The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Nested Graph Pseudo-Label Refinement for Noisy Label
Domain Adaptation Learning

Yingxu Wang', Mengzhu Wang?*, Zhichao Huang’, Suyu Liu*, Nan Yin®
'"Mohamed bin Zayed University of Artificial Intelligence
?Hebei University of Technology
3ID Industrial, Inc
“Nanyang Technological University
SHong Kong University of Science and Technology
yingxv.wang @ gmail.com, dreamkily @ gmail.com, iceshzc @gmail.com, suyu.liu@ntu.edu.sg, yinnan8911 @gmail.com

Abstract

Graph Domain Adaptation (GDA) facilitates knowledge
transfer from labeled source graphs to unlabeled target graphs
by learning domain-invariant representations, which is essen-
tial in applications such as molecular property prediction and
social network analysis. However, most existing GDA meth-
ods rely on the assumption of clean source labels, which
rarely holds in real-world scenarios where annotation noise is
pervasive. This label noise severely impairs feature alignment
and degrades adaptation performance under domain shifts.
To address this challenge, we propose Nested Graph Pseudo-
Label Refinement (NeGPR), a novel framework tailored for
graph-level domain adaptation with noisy labels. NeGPR first
pretrains dual branches, i.e., semantic and topology branches,
by enforcing neighborhood consistency in the feature space,
thereby reducing the influence of noisy supervision. To bridge
domain gaps, NeGPR employs a nested refinement mech-
anism in which one branch selects high-confidence target
samples to guide the adaptation of the other, enabling pro-
gressive cross-domain learning. Furthermore, since pseudo-
labels may still contain noise and the pre-trained branches
are already overfitted to the noisy labels in the source do-
main, NeGPR incorporates a noise-aware regularization strat-
egy. This regularization is theoretically proven to mitigate the
adverse effects of pseudo-label noise, even under the pres-
ence of source overfitting, thus enhancing the robustness of
the adaptation process. Extensive experiments on benchmark
datasets demonstrate that NeGPR consistently outperforms
state-of-the-art methods under severe label noise.

Introduction

Graph Domain Adaptation (GDA) (You et al. 2022; Cai et al.
2024) has emerged as a prominent technique for leverag-
ing labeled graph data from a source domain to enhance
learning on an unlabeled target graph domain. Its efficacy
has been demonstrated across diverse applications, includ-
ing temporally-evolved social network analysis (Wang et al.
2021), molecular property prediction (Zhu et al. 2023),
and protein-protein interaction modeling (Cho, Berger, and
Peng 2016). The core paradigm typically involves learning
domain-invariant node/graph representations that bridge the
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distributional shift between source and target domains, thus
enabling effective inference on the target data.

However, the success of standard GDA methods crucially
relies on the accurately labeled source data. In practice,
source domain labels are often corrupted by noise arising
from annotation errors (Dai, Aggarwal, and Wang 2021;
Yuan et al. 2023b), subjective judgments (Platanios, Dubey,
and Mitchell 2016), or inherent ambiguities in data collec-
tion (Chen, Shah, and Kyrillidis 2020). This prevalent issue
of label noise can severely misguide the learning of domain-
invariant representations (Li, Socher, and Hoi 2020), leading
to suboptimal or even detrimental adaptation performance
on the target domain (Yin et al. 2025). Existing noise la-
bel learning methods typically rely on loss function design
to mitigate the impact of noisy labels (Han et al. 2018;
Natarajan et al. 2013), which selects clean instances for
joint training, and robust loss functions (Wang et al. 2024a,
2025), which leverage small-loss selection or instance mix-
ture models. While effective in controlled settings, these ap-
proaches fall short in the presence of domain shifts. The co-
existence of distribution shift and label noise leads to mis-
aligned feature spaces, causing noise-robust losses to er-
roneously align clean features with noisy targets, thereby
amplifying negative transfer (Yu et al. 2020). While recent
efforts have been made to address GDA under noisy la-
bels (Yuan et al. 2023a; Wang and Yang 2022), they pri-
marily target node classification tasks, leaving a critical gap
in addressing graph-level scenarios. Many real-world ap-
plications, such as molecular property prediction (Stokes
et al. 2020) and social network analysis (Hamilton, Ying,
and Leskovec 2017), inherently depend on graph-level clas-
sification, where label noise can severely compromise the
identification of functional groups and the modeling of com-
munity behaviors. The lack of attention to graph-level adap-
tation under noisy labels significantly limits the practical ap-
plicability of existing methods in high-impact domains.

In this paper, we investigate the development of an effi-
cient GDA framework for scenarios involving label noise.
However, designing such a framework poses several funda-
mental challenges: (1) Distribution shift undermines loss-
based denoising. Conventional noise-robust loss functions
are primarily designed for specific domains and often strug-
gle under distribution shifts. In the presence of noisy la-



bels in the source domain, aligning target features with cor-
rupted source representations can lead to noise-aligned em-
beddings, degrading generalization due to feature misalign-
ment and increased risk of negative transfer. Recent stud-
ies in GDA have highlighted that noisy supervision severely
hinders feature alignment across domains, especially when
relying on pseudo labels or unreliable source signals (Yuan
et al. 2023a). These findings underscore the need for noise-
aware mechanisms that explicitly account for both label
noise and domain discrepancy. (2) Imperfect pseudo labels
compromise domain adaptation. Probability-based pseudo-
labeling has shown promise in bridging distribution shift and
mitigating supervision noise (Yuan et al. 2023a; Yin et al.
2023a). However, the reliability of selected pseudo labels is
often compromised by erroneous source annotations, lead-
ing to residual noise being transferred into the target do-
main. In Graph Neural Networks (GNNs), such corrupted
pseudo labels can propagate through message passing, trig-
gering self-reinforcing error cascades. As each GNN layer
aggregates information from potentially mislabeled neigh-
bors, the accumulated noise progressively deteriorates local
neighborhood structures and distorts global representations
over successive adaptation rounds (Wang et al. 2024c¢). (3)
Label noise impairs distribution alignment in GDA. Exist-
ing methods typically adopt explicit (Long et al. 2015) or
implicit (Long et al. 2018) strategies to align feature dis-
tributions across domains. However, significant label noise
corrupts supervision signals, causing samples to drift to-
ward incorrect class regions and disrupting the formation
of domain-invariant features. This misalignment undermines
the effectiveness of domain discriminators and hampers re-
liable adaptation. These challenges call for a unified frame-
work that combines noise-robust representation learning,
trustworthy pseudo-label refinement, and alignment strate-
gies that preserve class-level semantics across domains.

To tackle these challenges, we propose Nested Graph
Pseudo-Label Refinement (NeGPR), a novel framework de-
signed for GDA under noisy labels. To effectively disentan-
gle the impact of label noise from domain distribution shift,
NeGPR first pre-trains noise-resilient models from implicit
and explicit perspectives by enforcing semantic consistency
among neighboring samples in the feature space. The im-
plicit branch promotes feature-level consistency based on
learned representations, while the explicit branch captures
structural patterns by leveraging graph topology. This dual-
perspective design improves robustness to noisy supervision
and provides a reliable foundation for domain adaptation.
Then, to align the domain distribution, NeGPR iteratively
leverages cross-branch knowledge, where one branch filters
highly reliable target domain samples, and the other branch
is fine-tuned accordingly, enabling mutual enhancement and
progressive adaptation. However, the filtered pseudo-labels
may still contain erroneous category information, and the
pre-trained branches have already overfitted to the label
noise in the source domain. The interplay of these two fac-
tors exacerbates performance degradation during domain
adaptation. To tackle this, NeGPR employs a regulariza-
tion along with a theoretical analysis demonstrating its ef-
fectiveness in suppressing the influence of noisy pseudo-
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labels. Extensive experiments demonstrate that NeGPR sig-
nificantly outperforms state-of-the-art methods under severe
label noise. Our main contributions are summarized as:

* We investigate a novel problem setting, graph domain
adaptation learning under label noise, where label noise
and domain shift coexist and jointly pose significant chal-
lenges for graph representation learning.

* We propose NeGPR, a dual-branch framework that in-
tegrates noise-resilient pre-training, nested pseudo-label
refinement, and theoretically grounded regularization to
tackle graph domain adaptation under label noise.

We evaluate NeGPR on extensive datasets, showing that
NeGPR significantly outperforms existing approaches
under various noise levels and domain shift scenarios.

Related Work

Graph Domain Adaptation. Graph Domain Adaptation
(GDA) has emerged as a critical research topic, aiming to
leverage labeled source domain graphs to enable robust rep-
resentation learning on unlabeled or sparsely labeled target
graphs (Lin et al. 2023; Luo et al. 2023; Liu et al. 2024a).
To achieve this, most existing approaches first employ Graph
Neural Networks (GNNs) (Kipf and Welling 2017) to gener-
ate representations for each graph (Wu, Pan, and Zhu 2022;
Zhu et al. 2021; Yin et al. 2022). They then commonly use
adversarial learning to implicitly align feature distributions
and reduce domain discrepancies, apply pseudo-labeling to
iteratively refine predictions in the target domain, or incor-
porate structure-aware strategies to explicitly align graph-
level semantics and topological structures, thereby improv-
ing generalization across diverse graph domains (Yin et al.
2023a; Wang et al. 2024b; Liu et al. 2024b). However, these
methods often overlook the impact of noisy labels, which
can distort learned representations and lead to misaligned
distributions and unreliable predictions in the target domain.
Although a few label-denoising GDA methods have been
proposed, they primarily focus on node-level tasks (Yuan
et al. 2023a). To address these limitations, we propose a
novel label-denoising domain adaptation method designed
for graph-level classification tasks.

Learning with Noise Labels. Learning with noisy labels
has garnered significant attention for its crucial role in de-
veloping robust models under imperfect supervision, which
has been widely used in machine learning and computer vi-
sion (Zhu et al. 2024). Existing methods typically address
label noise by employing robust loss functions, identifying
and filtering out noisy samples, or refining labels through
correction mechanisms (Feng et al. 2021; Xu et al. 2025).
However, existing methods still insufficiently investigate the
interplay between label noise and domain adaptation (Yin
et al. 2024; Zhu et al. 2024). In particular, applying a model
trained on the source domain to the target domain can be
regarded as a noisy inference process due to distributional
shifts inherent in domain adaptation (Yu et al. 2020; Dan
et al. 2024). Furthermore, label noise in the source domain
can also degrade model performance (Yuan et al. 2023a; Yu
et al. 2024). Critically, conventional methods cannot disen-
tangle whether the observed performance degradation is pri-
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Figure 1: Overview of the proposed NeGPR. NeGPR consists of a dual-branch pretraining module that captures complementary
semantic and structural features under label noise. Then, a nested pseudo-label refinement module alternately selects high-
confidence target samples from one branch to guide the other, enabling progressive cross-domain adaptation. The noisy pseudo-
label tolerated regularizatio penalizes overconfident predictions to suppress the effect of noisy pseudo labels.

marily attributable to domain shift or label noise, thereby
limiting their ability to address the underlying causes of
adaptation failure effectively. To address this challenge, we
propose a novel learning framework designed to mitigate the
effects of domain shift and label noise.

Methodology
Overview of Framework

This work studies the problem of unsupervised graph do-
main adaptation in the presence of noisy labels and proposes
a novel framework, NeGPR, as illustrated in Fig. 1. NeGPR
comprises three key components: (1) Noise-Resilient Dual
Branches Pre-Training. To effectively suppress the im-
pact of label noise, we first pre-train noise-resilient mod-
els from implicit and explicit perspectives by enforcing
semantic consistency among neighboring samples in the
feature space; (2) Nested Pseudo-Label Refinement. To
align category-level distributions, each branch selects high-
confidence pseudo-labeled target samples based on predic-
tion confidence and uses them to fine-tune the other branch.
This cross-branch refinement mitigates error accumulation
from noisy pseudo labels and enables progressive domain
adaptation through mutual supervision; (3) Noisy Pseudo-
Label Tolerated Regularization. To alleviate the negative
impact of noisy pseudo labels, we introduce a noise-aware
regularization term with theoretical guarantees. This regu-
larization effectively suppresses error propagation induced
by noisy pseudo labels during the adaptation process.

Problem Formulation

Given a graph G = (V, £, X)) with the set of nodes V and
edges £ C V x V. The X € RIVI*? is the node feature ma-
trix, where each row x,, € R? denotes the feature of node
v € V, |V| is the number of nodes, and d denotes the di-
mension of node features. In our setting, we have access to
a labeled source domain D® = {(G¥,y?)} 12, with ns sam-
ples, where the labels y; may be corrupted by noise, and
an unlabeled target domain D* = {G%}7., with n; sam-
ples. Both domains share the label space Y = {1,2,--- ,C}
but follow different data distributions. The goal is to train
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the graph classification model using both D* and D' and
achieve high accuracy on the target domain.

Noise-Resilient Dual Branches Pre-Training

To mitigate the adverse impact of noisy labels in the source
domain, we adopt a dual-branch architecture that captures
semantic consistency from implicit and explicit perspec-
tives. Noisy supervision can distort the feature space by
pulling semantically similar graphs toward incorrect class
boundaries. In contrast, the local relationships among neigh-
boring samples often remain reliable despite label corrup-
tion. Motivated by this, we construct two parallel branches
that exploit neighborhood consistency to learn robust repre-
sentations. One branch captures semantic similarity through
learned features, while the other incorporates structural in-
formation derived from graph topology. This design en-
hances the model’s resilience to noise and provides a stable
foundation for subsequent domain adaptation.

Implicit Extraction Branch. The implicit branch follows
the MPNNs mechanism (Gilmer et al. 2017), which extracts
graph semantics by aggregating neighborhood representa-
tions to update the central node embeddings. Specifically,
we update the embedding of node w at layer [ and then sum-
marize the node embeddings into graph-level:

hl, = COM (h}; !, AGG (hlZy(,) ).
2P = READOUT ({hﬁ }uev) )

where A(u) is the neighbours of node w. COM and
AGG denote the combination and aggregation operations,
READOUT is the graph pooling function. This formulation
allows the implicit branch to capture structural information
indirectly through supervised learning with noisy labels.

Explicit Extraction Branch. While the implicit branch cap-
tures structural semantics indirectly, its performance may
deteriorate under domain shifts due to limited sensitivity to
distributional changes. To enhance structural awareness, we
introduce a complementary branch that explicitly encodes
topological information by extracting high-order subgraph
patterns (Shervashidze et al. 2011; Nikolentzos, Siglidis, and



Vazirgiannis 2021). This design enables the model to gener-
ate graph-level representations that are more robust to struc-
tural discrepancies across domains. Specifically, we formu-
late the explicit extraction branch as:

h, =¢(S,(G)), YweV,
= READOUT ({h,},,) ,

where S, (G) denotes a set of high-order substructures ex-
tracted from G (e.g., shortest paths (Borgwardt and Kriegel
2005) or subtree patterns (Shervashidze et al. 2011)),
¢(+) encodes each substructure into a latent representation,
and READOUT(-) aggregates these representations into a
graph-level embedding. The resulting ng serves as the ex-
plicit topological representation of the graph.
Noise-Resilient Pre-Training. To mitigate the impact of la-
bel noise in the source domain, we exploit local seman-
tic consistency among graphs in the feature space. Empir-
ically, semantically similar graphs tend to exhibit stable fea-
ture distributions, even under corrupted labels (Wang and
Isola 2020; Iscen et al. 2022). Based on this insight, we con-
struct a semantic neighbor graph by identifying the top-k
nearest neighbors for each source sample using similarity
Q;; = zgingj/HzgiH . ||z§}|\ over graph-level embed-
dings obtained from each branch, where B € {IB,EB}.
To enforce prediction consistency within local neighbor-
hoods, we encourage the predicted distribution to align with
a weighted average of its semantic neighbors’ predictions:

ZKLZ 2

Jj€top—k(Gi)

where KL is the Kullback-Leibler divergence, top—k(G;) is
the top-k nearest neighbors samples of G;. This regulariza-
tion guides the model to learn noise-resilient representations
by aligning each prediction with its semantic context, rather
than relying solely on potentially corrupted labels. In formu-
lation, we pre-train the dual branches with:

Lie = L3 + BLogice: M
where L5 = s I(o(28.),y:) is the supervised clas-
sification loss, [ is the cross-entropy loss and o is the softmax
function. B € {IB,EB} indicates the implicit and explicit
branches pre-training.

— B . .,B
n01se - G; Qij - ZGJ )

1

Nested Pseudo-Label Refinement

While various domain adaptation techniques such as distri-
bution alignment (Long et al. 2015; Ganin et al. 2016) and
adversarial training (Tzeng et al. 2017; Pei et al. 2018) have
been widely explored, they often rely on strong assumptions
regarding the existence of domain-invariant representations,
which may not hold in the presence of label noise. In con-
trast, pseudo-labeling provides a flexible and data-driven al-
ternative by leveraging model predictions on unlabeled tar-
get samples to guide adaptation (Lee et al. 2013; Xie et al.
2020). In our setting, the dual-branch encoder offers two
complementary perspectives for estimating target seman-
tics, enabling more reliable pseudo-label selection through
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confidence-based filtering. This design facilitates progres-
sive adaptation by gradually incorporating trustworthy tar-
get samples into training, while retaining the robustness of
the noise-resilient pre-trained branches.

Specifically, at each iteration of cross-branch pseudo-
label refinement, we select one branch to generate pre-
dictions for all target domain samples. For each sample
G% € D', we compute the predicted class probability vector

v = Softmax(zG ), where B € {IB,EB}. We then select
a set of high- conﬁdence samples Teons defined as:

{Gt € D' | max(y;) > ¢}, 2)

where ( is a pre-defined threshold. The corresponding
pseudo-labels are assigned as: §; = arg max(yj),VGz €

7.5+ The selected pseudo-labeled samples {(G, 7/;)}; are
then used to fine-tune the other branch with:

> diloga(zd),

t B
G €T conf

conf

B/
£pre -

cB (€)

refine — |
cont

where U(Zg:_) denotes the predicted probability from the
J

other branch B’ and o is the Softmax operation. The two
branches are alternated in subsequent iterations, allowing the
model to progressively adapt through mutual supervision.

Noisy Pseudo-Label Tolerated Regularization

Pseudo-labeling facilitates adaptation to the target domain
by providing surrogate supervision, yet it inevitably in-
troduces label noise that may compromise model perfor-
mance (Rizve et al. 2021). To address this issue, we propose
a noise-aware regularization term that penalizes overconfi-
dent or unstable predictions during refinement. This regular-
ization serves as a soft constraint to suppress the influence
of unreliable pseudo-labels, guiding the model toward more
consistent and robust predictions. Moreover, we provide a
theoretical analysis, which guarantees its ability to mitigate
the negative impact of noisy supervision and enhance gen-
eralization in the target domain. Specifically, we define the
refinement loss with the noisy tolerated regularization as:

S tog((o(2tl),o(zE,) . @

t B
G €T conf

CRe ck

refine ‘
conf

where <O’(Zg: ),0(z5:)) denotes the inner product between
i J
the softmax predictions of the two branches Here, o repre-

sents the Softmax function, and z2 Gt , gf are the graph-level

embeddings of Gf produced by branches B’ and B, respec-
tively. B, B’ € {IB EB} with B # B’. For future analysis
of the effectiveness of noisy-tolerant regularization, we de-
rive the gradient of Eq. (4) and introduce Lemma 1.

Lemma 1 Let © denote the parameters of branch B’. The
gradient of Eq. 4 with respect to © is given by:

Z v(—)ZGt .

t B
G €T cons

Volk = — i+ N-g),
A |7;ng| ! !



Algorithm 1: Nested Pseudo-Label Refinement (NeGPR)

Input: Source domain data D, = {(G%,y?)}, target do-
main data D; = {Gﬁ-}, number of iterations 7'
Output: Trained model parameters © for implicit branch
(IB) and ©’ for explicit branch (EB)
/Stage 1: Dual Branches Pre-Training/
for B, B’ € {IB,EB}, B # B’ do
Update © with Eq. (1)
Update ©' with Eq. (1)
end for
/Stage 2: Nested Refinement with
Regularization/
fori =1to7T do
6:  Filter high-confidence samples 7.5,
with Eq.(2)
: Update ©’ of EB branch by Eq. (4)
8:  Filter high-confidence samples 7.2 ' from branch B’

bl

b

¢ from branch B

f
with Eq.(2) o
9:  Update O of IB branch by Eq. (4)
10: end for

11: return Dual branches parameters © and ©’

where p; = U(Zg;), q; = o(z5,), and the regularization
J J
gradient g; € R is defined as:
L T
g = —— I
T ey P

. Opj c
with [Jpj]ck: = p) ]éf = pj,c((sck _pj,k)'
Zjk

Here, d.j, denotes the Kronecker delta, which equals 1 if ¢ =
k and 0 otherwise.

From Lemma 1, we observe that when the pseudo label
%5 is correct, the prediction p; increasingly aligns with it
during training, causing the cross-entropy gradient to dimin-
ish. This reduction weakens the learning signal from clean
samples and allows noisy examples to dominate the opti-
mization. The regularization term g; alleviates this issue by
maintaining substantial gradient contributions for clean in-
stances, thus preserving their supervisory effect even as the
loss converges. When g; is incorrect, the cross-entropy term
P; — y; becomes positive, leading to updates that push the
model away from the true class. The regularization term g,
which is typically negative at the true class index, counter-
acts this effect by reducing the gradient magnitude on mis-
labeled examples. This dampening mechanism limits the in-
fluence of noisy labels during optimization.

Learning Framework

The overall learning framework is outlined in Algorithm 1,
which adopts an alternating dual-branch strategy to pro-
gressively refine pseudo labels and suppress the influence
of label noise. The process begins with noise-resilient pre-
training on the source domain to initialize both the implicit
and explicit branches (lines 1-3). At each iteration, one
branch generates pseudo labels for the target domain, and

Methods | P—D | D—P | C»CM | CM—C | B»BM | BM—B
WL 425420 | 43.64+24 | 50.7+15 | 54.8420 | 50.6+22 | 25.3423
PathNN 47.5+15 | 41.1420 | 49.8+416 | 66.9426 | 50.3+1.6 | 37.24+24
GCN 53.7+23 | 51.8420 | 49.8+1.6 | 32.74+29 | 49.7+2.1 | 55.5427
GIN 48.3+19 | 499417 | 51.2420 | 52.6425 | 48.7+20 | 55.8£1.9
GAT 592417 | 574420 | 49.3+21 | 364425 | 51.3+19 | 32.7+20
GMT 55.74+25 | 53.9426 | 50.7+2.1 | 444419 | 49.241.7 | 32.7+22

Co-teaching | 55.9422 | 60.1+1.8 | 47.7+23 | 48.842.0 | 50.8424 | 442419
Taylor-CE 552420 | 557422 | 51.2+18 | 55.642.5 | 48.7+20 | 44.2+19

RTGNN 53.742.0 | 52.6419 | 51.2420 | 54.3+1.6 | 49.2+28 | 55.5+23
OMG 56.7+1.7 | 534422 | 54.5+18 | 57.3427 | 50.8+£2.0 | 59.34+23
SPORT OOM OOM 53.742.1 | 63.9433 | 51.4426 | 65.843.0
CoCo 62.6+25 | 67.14+2.0 | 56.8+2.5 | 67.0+2.8 | 50.5+2.0 | 79.3+22
DEAL 69.7+19 | 60.0+25 | 52.7+2.1 | 60.4422 | 52.4429 | 68.6+2.8
SGDA 53.3+19 | 552433 | 54.14+2.8 | 52.64+2.7 | 49.6+24 | 48.3+2.1
A2GNN 61.6+£29 | 68.842.7 | 51.2+2.0 | 654425 | 52.1+27 | 61.1+27
StruRW 52.8419 | 56.4433 | 52.842.8 | 51.3+27 | 48.7+t24 | 49.7+3.1
PA-BOTH 56.5+29 | 542426 | 51.2+29 | 589423 | 48.7+27 | 47.7425
ROAD 55.242.0 | 59.543.0 | 55.2426 | 70.2+2.7 | 52.7+2.1 | 79.0+23
ALEX 68.842.1 | 68.14+22 | 56.2+2.0 | 69.24+29 | 54.3+2.1 | 78.8+3.0
NeGPR | 72.3+26 | 69.9+258 | 57.3+26 | 73.0£23 | 55.9+30 | 80.0+27

Table 1: The graph classification results (in %) under se-
mantic information shift (source—target). P, D, C, CM, B,
and BM denote PROTEINS, DD, COX2, COX2_MD, BZR,
and BZR_MD, respectively. Bold indicates the best perfor-
mance. OOM means out of memory.

high-confidence samples are selected based on prediction
probability (lines 6 and 8). These samples are then used to
update the other branch via a regularized training objective
(lines 7 and 9). The two branches alternate roles throughout
training (lines 5-10), enabling mutual correction and pro-
moting robust adaptation under noisy supervision.

Experiments
Experimental Settings

Datasets. To assess the effectiveness of the proposed
NeGPR, we conduct extensive experiments on multiple
benchmark datasets from TUDataset, covering diverse types
of domain shifts. For structure-based domain shifts, we uti-
lize MUTAGENICITY (Kazius, McGuire, and Bursi 2005),
NCI1 (Wale, Watson, and Karypis 2008), FRANKEN-
STEIN (Orsini, Frasconi, and De Raedt 2015), and PRO-
TEINS (Dobson and Doig 2003), where each dataset is par-
titioned into source and target domains based on variations
in edge, node and graph flux density to simulate structural
distribution shifts (Yin et al. 2023a). For feature-based do-
main shifts, we evaluate NeGPR on PROTEINS, DD, BZR,
BZR_MD, COX2, and COX2_MD (Sutherland, O’brien, and
Weaver 2003), where domain discrepancies primarily arise
from differences in semantic feature distributions.

Baselines. We compare the proposed NeGPR with a com-
prehensive set of competitive baselines on the datasets
above. These baselines include two graph kernel methods:
WL (Shervashidze et al. 2011) and PathNN (Michel et al.
2023); four general graph neural networks: GCN (Kipf and
Welling 2017), GIN (Xu et al. 2019), GAT (Velickovi¢ et al.
2018), and GMT (Baek, Kang, and Hwang 2021); five la-
bel denoising methods: Co-teaching (Han et al. 2018), RT-
GNN (Qian et al. 2023), Taylor-CE (Feng et al. 2021),
OMG (Yin et al. 2023b), and SPORT (Yin et al. 2024);



Methods

| PO—P1 | P1—PO | PO—P2 | P2—P0 | PO—P3 | P3—P0

| PL—P2 | P2—P1 | PI=P3 | P3Pl | P2P3 | P3—P2

WL 67.5+£14 | 31.94£19 | 54.7+08 | 67.0£15 | 242424 | 21.6+18 | 49.8+£1.0 | 43.3+£1.7 | 33.4+19 | 61.2+1.3 | 32.9+08 | 43.6+2.1
PathNN 68.0+£1.4 | 72.642.6 | 55.1+23 | 38.2+28 | 25.4+25 | 22.6+46 | 39.9+3.1 | 63.6+£1.7 | 344425 | 27.6+22 | 67.0+£19 | 46.7+2.0
GCN 67.3+35 | 73.3+43 | 559417 | 72.1426 | 23.8+1.7 | 22.5+14 | 52.3+39 | 63.9+24 | 27.3+1.0 | 45.6+1.7 | 30.3+2.1 | 47.7+14
GIN 62.3+23 | 59.54+25 | 50.6+2.1 | 49.4+24 | 24.8+13 | 60.0+£09 | 45.2+03 | 56.4+3.1 | 66.0+£12 | 34.3+1.7 | 33.4+14 | 48.5+19
GAT 62.8408 | 68.1+£12 | 50.1£1.7 | 66.2+14 | 64.6+23 | 18.0+£14 | 489410 | 62.8+1.8 | 46.5£1.4 | 25.5+1.1 | 33.1+£09 | 49.0+2.7
GMT 49.6+1.0 | 51.3+13 | 54.1+16 | 50.6£13 | 53.8+1.1 | 51.4+1.7 | 52.9+19 | 53.0+1.1 | 53.5+1.0 | 50.4+1.1 | 52.5+12 | 50.2+1.0
Co-teaching | 67.4+05 | 69.2+12 | 54.2+1.7 | 69.4+04 | 24.7+£19 | 255413 | 49.4+08 | 61.4+26 | 38.9+2.1 | 47.4+25 | 43.0+£1.8 | 46.4+33
Taylor-CE 65.7+£3.6 | 60.4+43 | 493435 | 53.6+£29 | 279415 | 574424 | 50.6+£22 | 42.7+18 | 69.7+£19 | 39.6+1.7 | 40.4+13 | 42.0+27
RTGNN 63.0+£18 | 70312 | 61.1£18 | 67.7+25 | 26.0+£0.7 | 20.0+£09 | 55.1+14 | 67.3+1.7 | 24.4+13 | 48.9+15 | 34.8+12 | 44.0+15
OMG 64.9+14 | 722417 | 471411 | 63.3+£19 | 68.1+£13 | 22.3+08 | 46.3+£23 | 59.3+22 | 52.5+1.8 | 21.8+1.9 | 35.1+1.5 | 43.6+1.3
SPORT 60.7+£14 | 65.4+18 | 49.0£12 | 69.1+05 | 54. 711 | 51.8+£15 | 553421 | 64.3+24 | 51.6+1.3 | 25.8+1.2 | 34.1+£1.7 | 42.3£19
CoCo 66.9+13 | 509419 | 552415 | 64.4+14 | 71.4+17 | 259412 | 51.6+26 | 55.1+24 | 36.7+1.8 | 56.3+12 | 38.3+19 | 44.5+3.0
DEAL 66.7+23 | 71.642.1 | 552419 | 70.4+3.0 | 347410 | 58.6+£1.7 | 51.04£20 | 65.3+1.6 | 43.7+£1.8 | 66.5£1.9 | 63.4+3.1 | 46.4+23
SGDA 67.8+2.1 | 59.4+13 | 57.7+16 | 73.1+£18 | 38.3+24 | 31.9+27 | 48.2+20 | 48.8+22 | 39.2420 | 58.6+1.6 | 40.2+1.8 | 46.8+23
A2GNN 60.7+22 | 65.5+1.8 | 54.3+2.0 | 67.5+22 | 60.2+£19 | 53.3+£1.7 | 44.2+15 | 63.1+1.8 | 429423 | 35.7+25 | 46.5+20 | 53.8+2.1
StruRW 62.5+2.1 | 729414 | 59.2+18 | 71.04£2.0 | 39.8+£19 | 34.9+2.1 | 49.6+16 | 66.6+2.1 | 37.4+23 | 61.1+1.7 | 40.5+1.5 | 45.9+22
PA-BOTH 64.9+1.7 | 73.64£2.1 | 58.0+£22 | 69.1£19 | 36.5+£23 | 54.3+£15 | 53.9+18 | 67.2+14 | 42.2+16 | 67.6+£20 | 63.1£1.9 | 45.3+2.1
ROAD 522426 | 53.8432 | 60.9+27 | 55.9+42.1 | 63.1+£20 | 57.2427 | 58.6+24 | 58.2+1.7 | 62.542.0 | 58.2+1.8 | 61.1+25 | 57.2+1.7
ALEX 68.7427 | 74.943.0 | 625428 | 68.64+2.6 | 73.7+28 | 61.3+£34 | 62.8426 | 64.9+2.1 | 68.2420 | 61.74+22 | 64.1+£3.0 | 58.0+22
NeGPR | 717424 | 747426 | 64.5+21 | 733121 | 77.0+24 | 632+17 | 63.8+25 | 68.1+22 | 70.5+21 | 68.4+24 | 67.2+23 | 61.0+1.6

Table 2: The graph classification results (in %) on the PROTEINS dataset under graph flux density domain shift (source —
target). PO, P1, P2 and P3 denote the sub-datasets partitioned with graph flux density. Bold results indicate the best performance.

six graph domain adaptation methods: DEAL (Yin et al.
2022), CoCo (Yin et al. 2023a), SGDA (Qiao et al. 2023),
A2GNN (Liu et al. 2024a), StruRW (Liu et al. 2023), and
PA-BOTH (Liu et al. 2024b); and two methods that address
both label noise and domain adaptation: ALEX (Yuan et al.
2023a) and ROAD (Feng et al. 2023).

Implementation Details. We implement NeGPR and all
baseline models using PyTorch and conduct all experiments
on NVIDIA A100 GPUs to ensure a fair comparison. For
NeGPR, the implicit branch (IB) is instantiated with the
GMT (Baek, Kang, and Hwang 2021) architecture to cap-
ture semantic consistency via message passing, while the ex-
plicit branch (EB) employs the PathNN model (Michel et al.
2023) to extract high-order topological structures explicitly.
Both branches use 4 GNN layers, with a hidden dimension
of 256 and a weight decay of 10~ !2. The models are trained
using the Adam optimizer with a learning rate of 10, All
the models are trained on noisy labeled source graphs and
evaluated on unlabeled target graphs. We set the noise ratio
o = 0.3 and the pseudo-label threshold ¢ = 0.9 by default.
All reported results are averaged over five independent runs.

Performance Comparison

We present the results of the proposed NeGPR with all
baseline models under the setting of graph domain adap-
tation on different datasets in Tables 1 and 2. From these
tables, we observe that: (1) Label denoising methods con-
sistently outperform general graph-based approaches, as the
presence of noisy labels significantly impairs the perfor-
mance of standard graph models lacking dedicated noise-
handling mechanisms. (2) Graph domain adaptation meth-
ods generally outperform graph-based and label-denoising
approaches by effectively mitigating domain distribution
shifts. However, their performance may still degrade when
source labels are corrupted, highlighting the need for meth-
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ods that jointly address domain shift and label noise specific
for graphs. (3) Label denoising domain adaptation meth-
ods demonstrate superior performance over graph domain
adaptation methods, which highlights the importance of ex-
plicitly addressing label noise alongside domain alignment
to enhance model generalization in noisy cross-domain set-
tings. (4) The proposed NeGPR consistently achieves the
highest performance across datasets in most cases, demon-
strating its superiority. The outstanding performance is at-
tributed primarily to two factors: (i) the integration of im-
plicit branch and explicit branch enables comprehensive ex-
traction of both structural and semantic features, substan-
tially enhancing representation quality and classification ac-
curacy; and (ii) the nested refinement and noisy tolerated
regularization modules jointly promote robust cross-domain
adaptation by progressively selecting reliable supervision
and suppressing noisy signals.

Ablation Study

We conduct ablation studies to examine the contributions of
each component in the proposed NeGPR: (1) NeGPR w/o
IB: It removes the implicit extraction branch; (2) NeGPR
w/o EB: It removes the explicit extraction branch; (3)
NeGPR w/o NRL: It removes the noise resilient loss in the
pretraining stage; (4) NeGPR w/o NTR: It remove the noisy
pseudo-label tolerated regularization loss during fine-tuning.

Experimental results are reported in Table 3. From the
results, we find that: (1) NeGPR outperforms NeGPR w/o
IB and NeGPR w/o EB, underscoring the importance of
integrating implicit and explicit branches that capture se-
mantic and structural information. Their joint modeling en-
forces multi-view prediction consistency, providing a ro-
bust foundation for effective domain adaptation. (2) NeGPR
w/o NRL demonstrates inferior performance compared to
NeGPR. The NRL effectively reduces the negative impact



Methods | PO—P1 | PI—PO | PO—P2 | P2—PO | PO—P3 | P3P0 | PI»P2 | P2—P1 | PI—P3 | P3—P1 | P2—P3 | P3-P2
NeGPR w/o IB 508 | 506 | 507 | 522 | 500 | 486 | 520 | 522 | 477 | 508 | 525 | 503
NeGPRW/OEB | 504 | 521 | 490 | 521 | 490 | 516 | 465 | 504 | 516 | 504 | 533 | 499
NeGPRW/ONRL | 685 | 714 | 625 | 700 | 736 | 609 | 612 | 652 | 684 | 646 | 638 | 584
NeGPRw/oNTR | 69.7 | 710 | 638 | 703 | 748 | 624 | 624 | 662 | 690 | 655 | 658 | 589
NeGPR | 717 | 747 | 645 | 733 | 771 | 632 | 638 | 681 | 705 | 684 | 672 | 610

Table 3: The results of ablation studies on the PROTEINS dataset (source — target). Bold results indicate the best performance.
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Figure 2: Hyperparameter sensitivity analysis of threshold ¢
and noise ratio o on the PROTEINS dataset.

of noisy labels in the source domain by promoting local
consistency among neighboring nodes. This constraint en-
ables NeGPR to learn noise-resistant representations suit-
able for domain adaptation. (3) NeGPR outperforms NeGPR
w/o NTR, demonstrating that the noise tolerant regulariza-
tion effectively mitigates the impact of noisy pseudo-labels
by preserving reliable supervision from clean samples. This
constraint prevents overfitting and enhances the model’s ro-
bustness and generalization across domains.

Sensitivity Analysis

We perform a sensitivity analysis to examine how the key
hyperparameters of NeGPR, namely the pseudo-label con-
fidence threshold ¢ and the noise ratio «, affect its per-
formance. Specifically, ( governs the selection of high-
confidence pseudo-labeled target samples, while « deter-
mines the proportion of corrupted labels in the source do-
main. Both parameters play a critical role in balancing su-
pervision quality and model robustness.

Figure 2 illustrates how ¢ and « affect the perfor-
mance of NeGPR on the PROTEINS dataset. We vary
¢ within the range of {0.5,0.6,0.7,0.8,0.9} and « in
{0.1,0.2,0.3,0.4,0.5}. From the results, we observe that:
(1) The performance of NeGPR in Figure 2(a) steadily in-
creases as threshold ( rises. A higher threshold can effec-
tively filter out pseudo-labels with lower confidence, which
reduces the risk of propagating incorrect information during
model training, enabling the model to learn from more reli-
able supervision signals. Thus, we set the threshold ¢ to 0.9
as default to ensure optimal pseudo-label reliability. (2) Fig-
ure 2(b) illustrates a decreasing accuracy trend with an in-
creasing noise ratio «.. A higher noise ratio introduces more
incorrectly labeled samples into the source domain, thereby
degrading the reliability of supervisory signals during train-
ing. Consequently, this prevents the model from accurately
learning discriminative representations. To maintain a bal-
ance between realistic data conditions and robust perfor-

0.9 097
GCN GIN 2 L Random
§ 0.8 GAT GMT Q 0.8 - PathNN== Sampling
§ 0.7 § 0.7
<< 0.6 < 0.6
) Q 2 N Q L Q
207 T g0 07 7 T 0

(a) Different backbone for IB (b) Different backbone for EB

Figure 3: The performance with different backbones for IB
and EB on the PROTEINS dataset.

mance, we set the noise ratio « to 0.3 by default.

Flexible Architecture

To assess the impact of different backbone choices for the
IB and EB branches, we evaluate various message pass-
ing methods in IB, including GCN, GAT, GIN, and GMT,
and adopt several graph kernel-based methods in EB, such
as Graph Sampling, Random Walk, WL, and PathNN. As
shown in Figure 3, and consistently observed across other
datasets, GMT and PathNN yield the best performance in
most cases. This can be attributed to their superior represen-
tation capacity, which provides a solid foundation for captur-
ing both semantic and topological features of graphs. These
results further validate our choice of GMT in IB and PathNN
in EB, as they offer complementary strengths that enhance
the effectiveness of dual-branch modeling.

Conclusion

This paper introduces NeGPR, a novel noise-aware dual-
branch framework designed for robust Graph Domain Adap-
tation (GDA) under label noise. To tackle noisy super-
vision and distributional shifts, NeGPR employs a dual-
branch pretraining strategy: one branch captures semantic
consistency via local message passing, while the other en-
codes structural features using a graph kernel method, en-
abling the extraction of complementary graph representa-
tions. A nested pseudo-label refinement mechanism progres-
sively aligns source and target domains by alternately us-
ing high-confidence predictions from one branch to super-
vise the other, enhancing cross-branch consistency and mit-
igating domain gaps. Additionally, a noise-aware regular-
ization term penalizes overconfident or inconsistent predic-
tions, thereby reducing the impact of noisy labels. Extensive
experiments across diverse datasets and various noise set-
tings validate the superior robustness and generalization of
NeGPR, clearly underscoring its strong promise for reliable
graph transfer learning in real-world applications.
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