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Abstract—Graph domain adaptation has emerged as a critical
challenge in real-world applications, where labeled graph data is
often scarce and expensive to obtain. While existing methods have
shown promise, they typically require access to source domain data,
which may be restricted due to privacy concerns or data regula-
tions. To address these limitations, we investigate the challenging
yet practical problem of source-free graph domain adaptation. We
propose a new approach named Robust Cross Supervision with
Target Mining (ROSE) for this problem. ROSE achieves robust-
ness by considering the complementary topology of graphs. The
model consists of a message-passing branch for local semantic
learning and a graph-kernel branch for global structural capture.
Both branches are incorporated into a unified cross-supervision
framework. To improve the robustness of the optimization process,
we explore the context of the target domain, and divide the target
data into discriminant set and anchor set. Then we incorporate the
two tasks into a meta-learning optimization framework. Extensive
experiments on benchmark datasets have demonstrated that our
ROSE, compared with a wide range of baselines, always yields
superior performance.

Index Terms—Source-free domain adaptation, graph neural
network, graph classification, distribution divergence.

I. INTRODUCTION

RAPH-STRUCTURED data has become increasingly
prevalent in real-world applications, ranging from molec-
ular generation [1] and object detection [2] to information
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Fig. 1. Illustration of SFGDA challenges. (a) Visualization of significant
structural and distributional discrepancy between source and target domains:
the t-SNE projection of graph representations shows clear separation between
domains with minimal overlap, indicating substantial domain shift; (b) Perfor-
mance degradation and instability observed.

retrieval [3]. Among various graph learning tasks, graph clas-
sification, which aims to categorize entire graph structures,
has emerged as a fundamental challenge [4]. Graph Neural
Networks (GNNs), built upon the message-passing paradigm,
have demonstrated remarkable success in learning graph repre-
sentations by iteratively aggregating neighborhood information
and employing specialized pooling operations [5], [6]. How-
ever, when deployed in real-world scenarios, GNNs often en-
counter significant challenges, particularly in handling Out-of-
Distribution (OOD) data and addressing label scarcity in target
domains, as acquiring labeled graph data can be prohibitively
expensive [7].

To address these challenges, Source-Free Domain Adapta-
tion (SFDA) has emerged as an effective paradigm that tackles
OOD problems without the access to source domain data [8],
[9], [10], [11]. This approach is particularly valuable in sce-
narios where source data access is restricted due to privacy
concerns, storage limitations, or regulatory constraints. While
existing SFDA research has primarily focused on Euclidean data,
particularly images [12], [13], its application to non-Euclidean
graph data remains largely unexplored. The adaptation of SFDA
to graph domains presents unique challenges due to the inherent
complexity and high structural variance of graph data [14], [15],
resulting in significant domain discrepancy, as illustrated in
Fig. 1(a).

SFDA on graph data (SFGDA) faces two significant chal-
lenges due to the domain discrepancy. (/) How to learn ro-
bust and discriminative graph representations capturing target-
specific topology and features?The scarcity of supervised sig-
nals, compounded by the complex interplay between node
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features and graph structure inherent to non-Euclidean data,
makes it difficult for the model to learn stable and effective rep-
resentations without source guidance [16]. Additionally, GNNs
are data-hungry, requiring substantial supervision signals [17].
Consequently, there is a critical need for methods that can
effectively leverage limited target domain data while maxi-
mizing the extraction of structural and semantic information
unique to graphs. (2) How to ensure adaptation stability under
significant domain shifts involving both graph structure and
node attributes?The large domain discrepancy, manifesting in
both connectivity patterns and feature distributions, can lead
to an unstable adaptation process. Errors may amplify through
message passing across the graph structure, causing models to
exhibit overconfidence in outlier samples or fail to maintain
consistent performance. This necessitates a careful balance in
the identification and utilization of different types of target
samples: discriminant samples that help establish clear decision
boundaries by reflecting target-specific structures, and anchor
samples that maintain model stability throughout the adaptation
process. The balance of these optimization tasks can contribute
to the stabilization of the adaptation process. These interrelated
challenges manifest in the poor and inconsistent performance of
existing SFGDA methods, as evidenced by the empirical results
shown in Fig. 1(b), highlighting the need for a more robust and
comprehensive approach.

To address these challenges, we propose Robust Cross
Supervision with Target Mining (ROSE), a new framework for
SFDA on graphs. To learn robust and comprehensive graph
representations in the target domain, ROSE extracts topology
information from complementary perspectives through two spe-
cialized branches: a message-passing branch for capturing lo-
cal semantic patterns, and a graph-kernel branch that employs
random walk kernels and learnable hidden graphs to model
global structural properties. These branches are unified through a
cross-branch supervision mechanism that serves dual purposes:
enforcing consistency regularization to prevent overfitting and
facilitating information exchange between different represen-
tation spaces. To ensure adaptation stability, we explore the
neighborhood of the unlabeled target samples and detect more
discriminant graphs from the anchor graphs, using both purity
and similarity metrics. At a high level, discriminant graphs
serve to establish clear decision boundaries and extract distinc-
tive features, while anchor graphs maintain model consistency
throughout the adaptation process. These complementary roles
are jointly optimized within a meta-learning framework, which
dynamically balances their contributions to enhance adapta-
tion stability. Extensive empirical evaluations demonstrate that
ROSE consistently surpasses state-of-the-art methods across
various benchmark datasets. The main contributions can be
summarized as follows:

® We propose a comprehensive solution for SFGDA that
addresses both representation learning and adaptation sta-
bility challenges through a unified framework.

e We develop a new architecture ROSE that combines
message-passing and graph-kernel mechanisms, enhanced
by cross-branch supervision and strategic sample role op-
timization through meta-learning.
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e We conduct thorough empirical studies that demonstrate
substantial improvements over existing methods, with de-
tailed ablation studies validating our design choices and
theoretical insights.

II. RELATED WORK

Graph Neural Network: Graph Neural Networks (GNNs)
have been effective tools in graph data analysis, demonstrat-
ing remarkable success in node classification, link prediction,
and graph classification tasks [18], [19], [20], [21]. For graph
classification, recent pooling methods capture richer distribu-
tional knowledge [22], [23]. Among various GNN architec-
tures, Message-Passing Neural Networks (MPNN5s) [24], [25]
are dominant, iteratively updating node representations through
neighborhood aggregation. However, MPNNSs heavily rely on
abundant labeled data and exhibit performance degradation
when target domain labels are scarce [16]. Recent efforts en-
hance GNN expressivity and interpretability by incorporating
subgraph-specific information [26] or learning global interac-
tive patterns [27]. Complementary to MPNNs, graph kernel
networks (GKNs) [28], [29] explicitly model graph topology,
often leveraging subgraph structures, in an unsupervised man-
ner. However, GKNs typically fall short of fully leveraging
pre-trained supervision signals and neighborhood aggregation
information. ROSE proposes a unified framework that syner-
gistically combines the strengths of MPNNs and GKNs through
cross-supervision, enabling effective extraction of target domain
graph topology information for the challenging SFGDA sce-
nario.

Graph Domain Adaptation: Graph domain adaptation
(GDA) [7], [30] has emerged as a crucial research direction
in machine learning, driven by the increasing need to transfer
knowledge across different graph distributions in real-world
applications [31], [32], [33]. While early GDA work addressed
node-level tasks using discrepancy or adversarial methods [34],
[35], recent efforts tackle graph-level adaptation. For instance,
SLOGAN [7] utilizes causal discovery and generative interven-
tion to disentangle robust causal features from spurious corre-
lations for robust graph domain adaptation. A key limitation of
conventional GDA is the requirement for source data access
during adaptation, often infeasible due to privacy or storage
constraints.

Source-free Graph Domain Adaptation: Source-free domain
adaptation (SFDA), which assumes source data inaccessibility
during adaptation, has gained significant attention due to its
crucial role in data privacy protection [36], [37], [38], [39], [40].
Source-free graph domain adaptaion (SFGDA) [41] presents
additional modeling challenges due to the inherent unique prop-
erties and structural complexity of graph data. Current SFGDA
approaches can be broadly divided into two main streams:
self-training approaches [42], [43] that leverage pseudo-labeling
mechanisms, and generative approaches [44], [45], [46] that
focus on distribution alignment. However, existing SFGDA
methods exhibit critical limitations: (1) they struggle to ex-
tract comprehensive topology information from both local and
global perspectives; (2) they fail to distinguish and leverage
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(Section III-E), using significance scores derived from branch predictions, partitions target data into a Discriminant Set and an Anchor Set. These sets inform the
two core representation learning branches: the Message-Passing Branch (Section III-C) for implicit local topology and the Graph-Kernel Branch (Section I1I-D)
for explicit global structure. Cross-Branch Supervision and a Meta-Update mechanism (Section III-F) leverage these sets (£, £4) to guide the optimization of
both branches (L), £(M)), facilitating robust and efficient source-free domain adaptation.

different types of target samples; and (3) they often lack proper
regularization to prevent overfitting to noisy pseudo-labels. To
address these challenges, ROSE leverages a dual-branch archi-
tecture, incorporating both message-passing and graph-kernel
mechanisms to effectively capture and transfer the topological
semantics of target graphs.

III. THE PROPOSED ROSE
A. Problem Definition

Notations: Let G = (V, E) denote a graph structure, where
V' denotes the node set and E denotes the edge set. The node
attribute v € V is represented by a feature vector, collectively
forming a node attribute matrix X € RIVI*4" “in which df
represents the feature dimension.

Problem Setting: In the context of source-free domain adap-
tation for graphs, we consider:

* A labeled source domain D*° = {(G5,y:°)} V=, where
G:° denotes the i-th source graph and y° € {1,...,C}
denotes its associated label;

* An unlabeled target domain D = {G;},, where G; de-
notes the j-th target graph;

® A graph neural network ® pre-trained on the source do-
main.

Key Challenges: While both domains have the identical label
space {1,...,C}, they exhibit different data distributions, i.e.,
P(G*°,y%°) # P(G,y). Crucially, during the adaptation pro-
cess, the source graphs are completely inaccessible, and only
the pre-trained model parameters are available for knowledge
transfer. This setting introduces unique challenges as we need
to adapt the model without access to the original training data
while handling the complex topological structures inherent in
graphs.

Objective: Our goal is to adapt the pre-trained model ® to
classify graphs in the target domain D, utilizing only the model
parameters and unlabeled target data, while addressing both the
domain shift and the source-free constraints.

B. Framework Overview

Our paper investigates the problem of source-free graph do-
main adaptation (SFGDA) and proposes a new approach named
ROSE for this problem, as illustrated in Fig. 2. Our methodology
addresses the key SFGDA challenges outlined in Section I:
learning robust target-specific representations (Challenge 1) and
ensuring adaptation stability (Challenge 2). We first introduce
two complementary branches for robust representation learning:
the Message-Passing Branch (Section III-C) focusing on implicit
local patterns, and the Graph-Kernel Branch (Section III-D)
targeting explicit global structures, both crucial for learning ro-
bust target-specific representations. Subsequently, we detail the
Neighborhood Mining strategy (Section III-E) which addresses
the challenge of ensuring adaptation stability by identifying
distinct roles for target samples (discriminant and anchor sets).
Finally, we present the Robust Cross Supervision with Meta-
Learning optimization framework (Section III-F) that integrates
these components, using the mined sample sets to guide the
collaborative training of the two branches for effective and stable
adaptation, further tackling both representation learning and
adaptation stability challenges.

C. Message-Passing Branch

Motivation: To initiate the process of learning robust graph
representations (Challenge 1) without source data access, we
first employ a message-passing branch that learns structural
patterns implicitly through iterative neighborhood aggregation.
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This design leverages the pre-trained source model and builds
upon the success of message-passing neural networks in graph
representation learning [5], [24], providing a foundation for
adaptation.

Architecture: The message-passing branch consists of three
key components: neighborhood aggregation, graph-level pool-
ing, and classification. Specifically, for a node v with represen-

tation hSJl)

hh) = com® (hgl)’AGG(” <{h£‘“)} A >)> -
Uue. v

where AGG®(-) and COMW(.) denote the aggregation and
combination operators, respectively, and A (v) represents the
set of nodes adjacent to v.

After L layers of message passing, a readout function pools
node-level features into a graph-level representation:

at layer [, the representation updating follows:

2 = READOUT ({hg”}vev) . )

Finally, a classifier maps the graph representation to label dis-
tributions:

pM) — CLA(z) = 94(G), 3)

where 6 denotes the learnable parameters of the message-passing
branch ®(-). Here, topology implicitly guides the feature learn-
ing process via the aggregation mechanism. This branch is
initialized with parameters pre-trained on the source domain,
providing a foundation for target domain adaptation.

D. Graph-Kernel Branch

Motivation: While the message-passing branch provides a
base representation, fully addressing the challenge of learn-
ing robust target-specific representations (Challenge 1) requires
capturing target-specific global topology, especially under label
scarcity. Message-passing networks face limitations here [16]
and struggle with explicit substructures [47], [48], [49]. To
overcome this, we introduce a complementary graph-kernel
branch that explicitly models graph topology through learnable
hidden graphs and random walk kernels [50], [51], enhancing
the capture of diverse and potentially unique target domain
structures.

Hidden Graph Construction: We introduce a set of M learn-
able hidden graphs {G’ }M_, (M = 10 by default), where each
hidden graph G/, is parameterized by a learnable adjacency
matrix and a node attribute matrix. These hidden graphs serve
as structural templates to capture diverse topological patterns in
the target domain.

Random Walk Kernel Computation: Given a graph pair G =
(V,E) and G' = (V', E'), we first construct their graph direct
product G = (Vi, Ey), where:

Vi={(v,v'):veVAav eV},
E. = {{(v,v'), (u, )} : {v,u} € EA{v',u'} € E'}.
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Following [50], [51], we compute the P-step random walk
kernel incorporating node attributes:

P
EP) (G, 6 = prsTA’;s, 4)
p=0

where s € RIVIIV'l is the flattened node attribute matrix X , =
xXXx'T, wy, are learnable coefficients, and P = 3 following [50].

Feature Generation and Classification: For each node v, we
generate its 7-hop subgraph G and compute kernel values with
all hidden graphs:

.fv:[.fv1;~~'ava]7 Wherefvm:K(Gv7G/m)7 (5)

where K refers to the random walk kernel, which explicitly
quantifies structural similarities.

The kernel features are then transformed and aggregated for
classification:

bv:FFN(fv)7 (6)
¥,(G) = CLA(READOUT ({b,},.))). ()

where ¢ denotes the learnable parameters in this branch.

Integration with Source-free Setting: The graph-kernel branch
is designed to complement the message-passing branch without
requiring source data access. It is initialized using pseudo-labels
from the message-passing branch and collaboratively optimized
during the adaptation process, providing explicit structural in-
formation that enhances the overall domain adaptation perfor-
mance.

E. Neighborhood Mining for Discriminant Graphs

Motivation: To ensure adaptation stability (Challenge 2),
differentiating the roles of target samples is crucial. Clearly,
not all samples contribute equally [21], [52], [53]. Samples
near decision boundaries are highly informative for refining
the model but can introduce instability if overemphasized.
These are termed discriminant samples. Conversely, samples
confidently classified and located within class clusters provide
stable learning signals, acting as anchor samples that prevent
model drift. To effectively leverage both types, we propose a
neighborhood-aware mining strategy to identify and distinctly
utilize these discriminant and anchor samples, balancing rapid
adaptation with stability.

Target Domain Mining: For each target sample G, we first
generate its label distribution p; from either branch. To construct
areliable confident set, we select samples with higher prediction
confidence. Specifically, we define 7 as the 40th percentile of
confidence scores {max. p;[c]}}_, and construct the confident
set as:

C ={G,| max p; [c] > 7}, (8)

where 7 is adaptively determined to select the most confidently
predicted samples. This equation establishes a dynamic filtering
mechanism that adapts to the current model state during training.

Here, we assess the significance of each sample from two
perspectives, i.e., neighbor purity and similarity. Given a confi-
dent sample G, its K nearest neighborhood in the embedding
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space is represented by {G;VH...,G;-VK}. In this paper, K
is empirically set to 10. Then, we calculate the proportion of
samples for each class, i.e.,

K

1
a;lcl = = " Hargo p)[¢] = e}, ©)
k=1

where pj-v ¥ denotes the label distribution of Gj-v ¥, Then, the
neighbor purity can be defined as the entropy of q;, i.e.,
Pur(G;) = —q; -log g;. (10)
These formulas quantify class diversity in a sample’s neigh-
borhood. High entropy (Pur(G))) indicates neighbors belong to
multiple predicted classes, suggesting G is likely located near a
decision boundary in the current feature space. Such samples are
valuable because correctly classifying them requires the model
to learn finer-grained distinctions.
Further, we calculate the average similarity between each
graph sample and its neighborhood as:

K
1
Sim(G;) = ?sz*z;-v"’, a1
k=1

where z; and zév * denotes the deep features of G; and G;V’“
respectively. x means the cosine similarity between two vectors.

Discriminant Set Construction: The key insight is that sam-
ples with high neighborhood purity (indicating decision bound-
ary proximity) and high feature similarity (suggesting reliable
neighborhood structure) are most valuable for adaptation. We
combine these metrics to compute significance scores:
This multiplicative combination prioritizes samples that are both
near decision boundaries (high purity/entropy, informationally
rich for adaptation) and structurally coherent with their neigh-
bors (high similarity, reducing noise). These form the discrimi-
nant set D.

Then C' is partitioned into two subsets: a discriminant set D
and an anchor set A = C'\ D, where D is determined by the
following process:

D = {Gj|j € argsort(=Sig(G;))[L : [p% - [C]]},  (13)
where p% controls the proportion of discriminant samples (val-
idated in Section IV-G). The remaining confident samples form
the anchor set A, representing core, stable examples within
predicted class clusters.

Integration with Adaptation: This strategy identifies sam-
ples crucial for adaptation. The discriminant set D, containing
boundary samples, drives model refinement and rapid adap-
tation. The anchor set A, containing stable samples, provides
consistent signals to prevent catastrophic forgetting and ensure
stability. The meta-learning optimization (Section III-F) explic-
itly leverages these distinct roles to achieve both rapid and robust
adaptation.

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 38, NO. 4, APRIL 2026

E. Robust Cross Supervision With Meta Learning

Motivation: To effectively utilize the mined samples and the
dual-branch architecture for robust representation (Challenge
1) and stable adaptation (Challenge 2), we propose a novel
optimization strategy. Cross-supervision between the diverse
branches (implicit local vs. explicit global topology) mitigates
confirmation bias inherent in traditional self-training [54], [55],
[56], enhancing representation consistency. Crucially, to man-
age the stability-plasticity trade-off (Challenge 2), we employ
meta-learning. This framework explicitly uses the anchor set
to stabilize the learning process driven by the informative but
potentially noisy discriminant set, preventing potential gradient
conflicts and ensuring robust convergence.

Cross-Branch Supervision: Given predictions from the
message-passing branch, we first identify confident samples
CM) and partition them into discriminant set D(*) and anchor
set A(M) following Section III-E. These sets are then used to
supervise the graph-kernel branch through two loss terms:

L@ =~ > 1og(p [i]), a4
G,;eDM)

LAo) == Y g(p 1)), a9
G,eAM)

where pﬁK) denotes predictions from the graph-kernel branch

and g]](M)
branch.

Meta-Learning Optimization: A key aspect of ensuring adap-
tation stability (Challenge 2) is managing the potentially con-
flicting objectives of learning from discriminant samples (for
rapid adaptation) and anchor samples (for stability). To address
potential gradient conflicts (VLP (¢) - VLA(¢) < 0) within the
optimization of a single branch, we employ a meta-learning
framework [57], [58]. We take the L (¢) and LA () as meta-
train and meta-test tasks, respectively. This meta-learning struc-
ture dynamically adjusts the optimization focus between these
two sub-tasks, aiming to prevent the pursuit of rapid adaptation
via discriminant samples from destabilizing the model’s perfor-
mance on anchor samples, thereby achieving robust and rapid
SFGDA. The inner loop is formulated as:

¢' = ¢ — VL (¢),

in which 7 denotes the learning rate. In the outer loop, we further
optimize ¢ by minimizing the following equation:

represents pseudo-labels from the message-passing

(16)

£5(g) = £P(9) + aLN(#), (17)
where « is used to balance loss, which is investigate in Sec-
tion IV-G. In this way, we can promise that learning from
L4 (¢) would always benefit ming £P(¢) to provide a robust
optimization procedure.

Then, the graph-kernel branch can provide extra supervision
for the message-passing branch. Similarly, we have

LM () = LP(0) + aL? (0 —nVLP ().  (18)
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Discussion: Our method synergistically combines cross-
supervision and meta-learning. Cross-supervision leverages di-
verse branch perspectives (implicit local vs. explicit global)
to enhance representation robustness and reduce confirmation
bias (addressing Challenge 1). Concurrently, the meta-learning
framework specifically targets adaptation stability (Challenge
2). By treating the discriminant set loss £ as the meta-train
task and the anchor set loss £ as the meta-test task (17), (18),
the optimization ensures that updates driven by informative
boundary samples (L) do not degrade performance on stable
core samples (£4). This explicitly uses the anchor set to enforce
stability, managing potential conflicts and promoting robust
convergence during adaptation.

Computational Complexity: ROSE is designed for efficient
inference, leveraging only the message-passing branch with a
standard GNN complexity of O(|A|od + |V|d?). During the
adaptation phase, the graph-kernel branch introduces an addi-
tional computational cost primarily associated with the kernel
computations, approximately O(|V|M ), where M is the num-
ber of hidden graphs. This dual-branch structure maintains a
practical balance between adaptation performance and computa-
tional demands, ensuring efficiency during inference. Empirical
validation of time efficiency and scalability is presented in
Section IV-E.

G. Theoretical Analysis

In this part, we demonstrate the robustness of our methods
through theoretical analysis. We focus on two key aspects: (1)
the effectiveness of discriminant set optimization and (2) the
robustness advantage over traditional methods.

Risk Definitions: To formally analyze the properties of our
meta-learning approach, we define several risk components
based on the expected loss over the underlying data distributions.
These definitions are crucial for establishing the theoretical
guarantees presented in Theorems 3.1 and 3.2. Let £L(*)(9) =
LP(0) + aL(0 — nVLP (0)) be the overall meta-learning loss
for one branch (e.g., the message-passing branch with param-
eters 0). We define the true risk R™)(6) as the expected loss
over the true target data distribution p:

RM(0) = E(x ) p L (0). (19)
This represents the ideal performance objective we aim to min-
imize. Correspondingly, the empirical risk R(M) (0) is the ex-
pected loss over the observed pseudo-labeled target distribution
Dyt

RM(0) = E(x g)p, L (0). (20)
This is the risk we can actually estimate and minimize during
training, reflecting performance on potentially noisy pseudo-
labels. The relationship between R (9) and R (0), ana-
lyzed in Theorem 3.2, is key to understanding the robustness of
our method to label noise. Let 6* and 0 be the minimizer of the
true risk R(M) (@) and empirical risk R(*)(6) respectively.
Furthermore, to specifically analyze the effect of our neigh-
borhood mining strategy, we define risks associated with the
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discriminant and anchor sets. Assuming the data in the discrim-
inant set D and anchor set A follow distributions pp and p4
respectively, we define the discriminant risk R” () and anchor
risk RA(0):

RP(6) 2D

RA(0)

= E(va)NPD ED(G)v
= E(x.p)~pa £4(0),

and let 6}, and 0% be the minimizer of the discriminant risk
RP(6) and anchor risk R*(6) respectively. These definitions
allow us to formally quantify the learning objectives associated
specifically with the informative boundary samples (R”(6))
and the stable core samples (R“(0)). Theorem 3.1 utilizes
these risks to demonstrate how our meta-learning framework
effectively prioritizes learning from the discriminant set while
being stabilized by the anchor set.

Effectiveness of Discriminant Set Optimization: Our first the-
orem demonstrates that our method achieves better optimization
on the discriminant set:

Theorem 3.1 (Priority Learning): Under the following con-
ditions:

(22)

C
S Ex (LM (07 X k) — L0 (6; X, k) <0,
k=1

E(x y)-p(VLY (0)TVLA(D)

(23)

—VLP(0,)7VLAB) < 0

(24)
RA(0p) + RA(04) < 2R*(9). (25)

we have:
RP(6) = RP(6p) < «(RA(9) — R*(62)) + O(*). (26)

Proof: Under the noisy label model with flip rate v, the empir-
ical risk can be expressed as R (9) = C0-LR(M) () 4
a5Ex Yo LOD(0; X, k). Since RO () < RAD(03),
we have (C(1 =) = D(RM(G) — R (93)) <
VEx Sy (L0007 X k) — £OD(0; X k). Applying
Taylor expansion to the meta-update term yields R (M )(0) =
RP(0) + aRA(0) — anEVLP (0)TVLA(O) + O(n?).
Combining these inequalities with the stated conditions
completes the proof. (|

This theorem shows that our method has a better optimization
effect on discriminant set which are at the decision boundary and
more informative. Therefore, this result confirms the effect of
neighborhood mining in data utilization.

Robustness Analysis: Next, we demonstrate the robustness of
our meta-learning method compared to the traditional approach.
Let us introduce another loss function:

£5"(60) = £2(0) + oL (0),
and denote its expectations under different distributions as:
Ry"(6) = Ecx )p L™ (6)
M
s L5 (0).

27)

R (0) = B x, (28)

Let 6 and 0 be the minimizers of the R(()M (0) and R(M) (9),
respectively. Then, we have the following theorem.
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Theorem 3.2 (Robustness Guarantee): Under similar reg-
ularity conditions as Theorem 3.1, our meta-learning method
achieves:

RO () — RO (07) < RE™ (60) — RE™ (605) + O ().
(29)

This theorem establishes that our meta-learning approach
achieves smaller risk difference compared to traditional meth-
ods, demonstrating its superior robustness in handling noisy
pseudo-labels during domain adaptation.

Proof: Following the same noisy label expansion as in The-
orem 3.1, we compare our meta-learning loss with the base-
line loss £{™. From R (§) < R (9*) and R (6y) <
ﬁéM) (6), we obtain two inequalities bounding the risk differ-
ences. The key distinction is that our meta-update term £4 (0 —
nVLP(6)) introduces an additional gradient alignment term
via Taylor expansion: —nVLP(0)TVLA(0) + O(n?), which
is absent in Ly. Combining these inequalities yields the stated
bound. g

This result shows that when using pseudo-labels for training,
our meta-learning method will provide smaller mean differences
RM) () — RM)(9*) in the target domain compared to a tra-
ditional loss, which implies the robustness of our meta-learning
method in domain adaptation.

Discussion: These theoretical results provide formal guaran-
tees for two key aspects of our method: (1) the effectiveness of
prioritizing discriminant samples through meta-learning (Theo-
rem 3.1), and (2) enhanced robustness against pseudo-label noise
compared to traditional approaches (Theorem 3.2). Theorem 3.1
mathematically supports our intuition that focusing optimization
on informative boundary samples, while using anchor samples
for stabilization via the meta-objective, leads to more effective
adaptation. Theorem 3.2 confirms that the specific structure of
our meta-learning update rule inherently mitigates the negative
impact of potentially incorrect pseudo-labels, contributing sig-
nificantly to the overall stability and reliability.

Summarization: Our cross-branch supervision would act as
consistency learning to reduce the potential overfitting of over-
confident pseudo-labels [54]. We also balance various adaptation
tasks (i.e., discriminant samples and anchor samples) within a
meta-learning framework. We alternate the optimization of both
branches.

IV. EXPERIMENTS
A. Experimental Settings

Datasets: The experiments of our ROSE are performed on
real-world benchmark datasets. For credibility, we executed
tests in both cross-dataset and dataset split source-free domain
adaptation. For cross-dataset experiments, the dataset is inher-
ently unbiased across sub-datasets. We adapt COX2 [59] and
BZR [59] datasets. For dataset-split experiments, we follow
previous works [60], [61], [62] to split the dataset by graph
density, where we conduct experiments on Mutagenicity [63],
FRANKENSTEIN [64], PROTEINS [65] and TWITTER-Real-
Graph-Partial [66].

Baselines: The details of the baseline methods are:

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 38, NO. 4, APRIL 2026

® GCN [67] adopts a localized form of spectral convolution
to generate representations for graph data.

e GIN [68] uses message-passing graph neural networks to
generate representations of the topological structures of
graphs.

® GraphSAGE [69] utilizes sampling techniques to enhance
the efficiency of graph neural networks on large-scale data.

® GAT [70] uses an attention mechanism to generate repre-
sentations that focus on the most informative parts.

® Mean-Teacher [71] uses a student model to make predic-
tions and a teacher model to generate training targets, in a
semi-supervised manner.

¢ InfoGraph [72] is a semi-supervised GNN method using
mutual information maximization for graph representation
learning. We adopt the same configuration as ROSE.

® TGNN [49] is a semi-supervised graph classifier combin-
ing message-passing and graph-kernel modules. We adopt
16 hidden graphs and 0.5 temperature.

e SHOT [73] is an SFDA method that freezes the source
classifier and fine-tunes the feature extractor using pseudo-
labels and information maximization. For fair comparison,
we employ GCN as the encoder, adhering to the recom-
mended hyperparameters.

e PLUE [13] is a state-of-the-art SFDA method that evalu-
ates label reliability. We set the Temporal Queue Length to
5 as recommended and adapt it for graph-level classifica-
tion using a GCN encoder.

e TAST [74] is an SFDA method that utilizes nearest neigh-
bor information for target domain self-training. We set the
number of gradient steps per adaptation to 2.

e CoCo [75] is a graph-level UDA method that learns
domain-invariant representations by maximizing mutual
information between source and target domains. We use
GCN as the encoder, and follow the original setup.

e FRGNN [46] is a SFGDA method that reconstructs node
features using an output-to-input mapping from the pre-
trained GNN to mitigate distribution shift at test time
without retraining. We set the pooling ratio to 0.4 and utilize
GCN for graph feature encoding.

®* GALA [44] is arecent SFGDA method using graph diffu-
sion for graph reconstruction, using class-specific thresh-
olding, and graph jigsaw for domain adaptation. We use
GCN as the encoder, and follow the original setup.

Implementation Details: We initiate the baseline methods

with the hyperparameters suggested by the original publications
and fine-tune them to optimize the models. In order to address
the effects of randomness, we employed 5 runs and reported the
average accuracy and standard deviation. In ROSE, we select
GCN as the default GNN encoder. Our configuration entails
an embedding dimension of 128 and includes two layers for
processing. We employ the Adam optimizer with an initial
learning rate of 0.01 and a batch size of 128. Before domain
adaptation, the graph-kernel branch £(%) undergoes an initial
training phase of 20 epochs on pseudo-labels that are generated
by the message-passing branch.

In the adaptation process, we first generate pseudo-labels from

the model trained on the source data. We select the top 60%
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TABLE I
THE CLASSIFICATION RESULTS (IN %) ON MUTAGENICITY (SOURCE — TARGET). M0, M1, M2, AND M3 ARE THE SUB-DATASETS

Methods M0—M1 M1—-M0 M0—M2 M2—M0 M0—M3 M3—M0 M1—-M2 M2—M1 M1—-M3 M3—-M1 M2—-M3 M3—M2 Avg.

GCN 68.0+2.0 68.8+1.5 60.5+2.8 64.4+1.5 53.7+1.3 58.1+1.4 752408 762+1.5 67.5+1.2 554415 625+1.0 685+1.5 64.9+1.5
GIN 70.6+0.4 64.2+0.9 63.5+1.2 62.5+0.7 57.0+0.1 56.4+0.3 733+0.5 76.5+0.4 65.2+0.6 53.3+1.8s 64.4+0.8 66.8+0.5 64.5+0.7
GraphSAGE  712+0.6 65.6+0.3 64.3+0.3 65.5+0.2 57.3+0.5 56.5+0.3 74.7+0.4 77.6+0.7 623+0.4 51.7+0.3 624+0.5 623+0.7 64.3+0.4
GAT 69.7+1.0 67.0+1.6 62.7+2.3 67.0+1.5 56.1+2.1 57.8+t1.7 76.6+1.2 772+0.4 63.4+1.3 53.0+3.9 60.7+0.6 61.8+3.2 64.6+1.7

Mean-Teacher 65.3+4.7 52.1+3.4 70.6+25 52.2+1.9 499105 49.0+0.4 66.2+1.4 62.7+41 50.1+1.3 722116 489+1.7 65.8+3.1 58.7+2.2
InfoGraph 69.1+1.8 689+0.3 66.6+25 649+1.2 559+1.0 57.8+2.1 74.7+0.3 76.8+1.5 65.6+0.6 57.1+3.2 64.7+1.9 64.2+2.9 655+1.6

TGNN 73.3+4.9 619+2.4 65.3+4.0 58.1+2.4 555+3.5 58.1+2.4 659+1.1 66.7+3.9 66.5+2.1 70.1+£1.0 55.5+3.5 65.3+3.0 63.5+2.9
SHOT 744414 647+1.6 669+2.2 672+1.5 61.2+2.1 529+1.8 63.0+2.3 72.0+1.7 59.7+2.4 72.0+2.3 60.8+1.9 69.1+2.1 65.3+1.9
PLUE 752+1.4 68.5+0.5 66.3+1.1 67.9+1.6 54.0+1.3 56.4+1.4 684+1.0 769435 629404 57.6+3.0 62.0+0.6 674+2.6 653+1.5
TAST 742415 64.0+1.8 702+1.3 67.6+1.4 629+1.9 572117 685+1.2 772+1.6 60.7+1.5 734+1.8 624+1.4 694+1.7 673+1.6
CoCo 731+1.3 67.1+1.7 70.2+1.4 68.0+1.6 59.8+2.0 53.7+1.9 65.6+1.5 723+1.8 589+1.6 75.8+1.7 64.2+1.3 70.8+1.5 66.6+1.6
FRGNN 72.8+1.5 65.5+1.8 68.9+1.4 67.0+1.6 60.5+2.0 53.9+1.9 66.9+1.7 735+1.2 59.0+1.5 74.3+1.3 63.1+1.6 70.1+1.4 66.3+1.6
GALA 76.4+0.8 69.6+1.3 70.0+2.2 63.2+1.2 584+1.2 60.6+1.3 769+1.8 781+1.9 65.7+1.1 66.5+3.1 65.6+1.5 70.6+1.3 68.6+1.6
ROSE 76.3+1.3 69.6+1.6 70.8+2.1 68.3+0.9 619+2.6 60.8+2.1 71.5+1.2 79.7+1.1 61.6+0.7 76.1+1.5 64.8+1.4 71.3+1.58 69.4+1.5
TABLE II

THE CLASSIFICATION RESULTS (IN %) ON PROTEINS (SOURCE — TARGET). PO, P1, P2, AND P3 ARE THE SUB-DATASETS

Methods P0—rP1 P1-P0O PO—P2 P2—P0 P0O—P3 P3—P0 P1—P2 P2—P1 P1-P3 P3—P1 P2—P3 P3—P2 Avg.

GCN 71.9+0.9 74.7+2.9 62.6+1.2 68.3+3.8 51.1+3.3 45.843.1 57.6+2.1 70.4+2.2 39.7+3.6 49.7+2.6 58.3+1.3 52.9+3.0 58.6+2.5
GIN 70.0+2.1 60.7+3.6 61.8+2.6 72.9+2.7 47.1+3.3 44.3+4.2 62.5+2.1 68.9+2.0 41.1+3.2 47.9+3.3 48.6+4.0 56.1+2.6 57.4+3.0
GraphSAGE  72.2+1.0 78.3+3.0 64.7+2.3 67.2+1.1 46.9+1.1 42.24+4.0 62.6+1.8 69.7+0.8 32.9+2.0 50.8+2.3 56.1+3.5 56.9+3.4 58.9+2.2
GAT 70.0+3.7 71.4+3.7 66.8+2.0 7394+2.6 49.3+1.3 404128 61.4+4.6 689+2.2 44.3+3.8 49.3+3.6 50.74+2.4 52.1+2.9 58.3+3.0

Mean-Teacher 64.3+4.1 71.445.2 60.4+3.6 72.14+4.4 25.045.6 55.4+4.0 61.1+2.3 60.7+5.3 29.6+4.8 49.3+3.1 31.8+4.0 55.4+£4.9 51.0+4.3
InfoGraph 74.0+2.7 77.6+2.9 68.3+3.6 71.1+1.1 46.9+3.2 46.5+2.1 64.4+1.5 72.2+1.9 41.9+1.1 354+1.9 54.7+3.1 62.6+4.2 59.442.4

TGNN 60.4+3.4 41.8+2.8 45.7+4.6 46.6+4.2 64.845.4 42.0+3.9 58.6+3.2 58.4+3.7 75.7+4.0 68.4+3.2 65.5+4.8 53.8+2.0 55.9+3.8
SHOT 54.5+2.3 73.2+1.8 67.5+2.1 69.6+1.9 35.7+3.2 57.8+2.4 68.9+1.7 63.7+2.2 39.3+3.1 49.3+2.8 57.1+2.5 66.7+1.9 58.6+2.3
PLUE 64.3+2.3 71.5+2.1 65.0+3.0 78.4+2.1 45.9+3.7 63.7+3.0 58.3+3.3 68.9+2.7 41.9+1.3 45.7+4.1 47.54+3.2 58.3+2.7 59.1+2.8
TAST 58.4+2.1 76.7+1.6 72.8+1.8 69.8+2.2 45.7+2.9 63.9+2.3 67.5+1.9 69.6+1.7 35.7+3.4 62.5+2.5 57.1+2.8 67.8+1.58 62.3+2.3
CoCo 599+1.9 74.8+1.7 709+2.0 70.9+1.8 44.0+3.0 63.9+2.2 68.5+1.8 63.1+2.1 43.6+2.9 51.4+2.6 57.7+2.4 69.1+1.7 61.5+2.2
FRGNN 60.3+1.8 74.2+1.7 72.8+1.5 70.3+2.0 449425 61.2+2.1 66.9+1.6 62.6+1.9 42.9+2.2 50.3+2.4 57.5+1.8 68.0+2.0 61.0+2.0
GALA 72.3+1.0 73.9+2.0 66.8+3.4 78.5+1.9 47.1+2.2 65.6+3.7 61.1+1.1 71.8+3.1 43.9+2.0 50.4+2.6 43.2+2.0 60.0+3.4 61.2+2.4
ROSE 66.8+1.4 78.6+1.6 76.1+0.8 75.6+1.4 46.1+2.6 64.3+4.2 69.7+2.6 64.6+2.1 45.4+2.3 51.4+3.1 58.6+4.5 69.3+2.4 63.9+2.4
TABLE IIT

THE CLASSIFICATION RESULTS (IN %) ON FRANKENSTEIN (SOURCE — TARGET). FO, F1, F2, AND F3 ARE THE SUB-DATASETS

Methods F0O—F1 F1—-F0 F0O—F2 F2—F0 F0—F3 F3—F0 F1—-F2 F2—F1 F1—-F3 F3—F1 F2—F3 F3—+F2 Avg.

GCN 55.3+0.8 56.4+1.6 60.4+1.9 54.6+1.4 46.7+1.8 51.6+1.7 60.7+0.8 58.3+1.3 47.9+1.8 47.5+0.8 52.1+2.6 54.6+1.58 53.8+1.5
GIN 56.5+0.5 53.841.4 57.2+0.4 57.9+1.58 50.7+3.5 51.0+0.6 58.7+1.3 58.3+0.8 46.7+1.4 47.9+1.3 50.5+0.7 52.0+2.1 53.4+1.3
GraphSAGE ~ 56.6+1.3 53.5+0.4 55.4+1.0 57.8+1.3 49.9+0.3 55.5+1.6 59.4+1.4 59.6+0.2 47.1+1.0 49.3+0.8 49.2+1.7 52.7+1.3 53.8+1.0
GAT 57.1+0.9 56.0+0.8 58.5+1.8 56.4+2.2 48.7+1.1 51.6+2.8 62.5+1.8 57.1+0.7 46.2+2.2 47.2+1.4 51.7+2.6 53.6+0.9 53.9+1.6

Mean-Teacher 57.0+4.6 53.8+3.3 55.6+3.5 54.2+2.5 47.6+3.8 49.7+1.5 56.2+3.4 59.1+4.8 48.5+3.4 529452 51.4+3.3 53.1+4.7 53.2+3.7
InfoGraph 57.0+2.7 55.7+2.2 60.1+2.6 60.0+3.0 48.9+2.0 51.2+1.7 60.6+1.1 61.8+1.9 45.4+2.3 46.3+1.2 53.2+2.0 53.5+0.8 54.5+1.9

TGNN 53.2+5.6 48.8+1.7 54.0+5.2 54.2+1.7 46.2+4.0 47.9+0.5 55.1+5.1 50.8+3.6 56.8+4.0 53.2+5.6 56.8+3.0 48.1+4.5 53.1+3.7
PLUE 579+1.2 56.4+1.3 60.0+1.9 59.1+1.6 49.1+0.6 53.2+1.8 60.8+1.5 52.3+3.7 48.1+3.7 52.1+4.1 52.7+1.5 53.9+2.2 54.6+2.1
SHOT 62.1+1.4 54.2+2.6 57.0+1.2 59.1+1.5 50.7+2.1 52.2+1.8 60.8+3.3 61.8+1.7 51.6+3.4 53.5+2.9 52.8+1.7 56.2+2.6 56.0+2.2
TAST 63.2+2.5 54.4+1.8 56.2+2.3 58.5+3.4 51.6+3.9 52.3+1.7 61.7+2.2 60.5+1.6 55.7+1.5 54.1+2.8 52.5+1.9 56.2+1.8 56.4+2.3
CoCo 64.7+1.3 54.6+1.7 58.6+2.4 52.4+1.6 50.842.3 51.0+2.9 57.7+1.6 67.8+2.8 55.1+2.6 57.6+1.7 52.2+1.8 53.0+2.5 56.3+2.1
FRGNN 63.8+1.5 53.2+1.8 56.7+1.4 53.9+1.6 50.2+2.0 51.7+1.9 60.2+1.7 62.9+1.2 53.3+1.5 56.1+1.3 51.8+1.6 54.5+1.4 55.7+1.7
GALA 59.7+0.6 56.9+0.9 58.8+1.1 53.8+0.4 51.7+1.2 55.9+1.7 61.0+0.5 62.7+0.7 53.0+0.6 54.5+1.0 53.5+0.5 56.4+0.8 56.5+0.8
ROSE 66.7+1.2 56.4+2.1 61.1+1.5 61.0+1.3 51.5+2.1 52.9+2.3 63.4+0.6 65.7+3.4 54.3+0.9 60.3+2.6 53.0+0.8 56.7+1.3 58.6+1.7

of data with the highest confidence scores as reliable pseudo-

labeled data. The adaptation process is conducted over 20 epochs

using the Adam optimizer. Observations: Table 1, 11, III, IV and V presents the compar-
For hyperparameters, the default discriminant set ratio is set  ative performance of various methods.

at 30%, and the default loss balance scalar o is 0.5. These The following observations can be made: (1) SFGDA

parameters will be validated in Section IV-G. All experiments presents substantial challenges. The significant performance

are conducted on NVIDIA A40 GPUs. degradation calls for addressing this practical issue. The

B. Performance Comparison
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TABLE IV
THE CLASSIFICATION RESULTS (IN %) ON TWITTER-REAL-GRAPH-PARTIAL (SOURCE — TARGET). TO, T1, T2, AND T3 ARE SUB-DATASETS

Methods T0—T1 T0—T2 TO—T3 T1—T0 T1—=T2 T1—T3 T2—T0 T2—T1 T2—T3 T3—T0 T3—T1 T3—T2 Avg.

GIN 57.6+0.3 60.8+0.5 58.5+1.1 61.3+0.2 61.1+0.3 59.3+0.8 59.74+0.6 61.2+0.5 59.0+1.3 60.3+0.6 59.8+0.8 60.4+1.6 59.9+0.7
GCN 60.2+0.4 60.7+0.5 58.2+1.2 61.1+0.9 61.3+0.5 59.8+0.7 60.2+0.7 61.8+0.6 59.5+1.5 60.7+0.7 59.4+1.7 60.7+1.2 60.3+0.9
GAT 58.3+0.4 61.2+0.7 59.0+1.0 60.1+0.7 61.6+0.6 58.8+0.6 60.5+0.7 60.6+0.5 59.5+1.2 60.4+0.7 59.1+1.4 59.7+1.9 59.9+0.9
GraphSAGE 59.0+0.5 60.5+0.6 60.2+0.9 59.9+1.0 60.8+0.5 60.8+0.7 60.2+0.3 60.4+0.4 58.9+1.0 59.7+0.4 60.2+1.3 60.4+1.5 60.1+0.8

MeanTeacher 54.0+1.2 50.2+1.3 51.1+2.0 51.0+0.9 50.6+0.7 48.1+4.5 52.7+0.4 51.7+1.9 52.6+1.7 52.1+1.0 51.0+3.5 51.1+1.8 51.4+1.7

InfoGraph  61.7+1.3 62.1+0.9 60.5+1.0 60.6+0.9 61.0+0.3 59.2+1.1 62.3+1.0 61.3+0.7 60.8+1.8 61.3+1.1 62.4+1.0 61.3+1.7 61.2+1.1
TGNN 58.4+0.6 60.0+£1.0 58.0+1.5 59.0+0.8 59.44+1.3 57.44+0.7 57.74+0.9 58.1+1.1 58.4+1.7 58.2+0.9 57.9+1.4 60.4+£1.2 58.6+1.1
SHOT 61.1+1.4 61.3+1.6 60.2+1.2 60.4+1.5 59.34+2.1 60.5+1.8 60.74+1.3 61.8+1.7 58.9+1.4 60.0+1.9 60.6+1.5 62.1+1.6 60.6+1.6
PLUE 58.6+1.0 59.5+0.9 55.5+0.9 57.7+0.7 58.1+0.8 56.1+1.2 56.3+0.8 57.2+0.9 57.8+1.8 57.7+1.0 57.6+1.9 60.2+2.2 57.7+1.2
TAST 61.2+1.5 61.5+1.8 60.8+1.3 60.7+1.4 58.6+1.9 61.1+1.7 60.6+t1.2 61.1+1.6 59.5+1.5 60.7+1.8 60.8+1.4 61.3+1.7 60.7+1.6
CoCo 61.7+1.3 62.0+£1.7 61.7+1.4 60.5+1.6 62.1+2.0 60.8+1.9 62.6+1.5 63.5+1.8 59.6+1.6 60.5+1.7 61.1+1.3 61.5+1.5 61.5+1.6
FRGNN 61.0+1.5 61.2+1.6 61.2+1.4 60.3+1.7 60.3+1.3 60.1+1.8 61.8+1.5 62.9+1.6 60.2+1.4 60.8+1.7 61.0+1.3 61.1+1.58 61.0+1.6
GALA 62.1+0.8 62.0+1.3 61.8+2.2 60.9+1.2 61.9+1.2 60.5+1.3 62.3+1.8 63.1+1.9 60.5+1.1 61.2+0.9 61.1+1.1 61.3+1.3 61.6+1.3
ROSE 63.2+0.7 62.7+1.0 62.1+1.1 61.7+0.6 63.2+0.7 61.2+1.3 62.9+0.8 63.2+1.0 61.4+0.7 61.94+0.9 61.4+1.1 62.4+1.6 62.3+0.9
TABLE V TABLE VI
THE CLASSIFICATION RESULTS (IN %) ON COX2 AND BZR (SOURCE — ABLATION STUDIES. M, P, F, C, AND B ARE FOR MUTAGENICITY, PROTEINS,
TARGET) FRANKENSTEIN, COX2, AND BZR
Methods C—-CM CM—C B—BM BM—=B Avg. ‘ M P F C B Avg.
GCN 54.1+2.6 46.6+4.1 51.3+2.3 62.8+3.7 53.7+3.2 Vi 68.1+1.8 63.1+2.4 56.3+1.9 60.3+4.0 62.3+3.1 62.0+2.6
GIN 51.1+2.2 46.4+4.6 48.1+3.6 65.6+2.8 52.8+3.3 V2 68.4+1.7 63.5+3.2 56.8+1.4 61.0+3.7 62.243.2 624426
GraphSAGE  49.2+3.4 429+3.0 47.3+1.5 67.543.1 51.7+3.0 V3 69.0+2.5 63.4+2.1 57.6+1.6 62.1+3.2 62.6+1.6 62.9+2.2
GAT 52.0+1.8 489+3.7 484+2.2 61.3+4.2 52.6+3.0 V4 69.3+2.6 63.8+2.9 57.9+2.5 62.7+2.6 63.1+2.5 63.4+2.7
Mean-Teacher 53.0+2.3 42.6+4.9 50.6+2.1 57.6+4.3 50.9+3.4 V5 68.9+2.6 64.0+2.8 58.4+2.1 62.8+2.4 62.9+4.1 63.4+2.8

InfoGraph 459+3.4 48.9+3.3 51.9+£3.2 65.2+4.7 53.413.6
TGNN 48.3+4.2 52.1+5.6 46.4+2.7 68.5+4.3 53.8+4.2
SHOT 51.6+2.8 70.5+3.9 56.7+2.5 49.94+3.4 57.243.2
PLUE 544+1.4 41.74+3.2 49.8+2.8 74.8+1.5 552422
TAST 52.1+2.4 72.2+3.6 56.2+2.0 52.1+3.8 58.2+3.2
CoCo 56.1+2.7 67.1+3.5 524126 724132 62.0+3.0
FRGNN 56.4+2.1 59.6+3.0 51.0+2.5 65.3+3.5 58.1+2.8
GALA 56.6+0.7 59.1+2.6 53.2+2.0 73.2+3.1 60.5+2.1
ROSE 57.4+1.8 67.8+4.3 52.5+3.6 73.6+2.5 62.8+3.1

ineffectiveness of the baseline methods suggests that previous
work cannot handle the realistic yet complicated scenarios
effectively. (2) Semi-supervised approaches (e.g., InfoGraph),
generally surpass source-only methods. These approaches use
both the labeled source data and unlabeled target data. However,
access to source data is difficult and even impossible in the real
world. Despite this, due to a lack of consideration for domain
shift, semi-supervised methods suffer from poor stability and
degraded performance. (3) SFDA methods (i.e., SHOT, PLUE,
TAST) perform better than baselines (as Table I, II). While they
represent the SOTA SFDA performance for image classification
tasks, it is important to note that they were not specifically
devised for graph data or significant domain shifts. (4) Graph
UDA methods (i.e., CoCo) achieve competitive performance,
but it’s worth noting that they utilize both source and target do-
main graphs, which are usually difficult to acquire in real-world
scenarios. (5) ROSE demonstrates marked improvements in both
split sub-datasets and cross-dataset scenarios, particularly in the
case where other methods perform poorly.

Cross-Dataset Adaptation: To further validate the generaliza-
tion capability of ROSE across significantly different datasets,

V6 69.6+2..0 63.8+3.2 58.6+2.0 61.6+3.3 63.7+2.7 63.5+2.6
ROSE‘ 69.4+1.5 639+2.4 58.6+1.7 62.6+3.1 63.1+3.2 63.5+2.4

TABLE VII
CROSS-DATASET ADAPTATION PERFORMANCE (IN %) BETWEEN
FRANKENSTEIN AND PROTEINS

Task Direct Test ~ After Adaptation
PROTEINS — FRANKENSTEIN 43.20 48.18%
FRANKENSTEIN — PROTEINS 47.98 51.76%

we conducted cross-dataset experiments between FRANKEN-
STEIN (molecular compound graphs) and PROTEINS (pro-
tein structure graphs). Table VII presents the results. Despite
substantial structural differences between these datasets (PRO-
TEINS graphs are 2.3 larger in node count and 4x larger in
edge count), ROSE achieves consistent improvements in both
directions. Specifically, in the PROTEINS — FRANKENSTEIN
direction, accuracy improves from 43.20% to 48.18%, while
in the FRANKENSTEIN — PROTEINS direction, accuracy
increases from 47.98% to 51.76%. These results demonstrate
that ROSE can effectively perform source-free adaptation even
across datasets with significant domain gaps, validating the
robustness of our dual-branch architecture and neighborhood
mining strategy.

Discussion: The enhancements of ROSE can be ascribed to:
(1) The cross supervision between branches has improved the
model’s robustness in representation, particularly in scenarios
where labels are scarce (e.g., Table I MO0—M3, M3—MO0),
providing complementary representations from diverse
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perspectives. (2) Neighborhood mining has improved the
effectiveness of data utilization in the target domain. This
mechanism effectively leverages the relational information
within the data to address the lack of explicit labels. (3) Robust
cross supervision with meta-learning has increased the stability
of the model throughout the adaptation process.

C. Ablation Study

We introduce ablation variants as follows and present results
in Table VI, where datasets are denoted by the first letter: (/) VI,
which excludes the cross-supervision with graph-kernel branch
from the full model. (2) V2, which replaces the graph-kernel
branch with the messaging branches from the full model, applies
cross-supervision and initializes the newly introduced modules
with pseudo-labels. (3) V3, which removes the neighborhood
mining for discriminant graphs with meta-learning based on the
full model. (4) V4, V5, and V6 replace the backbone with GIN,
GraphSage and GAT, respectively.

Analysis: Ablation results (Table VI, Fig. 3) confirm compo-
nent effectiveness. (1) Removing cross-supervision (V1) signif-
icantly drops performance, proving the value of complementary
views for robustness. (2) Using two Message-Passing branches
(V2) is worse than Message-Passing+Graph-Kernel, highlight-
ing the benefit of the Graph-Kernel branch’s distinct topo-
logical perspective. (3) Removing neighborhood mining and

The ablation results (in %) on PROTEINS (source — target). PO, P1, P2, and P3 are split by the graph density.

meta-learning (V3) degrades performance, showing this mech-
anism is vital for stable adaptation by balancing informative
and stable samples. (4) Strong results with GIN, GraphSAGE,
and GAT (V4-V6) demonstrate backbone robustness. Overall,
ROSE’s components synergistically achieve superior SFGDA
results.

D. Visualization

From Fig. 6, The visual representations reveal that our
algorithm is more adept at capturing potentially ambiguous and
boundary-located graph data, which are rich in information. En-
gaging with these discriminant graph samples for pseudo-label
learning allows for deeper mining of the information latent in the
unlabeled target domain data, thereby boosting the effectiveness
of the domain adaptation. By balancing the learning between the
discriminant and anchor sets, our model achieves more stable
domain adaptation.

E. Time Efficiency and Scalability

Fig. 8 presents the time efficiency and scalability analysis
across datasets with varying node counts. Our method demon-
strates superior computational efficiency compared to most
baselines, maintaining consistently low execution times across
all scales. While InfoGraph and TAST show significant per-
formance degradation with increasing graph complexity, our
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ods.

approach maintains efficiency. These results confirm that our ap-
proach achieves state-of-the-art performance while maintaining

practical computational efficiency for real-world deployment
scenarios.

F. Convergence Analysis

Fig. 9illustrates the convergence behavior of ROSE compared
to TAST. The results indicate that ROSE typically converges
faster and achieves lower loss values in the target domain,
highlighting the effectiveness of its meta-learning optimization
and cross-branch supervision components.

G. Sensitivity Analysis

Impact of Discriminant Set Ratio p: Fig. 6 (top left) shows
accuracy peaks at p = 30%. This suggests an optimal balance
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TABLE VIII
ROBUSTNESS ANALYSIS OF ROSE WITH DIFFERENT SOURCE MODEL
CHECKPOINTS ON THE MUTAGENICITY (M0O—M3 TASK)

Methods | Ckpt A CkptB CkptC CkptD
Base Model 53.8 53.6 529 53.2
ROSE 58.6 57.9 57.9 58.1

between leveraging informative boundary samples (lower p) and
avoiding excessive noise or less informative data (higher p). The
default is set to p = 30%.

Impact of Loss Balance Weight o: Fig. 6 (top right) indicates
peak performance around o = 0.5. This underscores the impor-
tance of balancing the meta-learning updates derived from the
discriminant and anchor sets (Eq. 17, 18) for stable adaptation.
The default is o = 0.5.

Impact of Learning Rate: Fig. 6 (bottom left) suggests optimal
performance near a learning rate of 0.01 during sensitivity
testing. Lower rates risk slow convergence, while higher rates
can destabilize training. We adopt a default adaptation learning
rate of 0.01 for robust performance.

Impact of Hidden Graphs M : Fig. 6 (bottom right) shows ac-
curacy generally increasingup to M = 10, then stabilizing or de-
clining slightly. To understand this phenomenon, we conducted
subgraph structure analysis on PROTEINS dataset (PO—P3)
with M € [5,10,15, 20]. Fig. 7 reveals two key findings: (a)
JS divergence between source and target domain subgraphs
increases from M = 5to M = 10 and then stabilizes, indicating
M = 10 already captures maximum structural discrepancy; (b)
actual node count does not scale linearly with M, showing that
increasing M beyond 10 primarily adds padding noise rather
than capturing more real structural information. These findings
suggest that M/ > 10 leads to overfitting source-specific struc-
tures and cumulative padding noise, while M = 10 achieves
optimal balance between capturing structural information and
avoiding overfitting. The default is M = 10.

Robustness to Source Model Checkpoints: To assess the ro-
bustness of ROSE to variations in the pre-trained source model,
we tested its performance using different source model check-
points, as detailed in Table VIII. The results consistently show
that ROSE provides significant improvements over the base
model across all tested checkpoints, demonstrating its robust-
ness and effectiveness.

V. CONCLUSION

In this work, we present a novel solution for source-free graph
domain adaptation, addressing the shortage of labeled data in
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knowledge transfer. Utilizing a dual-branch architecture, ROSE
harnesses both implicit and explicit graph topological informa-
tion. It incorporates neighborhood mining and meta-learning
to enhance optimization stability under label scarcity and uti-
lizes cross-branch supervision to improve robustness. Extensive
experiments demonstrate ROSE’s superior performance over
existing baselines, validating its effectiveness without requiring
source-domain samples.

Limitations: ROSE has brought progress in the field of source-
free domain adaptation, but it still has certain limitations. In
real-world applications, target samples may come from un-
seen classes, where ROSE cannot handle this open-set scenario
currently. In the future, we will explore extending ROSE to
more generalized real-world scenarios to address this limitation
and improve its practicality. Future work will also focus on
developing more efficient adaptation strategies, such as graph
sampling and sparsification, to further reduce computational cost
and enhance scalability.
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