAGCN 75.44±3.62 65.49±0.69 59.78±1.66 60.94±1.65 70.82±3.34 72.79±1.99 5.0
GRADE 71.80±1.09 66.07±0.24 62.13±0.99 62.03±0.94 76.94±1.18 74.32±0.95 3.0

STRURW 68.39±4.09 66.38±0.48 63.12±1.21 61.91±1.38 75.96±1.05 74.86±0.77 3.0
CS-GNN 78.39±2.15 69.28±1.35 65.09±0.58 63.59±0.40 77.49±1.75 75.41±1.20 1.0

Table 2: Node classification performance for directly transfer on Citation, Social and WebKB datasets.

AIRPORT ARXIV CORA
Avg. TIME1 TIME2 DEGREE WORD DEGREE Rank

GCN 40.82 30.40±1.26 47.84±0.55 54.76±0.91 64.02±0.43 54.13±0.18 8.0
GAT 45.97 31.26±1.13 48.84±0.53 55.91±0.22 66.15±0.23 56.66±0.48 4.5

GCNII 45.05 24.39±0.92 45.16±1.02 52.00±0.78 64.94±0.56 53.27±0.29 9.0
JKNet 46.40 28.35±1.01 46.43±0.70 54.74±0.21 63.16±1.91 55.78±0.20 7.7
EERM 47.03 OOM OOM OOM 60.59±0.39 54.00±0.10 9.8
MIXUP 45.71 21.91±4.29 48.61±0.38 53.90±0.18 65.86±0.13 57.21±0.44 6.2
DANE 43.53 33.58±1.76 46.63±1.82 54.24±1.08 64.68±0.27 54.45±0.35 6.8

UDAGCN 48.55 32.52±0.35 48.08±1.56 55.75±0.38 64.26±0.37 54.34±0.43 5.3
GRADE 51.01 33.00±0.64 50.96±1.33 55.47±0.18 63.90±0.18 57.50±0.43 3.8

STRURW 49.96 32.61±1.46 49.84±0.88 55.28±0.41 65.23±0.42 57.18±0.22 3.8
CS-GNN 52.81 35.32±1.08 52.50±0.39 57.60±0.83 66.34±0.26 58.55±0.26 1.0

Table 3: Node classification performance for directly transfer on Airport, ARXIV and CORA datasets.

ACM → DBLP DBLP → ACM
p = 0.1% p = 1% p = 10% p = 0.1% p = 1% p = 10% Rank

GCN 73.44±1.78 91.58±0.61 97.47±0.22 59.59±0.53 72.21±0.68 79.43±0.37 6.1
GAT 74.35±1.44 89.01±0.51 98.19±0.17 61.57±2.25 71.36±0.42 79.65±0.38 6.0

GCNII 71.90±3.26 81.90±2.35 95.94±0.31 61.17±1.05 70.73±1.54 78.00±0.89 9.2
JKNet 67.80±0.79 86.78±2.75 97.18±0.16 61.77±1.62 70.99±1.59 77.83±0.62 8.5
EERM 64.49±4.08 86.01±2.81 97.43±0.21 63.76±1.39 69.71±1.96 75.93±3.17 8.5
MIXUP 65.42±1.30 90.31±0.49 94.14±0.99 53.42±2.93 69.67±1.00 73.14±2.61 10.2
DANE 73.31±3.76 95.70±1.13 98.26±0.26 63.56±1.05 72.44±1.14 78.85±0.43 4.2

UDAGCN 73.21±1.61 91.33±3.01 97.58±0.20 63.11±1.04 73.51±1.00 79.71±0.22 5.0
GRADE 75.49±2.34 91.89±0.48 97.61±0.25 62.76±0.59 73.30±1.21 79.80±0.74 4.0

STRURW 74.93±2.44 93.21±0.25 98.30±0.03 63.55±1.34 71.92±0.78 80.24±0.26 3.2
CS-GNN 83.54±1.05 97.39±0.09 98.37±0.16 67.94±2.26 76.40±1.09 79.95±0.15 1.2

Table 4: Node classification performance with fine-tuning on Citation dataset, where p denotes the percentage of labeled
nodes in used for fine-tuning the target graph and rank indicates the average rank over all settings.

(Wu et al. 2022), MIXUP (Wang et al. 2021), DANE (Zhang
et al. 2019b), UDAGCN (Wu et al. 2020), GRADE (Wu, He,
and Ainsworth 2023), and STRURW (Liu et al. 2023). We
use standard GCN as backbone for these methods.

Settings For all compared methods, we set their depth to 2
layers and use the implementations from the PyTorch Geo-
metric Library in all experiments. The representation dimen-
sion is set to 64. Other hyperparameters of baseline meth-
ods are set to the suggested values in their respective papers
or are carefully tuned for fairness. For methods combined
with different GNN training pipelines (e.g. STRURW has
three options, including STRURW-ERM, STRURW-MIX,

and STRURW-ADV), we select the one that performs best.
Accuracy scores are used as the final evaluation metric, and
we report the mean and standard deviation over five runs.

Performance Comparison The results of direct transfer
on six real-world datasets are presented in Tables 2 and 3.
For the airport datasets, we report the average accuracy score
for all its six pairs of transfers. It can be observed that in all
cases, our proposed algorithm achieves superior node clas-
sification performance compared to basic graph neural net-
work models and other transfer learning methods. Specifi-
cally, CS-GNN outperforms the GNN backbones by 5.8%
in average on absolute accuracy, and achieves up to 4.0%
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Figure 4: Performance with varying hyperparameter settings (Citation Network).

Figure 5: Ablation results for CS-GNN (Citation Network).

improvement compared with state-of-the-art transfer learn-
ing methods on the Citation dataset.

In addition to direct transfer, we also evaluated the per-
formance of transfer learning methods with labeled samples
in target graph to fine-tune the GNN, as presented in Table
4. The results show that when the number of labeled nodes
in the target domain is sparse (e.g., p = 0.1%), most ex-
isting methods struggle to perform well, resulting in lower
accuracy. However, the proposed method, CS-GNN, demon-
strates a significant improvement, achieving approximately
10% accuracy gain compared to the baseline models. As the
percentage of labeled nodes increases, the performance of
all methods increases accordingly. When the target domain
has a sufficient number of labeled nodes (e.g., p = 10%),
the knowledge from the source domain is overshadowed by
fine-tuning on the target domain, leading to high classifica-
tion performance across all methods. Still, the proposed CS-
GNN achieves the best performance with different percent-
age of labeled nodes in the target domain.

Hyperparameter Analysis We conducted a comprehen-
sive hyperparameter analysis to understand the sensitivity
and impact of key parameters in CS-GNN. Specifically, we
examined the effects of four hyperparameters: the number of
moments of feature smoothness considered (denoted by n)
and the hop of the ego-networks (denoted by k), the number
of network partitions (denoted by m) and temperature τ , as
shown in Figure 4. The number of moments was varied from
1 to 5, and results indicate that increasing the moments num-
ber improves accuracy, particularly when moving from 1 to
2 moments. Beyond 2 moments, the accuracy stabilizes, sug-
gesting diminishing returns with higher moments. Similarly,
the ego-network hop was varied from 1 to 5, and the opti-
mal performance was observed at 2 hops. For the partition
number, we tested values from 2 to 32. The accuracy showed
a moderate increase with the number of partitions, with the
best performance around 8 partitions. Finally, we explored
the temperature parameter, varying it from 0.1 to 100. A
temperature of 10 provided the highest accuracy, with lower
and higher values resulting in a performance drop.

Figure 6: Visualization of ego structure patterns on the Ci-
tation dataset, where color represents node class, and the
thickness of edge represents the contextual attention weight.
(a)-(b) from source domain, (c)-(d) from target domain.

Ablation Study To evaluate the contributions of differ-
ent components in CS-GNN, we conducted ablation study
on Citation networks. We compare the full CS-GNN model
against three variants: CS-GNN that omits the construction
of ego-networks (w/o Ego.); CS-GNN that replaces our con-
textual message passing with the standard message passing
process (w/o Con.); and CS-GNN that eliminates the group-
wise fairness loss using only the standard cross-entropy loss
instead (w/o Gro.). As shown in Figure 5, all three variants
lead to a noticeable drop in accuracy, which confirms that
each component of CS-GNN contributes to its superior per-
formance, with the ego-network construction and contextual
message-passing playing particularly crucial roles.

Visualization Figure 6 visualizes the contextual attention
mechanism for a subset of nodes on the Citation dataset. It is
evident that distinct ego-networks allocate customized atten-
tion weights to their neighbors, forming contextual structure
knowledge that is beneficial for graph transfer learning.

Conclusion
This paper proposed a novel Contextual Structural Graph
Neural Network (CS-GNN) to address the homophily dis-
crepancy challenge in graph transfer learning. It employed
a customized attention mechanism to capture diverse lo-
cal structural cues, facilitating effective structural knowl-
edge transfer between different domains. It included an
ego-network module for extracting local structural diversity
and a moment-based approach to identify structural patterns
without requiring ground-truth labels. A feature smooth-
ness matrix, derived from node attributes, guided the atten-
tion mechanism during feature aggregation. Furthermore, a
group-wise fairness loss ensured balanced learning across
various structural patterns, enhancing the model’s capabil-
ity to transfer knowledge effectively. Comprehensive exper-
iments proved the effectiveness of the proposed method.
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