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Abstract

Unsupervised Graph Domain Adaptation (UGDA) seeks to
bridge distribution shifts between domains by transferring
knowledge from labeled source graphs to given unlabeled
target graphs. Existing UGDA methods primarily focus on
aligning features in the latent space learned by graph neural
networks (GNNs) across domains, often overlooking struc-
tural shifts, resulting in limited effectiveness when addressing
structurally complex transfer scenarios. Given the sensitivity
of GNN:is to local structural features, even slight discrepancies
between source and target graphs could lead to significant
shifts in node embeddings, thereby reducing the effectiveness
of knowledge transfer. To address this issue, we introduce a
novel approach for UGDA called Target-Domain Structural
Smoothing (TDSS). TDSS is a simple and effective method
designed to perform structural smoothing directly on the tar-
get graph, thereby mitigating structural distribution shifts and
ensuring the consistency of node representations. Specifi-
cally, by integrating smoothing techniques with neighbor-
hood sampling, TDSS maintains the structural coherence of
the target graph while mitigating the risk of over-smoothing.
Our theoretical analysis shows that TDSS effectively reduces
target risk by improving model smoothness. Empirical results
on three real-world datasets demonstrate that TDSS outper-
forms recent state-of-the-art baselines, achieving significant
improvements across six transfer scenarios.

Code — https://github.com/cwei01/TDSS

Introduction

Graph Neural Networks (GNNs) have become a powerful
tool for processing graph-structured data (Zhu et al. 2023;
Wang et al. 2024; Zhu et al. 2024; Liao et al. 2024; Chen
et al. 2024b,c; Liang et al. 2024a,b). Despite their notable
success, GNNs often struggle with generalizing to distribu-
tion shifts, leading to unsatisfactory performance in the new
domains (Li et al. 2022; Gao et al. 2023; Luo et al. 2024).
To tackle the challenge of distribution shifts across
domains, Unsupervised Graph Domain Adaptation
(UGDA) (Wilson and Cook 2020; Shi et al. 2024) provides
an effective strategy by focusing on minimizing domain
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Figure 1: An example of GNNs sensitivity to similar inputs.
Nodes have two features; green and red represent differ-
ent classes. We assume the second feature determines node
class: values < (.2 are green, and values > 0.2 are red.

discrepancies, enabling the transfer of knowledge from a
well-labeled source domain to a target domain abundant in
unlabeled samples. Inspired by domain adaptation success
in computer vision (CV) (Xu et al. 2024b) and natural
language processing (NLP) (Xu et al. 2023), most UGDA
methods use GNNs to create dense node representations
and apply regularization techniques like Maximum Mean
Discrepancy (MMD) (Shen et al. 2020b; Liu et al. 2024b),
graph subtree discrepancy (Wu, He, and Ainsworth 2023),
and adversarial learning (Xiao et al. 2023; Li et al. 2024) to
maintain consistency across source and target domains.
Nonetheless, these approaches often overlook the distinct
impacts of distribution shifts driven by graph structures,
which can yield suboptimal results. For instance, when per-
forming domain adaptation between the Cora and PubMed
citation networks! (Chen and Redner 2010), it’s crucial to
consider the structural differences. Network motifs (Alon
2007), which are specific subgraph patterns capturing local
characteristics, offer a means to quantify these differences.
Specifically, in Cora, about 30% of the structures are trian-
gular motifs (i.e., A), indicating tight citation clusters and
suggesting knowledge propagation within small, cohesive

!They are widely used citation networks: Cora focuses on ma-
chine learning papers, while PubMed covers biomedical research.



communities. In contrast, the PubMed features star-shaped
motifs (i,e., *), where many papers cite a few core papers,
indicating reliance on a few influential works with limited
direct connections among the citing papers. Although both
networks involve overlapping research topics and citation
patterns, the differences in their structural motifs could im-
pact the effectiveness of domain adaptation strategies.

Conversely, in image and text domain (Chen et al. 2024a;
Xu et al. 2024a), such similarities in feature distributions or
content patterns can yield modest performance gains dur-
ing knowledge transfer. This contrast underscores the fun-
damental differences in domain adaptation between graph
structures and other data types. The reason lies in GNNs’
pronounced sensitivity to local structural stability, where
even slight discrepancies between source and target graphs
can result in significant shifts in node embeddings, thereby
diminishing the effectiveness of knowledge transfer. Con-
sider Figure 1 as an example. In the source graph, the in-
put neighbor vectors [0.1, 0], [0.2,0.1], and [0.3,0.2] result
in a GNNs output vector of [0.2,0.1]. However, in the tar-
get graph, despite a similar input, the GNNs produces a dis-
tinctly different output vector of [0.2, 0.3] due to slight struc-
tural changes in neighbor node. This highlights the need for
a method to constrain local variations and improve model
robustness. In light of this, a few recent studies (Liu et al.
2023, 2024b) have primarily addressed structural shifts by
reweighting edges to modify the source graph’s structure,
thereby aligning it more closely with target graph. However,
it may fall short when significant differences in nodes and
edges exist between domains, as it might not fully capture
target graph’s structural characteristics, particularly when
transferring from a simpler graph to a more complex one.

Smoothing techniques (Field 1988), known for their abil-
ity to reduce inter-node discrepancies and improve the ro-
bustness of GNNs models, have been successfully applied
in various tasks like node classification and link prediction.
Inspired by the aforementioned analysis, this paper proposes
a simple yet effective approach for UGDA called Target-
Domain Structural Smoothing (TDSS) to address structural
shifts problem. Our method is adaptable to various com-
plex transfer scenarios. Specifically, by applying structural
smoothing directly to the target graph, TDSS better accom-
modates the complex structures of the target domain. Specif-
ically, it integrates a smoothing term with a neighborhood
sampling strategy. The sampling mechanism flexibly ex-
plores the graph structure, avoiding over-smoothing while
preserving key distinctions between nodes. Simultaneously,
the smoothing term enhances model consistency, maintain-
ing structural integrity in node representations and mitigat-
ing the effects of local perturbations and unstable features.
Our theoretical analysis shows that target risk is primarily
influenced by both model smoothness and domain discrep-
ancies. Empirical results on three datasets demonstrate that
TDSS outperforms recent state-of-the-art baselines.

Our major contributions are summarized as follows:
(Novel Perspective): We are the first to approach UGDA
through the lens of model smoothness. Our theoretical anal-
ysis reveals that target risk is predominantly driven by model
smoothness and domain discrepancies, establishing a robust
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theoretical foundation for our method. (Simple yet Effective
Method): We introduce TDSS, a straightforward and effec-
tive method that seamlessly integrates into existing frame-
works, providing a plug-and-play solution to enhance model
generalization. (Experimental Results): Our experiments
demonstrate TDSS’s adaptability and effectiveness across
graph settings, surpassing state-of-the-art methods and con-
sistently boosting performance in diverse transfer scenarios.

Related Work

Unsupervised Graph Domain Adaptation. UGDA aims
to transfer knowledge from a well-labeled source graph to
an unlabeled target graph, tackling the distribution shifts in-
herent in graph-structured data. Unlike traditional domain
adaptation techniques (Zhuang et al. 2020), UGDA en-
counters greater challenges due to the non-IID nature of
graph data, which complicates the alignment of node em-
beddings between the source and target graphs and can lead
to mismatches and inconsistencies in the transferred knowl-
edge. Consequently, many approaches have explored vari-
ous techniques to achieve effective knowledge transfer, such
as MMD (Shen et al. 2020b), graph subtree discrepancy
(Wu, He, and Ainsworth 2023), and adversarial learning
(Xiao et al. 2023; Li et al. 2024). However, these meth-
ods often miss the specific challenges posed by structural
shifts in graphs, which can result in less effective solu-
tions. Recently, a few studies have begun addressing distri-
butional changes in graph structures by designing methods
for structural alignment to reduce variations. For example,
StruRW (Liu et al. 2023) reweights edges in the source graph
to mitigate neighborhood shifts, while PairAlign (Liu et al.
2024b) recalibrates node influence through edge weights and
adjusts classification loss with label weights to manage both
structural and label shifts. Yet, when there is a significant
disparity in the number of nodes and edges between the
source and target graphs, direct edge reweighting may not
fully capture the target graph’s intricate structure and may
still result in suboptimal performance.

Model Smoothness. Model smoothness refers to design-
ing a model that produces consistent and stable predictions
across similar data points, ensuring that the prediction out-
puts are uniformly flat within certain neighborhoods (Rosca
et al. 2020; Wang and Manchester 2023). This concept has
already been both empirically and theoretically validated to
improve model generalization and robustness in independent
and identically distributed scenarios (Wang and Manchester
2023). In the UGDA setting, several approaches have sought
to improve UGDA performance by incorporating additional
model generalization constraints into their objectives. For
example, SpecReg (You et al. 2023) derives a generaliza-
tion bound for single-layer GNNs and enhances it by intro-
ducing spectral regularization. Similarly, A2GNN (Liu et al.
2024a) applies a Lipschitz formulation for k-layer GNNss,
demonstrating that the target risk bound can be tightened
by decreasing propagation layers in the source graph while
increasing them in the target graph, though this approach
can easily lead to over-smoothing. Different from these ap-
proaches, our work focuses on directly reducing target risk



by leveraging model smoothness, providing a novel perspec-
tive to enhance the effectiveness of UGDA.

Problem Formulation

Consider an undirected, unweighted graph G = (V,€),
where V is the set of nodes connected by the edge set £.
The adjacency matrix of G is a binary symmetric matrix A
such that A; ; = 1 if the i-th and j-th nodes are connected
by an edge, and A; ; = 0 otherwise.

Given a source graph G = (Vs, &) with m labeled nodes
and a target domain graph G, = (V;, ;) with n unlabeled
nodes, we assume that both graphs share the same feature
and label space but have different marginal distributions, i.e.,
P(X;) # P(X;) but P(Ys | Xs) = P()y | X). In this
paper, our goal is to develop a GNN-based classifier that can
predict the node labels {y!}? ; in the target domain, where
y! € Vi We structure the model as a composition g o ¢,
where the mapping ¢ : X — H transforms the features into
a latent space H, and the function g : H — ) performs
classification in the label space ).

Methodology

In this section, we begin by presenting target domain struc-
tural smoothing tailored for UGDA. Following this, we pro-
vide a theoretical analysis showing how target error is influ-
enced by model smoothness, demonstrating the method’s ef-
fectiveness in enhancing knowledge transfer. Lastly, we of-
fer a detailed analysis of the model’s complexity.

Target Domain Structural Smoothing

As previously discussed, even minor structural differences
between the source and target domains can significantly al-
ter node representations. To counteract this, we introduce a
straightforward yet powerful approach called target domain
structural smoothing, designed to mitigate the effects of
structural shifts. The key concept is to enhance the smooth-
ness of node representations in the target graph by con-
straining the variations between neighboring nodes, thereby
minimizing the adverse impact of motif-related structural
changes on the model’s predictive performance.

The overall process comprises two main steps: neighbor-
ing node generation and Laplacian smoothness constraint.
In the first step, semantically similar nodes are sampled as
neighbors for each node. The sampling method is flexible,
accommodating various strategies such as random sampling,
k-hop sampling, or random walk sampling. In this context,
we present two specific techniques for neighbor sampling.

k-hop Sampling: In the k-hop sampling, the neighbors
of each node are selected by traversing up to k edges in the
graph, where k£ determines the size of the neighborhood.
Formally, let G = (V,&) represent an undirected graph,
where V is the set of nodes and £ is the set of edges. For
a given node v;, its k-hop neighbors N (v;) are defined as:

Ni(v;) = {vj € V| shortest_path(v;, v;) < k}, (1)

where shortest_path(v;, v;) denotes the shortest distance be-
tween nodes v; and v;.
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Random Walk Sampling: The effectiveness of k-hop
sampling is highly dependent on the parameter k. An in-
appropriate k can compromise the distinguishability of the
learned embeddings. For example, a large &£ might lead to
different nodes sharing identical subgraphs, causing their
embeddings to collapse into a single point, which is a char-
acteristic of over-smoothing in GNNs.

Instead, the random walk sampling enables flexible ex-
ploration of the graph structure during sampling, helping
to avoid over-smoothing and maintain meaningful distinc-
tions between nodes (Nikolentzos and Vazirgiannis 2020).
Formally, for a given node v; € V, the set of neighboring
nodes NV,.(v;) is defined as:

J\/}(vi) = {’Uj cy | RW)\(UZ',’U]‘) )

where RW  (v;,v;) indicates if node v; is visited during a
random walk of length \ starting at node v;.

Next, let A be the original adjacency matrix of graph G.
Here, we use random walk sampling as an example to illus-
trate the subsequent process. The updated adjacency matrix

A, reflecting the sampled neighborhood, can be defined as:
{1, ifv; € N,.(v;) and (v;,v,) € €

0, otherwise.

This updated matrix A ensures that only edges between
node v; and its sampled neighbors N,.(v;) are retained,
thereby emphasizing relevant connections within the graph.

Finally, we apply a smoothness constraint for each node
to ensure consistency among neighboring nodes in target
graph. In this context, we focus on applying this constraint
solely to the target graph, as explained in Remark 2. Let
f(x;) denote the feature representation of node ¢, and d; rep-
resent the degree of node 7. The Laplacian smoothing regu-
larization loss Lsg is defined as follows:

2
f (x;)

Lsg =5 ZZ \r f’ )

This constraint minimizes feature differences between
nodes and their neighbors, normalized by the square root of
their degrees. This normalization ensures that high-degree
nodes do not overly dominate the smoothing process.

= True},

A, = 3)

Target Risk Bound with Model Smoothness

In this part, we show that how the target risk is bounded
above by the model’s smoothness, providing a theoretical
foundation for the effectiveness of our approach. Formally,
we define the model smoothness (Rosca et al. 2020) and total
variation distance (TVD) (Villani et al. 2009).

Definition 1. Model Smoothness: A model f is (k,r)-
cover with ® smoothness on graph G, if

Eg sup |f(0,%;) — < ®, (5

d(4,5) <k,[|xi =%l cc <1

£(8,%;)]

where ‘sup’ refers to the supremum, k is the maximum dis-
tance between neighboring nodes, and r denotes the maxi-
mum difference in the feature space between node features,



and @ is the model parameters. It should note that a lower ®
value indicates a higher level of model smoothness.

Definition 2. Total Variation Distance: Given two graphs
Gy and Ga, G1(v) and G (v) represent the attribute distribu-
tions of node v on graphs G; and G, respectively. The total
variation distance is defined as:

Z 1G1(v

UGV

TVD(G1,G2) =

2(),  (©)

where it measures the maximum difference between the at-
tribute distributions of two nodes on the graph.

As we proceed, let’s assume that the graphs G; and Go
from the source and target domains have a compact support,
denoted as X C R?, where d is the feature dimension. This
implies there exists a constant I' > 0 such that for any two
nodes x;,x; € X, the difference between their features,
lx; — x;]|, is also constrained by I'. Consider L(f(x),y)
as the loss function, which is continuous and differentiable.
Here, f(x) is the output of the GNNs predicting the node
label, and y is the ground truth of node. We define the ex-
pected risk for the model f across the distribution S as
E(f) = Egxyi~s [L(f(x),y)]. Additionally, we assume
that the loss is bounded, ie., 0 < L(f(x),y) < T. By
combining our understanding of model smoothness and the
concept of TVD, we can establish the following theorem.

Theorem 1. Consider two distributions S and T, if a model
fis (k,2r)-cover with ® smoothness over distributions S
and T, then with probability at least 1 — &, the following
holds:

Er(f) < &(f) +2TVD(S,T) + &5 + dr + K,  (7)
where
PR JON U R
and
7= \/(zd)z‘f#“ log 2 + 2log(1/¢). )
Proof. Refer to the Appendix for the details. O

In this theorem, K and Z are intermediate variables, I’
and T are constants specific to the given dataset, and m and
n denote the number of nodes in the source and target do-
mains, respectively. It is important to note that, unlike previ-
ous methods that derive upper bounds for target error (You
et al. 2023; Liu et al. 2024a), we propose that the target risk
Er(f) is constrained by the source risk Es(f), domain dis-
crepancy TVD(S, T), and the model’s smoothness ®. This
relationship is encapsulated in Theorem 1, which provides a
more comprehensive understanding of the factors impacting
the target risk. Therefore, by reducing model’s smoothness
®, we can effectively decrease the target error, offering a
novel perspective for addressing the UGDA problem. It is
also the core of our proposed TDSS approach.

Remark 1: (Why not directly increase GNNs depth?)
Some readers may wonder why we do not simply increase
the depth of GNNs to enhance model smoothness. While
adding more layers can increase smoothness, it often results
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in over-smoothing, which leads to the loss of critical node-
specific features. In contrast, our proposed TDSS provides
a better balance by enhancing smoothness while preserving
local structural details, making it ideal for improving model
robustness in UGDA tasks. Additionally, TDSS aligns more
closely with the mathematical formulation of the target risk
bound (i.e., Eq. (7)), as it directly influences ®, the smooth-
ness parameter we aim to optimize. This alignment ensures
that our theoretical insights translate into tangible improve-
ments in model’ generalization capabilities.

Remark 2: (Target or source domain?) Since UGDA in-
volves two distributions, S (source domain) and T (target
domain), one might intuitively consider smoothing both the
source and target graphs simultaneously. However, this ap-
proach can be computationally expensive, necessitating fur-
ther optimization. In fact, the target domain T generally re-
quires greater smoothness than the source domain S because
the source domain benefits from labeled data, enabling more
stable feature representations. Conversely, the target domain
lacks supervision, making it more susceptible to noise and
variability, thus requiring enhanced smoothness for effective
generalization. Thus, we have &5 < ®7. As a consequence,
Eq. (7) can be reformulated as:

Er(f) <&(f)+2TVD(S,T) + 291 + K, (10)
where K is defined in Eq. (8). This approach reduces com-
putational costs while minimizing the target error.

Remark 3: (Why total variation distance?) In proving tar-
get error, we opt to use TVD instead of MMD or other mea-
sures due to its robust and interpretable assessment of dis-
tributional discrepancy. TVD evaluates the maximum dif-
ference between probabilities assigned by two distributions,
making it particularly suitable for scenarios where absolute
differences are critical, and is favored for its convenience
in theoretical derivations (Devroye, Mehrabian, and Reddad
2018). On the contrary, MMD captures higher-order mo-
ment differences but relies on kernel choices and large sam-
ple sizes for convergence, adding complexity and computa-
tional overhead. Thus, we use TVD to analyze the new target
error bound Er(f). While in fact, with suitable kernel func-
tions, MMD can approximate an upper bound for TVD:
TVD(S, T) < MMDg(S, T) - Ck, (11)
where C}, is a constant related to the kernel function. Con-
sequently, these measures of domain discrepancy can be re-
garded as equivalent under mild conditions, thereby preserv-
ing the correctness of our derivations regardless of the metric
chosen. Furthermore, by combining Eq. (10) and Eq. (11),
the new target error can be rewritten as:
Er(f) < Es(f) + 2MMDy(S, T) - C + 207 +K,
—— ~~

Lac Lpa Lsr

where K is defined in Eq. (8). Interestingly, we observe
that the target error is primarily constrained by three factors
(i.e., source error, the MMD distance between domains, and
model smoothness of target domain), each of which aligns
closely with our optimization objectives in Eq. (13). This
alignment indicates a strong consistency between our theo-
retical framework and the practical optimization goals, fur-
ther reinforcing the validity of our approach.

(12)




Overall Optimization

The overall training process of our proposed TDSS consists
of three main components:

L = Lsc + aLlpa + BLsr, (13)

where the first term, Lgc, represents the GNNs classi-
fier loss. In this paper, we employ the state-of-the-art
A2GNN (Liu et al. 2024a) to optimize this component. The
Lpa is the domain alignment loss, where we utilize the
MMD method to align the source and target domains, aim-
ing to minimize domain discrepancies. Finally, Lggr is the
smoothness loss, designed to ensure node smoothness by
constraining feature variations between neighboring nodes.
The o and (3 act as trade-offs to balance the contributions of
the domain alignment and smoothness losses, respectively.

Complexity Analysis. In this section, we analyze the time
complexity of TDSS, using the random walk sampling
method as an example. Firstly, for each node performing -
random walks with a walk length of A, the time complex-
ity is O(ny\), where n is the node number in target graph.
The values of v and A are chosen to be small, thus not incur-
ring significant computational overhead. Secondly, for each
node calculating the smoothing constraint with its random
walk sampled neighbors, assuming that each node samples
on average p neighbors (i.e., p < vA), the time complexity
is O(npd), where d is the number of features. Therefore, the
overall time complexity is O(nyA + npd).

Experiment

In this section, we conduct experiments on three real-world
datasets to address the following five research questions:
(RQ1): How does the proposed method TDSS perform when
compared to state-of-the-art baseline methods? (RQ2): How
is the effectiveness of the proposed model evaluated across
different backbone GNNs architectures? (RQ3): Which part
of the model primarily contributes to the effective prediction
of optimal UGDA? (RQ4): How do the hyper-parameters
affect the performance of the proposed approach? (RQS):
How about the intuitive effect of TDSS?

Experimental Setups

Datasets We conduct experiments utilizing three real-
world graphs from the ArnetMiner dataset (Tang et al.
2008): ACMv9 (A), Citationvl (C), and DBLPv7 (D). To
address the discrepancies in node attributes across these
graphs, we integrate their attribute sets and standardized the
attribute dimension to 6775, as elaborated in (Qiao et al.
2023). Each node signifies a paper, while each edge denotes
a citation between two papers. Our objective is to categorize
all the papers into five distinct research topics: Databases,
Artificial Intelligence, Computer Vision, Information Secu-
rity, and Networking. This study focuses on six key transfer
taskss A > C,A—-D,C—>A, C—-D,D— A and D —
C. The statistics of three datasets are summarized in Table 1.

Baselines For performance evaluation, we compare TDSS
with three categories of baseline methods: (1) Unsuper-
vised graph learning: DeepWalk (Perozzi, Al-Rfou, and
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Graph #Nodes #Edges #Attr. #Labels #Density
ACMV9 (A) 9,360 15,556 6,775 5 0.00036
Citationvl(C) 8,935 15,098 6,775 5 0.00038
DBLPv7(D) 5,484 8,117 6,775 5 0.00054

Table 1: Statistics of the three real-world graphs. Note: ‘#’
denotes ‘number of’, ‘Attr.” refers to attributes.

Skiena 2014), node2vec (Grover and Leskovec 2016), and
ANRL (Zhang et al. 2018) learn node embeddings without
supervision and then evaluate target graph representations
using a classifier trained on the source graph. (2) Source-
only GNNs: GAT (Velickovic et al. 2017), GSAGE (Hamil-
ton, Ying, and Leskovec 2017), SGC (Wu et al. 2019), and
GCN (Kipf and Welling 2016), are trained on the source
graph in an end-to-end fashion, allowing direct application
to the target graph. (3) Graph domain adaptation methods:
CDNE (Shen et al. 2020b), AdaGCN (Dai et al. 2022),
ACDNE (Shen et al. 2020a), UDAGCN (Wau et al. 2020),
GRADE (Wu, He, and Ainsworth 2023), StruRW (Liu et al.
2023), PairAlign (Liu et al. 2024b) SpecReg (You et al.
2023) and A2GNN (Liu et al. 2024a) are designed specif-
ically to handle graph domain adaptation.

Implementation Details Consistent with previous stud-
ies (Shen et al. 2020b; Liu et al. 2024a), we use Micro-F1
and Macro-F1 scores to evaluate model performance. Node
features are set to a dimensionality of 128, and the learn-
ing rate was fine-tuned within the set {0.01, 0.03, 0.05} for
optimal performance. Domain alignment is achieved using
the MMD method with a Gaussian kernel (Filippone et al.
2008). To prevent overfitting, a dropout rate of 0.5 is applied.
We tune the o and § parameters within the range [0, 1]. All
experiments are conducted using PyTorch, ensuring consis-
tency with baseline models by adhering to the implementa-
tion details from their original papers.

Experiment Results

Performance Comparison (RQ1) We present the perfor-
mance of TDSS compared with baselines for node classifica-
tion, as shown in Table 2. From the results, we can observe:

(1) Graph domain adaptation methods outperform vanilla
graph neural networks and hypothesis transfer approaches,
underscoring the importance of addressing domain discrep-
ancies. Vanilla GNNs struggle with domain shifts due to the
assumption of identical training and test distributions. Hy-
pothesis transfer methods adapt to new domains but fail to
explicitly address graph structure discrepancies. In contrast,
graph domain adaptation methods model domain shifts and
adapt graph representations, leading to superior performance
and highlighting the need for domain-aware adaptations in
graph-based learning tasks.

(2) The proposed TDSSgrw model achieves the best
performance across six cross-domain node classification
datasets, outperforming all baseline methods. On average,
TDSSgw shows a 2.04% improvement in Macro-F1 and
a 3.05% improvement in Micro-F1 over the state-of-the-
art A2GNN model. These gains are due to the incorpo-



Methods A—-C A—-D C—-A C—-D DA D-~C Avg.
Micro-F1 ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 ~ Micro-FI ~ Macro-F1 ~ Micro-F1 ~ Macro-F1 | Micro-F1 = Macro-F1
DeepWalk | 0.2105 0.1772 0.2594 0.1987 0.2194 0.1933 0.2257 0.1751 0.2623 0.1983 0.2946 0.2276 0.2453 0.1956
node2vec 0.2989 0.2584 0.2454 0.1950 0.2176 0.1799 0.2895 0.2498 0.2861 0.2205 0.2116 0.1622 0.2582 0.2108
ANRL 0.3031 0.2093 0.2954 0.2333 0.3184 0.2204 0.2590 0.2271 0.2956 0.1912 0.2599 0.1825 0.2886 0.2099
TGAT | 05713 04364 05380 04136 05037 04214 05585 04525 05293 04395 05552 05004 | 05427 04436
GSAGE 0.7140 0.6914 0.6482 0.6180 0.6522 0.6469 0.6996 0.6686 0.5922 0.5731 0.6785 0.6490 0.6641 0.6379
SGC 0.7740 0.7213 0.6913 0.6254 0.7231 0.6292 0.7380 0.6693 0.6332 0.5394 0.7231 0.6292 0.7138 0.6290
GCN 0.7738 0.7478 0.6905 0.6529 0.7058 0.7039 0.7417 0.7137 0.6335 0.5942 0.7417 0.6979 0.7145 0.6824
"UDAGCN | 07215 06033 06695  0.6483 05816 05589 07177  0.6946 05816 05580 07328 06112 | 06675 05986

GRADE 0.7604 0.7252 0.6822 0.6303 0.6372 0.5935 0.7395 0.7002 0.6372 0.5935 0.7432 0.6932 0.6999 0.6551
CDNE 0.7876 0.7683 0.7158 0.6924 0.6962 0.7045 0.7436 0.7134 0.6962 0.7045 0.7888 0.7736 0.7380 0.7362
AdaGCN 0.7932 0.7651 0.7504 0.7139 0.6967 0.6947 0.7559 0.7234 0.6967 0.6947 0.7820 0.7422 0.7458 0.7254
StruRW 0.7735 0.7207 0.6910 0.6251 0.6781 0.5977 0.7381 0.6689 0.6327 0.5382 0.7241 0.6294 0.7016 0.6234
PairAlign 0.7088 0.6788 0.6591 0.6235 0.6585 0.6509 0.7104 0.6756 0.5934 0.5877 0.6707 0.6461 0.6602 0.6338
SpecReg 0.8055 0.7883 0.7593 0.7398 0.7101 0.7234 0.7574 0.7364 0.7101 0.7234 0.7904 0.7778 0.7556 0.7501
ACDNE 0.8175 0.8009 0.7624 0.7359 0.7129 0.7264 0.7721 0.7574 0.7129 0.7264 0.8014 0.7883 0.7513 0.7425
A2GNN 0.8275 0.8086 0.7784 0.7518 0.7463 0.7631 0.7828 0.7590 0.7344 0.7494 0.8109 0.7884 0.7795 0.7672
TDSSy hop 0.8294 0.8131 0.7846 0.7611 0.7433 0.7573 0.7713 0.7527 0.7399 0.7573 0.8177 0.8011 0.7815 0.7765
TDSSrw 0.8320* 0.8140* 0.7954* 0.7813* 0.7694* 0.7833* 0.7896* 0.7755* 0.7489* 0.7646 0.8229* 0.8075 0.7954 0.7906

Table 2: Node classification performance comparisons on six cross-domain tasks. The highest scores are highlighted in bold,
and the second-highest scores are underlined. * indicates that TDSS significantly outperforms A2GNN at the 0.05 level.

GCN GAT SGC
Backbone .. .. ..

Original Ours Original Ours Original Ours

A C Mi-F1 | 0.7813  0.7930 0.7545 0.7996 0.7632  0.7765
Ma-F1 | 0.7598 0.7758 0.7360  0.7748  0.6983  0.7224

ASD Mi-Fl1 07055  0.7255  0.7213  0.7490  0.7535  0.7644
Ma-F1 | 0.6750 0.6967 0.6861  0.7218 0.6852  0.7083

CA Mi-Fl | 0.7150 0.7230  0.7233  0.7425 0.6657  0.6818
Ma-F1 | 0.7184 0.7298 0.7291  0.7529  0.5954  0.6394

CoD Mi-F1 | 0.7583  0.7621 0.7403  0.7740  0.7485  0.7546
Ma-F1 | 0.7343  0.7405 0.7153  0.7529 0.6791  0.7029

Do A Mi-F1 | 0.6568 0.6709 0.6795  0.7157 0.6252  0.6467
Ma-F1 | 0.6465 0.6700 0.6862  0.7136  0.5364  0.5549

DoC Mi-F1 | 0.7487 0.7632 0.7652  0.7902 0.7374  0.7637
Ma-F1 | 0.7187 0.7339 0.7347 0.7756  0.6380  0.6732

Table 3: Node classification performance on various GNNs
for unsupervised domain adaptation.

ration of model smoothness, which mitigates the impact
of local structural changes. The random walk-based Lapla-
cian smoothing constraint in TDSSgw enables better cap-
ture of the intrinsic graph structure and enhances robustness
against noise, resulting in more accurate node classification.
Moreover, the TDSSy o, model underperforms compared to
TDSSgrw, likely due to over-smoothing during the optimiza-
tion process. In k-hop sampling, nodes may share similar
subgraphs as the hop count increases, leading to indistin-
guishable embeddings and a loss of critical node-specific
features, which reduces the model’s effectiveness.

(3) We observe that the improvement in the C — A setting
is the most significant. This enhancement may be attributed
to the similarity in the number of nodes and edges between
the Citationvl and ACMvVY datasets. Such similarity en-
ables the random walk-based smoothing constraint method
to more effectively leverage the structural and attribute cor-
respondences, resulting in smoother adaptation and higher
classification accuracy in this specific transfer setting.
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Figure 2: Classification Micro-F1 comparisons between
TDSS variants on six cross-domain tasks.

Results for Various GNNs (RQ2). Since TDSS? is de-
signed to be model-agnostic and seamlessly integrable into
existing GNNs frameworks, it can be effectively integrated
not only into state-of-the-art models like A2GNN but also
into standard GNNs. To validate its broad applicability, we
conduct experiments with GCN, GAT, and SGC. As shown
in Table 3, the results demonstrate significant performance
gains with our method compared to the original models
without the smoothing constraint. Overall, these findings
clearly indicate that our proposed TDSS approach enhances
the generalization capabilities of various GNNs models. The
consistent improvements across different tasks and back-
bones underscore the effectiveness and versatility of TDSS
in advancing graph domain adaptation techniques.

Ablation Study (RQ3). To investigate the specific con-
tributions of different components, we conduct an in-depth
analysis and ablation studies on TDSS. The results are
shown in Figure 2, and the variants of TDSS are: (1) w/o
DA: which eliminates the alignment loss to assess the im-
pact of domain alignment (i.e., setting « = 0). (2) w/o SR:
which eliminates the smooth regularization loss to evaluate
the impact of model smoothness (i.e., 8 = 0). (3) w/o RW:

2To simplify notation, we use TDSS to refer to TDSSgw in the
following experiments.
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Figure 3: The Micro-F1 performances of our TDSS w.r.t
varying A, v, a, and § on different transfer tasks.

which removes the random walk sampling mechanism and
reverts to 1-hop neighborhood sampling.

First, we observe that removing specific modules consis-
tently leads to a decrease in F1 scores, highlighting the es-
sential role that various model components play in determin-
ing overall performance. Notably, in the majority of transfer
tasks, the removal of MMD alignment (w/o DA) causes the
most significant performance drop, emphasizing the critical
importance of explicit domain alignment in minimizing dis-
tributional differences between two domains.

Further analysis of the comparison between TDSS and
its variants on C — D and C — A reveals a key insight:
the “w/o RW” variant shows inconsistent performance com-
pared to other tasks, likely due to insufficient smoothness
when using 1-hop neighbors for Laplacian constraints.

Sensitivity Analysis (RQ4). In this section, we investigate
the sensitivity of TDSS to three key components: the ran-
dom walk mechanism (walk number ~ and walk length \),
domain alignment (weight «), and the smoothing constraint
(weight 3). Due to limited space, we present the experimen-
tal results of two transfer tasks per parameter in Figure 3.

e Impact of walk length )\ and walk number ~. Firstly,
we investigate the influence of A and . When analyzing the
walk step A, distinct trends appear in the performance met-
rics. As A increases, the Micro-F1 for A — C decreases,
suggesting that longer walk steps introduce noise and over-
smoothing. For A — D, the Micro-F1 rises initially, peaking
at A = 2, before declining, indicating that a moderate walk
step captures useful information without noise, emphasizing
the need for domain-specific tuning. For the walk number -,
performance slightly drops at higher values, suggesting that
a moderate number of walks (e.g., v = 3 to v = 5) balances
information capture and redundancy. Excessive walks result
in overlap, reducing performance. In summary, fine-tuning
the walk step and number is essential for optimal UGDA
performance, avoiding over-smoothing and redundancy.
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(b) A2GNN (NMI=0.3651)

(a) SpecReg (NMI=0.2911) (c) TDSS (NMI1=0.4175)
Figure 4: Visualization of learned node embedding on D —
A for different models. We use Normalized Mutual Informa-
tion (NMI) (Zhang 2015) to evaluate the clustering effect,
with higher values indicating better performance.

e Impact of domain aligning weight . Secondly, we
study the impact of «, a parameter that regulates the inten-
sity of domain aligning. In this analysis, we manipulate the
value of «, selecting from the set {0.1,0.2,0.3,0.4,0.5}.
Notably, we observe that optimal Micro-F1 performance is
attained when oo = 0.3 for both of these transfer tasks. As «
continues to increase beyond this point, we observe a decline
in Micro-F1 score, suggesting the significance of selecting
an appropriate value for « in our model.

e Impact of smoothing weight /. Finally, we analyze
the impact of the weight 5, which controls the strength of
the smoothing constraint. We vary its values within the set
{0.1,0.2,0.3,0.4,0.5}. In the A — D setting, optimal per-
formance is achieved at 5 = 0.2, after which the Micro-F1
score gradually decreases. Similarly, in the D — A transfer
scenario, the model reaches its best trade-off at = 0.3.
These results suggest that a smaller 3 is more effective for
optimizing the smoothing constraint loss in TDSS.

Visualization Analysis (RQS5). To provide an intuitive un-
derstanding of TDSS, we visualize the node representations
learned in the target domain for the D — A task, comparing
it with three models. Node embeddings are visualized using
Stochastic Neighbor Embedding (SNE) (Hinton and Roweis
2002), as shown in Fig 4. TDSS achieves the best cluster-
ing performance with an NMI of 0.4175, indicating clear
separation between clusters and tighter groupings of nodes.
In contrast, SpecReg and A2GNN exhibit more overlap and
dispersion, with NMIs of 0.2911 and 0.3651, respectively.
The red circles highlight areas where TDSS reduces inter-
cluster mixing, demonstrating superior discriminative power
and feature representation in complex domains.

Conclusion

In this paper, we present target-domain structural smoothing,
a simple yet effective method for enhancing model transfer-
ability in UGDA tasks. By integrating Laplacian smoothing
with a neighborhood sampling mechanism, TDSS preserves
consistent node representations and strengthens model ro-
bustness against structural distribution shifts. Our theoreti-
cal analysis underscores the importance of addressing model
smoothness for successful domain adaptation. Empirical re-
sults on three real-world datasets validate the superiority of
TDSS over state-of-the-art baselines, and demonstrate sig-
nificant improvements across a range of transfer scenarios.
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