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Abstract

Aiming to overcome distribution shift and label sparsity
that hinder cross-domain generalization of Graph Neural
Networks (GNNs), Unsupervised Graph Domain Adaptation
(UGDA) transfers knowledge from a label-rich source to an
unlabeled target graph. Yet in practice, strict privacy pro-
tocols often withhold the source graph, reducing UGDA to
the more constrained Source-Free UGDA (SFUGDA) where
only a pre-trained source GNN remains. In this setting, the
source GNN serves as a simple, task-specific graph foun-
dation model. Despite recent progress, existing source-free
UGDA methods remain hampered by source-knowledge ab-
sence: deprived of source graphs, they lose the reference
distribution needed to gauge domain shift and must lean
on noisy target cues, incurring biased adaptation and catas-
trophic forgetting. To overcome this drawback, this pa-
per devises Source-Free Graph foundation model Adapta-
tion via pseudo-source Reconstruction (SFGAR), a two-
stage SFUGDA framework that first generates pseudo-source
graphs to recover the source distribution encoded in a frozen
pre-trained GNN, then adversarially aligns these synthetic
graphs with the unlabeled target. Theoretical analysis shows
that this proxy alignment tightly bounds the target-domain
generalization error. Extensive experiments on public bench-
marks validate the state-of-the-art performance of SFGAR.

Introduction
Due to their effectiveness and efficiency, Graph Neural Net-
works (GNNs) have become powerful tools not only for
graph tasks (node-, edge-, and graph-level)(Huang et al.
2023; Zhao et al. 2023; Sun et al. 2024; Wang et al. 2022;
Gong et al. 2023; Huang et al. 2024; He et al. 2025; Miao
et al. 2024; Zhuo et al. 2023; Chen et al. 2024, 2025; Chen,
Wang, and He 2025; Huang et al. 2025; Wang et al. 2025b;
Yu et al. 2022; Fu et al. 2023; Li et al. 2025b) but also across
application domains including computer (Wang et al. 2024a;
Zhuo et al. 2024), natural language processing (Nickel et al.
2015), vision recommendation system (Li et al. 2025a) and
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Figure 1: Overview of SFGAR. Stage 1 (graph knowledge
transfer) uses a frozen Pretrained Extractor to drive Topol-
ogy Attribute MLPs that construct a pseudo-source graph
from the Gaussian noise N (0, I). Stage 2 (model adaption)
feeds the pseudo-source and unlabeled target graphs to the
extractor to produce the final adapted model.

bioinformatics (Wang et al. 2024b,c; Shen et al. 2024). De-
spite their impressive success, GNNs still rely on access to
large-scale labeled graphs to deliver performance gains. Yet
annotating graph-structured data demands intensive manual
effort and deep domain expertise, making such resources
scarce (Wang et al. 2024b; Yang et al. 2025).

To mitigate this challenge, Unsupervised Graph Domain
Adaptation (UGDA) transfers knowledge from a labeled
source graph (domain) to an unlabeled target. Because
topology and attribute distributions often differ substan-
tially across domains, trained source GNNs typically suf-
fer notable accuracy drops when directly applied to the tar-
get graph. Previous work seeks domain-invariant represen-
tations along two main lines: (1) minimization of discrep-
ancy between source and target representations using ex-
plicit metrics such as MMD (Long et al. 2015) and (2) ad-
versarial learning that achieves implicit alignment through a
domain discriminator (Dai et al. 2022; Wu et al. 2020a; Shen
et al. 2025).

While prior work delivers strong results, it hinges on di-
rect access to raw source graphs—an assumption at odds
with data privacy, security, and intellectual-property con-
straints. In response to these constraints, this paper focuses
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on the more practical, privacy-preserving setting of Source-
Free UGDA (SFUGDA), where only a well-trained source
GNN and an unlabeled target graph are available for adap-
tation. Viewed as a capability aligned with Graph Foun-
dation Models (pretrain once, adapt broadly under domain
shift)(Sun et al. 2025a,b), SFUGDA seeks to alleviate the
generalization gap when source data are unavailable. Exist-
ing SFUGDA approaches include SOGA (Mao et al. 2024)
which maximizes mutual information with local structure
preservation, and GraphCTA (Zhang et al. 2024) which al-
ternates pseudo-labeling with global–local contrastive learn-
ing and target-graph refinement.

Unfortunately, they tend to suffer from source-knowledge
absence. On the one hand, without source graph data, both
methods lose the reference distribution needed to measure
the domain gap, so they can only rely on noisy target-side
cues, namely, the structure-consistency loss in SOGA and
the pseudo-label loop in GraphCTA. This led to biased adap-
tation signals and unstable pseudo labels. On the other hand,
lacking any source-side regularization, the continual unsu-
pervised updates overwrite the source model’s original de-
cision boundaries, causing catastrophic forgetting and poor
source-domain reuse. Thus, while both frameworks adapt
the model to the target graph, their blind spots to source
knowledge limit their generalizability across domains.

To overcome this limitation, this paper devises SFGAR,
a Source-Free Graph foundation model Adaptation frame-
work via pseudo-source Reconstruction. SFGAR is a two-
stage SFUGDA framework composed of Graph Knowledge
Transfer (GKT) and Model Adaptation (MA). In GKT, a
graph generator guided by the frozen pretrained source GNN
synthesizes pseudo-source graphs that recover the source
distribution implicitly encoded in the source model. In MA,
the target model is trained on both the synthetic graphs and
the unlabeled target graph with an adversarial alignment
objective, ensuring domain-invariant representations consis-
tent with graph foundation goals. In theory, aligning the
pseudo-source with the target effectively approximates the
desired alignment between the original source and target,
thereby bounding the target-domain generalization error.

Our contributions are threefold:

• We identify a key limitation in existing Source-Free Un-
supervised Graph Domain Adaptation (SFUGDA): lack
of source-side knowledge.

• We propose SFGAR, a SFUGDA framework that synthe-
sizes a pseudo-source to approximate the source distribu-
tion and enable adaptation to an unlabeled target domain.

• We evaluate SFGAR on multiple real-world graph bench-
marks, showing consistent gains over strong baselines.

Related Work
Domain Adaptation
Traditional Domain Adaptation aims to reduce domain dis-
crepancies by aligning intermediate feature representations.
These techniques generally fall into two major categories:
methods that minimize pre-defined probability discrepancy
metrics (Long et al. 2015; Wang 2025; Wang et al. 2025a)

and those that employ adversarial training techniques (Ganin
et al. 2016). Despite the promising performance achieved by
these approaches, they are not well-suited for non-Euclidean
structured data such as graph. Recently, several approaches
have been proposed to address the unique challenges of
UGDA. Particularly, UDAGCN (Wu et al. 2020b), AdaGCN
(Dai et al. 2022) and ACDNE (Shen et al. 2020) inte-
grate graph convolution with adversarial training for graph
transfer learning, where the difference lies at how to gen-
erate effective node representations. DMGNN (Shen et al.
2023a) utilizes a encoder equipped with dual feature ex-
tractors to distinguish between ego-embedding learning and
neighbor-embedding learning. DGASN (Shen et al. 2023b)
leverages a Graph Attention Network (GAT) to jointly learn
node and edge representations, while incorporating adver-
sarial domain adaptation to align the source and target dis-
tributions. GRADE (Wu, He, and Ainsworth 2023) pro-
poses graph subtree discrepancy as a novel metric to quan-
tify the distributional shift between source and target do-
main. SpecReg (You et al. 2023) designs spectral regulariza-
tion for theory-grounded graph domain adaptation. A2GNN
(Liu et al. 2024) further explores the intrinsic generalization
ability of Graph Neural Network (GNN) and identifies the
propagation mechanism as a key contributing factor. Unfor-
tunately, prior methods require labeled source supervision,
making them unsuitable for source-free adaptation where
source data access is restricted by privacy concerns.

Source-Free Domain Adaptation
Source-free unsupervised domain adaptation has gained
prominence in computer vision as a practical research direc-
tion, yielding numerous effective approaches. SHOT (Liang,
Hu, and Feng 2020) and its enhanced variant, SHOT++
(Liang et al. 2021), filter high-confidence pseudo-labels and
leverage an information maximization strategy to reduce
prediction uncertainty in the target domain. BNM (Cui et al.
2020) introduces the batch nuclear-norm maximization tech-
nique, which effectively enhances prediction discriminabil-
ity and diversity. ATDOC (Liang, Hu, and Feng 2021) intro-
duces an auxiliary classifier dedicated to target domain data
to alleviate classifier bias and enhance the quality of pseudo-
labels. NRC (Yang et al. 2021) adopts a neighborhood clus-
tering strategy, encouraging label consistency among sam-
ples with high local affinity, based on the key observation
that target domain data can still form well-defined clusters.
DAC (Zhang et al. 2022) divides target data into source-like
and target-specific samples based on the prediction confi-
dence of the source model. JMDS (Lee et al. 2022) differen-
tiates target domain samples by their confidence scores, en-
hancing the reliability of the generated pseudo-labels. How-
ever, the aforementioned methods designed for image data
are not suitable for complex graph data. There are a few
methods applicable to graph data. SOGA (Mao et al. 2024)
preserves the discriminative power of the source model
via information maximization while maintaining the consis-
tency of structural proximity on the target graph. GraphCTA
(Zhang et al. 2024) performs model adaptation and graph
adaptation in a collaborative manner to address the chal-
lenges of Source-Free Unsupervised Graph Domain Adap-
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tation (SFUGDA). Unlike them, the proposed SFGAR con-
structs an intermediate pseudo-source domain to approxi-
mate the source domain distribution, enabling the use of
standard domain adaptation techniques. This strategy elimi-
nates the inherent uncertainty of pseudo-labels and is further
backed by solid theoretical support.

Preliminaries
Notations. In the setting of source-free unsupervised graph
domain adaptation, a source-pretrained model and an unla-
beled target graph G(V, E) are given, where V and E are the
sets of nodes and edges. The node attribute matrix, denoted
by X ∈ RN×F , contains attribute vector xi for each node
vi, where N and F represent the number of nodes and the
dimension of node attribute, respectively. Adjacency matrix
of G is represented as A = [aij ] ∈ RN×N . aij = 1 holds
if there is an edge eij ∈ E connecting nodes vi and vj , and
aij = 0 otherwise. We further decompose the model into
two key components: the feature extractor fθ : RF → Rd

and the classifier hϕ : Rd → RC , where C is the number
of classes. The feature extractor fθ maps graph G into node
representation space and the classifier hϕ projects node rep-
resentations into prediction space. In this work, we consider
a C-class node classification task in a closed-set scenario,
where source and target share the same set of class labels.
Source-Free Unsupervised Graph Domain Adaptation.
Given a well-trained model on the source domain, which
is composed of a feature extractor fθ : RF → Rd and a
classifier hϕ : Rd → RC , the goal is to leverage the knowl-
edge embedded in the pretrained model to enable effective
domain adaptation on the unlabeled target domain in a fully
unsupervised setting, even without source data access.

Methodology
This section presents SFGAR, a novel two-stage source-free
framework with graph knowledge transfer (GKT) and model
adaptation (MA), as illustrated in Figure 1. This section first
details these two stages, then formalizes the training objec-
tive, and finally concludes with a theoretical analysis.

Source-free Graph Knowledge Transfer
In the source-free unsupervised graph domain adaptation
setting, source graphs are unavailable, but source-specific
priors remain in the pretrained model. Therefore, the pre-
trained source model is exploited to generate pseudo-source
graph that approximate the original source domain data
distribution, thereby enabling effective transfer of source
knowledge to the target model in the model adaptation stage.

To recover the graph data distribution of source domain, a
latent variable Z is randomly sampled from a standard Gaus-
sian distribution and fed into a generator. The generator then
synthesizes a pseudo-source graph based on the input Z. The
process can be formally expressed as follows

G(Ãs, X̃s) = g(Z), Z ∼ N (0, I), (1)

where Ãs denotes the adjacency matrix and X̃s represents
the attribute matrix of the pseudo-source graph, while g(·)

refers to the pseudo-source graph generator. Inspired by
Variational Graph Autoencoders (Kipf and Welling 2016)
and recent advances in graph generation methods (Si-
monovsky and Komodakis 2018; You et al. 2018), a sim-
ple yet effective generator is designed to recover the source
domain graph distribution. The generator consists of two in-
dependent multilayer perceptrons (MLPs): a Attribute MLP
and a Topology MLP, responsible for generating node at-
tribute and the graph structure, respectively.

Specifically, a latent variable Z ∼ N (0, I) is first sampled
from a standard Gaussian and transformed by two MLPs: the
Attribute MLP produces the pseudo-source attribute matrix,

X̃s = MLPattr(Z), (2)

while the Topology MLP outputs a latent representation Z′,
from which a probabilistic adjacency is computed as

M = sigmoid(Z′Z′⊤), Z′ = MLPtopo(Z), (3)

where sigmoid(·) is applied element-wise and Mij ∈ (0, 1)
denotes the probability of an edge between vi and vj .

Since the original source graph data are inaccessible in the
source-free scenario, the real number of nodes and edges is
unknown. Therefore, the number of nodes is set to N ′ and,
based on the probability matrix M, E′ edges with the high-
est probabilities are selected to generate the adjacency ma-
trix Ãs. The Experiments section thoroughly analyzes the
impact of node and edge sampling on performance.

Although the pseudo-source graph G(Ãs, X̃s) is gener-
ated using the aforementioned approach, a critical ques-
tion arises: How to ensure that the generated graph faith-
fully approximates the distribution of the source domain
in the absence of access to the original source data? Mo-
tivated by data-free knowledge distillation, a well-trained
source-domain extractor is freezed, an adaptive extractor
is initialized with the same parameters and remains train-
able throughout the knowledge transfer process. Both mod-
els share the same architecture and operate on pseudo-source
graph synthesized by a generator.

The pseudo-source graph synthesized by a generator is
first fed into both the frozen source extractor and the train-
able adaptive extractor, producing respective embeddings:

HSou = f∗(Ãs, X̃s), HAda = f(Ãs, X̃s), (4)

where f∗(·) is the frozen source extractor and f(·) is the
trainable adaptive extractor. To ensure consistency at the em-
bedding level, computation of mean and standard deviation
is performed on representations from both extractors, with
subsequent MSE loss application for alignment:

LMSE = ∥µ(HSou)− µ(HAda)∥2

+ ∥σ2(HSou)− σ2(HAda)∥2,
(5)

where µ(·) and σ(·) denote the mean and standard devia-
tion of node embeddings computed along the node dimen-
sion, respectively. This encourages the adaptive extractor
to mimic the distributional characteristics of the source-
domain embeddings, even without access to real source data.

To align the topological properties of the synthesized
pseudo-source graphs with those of the source domain, a
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Kullback–Leibler (KL) divergence term is introduced. Since
the source-domain extractor was trained on source graphs,
the distribution of its outputs reflects source-topology statis-
tics. Accordingly, the outputs on synthetic samples are en-
couraged to follow this distribution by minimizing:

LKL = DKL(p(HSou)||p(Z)). (6)

By minimizing this KL divergence, the graph generator
is regularized to synthesize adjacency matrices whose topo-
logical properties are statistically similar to those observed
in the source domain. This constraint improves the realism
of the pseudo-source graphs, which in turn enhances the ef-
fectiveness of both the knowledge transfer and downstream
model adaptation.

Through the above approach, the generator is encouraged
to synthesize pseudo-source graph data that approximate the
topological and representational properties of the original
source domain. To ensure that the adaptive extractor retains
the source-domain knowledge from the frozen source ex-
tractor and avoids catastrophic forgetting caused by distri-
bution shift during adaptation to the target domain, a do-
main discriminator with an adversarial learning mechanism
is incorporated. Specifically, the frozen source classifier is
required to correctly classify the representations produced
by the adaptive extractor, while the representations from the
source-domain and adaptive extractor are encouraged to be
indistinguishable to the domain discriminator. To achieve
this, we adopt a Gradient Reversal Layer (GRL) (Ganin et al.
2016) to facilitate adversarial training in a simple and effec-
tive manner. The formal definition is given as follows:

LKT = − 1

2N ′

2N ′∑
i=1

milog(m̂i)+(1−mi)log(1−m̂i), (7)

where mi ∈ {0, 1} denotes the binary domain label for
the source-pseudo-source domain representation, and m̂ de-
notes network prediction for the i-th representation.

In summary, the overall loss function for the source-free
graph knowledge transfer stage is defined as follows:

LGKT = LKT + αLKL + βLMSE, (8)

where α and β are the balance parameters.

Model Adaptation
In the previous section, the frozen source domain extrac-
tor and the generator are utilized to reconstruct source-like
data, obtaining pseudo-source G(Ãs, X̃s). Meanwhile, con-
sistency is enforced between the representations produced
by the adaptive extractor and those from the frozen source-
domain extractor. In the model adaptation stage, the adaptive
extractor is used as a shared feature encoder. Specifically, the
target domain data are directly fed into the adaptive extrac-
tor to obtain the corresponding representations. The detailed
process is illustrated as follows:

HTar = f(At,Xt), (9)

where At and Xt represent the adjacency matrix and the
node attribute matrix of the target domain graph, respec-
tively. In the previous section, the node representations
of the pseudo-source domain HAda have been acquired.
For simplicity, following conventional domain adaptation
paradigms that adopt an adversarial domain adaptation strat-
egy to align the representation distributions between the
pseudo-source and target domain. The detailed formulation
is as follows:

LDA =− 1

N ′ +N t

N ′+Nt∑
i=1

dilog(d̂i)

+ (1− di)log(1− d̂i),

(10)

where di ∈ {0, 1} stands for the binary domain label for
the pseudo-source-target domain representation, and d̂ de-
notes the domain prediction for the i-th representation in the
pseudo-source domain and target domain, respectively.

For the downstream task, following the approach pro-
posed in SHOT (Liang, Hu, and Feng 2020) and the frozen
source domain classifier hϕ is used as the classifier for the
target domain prediction.

Overall Objective Function
As illustrated in Figure 1, the proposed framework is com-
posed of two key stages: source-free graph knowledge trans-
fer and model adaptation. Based on these stages, the overall
objective function is formulated as follows:

L = LGKT + LDA. (11)

With the source GNN frozen, the generator and target model
are trained end to end by minimizing L.

Theoretical Analysis
This section presents a theoretical analysis of SFGAR,
grounded in established domain adaptation theory while in-
corporating the unique constraints of graph-structured data.
Based on the seminal work (Ben-David et al. 2010; Man-
sour, Mohri, and Rostamizadeh 2008), the expected target
error ϵPt(h) for hypothesis h ∈ H is considered. In standard
domain adaptation, this error is bounded by:

ϵPt
(h) ≤ ϵPs

(h) +D(Ps, Pt) + η, (12)

where D(Ps, Pt) denotes the domain discrepancy, and η rep-
resents a constant term.

In the SFUGDA setting, the source domain data are inac-
cessible and it is infeasible to directly minimize the distri-
bution discrepancy between the source domain and the tar-
get domain. Instead, an intermediate domain is constructed,
named pseudo-source domain. In our setting, a pseudo-
source domain Ppseudo approximates the source domain,
yielding

ϵPt
(h) ≤ ϵPpseudo

(h) +D(Ppseudo, Pt) + η1. (13)

Moreover, the classification error on the pseudo-source do-
main satisfies

ϵPpseudo
(h) ≤ ϵPs(h) +D(Ps, Ppseudo) + η2. (14)
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Combining gives

ϵPt
(h) ≤ ϵPs

(h) +D(Ps, Ppseudo)

+D(Ppseudo, Pt) + η̂.
(15)

where η̂ = η1 + η2 is defined constant term.
To reduce the distribution discrepancy between the source

and pseudo-source domains, KL divergence and MSE loss
terms are employed to minimize topological and attribute
distribution differences. Meanwhile, an adversarial training
strategy is adopted to align the representation spaces of the
two domains. During the model adaptation stage, we fol-
low previous works to further reduce the distribution gap
between the pseudo-source domain and the target domain
via adversarial training. By optimizing the overall objective
function, the distribution discrepancy in the target domain
can be effectively minimized. In summary, the proposed SF-
GAR enables principled generalization by jointly aligning
the source, pseudo-source, and target distributions, thereby
minimizing the target domain classification error in a theo-
retically grounded manner.

Experiments
Experimental Setup
Dataset. The proposed SFGAR is evaluated on two publicly
available datasets for the node classification task. The statis-
tics of these datasets are summarized in Table 1. Among
them, Elliptic is a temporal bitcoin transaction graph com-
prising a sequence of graph snapshots, where each edge de-
notes a payment transaction, and each node is labeled as
licit, illicit, or unknown. To simulate temporal domain shifts,
we follow the data split strategy proposed in GraphCTA
(Zhang et al. 2024) to ensure a fair and consistent evaluation.
Twitch consists of the Twitch gamer networks, which com-
prises six social networks collected from different regions
(Liu et al. 2024): Germany (DE), England (EN), Spain (ES),
France (FR), Portugal (PT), and Russia (RU). Nodes rep-
resent users and edges denote their friendship connections.
Each user is assigned a binary label that indicates whether
they use explicit language. We select the three largest re-
gional graphs, Germany (DE), England (EN), and France
(FR), to construct domain adaptation tasks.
Baselines. The baselines for comparison can be divided
into three categories. (1) No-adaptation methods, including
DeepWalk (Perozzi, Al-Rfou, and Skiena 2014), node2vec
(Grover and Leskovec 2016), GAE (Kipf and Welling 2016),
Vanilla GCN (Kipf and Welling 2017), GAT (Veličković
et al. 2018) and GIN (Xu et al. 2019). These models are
first trained on the source graph and then directly eval-
uated on the target graph without any adaptation opera-
tions. (2) Source-needed domain adaptation methods using
both source and target graphs for domain alignment, in-
cluding UDAGCN (Wu et al. 2020b), AdaGCN (Dai et al.
2022), ACDNE (Shen et al. 2020), GRADE (Wu, He, and
Ainsworth 2023), SpecReg (You et al. 2023) and A2GNN
(Liu et al. 2024). These methods aim to align graph distri-
butions through explicit or implicit alignment strategies, but
require access to source data during adaptation. (3) Source-
free domain adaptation approaches: SHOT (Liang, Hu, and

Types Dataset Features Edges Nodes Classes

Elliptic-S 58,097 71,732
Transaction Elliptic-M 34,333 38,171 165 3

Elliptic-E 46,647 53.491

Twitch-DE 9,498 153,138
Social Twitch-EN 7,126 35,324 3,170 2

Twitch-FR 6,549 112,666

Table 1: Statistics of datasets.

Feng 2020) and its extension SHOT++ (Liang et al. 2021),
BNM (Cui et al. 2020), ATDOC (Liang, Hu, and Feng
2021), NRC (Yang et al. 2021), DaC (Zhang et al. 2022) and
JMDS (Lee et al. 2022), GTRANS (Jin et al. 2023), SOGA
(Mao et al. 2024) and GraphCTA (Zhang et al. 2024). These
models are analyzed in detail in the Related Works.
Implementation details. For reproducibility, the detailed

settings of the experiments are described below. The experi-
ments are performed on Nvidia GeForce RTX 3090 (24GB)
GPU cards. In line with previous works (Zhang et al. 2024),
each source graph is randomly divided into 80% training,
10% validation, and 10% testing. The source GNN is first
trained on the training data under full supervision, and its
hyperparameters are tuned based on validation performance.

The test set of the source graph is used to ensure that the
pre-trained model is reliable before domain adaptation. The
final evaluation is conducted on the entire target graph to
assess generalization. The official source codes released by
the respective authors are employed, with the same GNN
backbone and identical number of layers maintained across
all methods. The dimension of node representations is uni-
formly set to 128 for a fair comparison. In all the experi-
ments, Adam is used as optimizer. All experimental results
are averaged over five runs with different random seeds [10,
20, 30, 40, 50], and the mean accuracy is used as the metric.
Hyperparameters. For hyperparameter settings, the learn-
ing rate and weight decay are tuned from { 0.1, 0.01, 0.001,
0.0001, 0.00001 }. The number of nodes N ′ and edges
E′ are selected from { 5000, 10000, 15000, 20000, 25000,
30000 }. α and β are selected from { 0.001, 0.01, 0.1 }. The
number of layers L is from { 1, 2, 3, 4, 5, 6 }.

Result Analysis
An extensive set of experiments is conducted to compare
the proposed SFGAR with state-of-the-art baselines on two
public benchmark datasets across nine source-free graph do-
main adaptation tasks. The overall results are summarized in
Table 2. As shown in Table 2, the proposed method SFGAR
outperforms all source-free approaches in the social network
dataset and achieves comparable performance on the tempo-
ral bitcoin transaction network. Furthermore, SFGAR per-
forms on par with source-needed approaches and even sur-
passes several source-needed methods in certain scenarios.
Although the no-adaptation methods, where models trained
on the source domain are directly evaluated on the target
domain, generally exhibit poor performance, a closer in-
spection reveals that certain source-needed and source-free
methods still perform worse than these simple baselines in
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Methods EN→ DE FR→ DE FR→ EN DE→ EN DE→ FR EN→ FR S→M S→E M→E
So

ur
ce

-N
ee

de
d UDAGCN 58.69±0.75 63.11±0.44 55.11±0.22 59.74±0.21 56.61±0.39 56.94±0.70 81.12±0.04 73.91±0.64 77.22±0.16

AdaGCN 51.31±0.68 42.15±0.21 47.04±0.12 54.69±0.50 37.62±0.51 40.45±0.24 77.49±1.07 76.02±0.54 73.57±2.03
ACDNE 58.79±0.73 55.14±0.43 54.50±0.45 58.08±0.97 54.01±0.30 57.15±0.61 86.27±1.23 80.66±1.11 81.37±1.20
GRADE 61.18±0.08 52.02±0.14 49.74±0.05 56.40±0.05 46.83±0.07 51.17±0.62 79.77±0.01 74.41±0.03 78.84±0.06
SpecReg 61.45±0.18 61.97±0.21 56.29±0.42 56.43±0.11 63.20±0.03 63.21±0.04 80.90±0.06 75.89±0.06 77.65±0.02
A2GNN 61.51±0.83 64.25±0.52 60.12±0.25 56.52±0.83 63.86±0.71 62.50±1.08 81.61±0.12 82.26±0.32 81.32±0.25

N
o-

A
da

pt
at

io
n DeepWalk 55.08±0.61 41.67±0.93 46.84±0.99 52.18±0.35 42.03±0.90 44.72±1.03 75.52±0.01 75.98±0.02 75.86±0.05

node2vec 54.61±1.53 41.42±0.83 46.83±0.54 52.64±0.62 41.42±0.99 44.14±0.89 75.53±0.01 76.00±0.01 75.92±0.06
GAE 54.57±0.49 44.49±1.31 48.06±0.81 58.33±0.46 42.25±0.87 40.89±1.09 80.54±0.43 72.55±0.52 76.60±1.11
GCN 52.02±0.17 45.37±1.46 47.32±0.33 54.77±0.73 54.17±0.70 42.45±0.97 80.93±0.19 73.53±1.93 78.10±0.41
GAT 43.65±0.37 43.76±0.74 45.52±0.13 54.84±0.37 39.63±0.16 53.28±0.78 79.59±0.61 65.64±0.33 74.91±1.31
GIN 55.26±0.75 55.67±0.75 54.18±0.09 52.39±0.31 44.48±0.84 58.39±0.23 75.70±0.57 73.11±0.11 74.90±0.17

So
ur

ce
-F

re
e

SHOT 58.95±0.40 61.26±0.26 56.40±0.11 56.94±0.27 50.94±0.07 52.62±0.79 80.63±0.11 75.23±0.33 76.20±0.21
SHOT++ 63.61±0.20 61.01±0.59 55.12±0.41 56.57±0.29 52.04±0.56 49.97±0.48 80.80±0.06 74.69±0.33 76.27±0.38
BNM 61.83±0.24 60.94±0.31 56.70±0.20 57.92±0.16 51.39±0.22 50.78±1.13 80.80±0.08 74.56±0.41 76.48±0.04
ATDOC 61.95±0.28 57.47±0.89 54.22±0.43 56.31±0.44 49.02±0.58 42.65±0.16 80.39±0.32 74.43±0.50 76.40±0.20
NRC 63.08±0.34 61.84±0.34 56.12±0.65 56.96±0.41 50.63±0.09 50.83±0.46 80.79±0.19 74.09±1.26 75.24±0.38
DaC 62.58±0.34 55.61±0.77 57.73±0.48 58.09±0.55 55.97±0.97 56.55±0.30 80.11±0.18 76.17±0.33 78.47±0.41
JMDS 61.48±0.08 62.12±0.14 52.35±0.32 56.67±0.20 48.72±0.08 46.93±0.26 82.92±0.25 76.29±0.36 79.69±0.31
GTRANS 62.00±0.17 62.06±0.23 56.54±0.06 56.35±0.15 61.30±0.17 60.80±0.26 81.93±0.29 75.66±0.46 78.97±0.10
SOGA 62.29±0.56 61.86±0.27 57.22±0.37 58.53±0.16 60.92±0.14 62.64±0.34 82.81±0.18 76.32±0.33 78.97±0.41
GraphCTA 63.05±0.25 62.83±0.14 58.14±0.13 59.85±0.16 62.55±0.56 63.18±0.33 85.52±0.88 79.47±0.35 81.23±0.61

SFGAR 64.52±0.35 64.07±0.20 59.15±0.16 59.99±0.17 63.76±0.50 63.60 ±0.12 83.52±0.30 80.18±0.43 81.61±0.35

Table 2: Node classification performance on social network and temporal bitcoin transaction network. The metric is mean
accuracy (%) and standard deviation.We use underline to highlight the best performance among source-needed methods, while
boldface is used to indicate the best performance among source-free approaches.

Figure 2: The comparison of learning curves of different
SFGDA methods on the EN→DE and FR→DE task.

some scenarios. For example, on the DE→FR task, both
AdaGCN and SHOT perform worse than the vanilla GCN,
indicating a case of negative transfer. This observation is
consistent with findings from prior studies. This negative
transfer phenomenon is more prevalent in source-free do-
main scenarios, primarily due to the inability to access la-
beled source domain data, resulting in a lack of proper su-
pervision signals.

To enable a more in-depth comparison between the
SFUGDA baselines and the proposed SFGAR, a detailed
stability evaluation is conducted. Figure 2 shows the curve of
the average accuracy over the training epochs, with shaded
areas indicating the standard deviation. As shown in Figure
2, SFGAR (green) achieves higher accuracy and greater sta-

FR→EN EN→DE

Methods Train/Epoch (ms) Mem. (MB) Train/Epoch (ms) Mem. (MB)

SOGA 34.11 308 34.02 182
GraphCTA 84.10 1632 142.34 2942

SFGAR 85.52 1948 86.41 1914

Table 3: Training time and GPU memory usage on the
FR→EN and EN→DE task. Best and runner-up models are
highlighted in bolded and underlined, respectively.

bility compared to GraphCTA (blue) and SOGA (orange).
In particular, SOGA exhibits significant fluctuations, mak-
ing it challenging to determine the optimal stopping point
during the training process.In addition, we conducted com-
parisons of running time and space consumption, as shown
in Table 3. Although SOGA exhibits lower GPU memory
usage and faster running time, it achieves the poorest ex-
perimental performance among the three methods. In con-
trast, SFGAR, despite having comparable time and space ef-
ficiency to GraphCTA in the FR→EN task, delivers the best
experimental results. Moreover, as the target domain dataset
size increases, the efficiency advantage of SFGAR becomes
more pronounced.

Hyperparameter Sensitivity Analysis
These experiments are performed to offer an intuitive un-
derstanding for selecting hyperparameters, including the
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(a) Hyperparameter α (b) Hyperparameter β (c) The number of nodes N ′ (d) The number of edges E′

Figure 3: Hyper-parameter sensitivity analysis.

Figure 4: The layer L. Figure 5: Ablation.

balance parameters α and β for topological and representa-
tional constraints, the number of nodes N ′ and edges E′ in
the pseudo-source graph, as well as the number of layers L.
Balance parameters α and β. As shown in Figures 3a and
3b, SFGAR performs best when α = 0.01 and β = 0.1.
This suggests that the distribution of representations plays a
more critical role than the structural distribution. However,
achieving optimal performance still relies on the joint effect
of both constraints, as further demonstrated in the ablation
study presented later.
The number of nodes N ′ and edges E′. Figures 3c and
3d show that SFGAR exhibits stable performance with re-
spect to the hyperparameters N ′ and E′, with variations re-
maining within 2%. This indicates that even with a relatively
small number of nodes and edges used for constructing the
pseudo-source graph, the model can still effectively main-
tain consistency with the source domain distribution. This
characteristic not only significantly reduces memory con-
sumption but also improves computational efficiency.
The number of layers L. We also examine the impact of
the number of layers on the experimental results, as shown
in Figure 4. We observe that the best results are achieved
across the three datasets when L = 1, and the overall per-
formance of the model shows a consistent declining trend as
the number of layers increases. This may be because as the
number of layers increases, node representations gradually
tend to become more similar, leading to the over-smoothing
phenomenon.

Ablation Study
An ablation study is conducted to further investigate the
impact on the performance of two key components in the
pseudo-source graph, i.e., topology information and at-
tribute information. The comparison results are presented
in Figure 5 where w/o Attribute Loss denotes the removal
of the attribute loss LMSE from Equation 8, and w/o Topol-

Architectures EN→DE FR→DE FR→EN

SFGARGCN 64.52±0.35 64.07±0.20 59.15±0.16
SFGARGAT 61.74±1.33 62.18±0.86 56.72±0.51
SFGARSAGE 61.94±0.46 63.19±0.27 58.45±0.32
SFGARGIN 62.60±0.77 62.47±0.21 57.46±0.26

Table 4: The performance comparison across different GNN
architectures on three tasks

ogy Loss indicates the exclusion of the topology loss LKL.
As observed in Figure 5, relying solely on a single infor-
mation yields suboptimal results. This demonstrates that the
performance improvement results from the combined effect
of both topological and attribute factors. This observation
highlights the importance of considering not only the node
feature information but also the inherent topological charac-
teristics of graphs when addressing challenges in GNNs.

In addition, the impact of different GNN architectures on
the performance of SFGAR is also systematically investi-
gated, as shown in Table 4. We observe that different archi-
tectures exhibit varying levels of performance across differ-
ent datasets. Notably, GCN achieves the best performance
among all other compared architectures. Therefore, GCN is
adopted as the backbone network.

Conclusions

To tackle the distinctive challenges of Source-Free Unsuper-
vised Graph Domain Adaptation (SFUGDA), we propose a
novel method SFGAR, which achieves strong performance
on the target domain without relying on any source data. SF-
GAR constructs a pseudo-source domain to approximate the
distribution of the original source data, enabling standard
domain adaptation methods to be applied to the target do-
main. From a theoretical perspective, we further show that
SFGAR effectively reduces the distributional discrepancy
between the source and target domains through the con-
structed pseudo-source domain. Extensive experiments on
multiple benchmark graph datasets demonstrate the superior
performance of SFGAR. Future work includes (1) scaling
pseudo-source generation, (2) integrating instruction-style
supervision across tasks, and (3) exploring in-context adap-
tation without parameter updates.
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