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Next-generation wireless networks are characterized by two essential features: ubiquitous 
connectivity and high-speed data transmission. The realization of these features hinges on the 
development of rational resource allocation strategies to optimize the utilization of radio resources. 
This study addresses the beamforming design problem for downlink transmission in multi-cell cellular 
networks, with a focus on maximizing user data rates while adhering to stringent power constraints. 
To tackle this challenge, we propose a novel graph learning-based optimization framework that 
learns the mapping from channel states to beamforming vectors in an unsupervised manner. At the 
core of this framework is an attention-based graph neural network (GNN), which efficiently captures 
complex inter-node relationships by dynamically computing the importance of neighboring nodes. 
Furthermore, a jumping knowledge network is integrated to enhance structural representation 
learning, enabling the model to adaptively capture diverse neighborhood ranges for each node and 
mitigate the issue of over-smoothing. Extensive simulations demonstrate that the proposed algorithm 
significantly outperforms existing benchmark methods, exhibiting robust performance and strong 
generalization capabilities across a wide range of system parameter configurations.

The problem of optimal resource allocation lies at the heart of wireless communication system design1. From 
the user’s perspective, mutual interference among multiple users represents a primary bottleneck, constraining 
the achievement of high-speed and reliable data transmission over communication links. Effective resource 
allocation strategies can significantly mitigate such interference, thereby addressing user demands and 
improving the overall quality of service (QoS)2. From the perspective of system operators, the efficient allocation 
of resources enhances the utilization of expensive hardware infrastructure, leading to substantial reductions in 
operational expenditures. Consequently, the optimal allocation of power, waveform, and other critical radio 
resources is indispensable for driving advancements in wireless communications3.

Beamforming is a crucial technology in wireless communication systems that enhances the efficiency of 
radio resource utilization4. In recent years, beamforming design has emerged as a research hotspot in the field 
of wireless communications5. Traditional methods employ convex optimization theory to design beamforming 
vectors, aiming to find an upper bound on system performance. Numerical simulation methods require a 
series of repetitive calculations performed iteratively. Examples of such methods include water filling (WF)6, 
weighted minimum mean square error (WMMSE)7, fractional programming (FP)8, and heuristic algorithms9. 
Unfortunately, dynamic wireless communication systems with time-varying channel characteristics demand 
real-time optimization of optimal beamforming. As the dimensionality of the optimization variables increases, 
these iterative algorithms become computationally intensive, consuming substantial time and rendering them 
challenging to apply directly10.

In recent years, the integration of deep learning-based methodologies with traditional optimization algorithms 
has garnered considerable attention, particularly in addressing challenges inherent to wireless communication 
systems11. This interest is largely driven by the universal approximation theorem, which establishes the capacity 
of deep neural networks to approximate arbitrary functions, thereby offering a robust framework for optimizing 
wireless systems12. For example, labeled training datasets are often generated using weighted least mean square 
error techniques, which are the foundation for supervised learning approaches13,14. In such frameworks, a 
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multilayer perceptron (MLP) is trained to map channel state information to optimal beamforming vectors, 
enabling the effective design of beamforming strategies in interference-prone environments. Alternatively, 
unsupervised learning techniques have been employed to directly optimize system-level objective functions, 
yielding optimal beamforming solutions without the need for labeled data15,16. Despite the demonstrated efficacy 
of deep learning in optimization tasks, significant challenges remain, particularly when extending models trained 
on non-Euclidean data structures to dynamic and evolving scenarios. These limitations underscore the potential 
constraints of MLPs in achieving end-to-end beamforming learning in complex and adaptive environments.

The connectivity relationships among devices, network topology, and channel states in wireless systems are 
inherently characterized by non-Euclidean data structures. GNNs offer a powerful framework for incorporating 
such topological information into neural network architectures, enabling the efficient processing of graph-
structured data12. As a result, GNNs have emerged as a promising approach to enhance the generalization 
capabilities and scalability of deep learning-based optimization methods in wireless communication systems17. 
For instance, message-passing GNNs have been successfully applied to power control and beamforming design, 
effectively addressing the challenge of maximizing the aggregate rate in device-to-device (D2D) networks18. 
Similarly, the interference channel network (ICNet) has been employed in multiple-input-single-output (MISO) 
systems with statistical channel state information (CSI), directly mapping statistical CSI to beamforming vectors 
to solve the problem of maximizing energy efficiency under interruption constraints19. Furthermore, the 
branch-and-bound framework has been integrated with GNNs to tackle beamforming and antenna selection 
problems. In this approach, the GNN module skips intermediate states of the search tree, significantly reducing 
computational complexity while maintaining optimality20.

As an emerging paradigm, GNNs extend the capabilities of deep learning to graph-structured data, making 
them particularly well-suited for applications in wireless communications. Despite their potential, GNNs are 
not without limitations. As network depth increases, these models are susceptible to overfitting of parameters 
and excessive smoothing of learned embeddings, which can degrade their performance21. Consequently, the 
development of GNN frameworks that enhance learning capacity while mitigating the effects of transition 
smoothing remains a significant and unresolved challenge in the field of wireless optimization22. Motivated by 
these ongoing research challenges, this paper explores GNN-based methodologies to address critical issues in 
resource allocation and interference management within multi-cellular networks. The primary contributions of 
this work are summarized as follows:

•	 We propose a generalized framework to address the wireless resource allocation problem by leveraging a 
graphical representation of multi-cellular networks. Specifically, the data rate maximization problem is refor-
mulated as a graph optimization task, where direct communication links are modeled as nodes and interfer-
ence links as edges. Building on this representation, we develop a GNN model that integrates message-passing 
and attention mechanisms. This model is designed to learn the complex mapping from the system state to 
the optimal resource allocation variables, enabling efficient and scalable optimization in multi-cellular envi-
ronments.

•	 We improve the model’s learning capability by integrating attention aggregation with jump knowledge net-
works. The proposed method adaptively adjusts the computation of attention coefficients by layer depth 
through the ordered gating mechanism of Long short-term memory (LSTM), considering both nearest-neigh-
bor and non-nearest-neighbor nodes from a global perspective. This strategy enhances the representativeness 
of the embeddings and mitigates the potential over-smoothing problem.

•	 We validate the proposed method by comparing the performance with several benchmark schemes based on 
convex optimization and learning through simulations. The experimental results indicate that the proposed 
method demonstrates superior performance, scalability across different network sizes, and adaptability to 
various system parameter settings. Additionally, ablation experiments confirm combining attention aggrega-
tion and jumping knowledge linking effectiveness.

The rest of this paper is structured as follows. Section 2 reviews related work on graph attention networks and 
jumping knowledge networks. Section 3 presents the system formulation and graphical representation of the 
wireless system. Section 4 introduces the GNN-based beamforming optimization framework, detailing the 
attention and jumping knowledge connection modules. Section 5 provides simulation results, and Section 6 
concludes the paper.

Related works
Graph attention network
Classical GNNs aggregate information from a node’s neighbors with equal weights through message passing, 
which may fail to capture the varying influence of different nodes23. The attention mechanism, a feature 
aggregation scheme, addresses this limitation by assigning weights to each neighbor of the current node, 
allowing updated features to emphasize more important input information24. In wireless networks, the attention 
mechanism can be leveraged to manage interfering relationships between users, thereby optimizing network 
performance. For example, GAT can be trained using labeled datasets generated by convex optimization 
algorithms to learn the mapping from channel state information to beamforming vectors25. Integrated satellite-
terrestrial networks use a GAT-based approach to optimize beamforming vectors between satellites to reduce 
interference26. Additionally, edge-feature enhanced GAT is proposed to learn resource allocation strategies for 
heterogeneous D2D networks in an unsupervised manner27.
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Over-smoothing of graph neural network
In the field of deep learning, the depth of neural networks has traditionally been a critical factor influencing 
model performance. For example, in computer vision tasks, convolutional neural networks (CNNs) frequently 
employ architectures comprising tens or even hundreds of layers28. These deeper networks are capable of learning 
highly complex feature representations, which significantly enhance their predictive capabilities. However, in the 
context of GNNs, a fundamental challenge arises from the extensive connectivity between nodes, which can 
lead to the phenomenon of over-smoothing. As node features undergo multiple updates, they tend to become 
indistinguishable, ultimately degrading the performance of GNN models, particularly in deeper architectures29.

To mitigate this issue, researchers have proposed a variety of strategies. One widely adopted approach 
involves the incorporation of jumping connections, which facilitate the propagation of fine-grained information 
across layers30,31. Another promising direction is the use of advanced aggregation functions, such as neighbor 
aggregation and feature propagation mechanisms, which aim to preserve node-specific information by 
selectively aggregating data from multi-hop neighbors in each layer32,33. Additionally, specialized regularization 
techniques and node sampling methods have been developed to counteract over-smoothing and improve the 
overall performance of GNN models.

In this study, we propose a novel GNN-based resource allocation framework for wireless communication 
systems. Our approach leverages jumping knowledge networks combined with LSTM-based attention 
aggregation mechanisms to enhance the performance of the GNN model. By integrating these techniques, we 
aim to address the challenges of over-smoothing and information loss, thereby improving the efficiency and 
accuracy of resource allocation in wireless networks.

System model and problem formulation
In this section, we introduce the system’s basic parameters and mathematical model and formulate the problem 
of maximizing the system’s sum rate as a graph optimization problem.

System model
As shown in Figure 1, we consider a downlink multi-cell communication system where each base station serves 
M single antenna devices through a shared spectrum band. The resource allocation challenge in cellular networks 
is associated with the interference multiple access channel (IMAC) setting. In this configuration, the base station 
at the center of the cellular network provides data services to all user equipment (UEs) within its coverage area. 
However, adjacent direct links within the same cell cause intra-cell interference to UEs, while direct links to UEs 
in adjacent cells result in inter-cell interference. Denote the collection of BSs as N = {1, . . . , N}, and denote 
the collection of UEs as K = {1, . . . , K}. link nk represents the direct link from the n-th BS to the k-th UE. The 
received signal of k-th UE can be formulated as:

	

ynk = hH
nk,nkxnksnk︸ ︷︷ ︸
desired signal

+
∑
k′ ̸=k

hH
nk,nk′xnk′ snk′

︸ ︷︷ ︸
intra−cell interference

+
∑
n′ ̸=n

∑
k′ ̸=k

hH
nk,n′k′xn′k′ sn′k′

︸ ︷︷ ︸
inter−cell interference

+ znk,

� (1)

where hnk,nk  denote the channel state information of the direct link between nk; hnk,nk′  denote the channel 
state information of the intra-cell interference link between nk′ and nk; hnk,n′k′  denote the channel state 
information of the inter-cell interference link between n′k′ and nk; xnk  denotes the corresponding beamforming 
vector. snk ∼ U (0, 1)  is the transmit signal. znk ∼ N

(
0, σ2)

 is the additive white Gaussian noise (AWGN).
Then the signal-to-interference-plus-noise ratio (SINR) of k-th UE can be expressed as:

	
γnk = hnk,nkxnk∑

k′ ̸=k
hnk,nk′xnk′ +

∑
n′ ̸=n

∑
k
hnk,n′k′xn′k′ + σ2 ,� (2)

The data rate of direct link nk can be expressed in terms of normalized bandwidth as:

	 Cnk = log2 (1 + γnk) .� (3)

The main objective of this study is to determine the ideal beamforming design to optimize the data rate of the 
UE while adhering to the maximum power limit for each transmitter. The problem provided can be expressed 
as follows:

	

max
pnk,wnk

N∑
n=1

K∑
k=1

log2 (1 + γnk)

s.t. 0 ⩽ pnk ⩽ pmax, ∀n ∈ N , k ∈ K.

� (4)

Problem formulation
A graph is a data structure inherently defined in non-Euclidean space, renowned for its ability to model complex 
data patterns and intricate associative relationships. This structure provides a highly flexible framework for 
data representation, making it particularly well-suited for capturing the inherent connectivity and relational 
dependencies present in real-world systems34. Owing to its versatility, graphs have found extensive applications 
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across a diverse array of domains, including machine learning, deep learning, and beyond. By leveraging 
the inherent properties of graphs, practitioners can effectively address a wide range of practical challenges, 
significantly enhancing both the efficiency and accuracy of data processing tasks.

A graph is formally defined by the tuple G = (V, E), where V  represents the set of nodes and E ⊆ V × V  
denotes the set of edges connecting pairs of nodes. In the context of interference graphs, all direct links are 
assumed to be of equal significance. Consequently, unweighted bidirectional graphs are employed to model 
network topologies, ensuring that all links are treated uniformly to interference considerations. Within this 
framework, each direct link from a base station (BS) to user equipment (UE) is represented as a node vi ∈ V , 
with the corresponding node features denoted by ⃗hi. These features encapsulate critical information such as the 
channel state and Gaussian noise. Interference links between distinct UEs are represented as edges in the graph. 
The topological structure of the graph is succinctly captured by the adjacency matrix A ∈ R|V|×|V|, where Aij  
corresponds to the element in row i and column j of the matrix. Specifically, Aij = 1 if a connection exists 
from node i to node j, and Aij = 0 otherwise. The adjacency matrix serves as a powerful tool for encoding the 
relational structure of the graph, facilitating advanced analysis and computation tasks related to interference 
management and network optimization.

We define the set of node features in the interference graph as H =
{

h⃗i

}
, and the set of beamforming vectors 

as X = {Xi}. According to the definition of graph G, the objective function can be transformed into a graph 
optimization problem:

	

min
X

f (X, H, A)

s.t. q (X, H, A) ≥ 0,

f (.) = −E

[
N∑

n=1

K∑
k=1

log2 (1 + γnk)

]
,

� (5)

Fig. 1.  Cellular system and its graph model. We interpret the graph model from the perspective of the 
direct link between the 1-st base station and the 1-st user. The circular vertex v11 represents this direct 
communication link, corresponding to the primary signal path within the system, distinct from the 
interference links depicted separately. The yellow solid arrows indicate intra-cell interference affecting v11, 
while the red solid arrows represent inter-cell interference impacting v11. The black solid arrows illustrate 
interference among other direct links.
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	 q (·) = pmax − ∥xnk∥2 ⩾ 0, � (6)

where f (·) is the negative value of the objective function and q (·) represents the constraint conditions. Denote 
the optimal solution of a graph optimization problem by X∗. Our objective is to develop and train a GNN-based 
model capable of learning a mapping from (H, A) to X∗, thus obtaining a solver that achieves real-time and 
near-optimal solutions. In our formulation, the original problem, which aims to maximize the sum data rate 
subject to power constraints, is reformulated into a graph optimization framework where the beamforming 
vector design is learned through a graph-based model. Specifically, the transformation involves the following 
key mappings

Methods
In this section, we introduce the proposed algorithm’s overall architecture and each part’s principles.

Overall architecture of JGAT
We propose a novel architecture, termed Jumping Knowledge Graph Attention Network (JGAT), to address 
the graph optimization problem defined above. JGAT takes node features and an adjacency matrix as inputs 
and generates beamforming vectors as outputs. The architecture consists of two key components: an attention 
network and a jumping knowledge aggregation layer.

In the attention network, node embedding features are iteratively updated by aggregating information from 
neighboring nodes using attention coefficients. These coefficients quantify the relative importance of each 
neighbor, enabling the model to dynamically prioritize relevant nodes and capture intricate relationships within 
the graph structure. This mechanism enhances the ability of the GAT model to effectively encode topological 
information and node relationships. The initial input features are denoted as ⃗h(ini)

i , while the hidden embeddings 
output by each attention layer l are represented as ⃗h(l)

i .
The jumping knowledge aggregation layer integrates hidden embeddings from all layers through an LSTM-

based attention mechanism, which learns the mapping from the output embedded features to the beamforming 
vectors. The final aggregated output embeddings are denoted as h⃗(fin)

i . The overall framework of the proposed 
JGAT is illustrated in Figure 2.

Graph attention network
The Graph Attention Network (GAT) leverages an attention mechanism to compute the weights of different 
neighboring nodes within a node’s first-degree neighborhood, thereby enabling more expressive and nuanced 
learning of graph representations. To illustrate, consider layer l: each node i in the graph is associated with a 
feature vector h⃗(l−1)

i  from the previous layer, which typically serves as the node’s input feature at layer l. Each 
feature vector is first subjected to a linear transformation via a learnable weight matrix W ∈ Rdv×d′

v , where dv  
and d′

v  denote the input and output feature dimensions, respectively. This transformation projects the feature 
vectors into a higher-dimensional space, enhancing the model’s capacity to capture complex feature interactions 
and relationships.

An attention mechanism is introduced to compute the importance of node j ∈ Ni to node i. This mechanism 
utilizes an attention function a⃗, which performs on node feature pairs. Typically, this function is applied using 
a single-layer feed-forward neural network, parameterized the weight vector, and outputs a scalar attention 
coefficient indicating the importance of node j to node i. Consequently, the attention coefficient of node i’s 
adjacent node j can be calculated by the following equation:

Fig. 2.  Illustration of the overall architecture of JGAT.
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	 cij = σ
(
a⃗T

(
W h⃗i

∥∥W h⃗j

))
� (7)

where σ is a nonlinear activation function, LeakyReLU is used here. Then, the softmax function is employed to 
normalize the initial attention coefficients to eradicate differences in magnitude and to facilitate a comparison 
of the importance of different nodes.

	

α
(l)
ij = soft max (cij) =

exp
(

σ
(

a⃗T
(

W h⃗
(l−1)
i

∥∥∥W h⃗
(l−1)
j

)))

∑
k∈Ni,k ̸=j

exp
(

σ
(

a⃗T

(
W h⃗

(l−1)
i

∥∥∥W h⃗
(l−1)
k

))) � (8)

Finally, the output of the features by node i at layer l can be obtained by a weighted linear combination of 
the transformed feature vectors of its first-order adjacent nodes (including itself), where the weights are the 
normalized attention coefficients. This is expressed as follows:

	
h⃗

(l)
i = σ

( ∑
j∈Ni

α
(l)
ij W h⃗

(l−1)
j

)
� (9)

To smooth the learning process and enhance model performance, GAT typically employs multi-head attention. 
By running the attention mechanism in parallel, each head independently focuses on the input features, 
producing distinct output feature vectors. These features are then averaged before being passed to the next layer:

	
h⃗

(l)
i = σ

(
1
K

K∑
k=1

∑
j∈Ni

α
k,(l)
ij W kh⃗

(l−1)
j

)
� (10)

Jumping knowledge network
The node embeddings can be organized into a sequence of samples, denoted as 

{
h⃗(1), h⃗(2), . . . , h⃗(l)} , . . . . The 

sequential information is stored in the memory cells of the LSTM network. These memory cells, corresponding 
to different hidden layers, form a conveyor belt-like structure through linear interactions, facilitating the 
continuous and efficient flow of information across layers.

The LSTM memory cell is designed to learn temporal dependencies between sequence elements by 
dynamically updating its memory based on previously observed elements. To regulate the flow of information, 
a gating mechanism is introduced, which controls the addition or removal of information from the memory 
cell. As illustrated in Figure 3, these gates selectively permit information to propagate through the network and 
are implemented using sigmoid neural network layers combined with element-wise multiplication operations. 
The LSTM cell comprises three distinct gates: the input gate, the forget gate, and the output gate. Each gate 
serves a critical function in safeguarding and managing the cell state. The input gate determines the extent 
to which new information is incorporated into the cell state, while the forget gate decides which information 
should be discarded. The output gate regulates the information that is passed to the next time step. The unitary 
state vector, which encapsulates the memory and temporal dependencies between sequence elements, ensures 
efficient information processing and retention throughout the network.

The forget gate decides which information to discard or keep from the cell state. Take the l th memory cell, 
for example. It’s responsible for processing information Hl−1 from a previously hidden state and information 
h⃗(t) from the current input passed through a sigmoid function σ:

Fig. 3.  Illustration of the overall Jumping knowledge network with LSTM aggregating layer.
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	 Fl = σ
(
WF

[
Hl−1, h⃗(l)] + bF

)
,� (11)

where W and b are the learnable parameters of the gate. The output vector Fl ranges between 0 and 1, where 
values closer to 0 indicate the information to be forgotten and values closer to 1 indicate the information to be 
retained.

The input gate updates the cell state by evaluating the importance of the incoming information. The previous 
hidden state and the current are input through the sigmoid function:

	 Il = σ
(
WI

[
Hl−1, h⃗(l)] + bI

)
.� (12)

Next, the hidden state and current input are passed to the tanh function to condition the network. The tanh 
output C̃l is then multiplied with the output of the sigmoid as the output and added to the state:

	 C̃l = tanh
(
WC

[
Hl−1, h⃗(l)] + bC

)
.� (13)

Subsequently, the output vector of the input gate is combined with the output of the forget gate to create an 
update to the cell state. The old cell state Cl−1 is updated to the new cell state Cl by:

	 Cl = Fl ◦ Cl−1 + IlC̃l.� (14)

Finally, the output gate determines the hidden state of the output. The previous hidden state and the current 
input are initially passed through a sigmoid function. The updated cell state is subsequently passed through a 
tanh function, and the output of the tanh function is multiplied by the sigmoid production to determine the 
hidden state information. The new cell state and the new hidden state are then transferred to the next memory 
cell.

	 Ot = σ
(
WO

[
Hl−1, h⃗(l)] + bO

)
, � (15)

	 Ht = Ot ◦ tanh (Ct) . � (16)

The embeddings of each sequence element learned by the LSTM cell are represented as the hidden features of 
node output by each neural network layer. The attention mechanism determines each node’s most significant 
neighborhood range i by attention coefficient βt

i . This coefficient evaluates the importance of the hidden features 
learned in the l-th layer for node i. We apply a bidirectional LSTM to obtain forward and backward hidden 
features, ⃗h(l)

i,f  and ⃗h(l)
i,b, respectively. These hidden features are processed through a single-layer neural network 

to compute layer-specific attention coefficients for each node. The calculation process of β(l)
i  is as follows:

	
c

(l)
i = σ

(
W

(
h⃗

(l)
i,f

∥∥∥h⃗
(l)
i,b

))
, � (17)

	

β
(l)
i =

exp
(

c
(l)
i

)

∑L

l=1 exp
(

c
(l)
i

) =
exp

(
σ

(
W

(
h⃗

(l)
i,f

∥∥∥h⃗
(l)
i,b

)))

∑L

l=1 exp
(

σ
(

W
(

h⃗
(l)
i,f

∥∥∥h⃗
(l)
i,b

))) , � (18)

	

L∑
l=1

β
(l)
i = 1 � (19)

We can then obtain the optimal embedding for the final output by computing an attention-weighted linear 
combination of the hidden embeddings:

	
h⃗fin

i =
L∑

l=1

βl
ih⃗

(l)
i � (20)

The LSTM-attention mechanism is node-adaptive, as each node has a distinct attention score.

Scientific Reports |        (2025) 15:17459 7| https://doi.org/10.1038/s41598-025-00603-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Algorithm 1.  Jumping Knowledge Graph Attention Network

Experiments results
Simulation environment
Consider a cellular network scenario comprising multiple neighboring cells, each with a base station located at 
its center, jointly managed and scheduled by a centralized collaboration system. Each cell is arranged in a regular 
hexagonal grid pattern, overlapping coverage areas to form an efficient coverage region35. The radius of each cell 
is 1 kilometer. The maximum power limit for the communication link is 33 dBm. The path loss is modeled as 
120.9 + 37.6 log10 (d) + 10 log10 (z)(in dB), where d is the distance in meters, and zis a lognormal random 
variable with standard deviation of 8 dB36. The small-scale channel fading follows Rayleigh distribution. The 
noise power is set at −114 dBm.

During the training process, we set the number of epochs to 500. The UE and the small-scale channel are 
randomly generated for each training sample. We use the ADAM optimizer with a learning rate of γ = 10−4to 
update the neural network parameters37. The model is trained using unsupervised learning, where the negative 
value of the objective function is used as the loss function. The training set’s system setting is a wireless network 
with N=9 cells, each BS serving M=4 UEs. After training, we tested the average performance of 100 samples from 
different scenarios. All simulation results are based on a computing platform configured with an Intel i9-14900 
K CPU, Nvidia RTX 4090 GPU, and 64 GB of RAM, with the deep learning portion implemented by PyTorch 
and Deep Graph Library (DGL).

Benchmarks
Using the system setup described above, we compared the proposed method with several benchmark algorithms. 
All algorithms were trained and tested on the same dataset in the same environment to ensure a fair comparison. 
The benchmark algorithms are described below:

•	 WMMSE7: An iterative optimization algorithm that optimizes system performance by minimizing the 
weighted mean square error. It is typically used for multiuser multi-antenna systems’ channel estimation and 
resource optimization problems. In our experiments, we repeat the computation 50 times for each network 
implementation and select the best result as the upper limit of performance.

•	 GAT25: A GNN model based on an attention mechanism that learns importance weights between different 
nodes by introducing attention. GAT can learn feature representations at the node level and can model rela-
tionships between nodes flexibly.

•	 GCN38: A GNN model based on graph convolutional operations that updates the representation of each node 
by aggregating information from neighboring nodes. The update rule of GCN is a weighted summation of 
the features of each node with those of its neighboring nodes, with the weights determined by the adjacency 
matrix.

Simulation results
Learning efficiency
We first compare the performance of JGAT and the benchmark algorithms trained on datasets of different sizes. 
As shown in Figure 4, JGAT slightly outperforms GAT. Specifically, JGAT outperforms GAT by 1.25%, 1.68%, 
2.63%, and 3.04% when the number of samples in the training set is 10, 100, 1,000, and 10,000, respectively. 
When they achieve the same sum rate, the number of training samples required for JGAT is about 10% of that 
for GAT. When the number of training samples increases, the performance gap becomes more pronounced, 
highlighting the superiority of the proposed skip connection mechanism in handling sample complexity.

Scientific Reports |        (2025) 15:17459 8| https://doi.org/10.1038/s41598-025-00603-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Ablation experiments
We verify the effectiveness of the LSTM jumping connection mechanism through ablation experiments. Table 1 
demonstrates the performance of the GNN model at different depths. It is observed that with increasing depth, 
the performance of benchmark GAT and GCN sharply declines after reaching the optimum at layers 3 and 2, 
respectively, due to the over-smoothing problem analyzed above. However, LSTM jumping connections can 
alleviate the over-smoothing problem, and the expressiveness of JGAT slowly enhances with increasing depth 
until it reaches the optimum. The experimental results verify the effectiveness and importance of jumping 
connections.

To explore the over-smoothing problem in GNN depth, we introduce a quantitative index of node feature 
similarity: the mean average distance (MAD)39. MAD is used to compute the mean distance between node 
features in the graph, with values ranging from 0 to 1, where smaller values indicate more similar node features. 
Table 2 demonstrates the MAD values of the GNN models for node features at different layers. The MAD values 
of JGAT decrease more slowly, indicating that jumping connections enhance learning by slowing down the 
phenomenon of over-smoothing, allowing for a deeper number of network layers. This slower decrease in MAD 
values suggests that the learning ability of the neural network is roughly positively correlated with depth.

Generalizability to network scale
After training on specific network instances, we test the model’s performance in scenarios with different network 
scales and user densities (N=9, M=4). As shown in Table 3, when the number of cells in the system is kept 
constant, the density of UEs in the cells increases, leading to more severe intra-cell interference between the 
communication links, and resulting in degraded performance of the links in all models. Similarly, as shown 
in Table 4, when the density of UEs in the cell is kept constant, the increasing number of cells results in severe 

MAD

Model

Layer

2 3 4 5

JGAT 0.624 0.475 0.233 0.079

GAT 0.428 0.256 0.107 0.016

GCN 0.384 0.219 0.085 0.009

Table 2.  MAD value for each layer.

 

Data rate (bps/Hz)

Model

Layer

2 3 4 5

JGAT 1.92 1.99 2.02 2.04

GAT 1.93 1.98 1.27 0.91

GCN 1.96 1.23 1.08 0.89

Table 1.  Average data rate per UE versus GNN depth.

 

Fig. 4.  Average data rate per UE versus the training set size.
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inter-cell interference generated by the communication links of neighboring cells, causing a decrease in link 
performance in all models. The experimental results show that JGAT can handle network scenarios where the 
number of links increases or decreases and maintains superior performance. When the statistical features of the 
test data deviate from the training data, JGAT shows strong migration ability.

Generalizability to system settings
We test the generalization ability of JGAT under different system settings. The default hexagonal cell length is 
1 km, and we zoom in and out at equal intervals of 0.2 km. The distance between the base station and its users 
ranges from 50 m to 200 m. As the cell size increases, the interference between the cells decreases. Figure 5 
demonstrates that the advantage of JGAT over the benchmark remains stable. To further demonstrate JGAT’s 
generalization performance under varying noise power levels, we increment the noise power settings in 2 dBm 
intervals. From Figure 6, it can be seen that JGAT consistently maintains a higher sum rate compared to the 
benchmark, proving the advantage of the proposed algorithm in generalizing to scenarios with different system 
settings.

Robustness to imperfect CSI
We design experiments to evaluate the performance of JGAT in imperfect channel state information (ICSI) 
scenarios. Imperfect CSI occurs in real-world wireless networks due to factors such as the complexity and real-
time nature of channel conditions, making it challenging for the receiver to obtain complete and accurate channel 
state information. To simulate this, we randomly set the features of some nodes to null values according to a 

Fig. 5.  Average data rate per UE versus cell size.

 

Data rate (bps/Hz)

Model

Cell

4 9 16

JGAT 2.75 2.04 1.59

GAT 2.48 1.98 1.52

GCN 2.42 1.96 1.49

WMMSE 2.28 1.82 1.48

Table 4.  Average data rate per UE versus number network scale.

 

Data rate (bps/Hz)

Model

UE

1 2 3 4 5 6

JGAT 3.52 2.52 2.23 2.04 1.82 1.73

GAT 3.43 2.45 2.11 1.98 1.77 1.64

GCN 3.39 2.43 2.10 1.96 1.75 1.61

WMMSE 3.14 2.23 1.96 1.82 1.59 1.47

Table 3.  Average data rate per UE versus user density.

 

Scientific Reports |        (2025) 15:17459 10| https://doi.org/10.1038/s41598-025-00603-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


specified ratio and calculate the performance of the benchmark algorithm under both complete and incomplete 
CSI conditions. This allows us to assess the robustness of the algorithm. As shown in Table 5, JGAT maintains 
its performance lead even as the ratio of available CSI information decreases. Remarkably, it achieves a relative 
performance (RP) of 83.4% when only 20% of the CSI information is avaliable. These experiment results verify 
the robustness of JGAT in handling ICSI scenarios, demonstrating its ability to perform reliably under less-than-
ideal conditions in practical wireless networks.

Conclusions
This paper investigates a GAT-based unsupervised learning framework for optimizing beamforming designs 
to maximize the average user rate. By modeling the interference channel in a multiuser cellular network as a 
graph, the mapping of CSI to beamforming vectors is directly learned. To enhance the expressiveness of the 
model and alleviate the transition smoothing problem, we apply the attention mechanism with the hopping 
connection mechanism to the message-passing phase. The experimental results demonstrate that the proposed 
method maintains its advantages in scenarios with different system settings, achieving a higher average rate than 
the benchmark methods. Additionally, the proposed JGAT exhibits good generalization ability across different 
cell sizes, user densities, and interference levels and remains robust in partially missing CSI.

Data availability
The datasets used and analyzed during the current study are available from the corresponding author on rea-
sonable request.
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