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Abstract. Gene regulatory networks (GRNs) describe the complex in-
teractions that control gene expression and are key indicators of cellu-
lar function and disease progression. Although numerous methods have
been developed for inferring GRNs from single-cell transcriptomic data,
current methods have two limitations: sensitivity to data sparsity and
technical noise in single-cell RNA sequencing, and inadequate integra-
tion of both global structural information and local dependencies within
GRNs. To address these limitations, we propose HALink. This method
integrating a variational autoencoder-based model and Top-K sparsifi-
cation strategy to address the data sparsity, reduce technical noise, and
insufficient prior knowledge. Furthermore, it ulitizes a hybrid Graph Con-
volutional Network–Graph Attention Network (GCN–GAT) architecture
that simultaneously captures both global structural information and lo-
cal dependencies within GRNs, enabling more comprehensive and accu-
rate GRN construction. Experiments results demonstrate that both the
VAE-based model with sparsification strategy and the hybrid GCN–GAT
architecture are able to improve the prediction performance, while their
integrated implementation yields synergistic improvements. Compared
with the state-of-art methods, HALink achieves superior performance
on most experimental cases across four benchmark datasets. Our method
facilitates the identification of key gene regulatory networks underlying
life processes and enables the discovery of biologically meaningful insights
into disease pathogenesis.

Keywords: Gene regulatory network · Variational Autoencoder · spar-
sification strategy · hybrid architecture.

1 Introduction

Gene regulatory networks (GRNs) represent molecular interactions between tran-
scription factors (TFs) and their target genes, capturing the dynamics of tran-
scriptional regulation [1, 2]. These networks play vital roles in revealing cellular
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functions, developmental processes, and deciphering genomic regulatory mech-
anisms [3–5]. Therefore, accurately inferring GRNs is of great importance for a
wide range of biological applications [6], particularly in understanding complex
human disease mechanisms diseases, advancing disease prevention, diagnosis,
and treatment, and aiding in the discovery of potential drug targets [7–9]. Many
researches exemplify progress in this area. For example, Wang et al. developed
the NetID method to construct regulatory modules in hematopoietic differenti-
ation and uncovering critical regulators of cell fate decisions [10]. Similarly, Li
et al. introduced STREAM to reveal key regulatory interactions associated with
Alzheimer’s disease and lymphoma.[11]

The rapid advancement of high-throughput single-cell RNA sequencing tech-
nology [12], the inference of GRNs has emerged as a major focus in analyzing
single-cell RNA data, leading to the development of diverse computational meth-
ods [13]. Existing GRN inference methods can generally be classified into two
categories: correlation-based methods and graph neural network–based meth-
ods. The correlation-based methods employ statistical metrics, such as Pearson
coefficient [14] and mutual information (MI) [15], to quantify pairwise gene co-
expression patterns. These methods establish regulatory edges when the statisti-
cal metrics surpass predetermined thresholds. However, such methods often fail
to capture nonlinear regulatory relationships and are highly sensitive to noise and
sparsity data. With recent progress in graph representation learning, GNN-based
methods have been increasingly applied to infer GRNs from single-cell RNA-seq
data [16, 17]. For example, the GNNLink model employs graph neural networks
to model regulatory relationships between genes [18]. The scMGATGRN model,
which is based on graph attention networks, incorporates multi-view and view-
level attention mechanisms to optimize gene representations [19]. GCLink com-
bines graph contrastive learning with graph attention networks to infer GRNs
[20]. DeepRIG [21] applies the graph-based deep learning model to infer GRNs.
The GENELink model leverages known regulatory information to infer the gene
pair interactions and predict potential regulatory edges [22, 23], achieving highly
accuracy and stability of GRNs. Although there are many methods have been
developed to infer GRNs, they have two principal limitations. Firstly, the single-
cell RNA sequencing data is sparsity [24] and noise [25], which have significance
negative effect on inferring GRNs. Secondly, the state-of-art methods typically
emphasize either global structural information or local dependencies of graph,
failing to effectively integrate both perspectives for inferring GRNs.

To overcome these limitations, we develop HALink, a novel method that
synergistically integrates the complementary strengths of Graph Convolutional
Networks (GCN) and Graph Attention Networks (GAT), to infer GRNs. This
method comprises two key stages. Firstly, a variational autoencoder-based (VAE-
based) model is employed to generate a sparse adjacency matrix and a Top-K
sparsification strategy is utilized to eliminate the impact of data noise and spar-
sity. This sparse adjacency matrix enables to alleviate data sparsity and insuf-
ficient prior information, thereby significantly enhancing input data quality for
subsequent graph learning. Secondly, a hybrid GCN-GAT architecture is utilized
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to capture global structural information and local dependencies within GRNs.
The architecture incorporates learnable weighting factors to dynamically bal-
ance the contributions from both GCN and GAT. The innovations of HALink
has two aspects: (1) the combination of VAE-based model and the Top-K spar-
sification strategy effectively reduces noise and redundancy of the data, improv-
ing the quality of input data; (2) the hybrid GCN-GAT architecture capturing
both global and local information within GRNs, enhancing the performance of
inferring GRN. The experimental results demonstrate that HALink achieves sig-
nificant performance improvement across multiple single-cell datasets.

2 Methods

The framework of HALink is presented in Fig.1. This method consists of two
main steps: (1) Adjacency matrix generation and sparsification. and (2) Hybrid
GCN-GAT architecture construction. The first step aims to mitigate the effects of
data sparsity and noise, while the second step is designed to integrate both global
structural and local dependency within GRNs. Given a gene expression matrix
X ∈ RN∗M , where N and M correspond to the number of gene and sample,
respectively.AP ∈ RN∗M represents the gene-gene interaction prior adjacency
matrix. The prior adjacency matrix is derived from [22].

2.1 Adjacency matrix generation and sparsification

The single-cell data often is sparsity and contains large number of noise, which
have significance negative influence to infer GRNs. To address these problems,
we apply the VAE-based model, which enable to fill in the missing parts of the
prior information of the data and captures potential regulatory relationships,
to generate an adjacency matrix. Then the Top-K sparsification is employed to
further reduce noise and unnecessary computations by retaining the strongest
gene interactions.

VAE-based model for generating adjacency matrix The VAE is a gener-
ative model that learns latent representations to recreate data. Inspired by VAE,
we develop a VAE-based model to generate adjacency matrix. This model maps
the gene expression matrix into latent variables, then recreating the gene-gene
adjacency matrix. The framework of the VAE-based model is presented in Fig.
1A.For a gene expression matrix X, it is mapped to a Gaussian distribution with
mean µ and log σ2 .Then using the reparameterization trick, latent variables z
are sampled as the equation 2.1:

z = µ+ ϵ · σ, ϵ ∼ N (0, I) (1)

The loss function consists of a reconstruction loss and the KL divergence. The
reconstruction loss calculates the difference between the original gene similarity
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matrix and the reconstructed gene-gene adjacency matrix. The KL divergence
measures the difference between the Gaussian distribution generated by the en-
coder and the standard normal Gaussian distribution. The loss function Ltotal
is calculated by equation 2.1.

Ltotal = ∥Â−X ·X∥2 − 0.5 ·
(
1 + log σ2 − µ2 − σ2

)
(2)

Where Â is the output of the VAE-based model (also the reconstructed gene-
gene adjacency matrix). This objective guides the training of VAE to learn the
latent regulatory relationships among genes.

The Top-K sparsification strategy The reconstructed gene-gene adjacency
matrix reflects the regulatory relationships between genes. For two genes with
a low regulatory relationship, it can be indicated that there is no significant
interaction between them. In order to identify the strong regulatory relationship
gene pairs, we apply the Top-K sparsification strategy. This strategy aims to
convert the gene-gene adjacency matrix Â into spare adjacency matrix AS by
retaining the top-K strongest regulatory edges for each gene and truncating all
weaker edges. given tow genes i and j, the ith line and jth column of spare
adjacency matrix AS

ij is set 1 if the distance between gene i and gene j is one of
the N smallest for gene i, and to 0 otherwise.

2.2 Hybrid GCN-GAT architecture construction

The GCN enables each node to aggregate information from its multiple neighbors
through iterative message passing. Therefore, it integrates information across the
entire graph structure, capturing the global structural information of the graph.
The GAT employs a self-attention mechanism to assign differential weights to
the neighbors of each node through, thereby capturing the most informative
local dependencies within the graph.In order to capture both global structural
information and local dependencies, we develop a hybrid GCN-GAT architecture,
which combines the GCN and GAT network, to infer GRNs.

Given a spare adjacency matrix AS and a prior adjacency matrix AP . These
two matrix combines into a fusion adjacency matrix AF . The equation of calcu-
lating fusion adjacency matrix is in equation 2.2:

AF = AS +AP (3)

i This fusion adjacency matrix is the origin input of the GCN and GAT branch.
The symmetric normalization and random-walk normalization are applied to
normalize the fusion adjacency matrix in GCN and GAT branch, respectively.

The GCN performs convolution operations on the fusion adjacency matrix
AF to iteratively learn node embeddings layer by layer. The computation of each
GCN layer is defined by equation 4:

H
(l+1)
GCN = σ(AFH

(l)
GCNW

(l)
GCN ) (4)
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Where H
(l+1)
GCN represents the node embeddings at the l-th layer, W (l)

GCN is the
weight matrix at the l-th layer, and σ is the activation function. The output of
the GCN, which is defined by hGCN , is the node embeddings that contains the
information across the graph structure.

The GAT assigns different neighbor weights to each node through the self-
attention mechanism, allowing for the dynamic adjustment of the influence of
each neighboring node. The formula of each GAT layer is shown in in equation
2.2:

H
(l+1)
GAT = σ(αlH

(l)
GATW

(l)
GAT ) (5)

Where αl is the attention coefficient matrix that calculated dynamically by the
network and W

(l)
GCN is the weight matrix at the l-th layer. We define the output

of GAT is hGAT .
To integrate the strengths of both GCN and GAT, we design a feature fusion

layer that combines the outputs of GCN and GAT through a learnable weighting
factor η. The final node representations are obtained by a weighted combination
of the outputs of both branches:

hfinal = η · hGCN + (1− η) · hGAT (6)

In the feature fusion layer, The weighting coefficient η is implemented as a
learnable scalar parameter and is initialized to 0.5, such that both branches con-
tribute equally at the beginning of training. This mechanism allows the model
to automatically adjust the contributions of the two branches based on the spe-
cific requirements of the task and data. To train this parameter, we use gradient
descent and update it through backpropagation.

Low-dimensional encoding and prediction After the feature fusion layers,
we input gene pairs into two identical channels (Channel 1 and Channel 2) to
process different types of information, which further helps in learning the low-
dimensional representations of the nodes. The model fuses different information
through these channels to enhance the representation capability of gene nodes.
Then, the dot product is used as a scoring function to evaluate the similarity
between the pair of genes based on the learned representations.

3 Results

3.1 Dataset and preprocessing

Seven single-cell RNA sequencing (scRNA-seq) datasets, which is collected by
BEELINE et al. [26], are utilized to evaluate the performance of our method.
These datasets include two human cell types and five mouse cell types. The hu-
man cell types are (i) human embryonic stem cells (hESC) [27] and (ii) human
hepatocytes (hHEP) [28]. The mouse cell types are (i) mouse embryonic stem
cells (mESC) [29], (ii) erythroid-lineage mouse hematopoietic stem cells (mHSC-
E), (iii) granulocyte-monocyte-lineage mouse hematopoietic stem cells (mHSC-
GM), (iv) lymphoid-lineage mouse hematopoietic stem cells (mHSC-L), and (v)
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mouse dendritic cells (mDC) [30]. Except for one available ground-truth network
based on loss-of-function/gain-of-function (LOF/GOF) experiments [31], which
is limited to mESC, all of the above datasets are associated with three types of
ground-truth regulatory networks: STRING database [32], non-specific ChIP-seq
[33–35], and cell-type-specific ChIP-seq [31, 36, 37].All datasets are publicly avail-
able from the Gene Expression Omnibus (GEO), with the following accession
numbers: GSE75748 (hESC), GSE81252 (hHEP), GSE48968 (mDC), GSE98664
(mESC), and GSE81682 (mHSC) [38]. Detailed information about each dataset
and its corresponding ground-truth networks is provided in Supplementary Table
S5.

We adopted the preprocessing method proposed by Pratapa et al. [26] for
each scRNA-seq dataset and focused on inferring gene interactions regulated by
transcription factors (TFs). The specific strategies for splitting training, valida-
tion, and testing sets are provided in the Supplementary Material.

3.2 Evaluation metrics

To comprehensively evaluate the performance of the proposed hybrid GCN-GAT
architecture for inferring GRNs, we employ AUROC (Area Under the Receiver
Operating Characteristic Curve) and AUPRC (Area Under the Precision-Recall
Curve) as evaluation metrics. AUROC quantifies a model’s overall capability in
binary classification by measuring its ability to distinguish between positive and
negative samples. The higher the AUROC score, the better the classification per-
formance of the model. AUPRC is employed to evaluate models on imbalanced
datasets, as it assesses performance by precision and recall. AUPRC provides
more information than AUROC in measuring on minority categories.

Selecting the best top-K strongest regulatory genes In subsection The
Top-K Sparsification Strategy, we proposed a Top-K strategy to identify the top
K strongest regulatory genes. In order to select the best K value, we set the
Top-K threshold for sparsification in the range from 20 to 60. The performances
of our method on different dataset under different K values are shown in Supple-
mentary Figure S2 and S3. According to these figures, although our method has
varying performance at different k values, it achieves the best performance in
most datasets when k is 45. Therefore, we recommend that setting the optimal
K value to 45 by default. This selection is based on the following considerations:
First, from a biological prior perspective, in known real-world GRNs, regulatory
edges typically account for only 1% to 5% of all possible connections. We em-
pirically verified that the edges generated with Top − K ∈ [20, 60] fall within
this proportion, aligning with the expected sparsity of such networks. To prevent
the selected top k gene pairs from overlapping with the positive samples in the
subsequent test set, we first check if these gene pairs are present in the test set.
If they are, we remove them to avoid prematurely knowing the answers from the
test set.
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3.3 The VAE-based model and hybrid GCN-GAT architecture
enhance the performance of inferring GRN

To evaluate the contribution of each component, we conduct ablation studies
on the VAE-based module with Top-K sparsification and the hybrid GCN–GAT
architecture. Detailed AUROC and AUPRC results across all datasets are re-
ported in Supplementary Tables S1–S4 and S6–S9. The results demonstrate that
both components contribute to consistent performance improvements over the
baseline GENELink model, and the full model achieves the best performance in
the majority of experimental cases.

Comparing with other methods In this subsection, a comprehensive bench-
marking study is conducted to evaluate the performance of our method against
seven infer GRN methods. These comparison methods included two classical un-
supervised approaches—Pearson correlation coefficient (PCC) [14] and mutual
information (MI) [15]—along with five state-of-the-art graph neural network-
based methods: DeepRIG [21], GNNLink [18], scMGATGRN [19], GCLink [20],
and GENELink [22]. The overall AUROC score of these methods is presented in
Fig. 2.

As shown in Fig. 2, our method achieves superior performance over all meth-
ods on both the Specific and LOF/GOF datasets. Notably, our method attains
an AUROC above 0.92 across all cell types, whereas other methods reach this
threshold only in a limited experimental case. On the Non-Specific dataset, our
method outperforms other methods in three cell types—mHSC-E, mHSC-GM,
and mHSC-L—while exhibiting comparable performance to the best method in
hESC cell types. On the STRING dataset, HALink yields the highest predic-
tive accuracy in mHSC-GM and mHSC-L cell types. Across all 44 experimental
cases, our method exceeded an AUROC of 0.9 in over half of the experimental
cases (24/44), in contrast to other methods, which surpassed this level in a few
experimental cases. These results demonstrate that our method enables accurate
and robust reconstruction of GRNs under diverse benchmarking scenarios.

The AUPRC score of all these methods are provided in Supplementary Figure
S1, which further corroborate the consistent outperformance of our approach
over existing methods.

4 Discussion and Conclusion

In this study, we propose a hybrid GCN-GAT architecture combined with a VAE-
based model and a Top-K sparsification strategy for inferring GRN. On one hand,
the VAE-based model reconstructs the adjacency matrix and, together with the
sparsification strategy, effectively mitigates the sparsity and noise issues inherent
in single-cell data, thereby enhancing the biological plausibility and stability of
the input structure. On the other hand, the hybrid GCN-GAT architecture with
learnable weighting factors enables dynamic fusion of global structural and local
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neighborhood information, significantly improving the model’s ability to capture
complex regulatory relationships and enhancing inference accuracy.

Experimental results on multiple single-cell RNA sequencing datasets demon-
strate that the proposed method outperforms traditional approaches in terms of
accuracy, robustness, and generalization, validating the synergistic effect of the
VAE-based sparsification module and the hybrid GCN–GAT architecture. How-
ever, the method still has certain limitations, such as its dependence on the
quality of training data and relatively high computational cost on large-scale
datasets. Future work may focus on integrating multi-omics data and optimizing
the model architecture to improve generalization and computational efficiency, as
well as exploring its application to dynamic gene regulatory network modeling.

5 Supplementary Material

The code will be uploaded upon the acceptance of this manuscript.Below is the
link to the supplementary material https://doi.org/10.6084/m9.figshare.31732408
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Fig. 1. The overview of the framework of HALink. (A)Adjacency matrix gener-
ation and sparsification. A VAE-based model is applied to generate a latent ad-
jacency matrix representing regulatory relationships, which fills in the missing parts
of prior information. Meanwhile, Top-K sparsification retains the strongest gene-gene
interactions, further reducing noise and unnecessary computations. (B)Hybrid GCN-
GAT architecture construction. We propose a hybrid GCN-GAT architecture that
combines the strengths of graph convolutional networks (GCN) and graph attention
networks (GAT). GCN excels at capturing the global structure of the graph, while GAT
focuses on capturing fine-grained relationships between nodes. By combining both, we
can leverage the complementary advantages of these networks to enhance the learning
of potential regulatory relationships between genes.
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Fig. 2. The AUROC scores of HALink and seven other methods were compared
across four ground truth networks: cell-type-specific ChIP-seq, non-specific ChIP-seq,
LOF/GOF, and STRING.
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