Homophily Enhanced Graph Domain Adaptation

Ruiyi Fang!* Bingheng Li’>" Jingyu Zhao® Ruizhi Pu' Qiuhao Zeng' Gezheng Xu' Charles Ling '*
Boyu Wang '

Abstract

Graph Domain Adaptation (GDA) transfers
knowledge from labeled source graphs to unla-
beled target graphs, addressing the challenge of
label scarcity. In this paper, we highlight the
significance of graph homophily, a pivotal fac-
tor for graph domain alignment, which, however,
has long been overlooked in existing approaches.
Specifically, our analysis first reveals that ho-
mophily discrepancies exist in benchmarks. More-
over, we also show that homophily discrepancies
degrade GDA performance from both empirical
and theoretical aspects, which further underscores
the importance of homophily alignment in GDA.
Inspired by this finding, we propose a novel ho-
mophily alignment algorithm that employs mixed
filters to smooth graph signals, thereby effectively
capturing and mitigating homophily discrepancies
between graphs. Experimental results on a vari-
ety of benchmarks verify the effectiveness of our
method.

1. Introduction

In the era of massive graph data collection, graphs often
integrate both structural topology and node attributes, pro-
viding rich contexts for numerous real-world applications.
However, they are often constrained by label scarcity, as an-
notating structured data remains challenging and costly (Xu
et al., 2022; 2024b; Zeng et al., 2024; 2023). To address this
challenge, Graph Domain Adaptation (GDA) has emerged
as an effective paradigm to transfer knowledge from la-
beled source graphs to unlabeled target graphs (Chen et al.,
2019; Shi et al., 2024). Conventional GDA methods pri-
marily focus on aligning graph structures across domains
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by leveraging deep domain adaptation techniques (Shen
et al., 2020b; Wu et al., 2020). While these approaches have
achieved promising results in GDA (Yan & Wang, 2020;
Shen et al., 2023), their efforts are centered on mitigating
the discrepancy in structural and attribute distributions.
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Figure 1. This represents node homophily distibution in two bench-
mark. The dotted line represents the overall node homophily ratio
of the entire graph. This shows the local node homophily dis-
tibution shift is existing in various levels of homophilic groups.
Homophily means that similar nodes are prone to connect to each
other.

In this work, we highlight the role of graph homophily dis-
crepancies and their impact on GDA performance. Specif-
ically, we investigate the local homophily distribution of
graph on two GDA benchmarks, as shown in Figure 1. It
can be observed that while the overall homophily distribu-
tion discrepancy of the graph is relatively small, the dis-
crepancy within homophilic and heterophilic subgroups is
more substantial. For example, as shown in Figure 1 (a),
the overall graph node homophily ratio between ACM3 and
ACM4 appears relatively similar, and the distribution of
homophilic and heterophilic groups varies more substan-
tially. To further investigate its impact on GDA, we conduct
another experiment to explore how the homophilic ratio
affects the cross-network performances, as shown in Fig-
ure 2. It can be observed that the classification accuracy
of target graph nodes exhibits a negative correlation with
homophily divergence across different homophily ratios
in datasets, which indicates the importance of separately
dealing with heterophilic and homophilic groups. Besides,
this observation also suggests that the discrepancies in ho-
mophilic distributions between source and target graphs
may significantly impact target node classification perfor-
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mance, thereby highlighting the importance of mitigatingLiu et al., 2025; Li et al., 2024a; 2025a; Luan et al., 2022;
homophily divergence. Huang et al., 2023; 2024; Zhuo et al., 2025; 2024b) reveal
that graph homophilc and heterophilic patterns impact graph

To further justify this implication, we theoretically investi- clustering performance between the test and training sets
gate the generalization performance of GDA from the PAC; 9p g '

. ) However, the above methods failed to explore the role of
Bayes perspective. Speci cally, we show that the target IOS%omophin in GDA and minimize their discrepancy in many

can be upper bounded in terms of homophilic signal shift . i .
heterophilic signal shift, attribute signal shift and graph nod aspects (Kang et al., 2024; Pu etal., 2025; Xu etal., 2025;

heterophily distribution shift. This aligns with our empiri—eXIe etal., 2024; 2025).
cal ndings, suggesting that discrepancies in graph signals
should be addressed separately. To this end, we proposcv2
novel cross-channel graph homophily enhanced alignmemecent Domain Adaptation works have differences from
(HGDA) algorithm for cross-network node classi cation, as GDA methods (Li et al., 2024b; Chen et al., 2024; Li et al.,
shown in Figure 3. HGDA utilizes homophilic, full-pass, 2025c; 2024c; 2025b; Zeng et al., 2025; Xu et al., 2024a).
and heterophilic Iters to separately extract and align the|dentifying the differences between the target and source
homophily signal, heterophily signal, and attribute signalgraphs in GDA is crucial. For graph-structured data, sev-
for both the source and target domains. eral studies have explored cross-graph knowledge transfer
using graph domain adaptation (GDA) methods (Shen &
Chung, 2019; Dai et al., 2022; Shi et al., 2024). Some

- Empirical insights: We rst highlight the signi cance graph information alignment-based methods (Shen et al.,
of homophily distribution discrepancy in GDA and 2920&;b; Yan & Wang, 2020; Shen et al., 2023; Yang etal.,

empirically examine its impact on GDA performance. 20236?) adapt graph source node label information by in-
tegrating global and local structures from both nodes and

« Theoretical justi cation: We theoretically justify the their neighbors. UDAGCN (Wu et al., 2020) introduces
impact of homophily distribution shift on GDA and a dual graph convolutional network that captures both lo-
demonstrate that this discrepancy can be mitigated bgal and global knowledge, adapting it through adversarial
addressing homophilic and heterophilic groups separaining. Furthermore, ASN and GraphAE (Zhang et al.,
rately. 2021; Guo et al., 2022) consider extracting and aligning

_— . ... graph speci c information like node degree and edge shift,

' Algonthmlc framework: Insp!red by theoretical In- enabling the extraction of shared features across networks.
s!gh'Fs, We propose HG.DA’ which mltlgqtes homophlly SOGA (Mao et al., 2024b) is the rst to incorporate dis-
dlstnbuthn shifts by ‘?‘"9“'“9 and capturing homophily, criminability by promoting structural consistency between
heterophily, and attribute signals. target nodes of the same class, speci cally for source-free

domain adaptation (SFDA) on graphs. SpecReg (You et al.,

2022) applies an optimal transport-based GDA bound and

2. Related Work demonstrates that revising the Lipschitz constant of GNNs

2.1. Heterophilic Graph Learning can enhance performance through spectral smoothness and

- ) . } maximum frequency response. JHGDA (Shi et al., 2023)

Hete.rophllllc s;ructu_re is prevalent'ln practice, from persc.)nalt(,;lcmeS hierarchical graph structure shifts by aggregating

relationships in daily life to chemical and molecular scien-qomain discrepancies across all hierarchy levels to provide

ti ¢ study (Fang et al., 2022; He et al., 2025). Developing 5 comprehensive discrepancy measure. ALEX (Yuan et al.,
powerful heterophilic GNN models is a hot research topico23) creates a label-shift-enhanced augmented graph view

(Lim et al., 2021; Qian et al., 2024; Yang et al., 2024a;,sjng a low-rank adjacency matrix obtained through sin-

2023b; Zhuo et al., 2024c; Li et al., 2025b) provide generalyjar value decomposition, guided by a contrasting loss

benchmarks for heterophilic graph leaming. In addition¢nction. SGDA (Qiao et al., 2023) incorporates trainable
many methods have been proposed to revise GNNs for h&te 1 rhations (adaptive shift parameters) into embeddings
erophilic graphs. (Yang et al., 2021) speci es propagationia adversarial learning, enhancing source graphs and min-
weight for each attribute to make GNNs t heterophilic jmizing marginal shifts. PA (Liu et al., 2024c) mitigates
graph.s. and (Li et al., 2022a) gxplores the underlylng hOstructural and label shifts by recalibrating edge weights to
mophilic information by capturing the global correlation adjust the in uence among neighboring nodes, addressing
of nodes. (Zhu et al., 2020a) enlarges receptive eld viacynditional structure shifts effectively.

exploring high-order structure. (Chien et al., 2021) adap-

tively combines the representation of each layer and (Chen

et al., 2020) integrates embeddings from different depths

with residual operation. Recent studies (Mao et al., 2024a;

£ Graph Domain Adaptation

Our contributions are summarized as follows:
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Figure 2.Performance of cross-network classi cation tasks in different homophilic ratio ranges. For a fair comparison, we use a two-layer
GCN with standard unsupervised GDA settings as our evaluation modeX-8és represents node subgroups categorized by speci ¢
ranges of homophily ratios. The bars in the vertical bar chart represent the proportion of nodes in each subgroup, de ned by a speci ¢
homophily ratio range relative to the total number of nodes in the graphvfefis). The line chart in the gure above represents the
difference in the proportion of nodes in each subgroup between the corresponding upper and lower graphs (ugedis)gfithe line

graph in the gure below represents the target node classi cation accuracy for two corresponding tasks in each subgroup with different
homophily ratios (lower right-axis). We observe that homophily divergence has a negative correlation with target node classi cation
accuracy across various homophily ratios.

3. Empirical and Theoretical Study nodev andy; is the node label.
3.1 Notation 3.2. Empirical Insight

An undirected grapl = fV;E;A;X;Y g consists of a
set of noded/ and edgeg, along with an adjacency ma-
trix A, a feature matriXX , and a label matrixY. The
adjacency matrid 2 RN N encodes the connections be-
tweenN nodes, wheré; = 1 indicates an edge between
nodes andj, andA; = 0 means the nodes are not con-
nected. The feature matrk 2 RN 9 represents the node
features, with each node described Igrdimensional fea-

To futher explore node homophily ratio distribution shifts
on the aforementioned datasets in Figurel, we evaluate the
effectiveness of GDA on different homophily subgroups.
To evaluate the homophily divergence effect to GDA, we
conduct an examination of node subgroups with different
homophilic and heterophilic groups. The following exper-
iments are conducted on two common graph benchmark
; N C . airport datasets with unsupervised GDA node classci cation
ture vector. FinallyY 2 R contains the labels for . S
) C o task. Speci cally, we focus on how the homophily discrep-
theN nodes, where each node is classi ed into on€of
. ! . ancy between the source and target graphs affects the per-
classes. Thus, the symmetric normalized adjacency matr|]x s .
. _ 1 1 ormance of node classi cation on the target graph. Figure
isA=(D+1) z(A+ 1)D + 1) z and the normal- S . X
. . A . 2 shows the classi cation accuracy for different homophily
ized Laplacian matrix i€ = |  A. In this work, we . .
Lo . atio subgroups. Experimental results on four datasets are
explore the task of node classi cation in a unsuperwsear N :
. : presented in Figure 2. It can be observed that the classi-
setting, where both the node feature maktixand the graph . .
: : cation accuracy of target graph nodes negatively corre-
structureA are given before learning. Now we can de-I . Lo .
s _ S.5S. nS.vS.vS ates with homophily divergence across heterophilic and
ne source graptG> = V>;E>;A>; X >;Y> and target h hil in the d | h
hGT = VT ET-AT:XT homophilic groups in the datasets. For example, as shown
grap e in Figure 2 (d), subgroups within homophily divergence in
Local node homophily ratio is a widely used metric for the 0.0-0.1 (heterophilic groups) and 0.9-1.0 (homophilic
quantifying homophilic and heterophilic patterns. It is de-groups) ranges exhibit high discrepancies in terms of differ-
ned as the proportion of a node's neighbors that share thence in the proportion (orange line), which leads to low node
same label as the node (Pei et al.; Zhu et al., 2020b; Li et alglassi cation accuracies on the corresponding target sub-
2022b; Miao et al., 2024). It is formally de ned as groups (red and purple lines). Our observations suggest that
the homophily discrepancy between the source and target
graphs in corresponding subgroups has a signi cant impact
on GDA performance. This highlights the importance of

mitigating the homophily divergence in both homophilic and
where whereN, denotes the set of one-hop neighbors of

v :jijUZNv;yu:yvgj
node jij

1)
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heterophilic groups for GDA. Additional results on more De nition 3 (KL Divergence Between Graph Heterophily

datasets are shown in Appendix C. Distributions) LetGS andG" be two graphs from different
domains with heterophily distribution®{! (h); PH (h) >
3.3. Theoretical Analysis 0 for all h . The Kullback-Leibler (KL) divergence between

. . . . , PY andPX is de ned as:
In this subsection, we will propose theoretical evidence

based on the PAC-Baysian framework to verify the ho- W X H PH (h)
mophily divergence effect on GDA performance and demon- Diu(Pg' kPr') = Ps (h)log 5% (h’ (6)
strate the effectiveness of our proposed method. To effec- h2H T

tively evaluate the performance of a deterministic GDAnereH is the set of possible node heterophily values.

classi er on structured graph data, we introduce the notion . . N
of margin loss. Theorem 1(Domain Adaptation Bound for Deterministic

Classi ers) Let be afamily of classi cation functions.
Margin loss on each domain.We can de ne the empirical For any classier in , and for any parameters> 0
and expected margin loss of a classier2 onsource and 0, consider any prior distributiof® over thatis
graphG*® and target grapls”. GivenY S, the empirical  independent of the training daS. With a probability of
margin loss of onG*® foramargin  0Ois de ned as: atleastl  over the sampl& S, for any distributionQ
on such that the following inequality holds:

b 1 X 1 1
Bs( )= o LO() Bg( )+ = 2Dk (QkP)+1)+In = + ——
S iov s " 4NS
1 (XS;G9)[Y;] +max ;(XS;G)q : +p& ! Dk (ASX SKATXT)
i ’ i B Y i ’ . 2— NS NT KL
) q
+ DKL(XSkXT)+ DKL(LSXSkLTXT)
wherel [ ]is the indicator function¢ represents node label- q - #
ing . The expected margin loss is then de ned as +  Dyu(PEKPH) )
Ls( )= Ey, Pr(YjZi);iZVSLbs( ) 3

De nition 1 (Graph-Level Node Heterophily Distribution) wheref is the unspeci ed operator of rst-order aggrega-
Given a graphG, and for any noder 2 )4, the node-level tion, C is the number of classes, and are constants con-
heterophily is de ned a8ig (v) = m uon o 1 (Yu 6 trolled by the node feature distribution of different classes.
Y,); whereN (v) denotes the set of neighborswf The  Proof details and additional analysis are in Appendix A.

graph-level heterophily distribution is then de ned as the o\ could theory further drive practice? In Theorem

empirical distribution of the random variabkes (v): 1 reveals four critical factors that may affect the GDA per-
. . . Sy S Ty T
_ffv2Vjhg(v)= hgj . formance. () Dx (A X °KA' X ") represents the graph
P& (h) = j\fj . h2[0;1:  (4)  homophily signal, capturing graph attributes modulated by

the adjacency matrix between the source and target graphs.
Here,P{ (h) represents the proportion of nodes@ithat  (I1) Dk (X SkX T) represents the divergence in graph at-
have a heterophily value &f, forming a probability distri-  tribute distributions between the source and targht.) (
bution over possible node heterophily values. Dk (LSX SKLT X T) represents the distribution divergence
of graph heterophilc signal between the source and target

aS AT
For a source domai@™ and a target domai@ , we de-  granhs where the graph attribute signal is modulated by

ggt?;??il;;%??ﬁ;l.\/e graph-level heterophily distribution aqigzg;aezr};?ﬂ:gan m;ri]trix indicating\) DKL(PS kP') )
graph parameter that quanti es the het

De nition 2 (Kullback-Leibler Divergence)For continu-  erophily distribution shift between the source and target

ous probability distributions with probability density func- graphs. In other words, to effectively align source and target

tionsp(x) andq(x), the KL divergence is given by: graphs, one should consider the homophily, attribute, and

Z, b(X) heterophily signals.
DkL(PkQ) = p(x) log a0 dx: )
- ' . : . 4. Methology

KL divergence measures the relative entropy or information

loss when using) to approximateP. It is always non- Motivated by the aforementioned analysis, our framework

negative, and, (PkQ) = 0 ifand only ifP = Q. needs to capturdX , X andLX of both source and target
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Figure 3.An overview of HGDA. HGDA optimizes heterophily, at-
tribute, and homophily graph signals while minimizing homophily
distribution shifts between the source and target graphs.

graph. In practice, we can treAtas homophilc lter and.

as heterophilic lter (Nt & Maehara, 2019). Thus, as shown
in Figure 3, we introduce a mixed lter to effectively cap-
ture information across different homophilic groups while
minimizing various levels homophily shift.

4.1. Homophily, Full-pass and Heterophily Filter

Homophilic Filter To extract meaningful features from
graphs, we utilizeH, that can capture homophilc node
pattens information. With the input graf thel-th layer's
outputH| can be represented as:

H =ReL,U ' aH' 'w/ ! (8)
whereH_H' 1Wﬂ 1 applies homophilic Itering to the
node features from the previous layét 1, weight matrix
W[ ! is a layer-speci ¢ trainable weight matrix,' is a
learnable scalar parameter for the homophilic Iteriktj,
is the activation matrix in thieth layer andH % = X . After
applying the homophily lIter to capture homophilc node

is a layer-speci ¢ trainable weight matrix, is a learnable
scalar parameter for the full-pass Itering,- is the activa-
tion matrix in thel-th layer andH® = X . After applying
the full-pass lter to extract attribute information, the output
node embedding for the source graph is denotegiSaand
output target attribute node embedding is denotedfas

Heterophilic Filter Similarly, we utilizeHy that can cap-
ture heterophilic node pattens information. With the input
graphG, thel-th layer's output| can be represented as:
HL, = ReLU M tH' *w/?! (10)
whereHy H' 1W,L, 1 applies heterophilic ltering to the
node features from the previous layét !, weight matrix
W,L is a layer-speci ¢ trainable weight matrix," is a
learnable scalar parameter for the heterophilic Iterikg,
is the activation matrix in theth layer andH ® = X . After
applying the heterophilic lter to extract heterophilic signal,
the output node embedding for the source graph is denoted
asZ5 and output target node embedding is denotedas

4.2. Homophily Alignemnt Loss

The proposed framework follows the transfer learning
paradigm, where the model minimizes the divergence of
the two graphs. The homophily alignment method captures
and aligns various homophily signals, improving target node
classi cation performance. According to Theorem 7, the dis-
crepancy between the source and target graphs is bounded
by KL divergence. To this end,y utilizes the KL diver-
gence loss between the source graph embeddifigZ
andZ$ and the target graph, Z! and the target graph
embedding& ' , which can be formulated as:

Ly = KL Z8kzZ! + KL ZS5kz] + KL Z2kz{ ;

(11)
We adapt the embeddings after applying the three Iters to
enforce graph node alignment across different homophily
ratios. Speci cally,KL (Z5kz) aligns the homophilic
signal, corresponding to the terBy (ASXSkATXT).

Similarly, KL (Z5kz/ ) directly aligns the graph at-

signal, the output node embedding for the source graph iRibutes, corresponding to the teirk, (X SkX T). Finally,

denoted ag>. Similarly, the output target homophilc node
embedding is denoted &5 .

Full-pass Filter To obtain comprehensive graph attribute
information, we introduce a full-pass lter to extract node
attributes. In practice, the full-pass lter is de ned Big: =
A+ C = |, which is consistent with capturing all attribute
information. With the input grapls, thel-th layer's output
HL can be represented as:

HE=ReLU " IH' *wl (9)
whereHg H' 1W,': ! applies full-pass Itering to the node
features from the previous layer' *, weight matrixWé !

KL (ZEkz[) aligns the heterophilic signal, which is con-
sistent with the ternD x (LSX SKLTX ) in Theorem 7.

4.3. Target Node Classi cation

The source classierlosss fs ZS :YS istominimize
the cross-entropy for the labeled data node in the source
domain:

Ws

Ls fg 25 ;YS = y° log ¢° (12)

i=1

wherezS = 5 + Z5 + Z2,yS denotes the label of the
i-th node in the source domain agg are the classi cation
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prediction for the -th source graph labeled nodg 2 VS, Paper-Subject-Paper (PSP) network (Fan et al., 2020), while
ACM4(A4) is extracted from the ACM2 Paper-Author-Paper
fPAP) network (Fu et al., 2020). These datasets inherently
differ in their distributions, making them suitable for eval-

1N uating domain adaptation. For a comprehensive overview,
Lt fr 27 = — ¢ log ¥ (13)  refer to Appendix Table 6. We also provide other datasets
T i1 homophily distibution in Appendix C Figure 7.

To utilize the data in the target domain, we use entropy los
for the target classi ef 1 :

wherez™ = zT + z1 + zI, ¢ are the classi cation 5.2 Baselines

prediction for thei-th node in the target grapHl . Finally, .
by combiningL 4, Ls, Lp andLt, the overall loss function We choose some representative methods to compare. GCN

of our model can be represented as: (Kipf & Welling, 2016) further solves the ef ciency prob-
lem by introducing rst-order approximation of ChebNet.
L=Ly+ Lg+ Lt (14) DANN (Ganin et al., 2016) use a 2-layer perceptron to

provide features and a gradient reverse layer (GRL) to learn
where and are trade-off hyper-parameters. The paramnode embeddings for domain classi cation. DANE (Zhang
eters of the framework are updated via backpropagatioet al., 2019) shared distributions embedded space on differ-
A detailed description of our algorithm is provided in Ap- ent networks and further aligned them through adversarial
pendix 14. learning regularization. UDAGCN (Wu et al., 2020) is
a dual graph convolutional network component learning
framework for unsupervised GDA, which captures knowl-
edge from local and global levels to adapt it by adversarial
We evaluate three variants of Homophily Alignemnt to un-training. ASN (Zhang et al., 2021) use the domain-speci ¢
derstand how its different components deal with the hofeatures in the network to extract the domain-invariant
mophilic distribution shift on 5 real-word GDA benchmarks. shared features across networks. EGI (Zhu et al., 2021)
These variants includedGDA _, which uses only the ho- through Ego-Graph Information maximization to analyze
mophilic lter to obtain and align node embeddings, specif-structure-relevant transferability regarding the difference
ically addressing distribution shifts in homophilic groups.between source-target graph. GRADE-N (Wu et al., 2023)
Similarly, HGDAr andHGDA}, only utlize the full-pass propose a graph subtree discrepancy to measure the graph
Iter and heterophilic Iter to obtain and align node em- distribution shift between source and target graphs. JHGDA
beddings. The detailed experimental setup can be found i(Shi et al., 2023) explore information from different levels of

5. Experiment

Appendix B. network hierarchy by hierarchical pooling model. SpecReg
(You et al., 2022) achieve improving performance regular-
5.1. Datasets ization inspired by cross-pollinating between the optimal

) transport DA and graph lter theories. PA  (Liu et al.,
To demonstrate the effectiveness of our approach on dogo4c) counter graph structure shift by mitigating condi-
main adaptation node classi cation tasks, we evaluate ifjona) structure shift and label shift by using edge weights
on four types of datasets, including Airport (Ribeiro et al..i recalibrate the in uence among neighboring nodes. The
2017), Citation (Wu et al., 2020), Social (Liu etal., 2024a),55orementioned work does not investigate the impact of

ACM (Shen etal., 2024), and MAG datasets (Wang et al.nomgphily distribution shift, which is an essential graph
2020). The Airport dataset represents airport networks fromynerty on GDA.

three countries and regions: the USA (U), Brazil (B), and

Europe (E). In this dataset, nodes (_:orr_espond to airports,. anéj_S_ Performance Comparison

edges denote ight routes. The Citation dataset comprises

three citation networks: DBLPv8 (D), ACMv9 (A), and The results of experiments are summarized in Table 1, Table
Citationv2 (C), where nodes represent articles and edgesand Table 3, where highest scores are highlightdabid,
indicate citation relationships. As for social networks, weand the second-highest scores ameerlined Some results
choose Twitch gamer networks, which are collected fromare directly taken from (Shi et al., 2023; Pang et al., 2023;
Germany(DE), England(EN) and France(FR). We also uséiu et al., 2024b; Zhang et al., 2025). We have the following
two blog networks, Blogl (B1) and Blog2 (B2), both ex- ndings: It can be seen that our proposed method boosts the
tracted from the BlogCatalog dataset. To further evaluatgerformance of SOTA methods across most evaluation met-
the signi cance of the homophily distribution effect, we rics on four group datasets, which proves its effectiveness.
curate a real-world dataset with a signi cant homophily dis-HGDA outperforms other optimal methods, achieving state-
tribution shift. We utilize two commonly referenced ACM of-the-art (SOTA) performance across all datasets. Speci -
datasets. The dataset ACM3(A3) is derived from the ACMcally, HGDA achieves an average improvemeni.df0%

6
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Methods | U! B U! E B! U B! E E! U E! B|A3! A4 A4! A3 | Bl! B2 B2! Bl

GCN 0.366 0.371 0.491 0.452 0.439 0.298 0.373 0.323 0.408 0.451
DANN 0.501 0.386 0.402 0.350 0.436 0.538 0.362 0.325 0.409 0.419
DANE 0.531 0.472 0.491 0.489 0.461 0.520 0.392 0.404 0.464 0.423
UDAGCN 0.607 0.488 0.497 0.510 0.434 0.477 0.404 0.380 0.471 0.468
ASN 0.519 0.469 0.498 0.494 0.466 0.595 0.418 0.409 0.732 0.524
EGI 0.523 0.451 0.417 0.454 0.452 0.588 0.511 0.449 0.494 0.516
GRADE-N | 0.550 0.457 0.497 0.506 0.463 0.588 0.449 0.461 0.567 0.541
JHGDA 0.695 0.519 0.511 0.569 0.522 0.740 0.516 0.537 0.619 0.643
SpecReg 0.481 0.487 0.513 0.546 0.436 0.527 0.526 0.518 0.661 0.631
PA 0.621 0.547 0.543 0.516 0.506 0.670 0.619 0.610 0.662 0.654
HGDAL 0.683 0547 0.533 0.49 0.547 0.687 0.709 0.683 0.651 0.647
HGDAF 0.709 0.560 0.541 0.538 0.550 0.691 0.701 0.660 0.665 0.655
HGDAH 0.714 0538 0.524 0.569 0.545 0.690 0.713 0.679 0.656 0.664
HGDA 0.721 0572 0569 0584 0570 0.721 0.718 0.698 0.683 0.677

Table 1.Cross-network node classi cation on the Airport, ACM and Blog network.

Methods | Al D D! A Al C C! A C! D D! C|DE! EN EN! DE DE! FR FR! EN

GCN 0.632 0.578 0.675 0.635 0.666 0.654 0.523 0.534 0.514 0.568
DANN 0.488 0.436 0.520 0.518 0.518 0.4GE 0.512 0.528 0.581 0.562
DANE 0.664 0.619 0.642 0.653 0.661 0.70p 0.642 0.644 0.591 0.574
UDAGCN 0.684 0.623 0.728 0.663 0.712 0.645 0.624 0.660 0.545 0.565
ASN 0.729 0.723 0.752 0.678 0.752 0.754 0.550 0.679 0.517 0.530
EGI 0.647 0.557 0.676 0.598 0.662 0.65 0.681 0.589 0.537 0.551
GRADE-N | 0.701 0.660 0.736 0.687 0.722 0.687 0.749 0.661 0.576 0.565
JHGDA 0.755 0.737 0.814 0.756 0.762 0.794 0.766 0.737 0.590 0.539
SpecReg 0.762 0.654 0.753 0.680 0.768 0.727 0.719 0.705 0.545 0.555
PA 0.752 0.751 0.804 0.768 0.755 0.780, 0.677 0.760 0.521 0.538
HGDA_ 0.756  0.739 0.794 0.770 0.739  0.757 0.765 0.747 0.532 0.548
HGDAF 0.769 0.747 0.811 0.758 0.759 0.782 0.751 0.749 0.560 0.539
HGDAH{ 0.752 0.738 0.804 0.767 0.761 0.789 0.769 0.751 0.578 0.544
HGDA 0791 0.756 0.829 0.787 0.779 0.799 0.781 0.763 0.594 0.571

Table 2.Cross-network node classi cation on the Citation and Twitch network.

Methods | US! CN US! DE US! JP USI RU US! FR CN! US CN! DE CN! JP CN' RU CN! FR

GCN 0.042 0.168 0.219 0.147 0.182 0.193 0.064 0.160 0.069 0.067
DANN 0.242 0.263 0.379 0.218 0.207 0.302 0.134 0.214 0.119 0.107
DANE 0.272 0.250 0.280 0.210 0.186 0.279 0.108 0.228 0.170 0.184
UDAGCN OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
ASN 0.290 0.272 0.291 0.222 0.199 0.268 0.121 0.207 0.189 0.190
EGI OOM OOM OOM OOM OoOoM OOM OOM OOM OoOoM OOM
GRADE-N 0.304 0.299 0.306 0.240 0.217 0.258 0.137 0.210 0.178 0.199
JHGDA OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
SpecReg 0.237 0.267 0.377 0.228 0.218 0.317 0.134 0.199 0.109 116
PA 0.400 0.389 0.474 0.371 0.252 0.452  0.262 0.383 0.333 0.242
HGDAL 0.463 0.442 0.498 0.400 0.314 0.447 0.379 0.418 0.368 0.330
HGDAF 0.449 0.457 0.502 0.416 0.329 0.441 0.401 0.395 0.388 0.307
HGDAH 0.488 0.468 0.494 0.429 0.330 0.426 0.410 0.409 0.326 0.288
HGDA 0.510 0.497 0.531 0.442 0.347 0.476 0.438 0.435 0.392 0.339

Table 3.Cross-network node classi cation on MAG datasets.

on Airport, 6:50%0n ACM, 1:40%on Citation, and®:20%  in the ACM datasetiGDA_ andHGDAy generally out-

on Blog. NotablyHGDA achieves a maximum average im- performHGDA ¢ , indicating that effectively balancing both
provement 0B8:49%for ACC on MAG datasets. This illus- homophilic and heterophilic information is crucial for this
trates that our proposed model can effectively aligns varieslataset. This observation aligns well with the design of our
node homophilic information. OMGDA variants achieves method. In all case$JGDA produces better performance
second-highest than other optimal methods on some of thihan PA (Liu et al., 2024c), which were published in 2024.
metrics in various benchmarks. This can be attributed td his veri es the advantage of our approach. Our Model
the varying homophilic pattern distributions across dataset®f cient experiment can be seen in Appendix D

which are captured by our method's variants. For instance,






