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Abstract

Over the last decade, graph neural networks (GNNs) have
made significant progress in numerous graph machine learn-
ing tasks. In real-world applications, where domain shifts oc-
cur and labels are often unavailable for a new target domain,
graph domain adaptation (GDA) approaches have been pro-
posed to facilitate knowledge transfer from the source domain
to the target domain. Previous efforts in tackling distribution
shifts across domains have mainly focused on aligning the
node embedding distributions generated by the GNNs in the
source and target domains. However, as the core part of GDA
approaches, the impact of the underlying GNN architecture
has received limited attention. In this work, we explore this
orthogonal direction, i.e., how to facilitate GDA with ar-
chitectural enhancement. In particular, we consider a class
of GNNs that are designed explicitly based on optimization
problems, namely unfolded GNNs (UGNNSs), whose training
process can be represented as bi-level optimization. Empirical
and theoretical analyses demonstrate that when transferring
from the source domain to the target domain, the lower-level
objective value generated by the UGNNs significantly in-
creases, resulting in an increase in the upper-level objective as
well. Motivated by this observation, we propose a simple yet
effective strategy called cascaded propagation (CP), which is
guaranteed to decrease the lower-level objective value. The
CP strategy is widely applicable to general UGNNSs, and we
evaluate its efficacy with three representative UGNN archi-
tectures. Extensive experiments on five real-world datasets
demonstrate that the UGNNs integrated with CP outperform
state-of-the-art GDA baselines.

Code — https://github.com/zepengzhang/DAUGNN
Extended version — https://arxiv.org/abs/2411.13137

Introduction

Over the past decade, graph neural networks (GNNs)
have become increasingly prevalent for processing graph-
structured data, achieving significant advancements across a
wide range of applications, including social networks, en-
gineering applications, molecular chemistry, recommender
systems, and more (Wu et al. 2020; Zhou et al. 2020; Wu
et al. 2022). Despite their achievements, the majority of
GNNss rely on supervised training, which requires a substan-
tial amount of labeled data. This reliance limits their appli-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

22714

cability in real-world applications where domain shifts oc-
cur and labels for a new target domain are often unavail-
able (Liu et al. 2023). To mitigate such issues, a variety of
graph domain adaptation (GDA) approaches have been de-
veloped (Shi et al. 2024; Cai et al. 2024). GDA aims to trans-
fer knowledge from a labeled source domain to an unlabeled
target domain, which often experiences distribution shifts.
The main challenge of GDA is to address various domain
shifts in node features, structural patterns, and task labels,
which typically hinder knowledge transfer.

Inspired by the success of domain adaptation (DA) in se-
quence and image data (Ganin and Lempitsky 2015; Wang
and Deng 2018), some early attempts in GDA have em-
ployed DA techniques developed for computer vision tasks
to learn domain-invariant and label-discriminative embed-
dings (Zhang et al. 2021; Shen et al. 2021; Dai et al. 2022).
However, these approaches have overlooked the unique
characteristics of graph-structured data. Subsequently, re-
searchers have begun to examine the distribution shifts that
are particularly prevalent in graph-structured data. For ex-
ample, Guo et al. (2023) investigate the influence of node
degree distribution shifts, Shi et al. (2023) study the shifts
in hierarchical graph structure, Wu, He, and Ainsworth
(2023) analyze the graph subtree discrepancies, and Liu
et al. (2023) explore the effect of conditional structure shifts.

While these techniques have significantly advanced the
field of GDA, they primarily focus on aligning the distri-
butions of node embeddings between the source and target
domains to mitigate the impact of distribution shifts (Liu
et al. 2023; Zhu et al. 2023). In computer vision, recent work
has begun to examine the effect of the underlying architec-
ture, which has been shown to play a critical role in DA
(Li et al. 2023). However, the effect of the underlying ar-
chitecture has been largely overlooked in the field of GDA.
Some recent works have started to investigate how different
components in message-passing GNNs affect domain gen-
eralization (DG) (Guo et al. 2024; Liu et al. 2024). Their re-
sults show that both the decoupled structure and the attention
mechanism contribute positively to DG, while the transfor-
mation layers impair the generalization capability. Based on
these findings, Liu et al. (2024) propose a GNN model with
a decoupled structure, while Guo et al. (2024) further adopts
the attention mechanism in the model. However, in contrast
to the majority of GDA methods that can be applied to var-



ious GNN architectures, Guo et al. (2024); Liu et al. (2024)
only propose two particular GNNs, indicating limitations in
extending their approaches to other GNNs and addressing is-
sues with distinctive properties like heterophily and hetero-
geneity. This limited applicability naturally leads to an im-
portant question: Can we facilitate GDA across a wide spec-
trum of GNNs through architectural enhancement? Since
there is currently no framework encompassing all GNNs,
we focus on a subset of GNNs known for their relatively
high transparency, namely unfolded GNNs (UGNNs) (Yang
et al. 2021; Ma et al. 2021; Zhu et al. 2021). It is important
to highlight that our focus on UGNNs encompasses a broad
spectrum of models, including several widely adopted GNN
architectures such as the approximate personalized propaga-
tion of neural predictions (APPNP) model (Gasteiger, Bo-
jchevski, and Giinnemann 2019), the Generalized PageRank
GNN (GPRGNN) model (Chien et al. 2021), and the elastic
GNN (ElasticGNN) model (Liu et al. 2021). Unlike conven-
tional GNNs, UGNNS are rigorously derived from iterative
optimization algorithms for solving optimization problems.
Thus, the training of a UGNN can be represented as solving
a bi-level optimization problem (Zheng et al. 2024), where
the optimal solution of a lower-level problem serves as in-
put features for an upper-level loss minimization problem.
Benefiting from the transparent nature of UGNNs, we can
integrate desired inductive biases into the model by modi-
fying the lower-level problem associated with UGNNs. We
can also better understand the behavior of UGNNs by ana-
lyzing their corresponding bi-level optimization problems.

In this study, we first perform empirical investigations to
understand how UGNNs perform when transferring from the
source to the target domain. We begin our analyses with a
simple UGNN model: APPNP (Gasteiger, Bojchevski, and
Giinnemann 2019), whose lower-level objective corresponds
to graph signal denoising (GSD) (Ma et al. 2021; Zhu et al.
2021). We empirically evaluate how the lower-level objec-
tive for APPNP changes when transferring from the source
domain to the target domain and observe that the GSD ob-
jective value in the target domain is significantly larger than
in the source domain. This interesting observation suggests
that the increase in the lower-level objective may be re-
lated to the increase in the upper-level objective, i.e., the
loss function. To better understand how general UGNN’s be-
have when transferring from the source domain to the tar-
get domain, we theoretically analyze how the two objec-
tives in bi-level optimization change for general UGNNSs.
Based on our empirical and theoretical analyses, we pro-
pose a simple yet effective strategy called Cascaded Prop-
agation (CP) to enhance the DG ability of UGNNSs. Specifi-
cally, CP involves reinjecting the output of the lower-level
problem back as its input. By applying the CP strategy,
the lower-level objective is provably decreased, which po-
tentially leads to a reduction in the upper-level loss func-
tion as well. We then showcase how the proposed strat-
egy works with three representative UGNN architectures,
namely APPNP (Gasteiger, Bojchevski, and Giinnemann
2019), GPRGNN (Chien et al. 2021), and ElasticGNN (Liu
et al. 2021). It is worth highlighting that since the proposed
CP strategy enhances UGNNS at the architectural level, node
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distribution aligning-based methods can be employed to-
gether to further improve the effectiveness in tackling GDA
tasks. Our contributions can be summarized as follows:

* We investigate both empirically and theoretically how
the values of the upper- and lower-level objectives in
bi-level optimization, associated with UGNNs, change
when transferring from the source to the target domain.
The results indicate that there is a significant increase in
lower-level objectives when GDA is performed between
the training and testing processes.

Based on our empirical and theoretical analyses, we
propose a simple yet effective method called Cascaded
Propagation (CP). It builds upon theory-guided DG en-
hancement for UGNNs and is guaranteed to decrease the
lower-level objective value.

We integrate three UGNNs with the proposed CP and
evaluate their performance on GDA tasks. Experiments
on 8 real-world node classification GDA tasks demon-
strate the effectiveness of the proposed strategy, provid-
ing substantial and consistent performance improvement
across various UGNN architectures and datasets.

Preliminaries and Background

Notations. We use G = (V,€) to denote an unweighted
graph with V and £ being the node and edge sets. The adja-
cency matrix is given by A € RY*N, We denote by 1 and
I the all-one column vector and the identity matrix, respec-
tively. Given D = Diag (A1) € RY*¥ as the diagonal de-
gree matrix, the Laplacian matrix is definedas L = D — A.
We denote by Agym = D 3AD"? the symmetric normal-
ized adjacency matrix. Subsequently, the symmetric normal-
ized Laplacian matrix is defined as Lgy, = I-D~ 3AD 3.
In GNNs, the symmetric normalized adjacency matrix and
Laplacian matrix are commonly used. Thus, in the follow-
ing, we will use A and L to represent their normalized coun-
terparts for simplicity. X € RV*M is a node feature matrix
or a graph signal matrix, with M being the dimension of the
node feature. Y € RV*® is a label matrix for node classifi-
cation tasks with C being the number of classes.

Graph Domain Adaptation

Unsupervised GDA (UGDA) aims to transfer the knowl-
edge learned from a labeled source domain to an unla-
beled target domain with potential domain gaps (Shi et al.
2024). We denote the source and target graph domains as
Gs = {V5, &5, X, Y*} and G' = {V!, €, X!, Y}, where
Y*# and Y! represent the labels. Note that in the setting
of GDA, Y is unavailable during training. Typically, the
source and target domains share the same task and node fea-
ture space. Examples include citation networks from differ-
ent periods (Zhang et al. 2021), social networks from differ-
ent platforms (Wang et al. 2023a), and proteins from various
species (You et al. 2023). However, distribution shifts may
still occur in the generated node embeddings and the topo-
logical attributes (Guo et al. 2023; You et al. 2023; Shi et al.
2023). The objective of GDA is to train a model using infor-



mation from the source graph G, along with Vt, £f, X!, to
accurately predict the labels in the target domain Y.

Most existing UGDA methods focus on minimizing do-
main discrepancy in the node representation space (Shi et al.
2024). For example, (Shen et al. 2021) and (Wu, He, and
Ainsworth 2023) train the model to learn domain-invariant
representations by minimizing pre-defined domain discrep-
ancy metrics such as maximum mean discrepancy (MMD)
(Gretton et al. 2012) and graph subtree discrepancy (Wu,
He, and Ainsworth 2023). Besides explicitly minimizing do-
main discrepancies, some approaches use adversarial train-
ing techniques that employ a domain classifier to predict the
domain from which the representation is generated (Wu and
Pan 2020; Shen et al. 2020; Dai et al. 2022). However, the
influence of the GNN architecture on GDA has been sig-
nificantly underexplored. Recently, efforts have been made
to investigate the impact of different components in mes-
sage passing GNNs on DG (Guo et al. 2024) and DA capa-
bilities (Liu et al. 2024). However, these studies have pri-
marily focused on developing specific GNN architectures.
A broadly applicable enhancement that can be integrated
across a wider range of GNNs remains lacking.

Unfolded Graph Neural Networks

In recent years, research has shown that the message passing
layers in various GNNs could often be understood as gradi-
ent steps for solving specific optimization problems (Yang
et al. 2021; Ma et al. 2021; Zhu et al. 2021; Zhang and
Zhao 2022). This interpretation applies to several models,
such as GCN (Kipf and Welling 2017), APPNP (Gasteiger,
Bojchevski, and Giinnemann 2019), and GPRGNN (Chien
et al. 2021), among others. For example, in the APPNP
model (Gasteiger, Bojchevski, and Giinnemann 2019), the
message passing scheme can be described as follows:

H® = X = MLP(X),

HD = (1 —a) AH® 4 oX, fork=0,...,K — 1,
)]

where H(*) represents the learned feature after the k-th layer
and « is the teleport probability. From an optimization per-
spective, the process defined in Eq. (1) can be seen as ex-
ecuting K steps of gradient descent to solve the following
problem with initialization H(®) = X and step size 0.5 (Zhu
et al. 2021; Ma et al. 2021; Zhang and Zhao 2022):

minimize o [H = X[z + (1 - o) Te(H'LH), ()
where X and « share the same meaning as in Eq. (1). Prob-
lem (2) carries the meaning of GSD, where the first term is
a fidelity term representing the distance between the recov-
ered graph signal H and the noisy graph signal X, and the
second term is the Laplacian smoothing term measuring the
variation of the recovered graph signal H.

Based on the optimization interpretation of UGNN:S, their
training process can be further represented as bi-level opti-
mization (Zhang and Zhao 2022; Zheng et al. 2024):

@min fup (Y)pPOS(X? ®p05))
pres ~p - N (3)
s.t. X e arg mI-iIn flow (Hv L?pPTe(X’ epre)) ’
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where f; is the upper-level loss function, fio, is the lower-
level objective that induces the UGNN, and py,,s and pj,e
are the pre-processing and post-processing functions with
parameters @ and O, respectively. In the bi-level op-
timization problem (3), the optimal solution of the lower-
level problem X € RY*M’ serves as input features to the
upper-level objective with M’ being the dimension of the
node embedding. These optimal features depend on learn-
able parameters of the lower-level problem in such a way
that the entire bi-level pipeline can be trained end-to-end.

Example 1 (Node classification with APPNP). In an illus-
trative example, we use APPNP to solve a node classifica-
tion problem. The objective is to train an APPNP model on a
graph G = {V, &, X,Y} to predict Y based on {V, &, X}
In this scenario, we can choose f,;, as the cross-entropy loss
Sfunction, ppos as the softmax function, fiow as the GSD ob-
Jective in Problem (2), and pyre as a multi-layer perceptron.

Based on the optimization perspective of GNNs, a new
design philosophy of GNNs has emerged, namely the
UGNN:Ss. Unlike conventional GNNs that are often designed
using heuristics, the forward layers of UGNNs are rigor-
ously derived from the optimization steps for specific lower-
level problems f;ow. The transparent nature of UGNNSs al-
lows us to develop GNNs in a more interpretable and con-
trollable way. The presence of an explicit optimization prob-
lem allows us to incorporate the desired inductive bias into
UGNN:Ss, for example, promoting the fairness of the model
(Jiang et al. 2024), handling heterophily and heterogeneous
graphs Ahn et al. (2022); Fu, Zhao, and Bian (2022), and
addressing potential attacks or noise in the node features or
graph structure (Liu et al. 2021; Zhang et al. 2022; Feng
et al. 2023), etc. Furthermore, analyzing the obtained node
embeddings based on their role in the f,,, also gives us more
explanatory details of the model (Zheng et al. 2024).

Proposed Methodology
Design Motivation

Through the lens of bi-level optimization, UGNNs in-
herently solve certain lower-level problems specified by

Siow (H,L,ppre(f(7 ®pre))~ Since H and ®p,, are param-

eters of the lower-level problem, the lower-level objective
fiow 1s specified by L and X. Thus, if there is a distribution
shift, i.e., transferring the model from the source domain to
the target domain, the lower-level objective will change.

To investigate how fj,,, changes during GDA, we design
semi-supervised node classification experiments on two so-
cial networks, i.e., Twitch gamer networks collected in Ger-
many (DE) and England (EN) (Rozemberczki, Allen, and
Sarkar 2021). The experiments are performed with APPNP,
whose corresponding fio, is defined as in Eq. (2) and car-
ries the meaning of GSD. We examine how the value of
fiow changes in different domains. Specifically, we train an
APPNP model on the source graph domain and then evalu-
ate its corresponding fi,, value on both the source domain
and the target domains. We report the average performance
over 10 times in Table 1, where we use the min-max normal-
ization to rescale the results to [0, 1].



DE - DE EN—DE EN—EN DE— EN
0.1308 0.7687 0.3129 0.6812

Source — Target
GSD objective

Table 1: GSD objective value corresponding to APPNP

From the results, we observe that the GSD objective value
fiow evaluated on the domain transfer setting, i.e., EN —
DE and DE — EN are much larger than fi,, evaluated on
the in-domain setting, i.e, DE — DE and EN — EN. Intu-
itively, as we transfer from the source to the target domain,
the lower-level objective changes. Thus, the model trained
in the source domain cannot approximate the solution of the
lower-level problem specified by the target domain G* well,
resulting in a large GSD objective value in the target domain.
We then naturally ask a question: Can we develop a strategy
to maintain the level of noise of UGNNs measured by fiow
while transferring across domains?

Domain Adaptive Unfolded Graph Neural
Networks

In this subsection, we analyze how f,,, and fio, change dur-
ing GDA, from the perspective of bi-level optimization. We
focus on UGNNSs, whose training process can be represented
as in Eq. 3. In the source domain, given L*, X®, and Y*, the
UGNN model after training will have parameters

@S @S

pre’ 7 pos

carg min f,p (YS , Ppos (arg min
Opre,Opos H

4
fiow (H L®, pre (X7, @me)) , @pos)).

Similarly, we define an oracle model that is trained directly
in the target domain G* as

O}, Or, carg miél Jup (Yt,ppos (arg ngn
pre sy P pos ) (5)
fiow (L L, e (X, Opre) ) . ©pes ) ).
Then the goal of GDA becomes approximating ©; ., @7

with @;re', ©;0s- The ppos is normally chosen as parameter-
free functions, e.g., the softmax function as in Example 1, or
simple linear layers. To this account, we make the following

assumption.

Assumption 1. The parameters in pyos trained on the source
graph domain and target graph domain are the same, i.e.,
egos = G);os'

Note that when p,,os is chosen as parameter-free functions,
Assumption 1 always holds true. When p;,. is chosen as lin-
ear layers, the reasoning ability still mainly lies in the lower-
level problem part, indicating that Assumption 1 will not
affect the expressivity of the model largely. Thus, a model
under Assumption 1 should have similar performance com-
pared with a model without Assumption 1. We provide an
empirical validation of this aspect in Appendix.

Under Assumption 1, when we apply the UGNN model
trained in the source domain as defined in Eq. (4) to the tar-
get domain, we will obtain the following loss value:
Fup (Y, ros(@rg min fiow (HL L, ppe(X', O ) Opos) ).

pre

*
pos
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Compared to the loss function of the oracle model, the only
difference is the embedding matrix X obtained from the
lower-level problem. Thus, to make the loss value obtained
with the UGNN model trained in the source domain close to
the loss value obtained with the oracle model, we need the
embedding matrix obtained by the UGNN model trained in
source domain G, i.e.,

X7t € arg m&n Siow (H, Lt,ppre(Xt, )]

s
pre

) ©

close to the embedding matrix obtained by the oracle model,

ie.,
). @

However, since we do not have access to Y*, we cannot ob-
tain © .. In other words, we do not have access to X* dur-
ing the training stage. Thus, it is infeasible to directly make
X7t close to X*. To make the problem tractable, we in-

ow flow (Xs_”a Ltvppre(Xt7 © ))
close to f%, = fiow (X*, Lt,ppre(Xt, e )).However, the

pre
value of f, is still unavailable as it still relies on ©,. Ac-
cording to the empirical results in Section , the value of f%
is much smaller than the value of f5.* in practice. Moti-
vated by this observation, we suggest that simply reducing
the value of f* can make it closer to fi% .
To achieve such a goal, we propose a simple yet effective

strategy. Specifically, we propose to reset ppre(Xt, ©:,.) as

" pre
X ¢t and solve the lower-level problem again. By doing so,
we will obtain a new embedding matrix as follows:

X CP : t ys—t
X Eargnﬂnﬁow(H,L,X )

*
pre

X* € arg mI-iIn flow <H7Lt7ppre<xta O]

s
pre

stead try to make f;5 **

(®)

In particular, a UGNN generates the solution to Eq. (8) by
applying the message passing process with input node fea-
ture matrix X*~* and graph Laplacian matrix L?. In other
words, this amounts to feeding the output of the message
passing process in UGNN back to the model. Thus, we
name this strategy as cascaded propagation (CP). Moreover,
after CP, we will arrive at a new loss function value as
&, = fiow (X7, L X0).

Assumption 2. The lower-level objective function fio, can
be decomposed into three parts as

flow (H, vapre(X> ®pre)) = Z K(hmppre(f(va epre))
veY

+ Y &(hyhy)+ Y n(hy),

(u,v)€E veEV

where Kk represents the feature fidelity term, £ represents the
feature smoothing term, and 1 represents node-wise con-
straints. Moreover, pyre parameterized by © only appears
in function k, which satisfies

r(hy,hy) >0, and k(hy, hy) =0, Vhy,hy € RM'. (9)

For UGNN models satisfying Assumption 2, after the CP
process as defined in (8), the value of the lower-level objec-
tive fiow is guaranteed to decrease, which is formally illus-
trated in the following theorem. It is important to highlight



that the bi-level optimization problems associated with most
UGNNSs satisfy Assumption 2, which also covers a wide
spectrum of message-passing GNNs (Zheng et al. 2024).

Theorem 1. Under Assumption 2, when transferring from
the source domain to the target domain, the UGNNs with CP
always have a smaller or equivalent lower-level objective
value compared to their vanilla counterparts, i.e.,

f{;ﬁ, = flow (cha Ltv XS_M)
).

< fiow (X7, L ppre (X, ©

= fiow'
Remark 1. According to Theorem 1, repeatedly apply-
ing CP can further reduce the lower objective. How-
ever, UGNNSs experience performance degradation when the
number of layers is too high. As a result, with additional CP,
even though the gap in the performance after domain trans-
fer narrows, the absolute performance does not necessarily
improve.

s
pre

(10)

In the following, we elaborate in detail on how to integrate
CP into UGNNS. In particular, we employ CP with three rep-
resentative UGNNs, namely APPNP (Gasteiger, Bojchevski,
and Gilinnemann 2019), GPRGNN (Chien et al. 2021), and
ElasticGNN (Liu et al. 2021). The GPRGNN has the same
lower-level objective as APPNP but with a learnable and
layer-wise independent parameter . The ElasticNet is de-
signed from the following lower-level problem:

~ 1 ~ 2
flow (H»L7ppre(x7 ®pre>) = 5 HH - ppre<X7 ®Pfe) P

A
+ ?1Tr

(H'LH) + X [|AF]|,
(11

where A\; and A9 are two weighting parameters and A is the
incident matrix satisfying ATA = L.

Example 2 (APPNP with CP). The APPNP integrated with
CP, named APPNP ¢ p, features the following message pass-
ing scheme:

H® =X, H*Y = (1-a)AH® +aX,
fork=10,..., K —1,
HED = (1 — o) AH®) 4 oHUEO,

fork=K,... 2K,

(12)

with H?K) being the output.

Example 3 (GPRGNN with CP). The GPRGNN integrated
with CP, named GPRGNN¢p, has the following message
passing scheme:

K
HE) — ZV(k)Aan HEeK

K
) — Z’Y(k)AkH(K)» (13)
k=0 k=0

with H?K) being the output.

The message passing scheme of ElasticGNN integrated
with CP, named ElasticGNN¢p, is provided in Appendix.
As shown in Example 2 and Example 3, applying CP to
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APPNP and GPRGNN can also be interpreted as adding
residual connections using different sources. The CP strat-
egy is an architectural enhancement for UGNNS, indepen-
dent of information from the target domain, making it read-
ily applicable to graph DG. To further leverage the infor-
mation from the target domain G* = {V*, &', X'} in GDA
tasks, existing methods on aligning the distribution of node
representations between the source and target domains can
be used. In our experiments, we incorporate a classical align-
ment loss, specifically MMD (Gretton et al. 2012), into the
loss function with a trade-off parameter £. The additional
alignment loss helps to reduce domain discrepancies, facili-
tating the creation of domain-invariant representations.

The proposed CP strategy is compatible with UGNNSs that
can be represented in the form of Eq. (3). UGNNs can be
flexibly designed to address node-level (Yang et al. 2021;
Han et al. 2023; Xue et al. 2023), edge-level (Wang et al.
2023b), and graph-level (Chen et al. 2022) problems, al-
lowing the CP strategy to improve the DG capabilities of
UGNNSs across various downstream tasks. Furthermore, as
an architectural enhancement, CP can complement existing
UGDA methods that align node embedding distributions be-
tween the source and the target domains (Shi et al. 2024).

Experiments

In this section, we evaluate the effectiveness of the pro-
posed CP strategy for UGNN:S. First, we introduce the exper-
imental settings. Then, we assess the effectiveness of CP on
node classification GDA tasks using three UGNN models:
APPNP, GPRGNN, and ElasticGNN. Finally, we conduct
ablation studies to investigate the contributions of different
components in UGNNs with CP.

Experiment Settings

Datasets. We conduct experiments on three citation net-
works, namely ACMv9 (A), Citationvl (C), and DBLPv7
(D) (Zhang et al. 2021), and two social networks, namely
Germany (DE) and England (EN) (Rozemberczki and
Sarkar 2021). Details on datasets are provided in Appendix.

Baselines. We apply the proposed CP strategy to
three UGNNs, named APPNPcp, GPRGNNgp, and
ElasticGNN¢p. We use the MMD alignment loss to reduce
domain discrepancy. Note that the proposed CP method is
compatible with other alignment losses as well. To evalu-
ate the effectiveness of CP, we compared with several base-
lines, including node embedding methods: DeepWalk (Per-
ozzi, Al-Rfou, and Skiena 2014) and Node2vec (Grover
and Leskovec 2016); source only GNNs: GCN (Kipf and
Welling 2017), graph attention network (GAT) (Velickovié
et al. 2018), and graph isomorphism network (GIN) (Xu
et al. 2019), which are only trained on the source graph with-
out any DA techniques; and GDA methods: unsupervised
domain adaptive GCNs (UDAGCN) (Wu et al. 2020), ad-
versarial cross-network deep network embedding (ACDNE)
(Shen et al. 2020), adversarial separation network (ASN)
(Zhang et al. 2021), adversarial domain adaptation with
GCN (AdaGCN) (Dai et al. 2022), generic graph adaptive
network (GRADE) (Wu, He, and Ainsworth 2023), GNN



D—A C—A A—D C—D A—=C D—C
Ma-F1 Mi-FI Ma-FI Mi-F1 Ma-Fl Mi-Fl Ma-Fl Mi-Fl Ma-Fl Mi-Fl Ma-Fl Mi-Fl
DeepWalk 19.83  26.23 1933 2194 19.87 2594 17.51 2257 17.72 21.05 2276 29.46
Node2vec 22.05 28.61 1799 2176 1950 2454 2498 2895 2584 29.89 1622 21.16
GCN 5942 6335 7039 7058 6529 69.05 71.37 7453 7478 7738 69.79  74.17
GAT 4395 5293 42.14 5037 4136 53.80 4525 5585 43.64 57.13 50.04 5552
GIN 56.50 5898 5948 6046 5049 59.10 6348 66.27 6249  68.61 63.21 69.25
UDAGCN 5589 58.16 6722 66.80 6483 6695 6946 71.77 6033 7215 61.12 73.28
ACDNE 72,64 7129 7479 7359 73,59 7624 7574 7721 80.09 81.75 78.83 80.14
ASN 7149 70.15 73.17 7274 7140 7380 7398 7636 77.81 80.64  75.17 78.23
AdaGCN 6947 69.67 70.77 T71.67 7139 7504 7234 7559 7651 7932 7422 7820
GRADE 5935 63.72 69.34 69.55 63.03 68.22 70.02 7395 7252 76.04 6932 7432
SpecReg 7234 71.01  73.15 72.04 7398 7593 73.64 7574 7883 80.55 7778 79.04
A2GNN 75.00 73.69 7653 7519 7028 75.83 73.12 7582 7877 8153 7631 80.30
APPNPcp 73.28 7330 75.11 7448 7571  77.80 7591 7777 81.06 82.82 7829 80.53
GPRGNN¢p 7478 7450 7552 7471  75.15 7742 75.04 7755 8095 8283 7939 81.02
ElasticGNNgop  75.74 74.66  76.72 75770 7549 7738 75.78 77.64 81.16 8256 7844 80.09
Table 2: Unsupervised GDA performance on citation networks.
with spectral regularization (SpecReg) (You et al. 2023), and DE — EN EN — DE
asymmetric adaptive GNN (A2GNN) (Liu et al. 2024). It is Ma-F1 Mi-F1 Ma-F1 Mi-F1
worth noting that our method enhances the models from an
architectural perspective, which is perpendicular to most ex- DeepWalk 46.54 5218 4997 55.08
isting GDA methods. Thus, they can be applied in combina- Node2vec 46.96  52.64  50.10  54.61
tion to further enhance performance. GCN 5455 5477  51.04  62.03
Implementation Details. We follow the experiment set- GAT 49.50 5484 40.08  43.65
ting introduced in (Wu and Pan 2020; Shen et al. 2020) and GIN 49.91 52.39 4426  55.26
applied as well in (Liu et al. 2024). We use 80% of labeled UDAGCN  58.19 59.74 5635  58.69
nodes in the source domain for training, 20% of the labeled ACDNE 5631 58.08 5792  58.79
nodes in the source domain for validation, and all the nodes ASN 51.21 5545 4590 60.45
in the unlabeled target domain for testing. All the experi- AdaGCN 3530 5456  31.18 40.22
ments are conducted on a Tesla V100 GPU. The node repre- GRADE 56.38 5640 56.83 61.18
sentation dimension is set to 128, and the number of layers is SpecReg 5030 5643 46.13  61.45
set to 8. We use the Adam optimizer (Kingma and Ba 2015). A2GNN 56.57 5726 6032 62.44
We apply grid search for the learning rate and the weight de-
. APPNPcp 5598 56.74 6048  62.76
cay parameter in the range of {le-4, Se-4,1e-3, 5e-3}. The GPRGNNw: 5177 5612 5930 6148
. . P . . . .
trade-off parameter £ for the MMD loss is searched in the ElasticNetep  57.69 59.87 6139  63.08

range of {1,2,3,4,5}. For APPNP and GPRGNN, there is
an additional teleport parameter o which is searched in the
range of {0.1, 0.2, 0.5}. For ElasticGNN, there are two addi-
tional parameters A; and Ay which are searched in the range
of {3,6,9}. The experiments are conducted five times using
different seeds, and we report the average performance in
terms of Macro-F1 (Ma-F1) and Micro-F1 (Mi-F1) scores.
The Macro-F1 score represents the unweighted average of
the F1 scores for each class, treating all classes equally re-
gardless of their sizes. In contrast, the Micro-F1 score is the
weighted average of the F1 scores for each class, where the
weights correspond to the proportion of instances of each
class in the dataset.

Graph Domain Adaptation

We evaluate the GDA performance of UGNNs with CP and
compare them with other baselines. We conduct six GDA
tasks with citation networks, including A — C, A — D, C
— A, C—= D, D — A, D — C. The results on these ci-
tation networks are presented in Table 2. The best result is
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Table 3: Unsupervised GDA on social networks.

highlighted in red and the second best result is highlighted
in blue. The standard deviations of the results are presented
in the Appendix. As shown in Table 2, UGNNs with CP
achieve the best results on all GDA tasks. On average, com-
pared with the best result of the baselines on each GDA
task, UGNNs with CP provide a 0.74% improvement in the
Macro-F1 score and a 0.92% improvement in the Micro-F1
score. Individually, each UGNN with CP also outperforms
the best baseline on average. Specifically, compared with
the baseline that achieves the best average result, APPNP~p
provides a 0.62% improvement in the Macro-F1 score and
a 0.72% improvement in the Micro-F1 score; GPRGNN¢ p
provides a 0.86% improvement in the Macro-F1 score and a
0.94% improvement in the Micro-F1 score; ElasticGNN¢ p
provides a 1.34% improvement in the Macro-F1 score and a



Method D—A C—A A—D C—D A—C D—~C
Ma-F1 Mi-F1 Ma-F1 Mi-Fl Ma-FlI Mi-Fl1 Ma-Fl Mi-Fl Ma-Fl MiFl Ma-Fl Mi-Fl
APPNP 6346 67.92 7215 7254 6391 6847 7420 76777 7630 79.05 71.87 75.38
+MMD 7220 7207 7396 7392 7392 7690 75.41 77.53 80.36 82.19 76.61 78.68
+CP 73.28 7330 75.11 7448 7571 77.80 7591 77.77 81.06 82.82 7829 80.53
GPRGNN 61.44 68.58 7352 7347 63.08 6743 73.63 7693 77.71 80.57 73.10 77.21
+MMD  70.92 7227 7489 7414 7430 76.64 74.18 77.26 80.14 82.69 77.80 79.95
+CP 7478 7450 7552 7471 75.15 7742 7504 7755 8095 82.83 79.39 81.02
ElasticGNN  65.51 68.82 71.83 72.05 6294 6622 7210 7431 7533 77775 7422 7697
+MMD 7449 73,55 73.16 72.63 73.84 7580 74.72 76.29 80.30 81.57 77.54 79.10
+CP 7574 74.66 76.72 75.70 75.49 7738 75778 77.64 81.16 8256 78.44 80.09

Table 4: Performance contribution of MMD and CP for UGNNSs.

0.94% improvement in the Micro-F1 score.

We also draw similar conclusions regarding social net-
works. Specifically, we conduct two GDA tasks with social
networks: DE — EN and EN — DE. The node classifica-
tion performance under GDA is presented in Table 3. On
average, compared with the best result of the baselines on
each GDA task, ElasticGNN¢ p provides a 0.28% improve-
ment in the Macro-F1 score and a 0.38% improvement in the
Micro-F1 score. Notably, although UDAGCN performs well
on the DE — EN task, ElasticGNN¢ p significantly outper-
forms it on the EN — DE task. Specifically, ElasticGNN¢p
outperforms UDAGCN on the EN — DE task by 5.04% in
the Macro-F1 score and by 4.39% in the Micro-F1 score. In
conclusion, UGNNs with CP can achieve better or compara-
ble results compared with state-of-the-art GDA methods.

Ablation Study

In this section, we conduct ablation studies to investigate
the role of different components in UGNNs with CP. We
provide results for APPNP, GPRGNN, and ElasticGNN in
Table 4. We evaluate the performance of vanilla UGNNS,
UGNNs with MMD (denoted as +MMD), and UGNNSs with
CP and MMD (denoted as +CP). The results demonstrate
that vanilla UGNNs do not perform well on the target do-
main. By incorporating the MMD alignment loss, the per-
formance of UGNNSs significantly improves, indicating the
importance of reducing domain discrepancy. Finally, the re-
sults of UGNNs with CP demonstrate that the CP strategy
can further improve model performance.

In UGNNSs with CP, we apply MMD as an additional loss,
controlled by the trade-off parameter &. In the following, we
investigate the influence of ¢ on the performance of UGNNs
with CP. Specifically, we use the ElasticGNN¢ p as an exam-
ple, as it performs the best in GDA according to the results
in Table 2 and Table 3. We conduct experiments on the GDA
task A — C, varying the trade-off parameter £ from O to 5.
The result is visualized in Figure 1. The results show that
when £ = 0, the model does not perform well, highlight-
ing the importance of minimizing domain discrepancy. The
model with MMD consistently outperforms the model with-
out MMD for £ in the range of [1,5]. Ablation study results
on other tasks are provided in Appendix.
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Figure 1: The influence of £ on A — C task.

Conclusion

In this paper, we reveal through empirical and theoretical
analyses that the lower-level objective function value associ-
ated with UGNNS significantly increases when transferring
from the source domain to the target domain. To address
this, we propose a simple yet effective cascaded propaga-
tion strategy to enhance the domain generalization ability
of UGNNSs, which is provably effective in decreasing the
lower-level objective function value in the target domain.
Experiments on five real-world datasets demonstrate the ef-
fectiveness of the cascaded propagation method.

The CP strategy is an architectural enhancement, and
hence it can be used simultaneously with node representa-
tion distribution alignment methods. The MMD alignment
loss used in the experiments does not consider the spe-
cific characteristics of graph-structured data. In future work,
alignment methods designed especially for graph-structure
data can potentially improve performance. Moreover, cur-
rently, the architectural enhancement (i.e., the proposed CP)
and the alignment method (i.e., MMD) are developed inde-
pendently; a more holistic design may lead to further perfor-
mance improvement.
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