Corr.lpute_r Modell.ng N < Tech Science Press
Engineering & Sciences )

https://doi.org/10.32604/cmes.2026.083131

ARTICLE Check for

updates

D2GSL: Self-Supervised Dual-Layer Structure-Driven Graph Structure Learning
Juncheng Zhang"’, Xuhao Wei'~’, Xiaolei Gu’, Haixing Zhao"" and Zhonglin Ye'-*"*

1School of Computer, Qinghai Normal University, Xining, China

ZState Key Laboratory of Tibetan Intelligent, Xining, China

*Qinghai Provincial Public Security Department, Xining, China

*College of Intelligent Science and Engineering, Qinghai Minzu University, Xining, China

>Graduate School of Engineering, Nagasaki Institute of Applied Science, Nagasaki, Japan

*Corresponding Authors: Haixing Zhao. Email: h.x.zhao@163.com; Zhonglin Ye. Email: yezhonglin@qhnu.edu.cn

Received: 30 March 2026; Accepted: 17 July 2026; Published: 28 August 2026

ABSTRACT: Graph structure learning depends heavily on the integrity and reliability of graph data. However,
real-world graphs often contain noise, missing information, and bias, thereby limiting the expressive capacity of
existing models. Single-layer structure learning methods fail to simultaneously capture local interactions and the global
structure. Furthermore, they rely excessively on high-quality labeled data, leading to label scarcity issues and high
annotation costs. To address these challenges, we propose a self-supervised dual-layer structure-driven graph structure
learning method, termed D2GSL. Specifically, D2GSL constructs a semantic similarity channel and a spectral feature
channel to model node relationships from both local semantic and global spectral views. It introduces a hyperadjacency
matrix that explicitly models inter-layer node correspondences and enables joint structural reconstruction across
channels. The framework further applies structural reconstruction constraints and adopts a contrastive learning
mechanism to enhance structural representations in a self-supervised setting. Comprehensive experimental results
demonstrate that D2GSL consistently outperforms mainstream baseline models on public benchmark datasets and
exhibits remarkable efficacy under label-scarcity conditions.

KEYWORDS: Graph structure learning; dual-layer structure; hyperadjacency matrix; graph contrastive learning

1 Introduction

In recent years, graph-based learning methods have been widely applied across multiple domains,
including social networks [1,2], transportation networks [3,4], and bioinformatics [5,6]. As a general and
flexible data representation, graph structures effectively capture complex relational dependencies among
entities and therefore serve as an important means for representing and analyzing structured data. Graph
Neural Networks (GNNs) transmit information and aggregate features through adjacency relations among
nodes, thereby learning high-level representations of nodes, edges, or entire graphs. They demonstrate
excellent generalization performance on a variety of graph learning tasks, including node classification [7,8],
link prediction [9,10], graph classification [11,12] and node clustering [13,14]. Typical GNN models adopt a
message-passing mechanism, in which each layer updates node representations by aggregating features from
neighboring nodes and integrating the node’s own information.

Graph structures effectively characterize complex relationships among entities and are widely applied
in fields such as social networks, transportation networks, and bioinformatics. GNNs transmit and aggregate
features through adjacency relationships among nodes, demonstrating outstanding performance in tasks
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such as node classification and link prediction. However, most GNN-based methods rely on a fundamental
assumption that the original graph structure reliably reflects the true relationships among nodes. In real-
world scenarios, graph data are often accompanied by noise, missing information, or structural bias [15],
which significantly affects the learning performance of GNNs.

To address these issues, Graph Structure Learning (GSL) dynamically constructs or optimizes graph
structures during training, enabling models to learn high-quality node representations from incomplete
and noisy data. Existing GSL methods include strategies based on metric learning [16-18], probabilistic
sampling [19-21], and end-to-end parameter optimization [22,23]. In recent years, several multi-view or
self-supervised GSL methods, such as SUBLIME [24] and MVGRL [25], have also been proposed. Unlike
existing multi-view graph structure learning methods that implicitly fuse heterogeneous views into a single
adjacency representation via weighted aggregation or feature concatenation, such designs fail to explicitly
preserve structural boundaries between different semantic spaces.

To address the aforementioned issues, this paper proposes a self-supervised dual-layer structure-driven
graph structure learning method, termed D2GSL. D2GSL constructs two complementary channels, namely
a semantic similarity channel and a spectral feature channel, to capture local semantic relationships and
global structural characteristics, respectively. Instead of directly collapsing multiple views via simple fusion
strategies, the two channels are modeled as a dual-layer network and interact through a hyperadjacency
matrix that captures both intra-layer structures and cross-layer dependencies in a structured manner.
A structure reconstruction loss is further introduced to enforce topological consistency across channels,
while a contrastive learning objective enhances representation quality under a self-supervised paradigm.
Overall, D2GSL learns structurally consistent representations without relying on label supervision. The main
contributions of this paper are summarized as follows:

o Two structural views, namely the semantic similarity channel and the spectral feature channel, are
constructed to explore multi-dimensional graph information from both local semantic and global
spectral perspectives, thereby enhancing the expressive capability of node representations. . ..

o A dual-layer graph structure with a hyperadjacency matrix is proposed to model semantic and spectral
channels in a structurally decoupled manner, enabling explicit inter-layer interaction beyond standard
multi-view fusion strategies.

«  Extensive experiments are conducted on multiple real-world datasets, and the results demonstrate that
D2GSL outperforms existing baseline methods in node classification tasks.

2 Related Works

2.1 Graph Neural Network

Graph Neural Networks (GNNs) achieve outstanding performance in graph learning tasks by prop-
agating and aggregating features through adjacency relationships among nodes. Early methods such as
GCN [7] update node representations through local neighborhood feature aggregation, thereby laying the
foundation for modern GNN architectures. Subsequent studies extend GNNs from multiple perspectives. For
example, GAT [26] introduces an attention mechanism to assign learnable weights to different neighboring
nodes, GraphSAGE [27] adopts a neighborhood sampling strategy to handle large-scale graph data, and
ChebNet [28] utilizes Chebyshev polynomial approximation in the spectral domain to perform graph
convolution. Detailed surveys on GNNs can be found in the literature [29-31].
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2.2 Graph Structure Learning

Graph Structure Learning (GSL) aims to dynamically optimize the underlying graph structure to
improve the performance of downstream tasks. Among existing methods, IDGL [16] generates graph
structures through similarity measurement and jointly optimizes them with task-specific loss functions.
Pro-GNN [23] exploits intrinsic graph properties such as low-rankness and sparsity to defend against
adversarial attacks. SUBLIME [24] achieves unsupervised GSL through contrastive learning. PROSE [32]
adopts a progressive strategy to iteratively expand graph structures. GEN [15] dynamically estimates latent
graph structures to achieve collaborative parameter optimization. CoGSL [18] suppresses redundant noise
by minimizing mutual information across different views. However, existing methods still exhibit several
common limitations. Most of them rely heavily on supervised label information, which limits their applica-
bility in label-scarce scenarios. Meanwhile, these methods are mainly based on single graph views or simple
combinations of multiple views, making it difficult to fully characterize the complex relationships among
nodes in different semantic spaces. To address these issues, this paper proposes D2GSL, which constructs two
complementary channels based on semantic and spectral features and achieves cross-channel information
fusion through a dual-layer structure and a hyperadjacency matrix.

2.3 Graph Contrastive Learning

Graph Contrastive Learning (GCL) has achieved significant progress in unsupervised graph repre-
sentation learning in recent years. Its core idea is to guide models to learn discriminative node-level
or graph-level representations by constructing positive and negative sample pairs. Among representative
methods, DGI [33] enhances the capability of node embeddings to perceive global structural information by
maximizing the mutual information between local node representations and global graph representations.
MVGRL [25] introduces a multi-view learning strategy by contrasting the original graph with its Laplacian
spectral view, thereby strengthening the learning of global structural characteristics. GRACE [34] adopts
data augmentation strategies at the node level, such as feature masking and edge perturbation, and combines
them with contrastive loss to optimize the similarity and discrepancy of node representations. In addition,
some methods attempt to construct contrastive objectives from cross-graph or cross-channel perspectives to
learn more expressive representations. Although GCL has made remarkable progress, most existing methods
still rely heavily on specific data augmentation strategies and lack in-depth modeling of interactive semantics
among multi-channel structures. In this paper, contrastive learning is incorporated within a self-supervised
framework, and a structure reconstruction loss is further introduced to achieve cross-channel alignment.

3 Problem Definition

Given an undirected graph G = (V, E), where V = {v,v,, ..., vy} represents the set of nodes, E € V' x
V represents the set of edges, and X € RN*¢ denotes the input features of the nodes. The graph’s adjacency
matrix is represented as A € RN*N
GCN, node features and graph structure are jointly used for representation learning. Features are propagated

, where A;; = 1if nodes v; and v; are connected, otherwise A;; = 0. In

and aggregated through the adjacency structure and the propagation rule can be expressed as:
gD - U(D—l/ZAD—l/ZH(l) . W(l))’ 1)

where H() represents the node features at layer I, with the initial input H(®) = X; A = A + I represents
the adjacency matrix with added self-loops; D is the degree matrix, W(!) is the learnable weight matrix
for layer I and o(-) is the nonlinear activation function. However, in real-world graphs, there are often
issues such as noise or incomplete data, making it difficult to fully capture the true relationships between
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nodes. Therefore, it is necessary to guide the construction of improved graph structures under supervision
to enhance representation quality.

Definition 1 (Fiedler Value & Fiedler Vector). In graph theory, given an undirected graph, its structure can be
characterized by the Laplacian matrix. The undirected normalized Laplacian matrix of the graph is defined as:

L=D-A, (2)

where A is the adjacency matrix of the graph, D is the degree matrix. The graph Laplacian matrix L is positive
semi-definite and its eigenvalues Ay < Ay < --- < Ay_; are all real numbers, where Ay = 0. We refer to the second
smallest eigenvalue Ay as the Fiedler value of the graph and its corresponding eigenvector is the Fiedler vector.

Definition 2 (Multilayer Network). A multilayer network is represented as M = (G, €. ), where G = {G; a €
{1,2,...,M}} is a class of directed or undirected graphs, with each G, = (X4, E,). The calculation of €, is
as follows:

e = {Eoqp € Xoa x Xpsat, f€{L,...., M}, # B}. (3)

This represents the set of inter-layer connections between different layers G, and Gg (a # ). The elements
of € are called cross-layer connections. Each E, is regarded as an intra-layer connection of M and each E,g
(a # B) is regarded as an inter-layer connection of M.

Definition 3 (Graph Structure Learning). Given an undirected graph G = (V,E), GSL aims to optimize the
objective function L to learn the adjacency matrix A € {0,1}¥*N (or probability matrix P(A)) that enables
effective data generation. The graph structure learning mechanism is expressed as:

A:argm:,XL(A;X,(E))JrR(A), (4)

where @ represents the model parameters. L(A; X, ©) is the structural loss function that quantifies the difference
between the true graph structure and the predicted graph structure. R(A) is the regularization term, which
controls the sparsity or complexity of the adjacency matrix A.

Definition 4 (Graph Contrastive Learning). The objective of GCL is to learn a projection function fg : RN*4 —
RNk which maps node representations from d-dimensional space to k-dimensional space. The objective
function is optimized as follows:

N exp(sim( f5 (v{), fo(v(%?
L(fo(G), f3(G2)) = - 3 log — 2R CImUe(vi 7). Jolv, ™))

. (5)
=S exp(sim(fo(v), fo(vi)))
The optimal projection function is obtained by:
0 = argmin L(fy(G), fo(Gz)), (6)

where sim(z;, z;) represents the similarity between the representations of node i and node j. G, and G, represent
different views of the graph.

4 Methodology

This section details our proposed self-supervised GSL framework, with the overall architecture of
D2GSL shown in Fig. 1.
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Figure 1: The overall framework of D2GSL. The model constructs a semantic similarity channel and a spectral feature
channel derived from the Fiedler vector, and organizes them into a dual-layer graph structure. A hyperadjacency matrix
is used to model intra- and inter-layer interactions. The framework is optimized with a structure reconstruction loss
and a contrastive learning objective for self-supervised representation learning.

D2GSL explicitly models semantic and spectral information as two separated structural channels
and organizes them into a dual-layer graph structure with explicit inter-layer interactions. Instead of
directly collapsing multiple views into a single adjacency matrix, the model introduces a hyperadjacency
matrix to represent intra-layer and inter-layer relationships in a structured manner. The framework is
optimized using a structure reconstruction loss and a contrastive learning objective for self-supervised
representation learning.

4.1 Multi-Channel Graph Structure Learning

D2GSL aims to achieve deep learning of graph data from both local semantic and global structural
perspectives. It fully captures the multi-dimensional structural information embedded in the graph by
constructing two complementary channel graphs: the Semantic Similarity Channel Graph and the Spectral
Structure Channel Graph.

4.1.1 Construction of the Semantic Similarity Channel Graph

Considering that the semantic relationships among nodes can be characterized through the similarity
of their embedding vectors, we first employ a graph encoder GCN to transform the original node features
X € RN*4, thereby obtaining the node embedding matrix H®) = f3(X) € R¥*K, where th) € R denotes
the embedding representation of node v;. In this paper, two different graph construction mechanisms are
designed to generate the semantic channel graph.

(1) K Nearest Neighbors

After obtaining the embedding of each node, let the number of nodes be N and the representation of
each node be hED) € R¥. We use the K-nearest neighbor method to measure the Euclidean distance between
the node embeddings, selecting the top k nearest neighbors for each node. The graph structure is constructed
asAg = {(vi,v;) |vj e KNN(v;),i € {1, ---, N} }, where the adjacency matrix entries are weighted by the L2
norm of the node feature differences, represented as w;; = & (|| hED) - h](D) ||2) Finally, DropEdge technique
is applied to randomly remove edges, resulting in the redefined graph Gg = (X, Ag).

(2) Cosine Similarity

To better capture the semantic relationships between nodes, another graph construction method is
based on the cosine similarity of the node embeddings. The cosine similarity is computed between nodes i
and j as:
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(D) (D)
simj ) = <1f>i g )
g PR [ Mg P

7)

which captures the directionality of the relationship between nodes v; and v;. Based on this, we retain the top
k nodes with the highest cosine similarity for every node, represented as As = {(v;, v;) | v; € Topk(th) ), i€

{1,..., N}}. We apply the same activation function ¢(-) and use the DropEdge technique to obtain the final
graph Gs = (X, As).

4.1.2 Construction of the Spectral Feature Channel Graph

To further enhance the expressive capability of graph structures in the feature space, this paper
introduces the Laplacian spectral decomposition method from spectral graph theory and constructs a
Spectral Feature Channel Graph based on the Fiedler vector (the second eigenvector) of the graph. This
method extracts low-frequency structural features from the original graph and effectively captures global
connectivity information. The Fiedler vector is selected instead of higher-order spectral features because
it not only characterizes global connectivity and forms a complementary relationship with the semantic
channel, but also incurs relatively low computational cost, making it more suitable for self-supervised and
label-scarce scenarios.

Given an original graph G = (V, E), self-loops are first introduced into its adjacency matrix A to
enhance the self-connection relationships of nodes, resulting in the updated adjacency matrix A = A + I.

Based on this, the corresponding degree matrix D € RNV

is computed, where D is a diagonal matrix whose
i-th diagonal element represents the degree of node v;, i.e., D;; = Zﬁil Ajj. Furthermore, the unnormalized
graph Laplacian matrix is defined as L = D — A. The Laplacian matrix is symmetric positive semi-definite
and possesses real non-negative eigenvalues Ao < A; < --- < Ay_;, with the corresponding orthogonal eigen-
vectors {uy, Uy, ..., uy }. Subsequently, the eigenvectors corresponding to the first k = 2 smallest eigenvalues
are selected. Among them, the eigenvector corresponding to the second smallest eigenvalue is referred to as
the Fiedler vector, denoted as u, € RV, and the spectral embedding representation of each node i is defined

as hfs) = (up);.

4.2 Dual-Layer Network Construction

This paper builds on multi-channel graph learning to explore the deep relationships and complementary
features between different channel structures. It introduces a formal learning framework for dual-layer graph
networks, constructing a dual-layer graph structure M = ((Gp, Gs), ¢, ). Here, Gp = (Xp, Ep) and Gg =
(Xs, Es) represent the graph structures corresponding to the two layers and ¢, represents the set of inter-
layer connections between the two graphs. For each node va) in the Gp graph, we select the top K most

similar nodes from the G graph and establish connections, defining the inter-layer edge set ¢, as:

N
£ =U{(? ) |98 € TopK (sim (™, 1))}, )

=1

where th) and h](s) represent the node embeddings of the Gp and Gy graphs, respectively, and TopK(-)
represents the selection of the top K most similar nodes.
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D D
(D) (D)

In the subsequent sections, we will use the notation Xp = x s xz(v? to represent the node set

of Gp. For each layer Gp, its adjacency matrix is defined as A(?) = (aij)) e RNo*No "ag shown in Eq. (9).

( )
J 0, otherwise.

(D) (D)
a(D) :{1, 1f(xi ,x]. ) GED,
For 1< i, j < Np, the inter-layer relationships between Gp and Gg reflect the important cross-graph
relationships, which are defined in the next equation. We then define the cross-layer adjacency matrix
ADS) = (affs)) e RNo*Ns a5 follows:

v (10)
H 0, otherwise.

0s) {1, if j e TopK (dist(h{", (),

Here, Np and N represent the number of nodes in Gp and Gg, respectively, and hED) and h](.s) represent
the node embeddings from different layers. Finally, the cross-layer hyperadjacency matrix A for the dual-
layer network is defined as shown in Eq. (11):

i ( A(D) A(DS)) c R(M+W)X(M+W) (1)
(A(DS))T A(S) ’

where A(PS) represents the inter-layer connections between G, and Gs. According to the multilayer network
framework defined in Definition 2, the hyperadjacency matrix can be regarded as a unified mathematical
representation of the intra-layer connections A(?), A(S) and the inter-layer connections A°S). This provides
graph-theoretic support for modeling the dual-layer structure. The topological consistency of this matrix is
further constrained through the structure reconstruction loss in Section 4.3.

4.3 Joint Optimization

To maintain consistency in the representation space and the structural space, this study introduces a
joint optimization objective. The objective combines the contrastive learning loss with the dual-layer network
reconstruction loss. First, to enhance the representation consistency of the model across different views,
D2GSL performs encoding on the Semantic Similarity Channel Graph and the Spectral Feature Channel
Graph, obtaining two node embeddings, th) and hfs) for node i. By maximizing the similarity between
positive sample pairs and minimizing the similarity between negative sample pairs, D2GSL achieves cross-
channel alignment at the semantic level. This is specifically defined by Eq. (12),

exp(sim(h{™, h{$) /1)

, (12)
Zj-\il (exp(sim(th), hﬁs))/‘r) + exp(sim(hfs), hﬁD))/‘r))

N
Leon = - Zlog
i=1

where sim(+) represents the cosine similarity function and 7 is the temperature coefficient. Next, to maintain
topological consistency at the structural level, this paper introduces the dual-layer network reconstruction
loss. Specifically, the Semantic Similarity Channel Graph and the Spectral Feature Channel Graph are
first merged into a higher-order structural representation, as defined by Eq. (11). D2GSL predicts the
adjacency matrices A(”) and A(S) from the embeddings of the two channels. It then calculates the structural
reconstruction loss with the hyperadjacency matrix A as defined in Eq. (13),
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- 1
Lrec(Aa A(D)) = N2

M=

N
; [Wp .Agjw log(o(Aij)) +wn-(1- A§JP>) log(1 - U(Al.j))] , 13)

I
—

where o (-) represents the Sigmoid activation function, and w, and w, represent the weights for the positive
and negative samples, respectively, which are used to balance the imbalance between edges and non-edges
in sparse graphs. The structure reconstruction loss Ly is used as a structural regularization term to enforce
consistency between the hyperadjacency matrix and the original channel graphs. The final joint optimization
objective function is defined as shown in Eq. (14).

L=BLeon+ (1-B) Lye. (14)

Through this dual-channel joint optimization mechanism, D2GSL achieves consistency between
the representation space and the structural space from both the semantic perspective and the spectral
feature perspective.

5 Experiments

In this section, we evaluate the performance of the proposed D2GSL method through comparative
experiments with several representative baseline methods on different tasks and datasets. These experiments
validate the overall effectiveness and superiority of the method.

5.1 Experimental Settings

Datasets: To evaluate the effectiveness of D2GSL, extensive self-supervised node classification exper-
iments are conducted on three widely used benchmark datasets. Detailed descriptions of the datasets are
presented in Table 1. We evaluate our method on three benchmark datasets: Cora and CiteSeer with the
standard Planetoid splits [35], and the DBLP subset preprocessed by Fu et al. [36], which are widely
adopted as baselines within the GSL paradigm. Utilizing these benchmarks provides an empirical anchor,
establishing a standardized baseline for direct performance cross-comparisons against foundational self-
supervised models.

Table 1: Statistics of dataset properties.

Datasets Nodes Edges Classes Features
Cora 2708 5429 7 1433

Citeseer 3327 4732 6 3703
DBLP 2975 2398 4 334

Baselines: This study selects twelve representative baseline models for a rigorous comparative eval-
uation. Specifically, the semi-supervised learning methods include the classical GCN [7], GAT [26], and
GraphSAGE [27]. Within the realm of self-supervised learning, DGI [33], IDGL [16], and GEN [15] serve as
non-contrastive baselines, while GRACE [34], GraphCL [37], MVGRL [25], and ReGCL [38] are incorpo-
rated as self-supervised graph contrastive learning approaches. Finally, Pro-GNN [23] and SUBLIME [24]
are employed as graph structure optimization methods.

Experimental details: The experiments for the proposed D2GSL method are conducted on a com-
puter equipped with an NVIDIA GeForce RTX 4070 Ti GPU, using PyTorch 1.10.1 and CUDA 11.3.
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The model employs a two-layer GCN as the encoder with shared parameters. The optimal experimental
hyperparameters for the three datasets are shown in Table 2.

Table 2: Detailed parameter setting.

Datasets EP LR p T HD
Cora 300 le7? 0.4 0.5 512
Citeseer 400 le”? 0.4 0.6 512
DBLP 400 le”? 0.4 0.5 512

In Table 2, EP represents the number of training epochs, LR is used to control the step size for
updating the model parameters during each iteration, f3 is the hyperparameter for the tasks, 7 represents the
temperature parameter and HD is the hidden layer dimension.

Time Complexity Analysis: Let N denote the number of nodes, d the feature dimension, dj, the hidden
dimension, and E the number of edges. The main computational costs of D2GSL come from: (1) semantic
graph construction with complexity O(N*d ¢); (2) spectral Fiedler vector computation with complexity
O(E); (3) GCN encoder with complexity O(Ed},); (4) contrastive loss with complexity O(N?d},); and (5)
structure reconstruction loss with complexity O(N?). The overall complexity is therefore O(N*d; + N*d), +
Edy). In our experiments, N < 3327 and E is the number of edges in a sparse graph, so the complexity is
dominated by the O(N?) terms.

5.2 Effectiveness Experiments and Analysis

In this study, we treat node classification as the downstream task. The experimental results are shown
in Table 3 with the best results marked in bold.

Table 3: Node classification results on different datasets.

Method Cora Citeseer DBLP
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

GCN 81.84 + 0.57  80.60 = 1.10 71.81 + 0.31 68.12 £ 0.44 90.99 +0.28 90.01 +0.32
GAT 82.80 £+ 0.50 81.80 + 0.30  72.10 + 1.00 6710 + 1.30 9113+ 0.40  90.22 + 0.37
GraphSAGE  78.85 +0.14 7783+ 011 71.68+0.06 70.73+0.32 71.63+0.18 70.71+ 0.27
DGI 80.10 + 0.02 75.00 + 0.07 71.89+0.54 67.74+0.49 83.00+0.03 7821+0.01
IDGL 84.00 + 0.44 82.65+0.45 7210+0.46 69.05+0.26 90.61+0.56 89.65+ 0.60
GEN 8136 £ 0.49 80.10+0.46 72.00+0.87 68.63+0.72 89.77 +0.67 8754 +0.32
Pro-GNN 8126 + 0.53 80.49+047 7098+094 6743+010 84.83+1.36 83.13 £ 1.56
SUBLIME 83.82+0.57 8282+0.66 7272+049 68.19+0.61 91.82+0.27 90.89 £ 0.37
GRACE 8332+013 76.78+0.24 6416+0.52 60.13+0.39 84.22+0.16 83.35+0.39
GraphCL 8191+0.69 7625+1.07 6516+0.81 5958+0.65 80.21+0.32 79.12+0.21
ReGCL 8294 +0.18 7928 +0.28 7253+047 6957 +0.12 92.72+0.39 91.54 + 0.47
MVGRL 8272+ 056 78.08+0.32 6741+0.04 6210+0.40 90.12+0.53 89.13+0.62
D2GSL 85.12+0.83 83.54+0.71 73.45+0.42 6874+021 91.76+0.30 89.32+0.45

Note: Bold indicates optimal.
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It can be observed from Table 3 that D2GSL achieves superior performance over all baseline methods
on both metrics of the Cora dataset and obtains the best performance on the Micro-F1 metric of the
Citeseer dataset. On the Macro-F1 metric of Citeseer and the DBLP dataset, D2GSL also demonstrates strong
competitiveness, with relatively small gaps compared to strong baseline methods such as SUBLIME and
ReGCL. Specifically, on the Cora dataset, D2GSL improves performance by approximately 1.12% over the
second-best method IDGL. On the Citeseer dataset, D2GSL outperforms the second-best method SUBLIME
by approximately 0.73% in terms of Micro-FL. It should be noted that this paper adopts a fully self-supervised
setting, whereas some baseline methods are originally evaluated under semi-supervised settings in their
respective works. Under this setting, the above results further demonstrate the effectiveness of D2GSL in
self-supervised graph structure learning tasks. Therefore, these performance gains can be attributed to the
following key factors:

(1) Multichannel structure modeling enhances feature representation: D2GSL constructs semantic
similarity channels and spectral feature channels, which capture local semantic and global structural
information, respectively. The two channels are complementary, enabling the model to strike a balance
between local discriminability and global perception.

(2) Dual-layer structure and hyperadjacency matrix enhance information fusion: D2GSL constructs a
hyperadjacency matrix through inter-layer interactions. This design enables deep integration of local and
global structures and improves the diversity and stability of node representations.

(3) Structure reconstruction and contrastive learning improve representation consistency: Structure
reconstruction maintains consistency across multichannel structures, while contrastive learning strengthens
the aggregation of semantically similar nodes, thereby enhancing the discriminability of self-supervised rep-
resentations.

5.3 Ablation Study

In this section, we conduct ablation experiments on the D2GSL model to examine the contribution of
each core component. We construct two model variants on the Cora and Citeseer datasets and compare their
performance by progressively removing key modules. The experimental results are summarized in Table 4.

Table 4: D2GSL and its variants’ performance.

Method Cora Citeseer
Micro-F1 Macro-F1 Micro-F1 Macro-F1
Only Semantic 83.47 + 0.43 82.08 + 0.31 71.96 + 0.37 67.73 + 0.28
Only Spectral 80.18 + 0.61 78.53 + 0.48 69.42 + 0.35 65.31 + 0.39
D2GSL w/o L, 84.12 + 0.11 82.11 + 0.23 72.91 + 0.01 6722 £ 0.10
D2GSL w/o L.y, 83.80 + 0.23 82.27 + 0.10 72.10 + 0.22 66.87 £ 0.56
D2GSL 85.12 + 0.83 83.54 + 0.71 73.45 + 0.42 68.74 + 0.21

Note: Bold indicates optimal.

As shown in Table 4, the model performance degrades on both Cora and Citeseer when key components
are removed. Specifically, using only the semantic similarity channel (Only Semantic) substantially outper-
forms using only the spectral feature channel (Only Spectral), which is expected since semantic information
typically provides stronger discriminative power than pure spectral structure in citation networks. However,
both single-channel variants perform significantly worse than any dual-channel variant, indicating that a
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single view cannot simultaneously capture local semantics and global structure, thus validating the necessity
of the dual-channel design. Furthermore, removing either L, or L.,, leads to a performance drop compared
to the full model, with the removal of L,, having a more pronounced negative impact, suggesting that the
contrastive loss is crucial for learning discriminative features. The full model achieves the best results across
all metrics, fully demonstrating the effectiveness of the dual-channel design, dual-layer structure, and joint
optimization mechanism.

5.4 Hyperparameter Sensitivity

To comprehensively analyze the impact of hyperparameters on D2GSL, we conduct experiments on the
Citeseer dataset.

Fig. 2 shows the impact of different hyperparameters, such as Beta and learning rate, on the Micro F1
score for the CiteSeer dataset. When the learning rate is in the lower range of [0.005, 0.01], the model achieves
a higher Micro F1 score. However, as the learning rate increases, it negatively affects the optimization process,
leading to a significant drop in performance. Regarding the hyperparameter Beta, higher values cause the
D2GSL model to gradually degrade to the performance level of the baseline methods. Keeping Beta within the
range of [0.4, 0.5] yields better performance. In summary, Beta and the learning rate need to be coordinated
to achieve better Micro F1 performance on the CiteSeer dataset. Both parameters need relatively low values
to obtain stable results.

0.7

0.6

=4
w

Micro F1
o
b
Micro F1 Value

0.3

0.2

Figure 2: Hyperparameter sensitivity analysis on Citeseer.

6 Conclusion

We propose D2GSL, a self-supervised dual-layer structure-driven graph structure learning method, to
mitigate structural noise, missing information, and inherent bias in graph data. In a self-supervised manner,
D2GSL constructs dual channels based on semantic similarity and spectral features, seamlessly fuses cross-
channel information via a hyperadjacency matrix over a dual-layer network, and introduces joint structural
reconstruction along with contrastive learning to enhance consistency and complementarity. The key
innovation lies in explicitly modeling structural interactions through the hyperadjacency formulation and
leveraging a dedicated reconstruction loss to overcome the limitations of heuristic view fusion. Experimental
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results demonstrate that D2GSL achieves superior performance on tasks such as node classification. Future
work will focus on: (1) improving scalability on large-scale and dynamic graphs through graph sampling or
sparsification techniques; (2) systematically evaluating model robustness against missing edges, structural
noise, and adversarial attacks; and (3) incorporating higher-order spectral information to enhance global
structure capture.
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