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Abstract

Vehicle-to-vehicle (V2V) and vehicle-to-network (V2N) are two communication types in intelligent
transport systems (ITSs) that can share spectrum through in-band overlay. V2V primarily ensures
traffic safety, while V2N focuses on entertainment and information sharing. Ensuring reliable V2V
communication and high-rate V2N in resource-constrained and dynamically changing traffic environ-
ments poses a significant challenge for resource allocation. To address this, we propose a novel Graph
Attention Network (GAT)-Advantage Actor-Critic (GAT-A2C) reinforcement learning (RL) framework
in the paper. In the framework, we build a graph based on V2V links and their potential interference
relationships, in which the V2V link between vehicles is regarded as the node, and connect nodes with
interference relationships to form edges. GAT is employed to model significant interference relation-
ships among neighboring vehicles while accounting for real-time mobility and channel conditions. The
feature output by GAT and the feature of link itself are combined to form the environment state, which
is then fed into the agent to optimize the allocation of resource blocks and transmission power for V2V
and V2N. Simulation results demonstrate that the method significantly improves V2N rates and V2V
communication success ratios across varying vehicle densities. The proposed solution exhibits high
scalability, making it suitable for future large-scale intelligent vehicular networks in dynamic traffic
scenarios.

Keywords: dynamic vehicular networks, vehicle-to-vehicle, graph attention networks, reinforcement
learning, advantage actor-critic

1. Introduction
1.1. Motivation

In the era of smart cities, intelligent transport systems (ITSs) enhance urban traffic efficiency,
reduce vehicular congestion, and improve road safety, with vehicle-to-everything (V2X) communi-
cation—encompassing vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), vehicle-to-network
(V2N), and vehicle-to-pedestrian (V2P)—serving as a core enabler [1–3]. V2V communication is critical
for direct, ultra-low-latency data exchange between vehicles, supporting safety features like collision
avoidance, while V2N facilitates high-throughput interactions with cellular infrastructure or base
station (BS) for applications like real-time traffic updates and remote diagnostics. However, interlink
interference and limited spectrum resources challenge the balance between high V2N data rates and
robust V2V reliability. Proper resource block (RB) allocation mitigates interference and latency, opti-
mizing this trade-off to ensure efficient resource use, high V2N rates, and reliable V2V connections,
thereby enhancing overall performance in dense, dynamic vehicular networks.
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In dynamic vehicular environments, traditional radio resource management (RRM) methods
struggle to perform effectively due to high mobility, rapidly changing network topologies, and
harsh wireless channel conditions. Specifically, centralized strategies, such as LTE-V2X Mode 3
and new radio-V2X (NR-V2X) Mode 1, face scalability issues due to heavy signaling overhead and
reliance on precise global channel state information (CSI) [4]. Meanwhile, distributed strategies (LTE-
V2X Mode 4 and NR-V2X Mode 2) suffer from limited local observations and lack of centralized
coordination, leading to frequent collisions and unreliable communication links [5]. Recently, the
application of reinforcement learning (RL) techniques to resource management in vehicular networks
has attracted considerable attention. Researchers have proposed RL-based frameworks, leveraging
agent-environment interactions to learn optimal allocation policies [6,7]. RL agents can learn optimal
strategies through environmental interactions without explicit models, adapting to highly dynamic
scenarios and optimizing long-term objectives [8]. However, traditional RL methods, especially those
based on independent learning agents and local observations, are limited by partial observability,
non-stationary environments, and insufficient modeling of inter-agent interactions.

In a dynamically changing traffic environment, complex resource competition and channel in-
terference exist among V2V communication links. Ignoring the relational structure among vehicles
leads to suboptimal decisions, rendering single-agent RL inadequate for addressing the aforemen-
tioned challenges [9]. In this way, each agent (i.e., a V2V link) must consider not only its local state
information—such as channel gain, remaining transmission time, and resource demands—but also,
more critically, the potential interference from neighboring links on the same spectrum resources. If
agents rely solely on local information for policy learning, resource conflicts are likely to occur in
high-density dynamic environments, significantly reducing communication success ratios and overall
system throughput. Traditional RL methods [10], such as double Q-learning (DQN) or basic Actor-
Critic strategies, typically model states as individual observations, lacking the capability to handle
the adjacency relationships in communication topologies and overlooking the interference structure
between links. Then, constructing policy networks solely based on traditional feature inputs struggles
to capture critical interference information embedded in the network structure. Consequently, policies
are susceptible to being constrained by local optima or manifesting self-interested tendencies.

In fact, vehicular networks exhibit distinct graph-structured characteristics: interference relation-
ships among links naturally form a graph, with edges representing resource conflict probabilities or
interference relationships. The primary goal of this paper is to coordinate V2V and V2N communi-
cations, ensuring their coexistence while maximizing V2V reliability and latency requirements and
minimizing V2V interference to V2N links. We convert V2V reliability into a success reception ratio.
In this paper, we introduce the Graph Attention Network (GAT) as an interference relationship-aware
module in the state processing [11]. GAT models the interference relationships among links in the
communication environment as a graph, where each node represents a V2V link, and edges denote po-
tential interference. The core mechanism of GAT leverages an attention weight mechanism to evaluate
the importance of each neighboring link to the current link’s policy decision, aggregating neighbor
features with weighted contributions to generate a new state representation enriched with structural
information. This enhanced representation incorporates not only local state information but also the
structural context of "whether neighboring links conflict and their significance," enabling the policy
network to achieve global coordination. Furthermore, this paper adopts a dynamic graph construction
mechanism. At each time step, the system dynamically reconstructs the adjacency matrix based on
current vehicle positions, channel states, and resource usage, generating a communication graph
structure that accurately reflects the real-time interference landscape. In contrast to static adjacency
graphs, dynamic graph construction more accurately captures the evolving conflict risks among links,
thereby ensuring that the information aggregated by the GAT remains contemporaneously valid. This
significantly enhances the generalization ability and environmental adaptability of the policy network.
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1.2. Related work

Early works, such as [12–15] introduced Q-Learning and DQN methods for distributed resource
allocation in V2V networks. These approaches enabled each vehicle or communication link to inde-
pendently learn resource selection policies, optimizing throughput or reliability while minimizing
interference. However, they often assumed stationary environments or negligible inter-agent action
impacts, which do not hold in dense vehicular networks where mutual interference is prevalent. To
tackle issues arising from nonstationary and partial observability, some studies explored RL methods,
including independent Q-Learning [12], Double Q-Learning [16], and Deep Deterministic Policy Gradi-
ent (DDPG) [14]. More advanced architectures, such as Multi-Agent DDPG (MADDPG) [17], explicitly
modeled interactions among multiple agents to improve coordination and overall system performance
in V2X. Despite progress, existing RL-based resource allocation methods often treat agents as isolated
learners or assume limited interaction modeling, constraining their ability to dynamically predict
and mitigate interference. Additionally, traditional RL frameworks typically assume a fixed number
of agents and static state-action spaces, making them ill-suited for dynamic vehicle densities and
fluctuating network topologies.

Given the limitations of traditional RL in modeling inter-agent dependencies, researchers have
increasingly turned to Graph Neural Networks (GNNs) to capture the complex relational structures
within vehicular networks [18][19]. GNNs, including Graph Convolutional Networks (GCNs) [20] and
GraphSAGE [21], provide powerful tools for learning representations on graph-structured data, where
nodes represent vehicles or links, and edges denote interference, proximity, or communication quality.
In vehicular network applications, GNNs have been used for link prediction [22], channel allocation,
and resource allocation [23][24][25]. By aggregating information from neighboring nodes, GNNs
enable vehicles to construct richer, context-aware representations of their local environment, leading
to more informed and coordinated decisions. However, most existing GNN-based methods assume
static or slowly evolving graph topologies. In dynamic vehicular networks, where high mobility,
varying vehicle numbers, and rapidly changing relationships prevail, maintaining and updating graph
structures pose significant challenges. Moreover, many GNN methods are integrated into centralized
frameworks, where a central controller aggregates global information for decision-making. While
effective in some scenarios, centralized architectures face scalability and latency issues, making them
unsuitable for fully distributed V2V communication systems.

Recent efforts have explored dynamic graph learning, proposing techniques like dynamic graph
convolutional networks [11] and attention-based dynamic edge updates [12] to efficiently capture and
update evolving neighbor relationships in vehicular communication, reflecting changing interference
patterns and mobility behaviors. Nevertheless, integrating dynamic graph learning into RL for
distributed vehicular networks remains relatively unexplored. Most existing GNN-RL hybrid methods
either fix graph structures during training or update them infrequently, limiting their responsiveness
to real-time environmental changes. Thus, there is an urgent need for frameworks that can (1)
dynamically adapt to varying vehicle densities and network topologies, (2) effectively model and
leverage inter-agent relationships through graph-based learning.

1.3. Contributions

The main contributions of this work are summarized as follows:

• Firstly, we adopt a GAT to extract global features, shifting the optimization objective from
individual vehicle performance to system-wide optimality across the entire vehicular network.

• Secondly, we dynamically update neighbor relationships based on real-time vehicle positions to
accurately capture current interference patterns between vehicles.

• Thirdly, we propose a novel GAT-Advantage Actor-Critic (GAT-A2C) RL framework, pioneering
the integration of GAT with the Advantage Actor-Critic (A2C) algorithm. This architecture
dynamically adapts to positional changes, communication states, and interference fluctuations
among neighboring vehicles, enabling optimized resource allocation for both V2V and V2N links.
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• Lastly, we conduct extensive experimental evaluations across diverse vehicular scenarios with
varying densities. Results demonstrate that our GAT-A2C framework outperforms existing
methods in key metrics (including V2N rate and V2V success ratio), particularly excelling in high-
density environments. The solution further exhibits robust adaptability and superior scalability
across all tested vehicle densities.

1.4. Organization

The remainder of this paper is organized as follows: In Section 2, we present a detailed system
model for the communication scenario and interference computation. Section 3 introduces the design
of the GAT. In Section 4, we detail the methodology of GAT-A2C, the training process of A2C, and
system implementation considerations. Section 5 presents experimental settings and experimental
results. Finally, Section 6 concludes the paper.

2. System model, interference analysis, and problem formulation
2.1. Scenario and abstract model

In this paper, we considered an intersection scenario, as shown illustrated in Figure 1. Vehicles are
randomly distributed on the roads. The BS is placed at the exact center of the scenario. V2N uplink and
V2V share the same orthogonal frequency-division multiplexing (OFDM) band in an in-band overlay
manner [21]. Then, a graph is constructed (as illustrated in Figure 1 (c)) to represent the vehicular
network. A subset of V2V links is sampled and presented as the nodes of the graph, while edges
denote the interference relationship between these links. The graph construction process is detailed in
Section 3.1.

v1

v2

v3

v4

v5

V2N LinkV2V Link

(a)  Traffic scenario (b)  Abstract model

N1,3

(c)  Graph construction
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Figure 1. Traffic scenario at intersections and the abstract model
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2.2. Interference computation and analysis

In this system, the received signal power is directly proportional to the transmit power while
being modulated by channel gain, which consists of three components: path loss, shadowing, and fast
fading. The power of the received signal can be expressed as:

PTx,Rx = PTx · GTx · GRx · GCh, (1)

where PTx is the transmit power, GTx and GRx denote the antenna gains of the transmitter and receiver,
respectively, and GCh is the channel gain, which can be expressed as:

GCh = 10−
PL+Ls+L f

10 , (2)

where PL, Ls, and L f represent path loss, shadowing, and fast fading, respectively.
Assuming a scenario with m V2N links, denoted by LV2N = {LV2N

1 , LV2N
2 , . . . , LV2N

m }, n con-
nected vehicles, denoted by V = {V1, V2, . . . , Vn}, and k pairs of V2V links, denoted by LV2V =

{LV2V
1 , LV2V

2 , . . . , LV2V
k }. For a V2N or V2V link whoes receiver is vehicle Vi, the signal-to-interference-

plus-noise ratio (SINR) is calculated as follows:

SINRVi =
PVi

∑j ̸=i δj,i IVj + δc,i Ic + N0
(3)

where PVi denotes the signal power received from the tagged link; IVj and Ic represent the interference
power from vehicle Vj and BS, respectively; δj,i and δc,i denote indicator variables, taking the value 1
when their corresponding resource blocks overlap with those of the tagged link, and 0 otherwise; N0

represents the noise power. Thus, according to Shannon’s second theorem, the channel capacity of the
tagged link is given by:

C = B log2(1 + SINRVi ) (4)

where B denotes the channel bandwidth.

2.3. Problem formulation

In this paper, resource selection is primarily categorized into two types: resource block selection
and transmission power selection. For vehicular communication networks, efficient resource utilization
is a prerequisite for maximizing efficiency, playing a critical role in preventing channel congestion and
resource selection conflicts. This is particularly vital in cellular-V2X (C-V2X), where vehicles must not
only meet their own communication needs but also consider collaboration with other vehicles and
avoid occupying their resources.

Regarding transmission power selection, (1) shows that increasing transmit power can improve
received signal quality; it also intensifies interference to other communication links, necessitating an
optimal balance between signal quality enhancement and interference control. This system employs a
multi-level power control strategy and dynamically adjusts transmit power through RL algorithms
to achieve overall system performance optimization. These mathematical relationships provide an
important theoretical foundation for power control, resource allocation, and performance optimization
in V2V communication systems.

3. Design of graph attention network
In traffic scenarios, V2V links encounter non-uniform interference patterns, with some links

being subject to strong interference while others are affected only weakly. We leverage the attention
mechanism of GAT to adaptively learn which link contribute more or less interference. This allows the
vehicle to effectively avoid heavily interfering neighbors during action selection, thereby reducing link-
level interference and improving overall communication performance. In this section, we introduce
graph construction and GAT model.
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3.1. Graph construction
3.1.1. Principle of graph construction

In this paper, we model the vehicular network as a graph. Each node in the graph, denoted as Ni,j,
represents a unidirectional V2V communication link from transmitter i to receiver j. The edge, denoted
as Ex,y, represents the interference exerted from node x to node y. A complete graph is unsuitable
in this context, as vehicles in a vehicular network often transmit messages in a broadcast manner,
causing the number of nodes to grow quadratically with the number of vehicles, which in turn leads
to significant computational overhead during subsequent processing.

To address the scalable problem of the complete graph, Ji et al. [21] constructed a graph based
on the communication relationship between vehicles, and their simulation results demonstrated its
effectiveness. Thus, this paper adopts the same approach to model the vehicular network. For each
vehicle, 3 output links are selected whose destination vehicles belong to the nearest 20% subset of all
vehicles. This approach reduces the number of nodes to a linear scale, approximately three times the
number of vehicles. Then the graph structure can be expressed as follows:

G = (N,E) (5)

where N is the set of nodes that represents the unidirectional V2V links. E represents the set of all
edges in the graph. An edge is established between the corresponding nodes if mutual interference
exists between two links.

3.1.2. Graph node state

The feature vector initialized for each node N is denoted as:

SN = [GV2N
Ch , GV2V

Ch , IN ], (6)

where GV2N
Ch and GV2V

Ch represent the channel gain of the V2N and V2V communications, respectively;
IN denotes the total interference power experienced by the node N.

3.1.3. Dynamic adjacency matrix for graph expression

According to the principle of graph construction, we adopt a link-level adjacency matrix A
with the size of |LV2V| × |LV2V| (which is 3k× 3k, since 3 output links are sampled for each vehicle),
representing the connectivity relationships between nodes of the graph. The elements of the link-level
adjacency matrix A are defined as:

Ax,y =

1, if nodes x and y are connected

0, otherwise
(7)

where Ax,x = 1 to preserve the influence of the node’s own features during the attention scoring
computation in GAT.

Due to the continuous motion of vehicles, neighbor relationships are not static. Thus, the link-
level adjacency matrix A is reconstructed every T seconds. Meanwhile, the matrix is also updated
immediately upon detecting events such as vehicle acceleration changes exceeding a threshold or
significant position jumps. The update frequency needs to balance communication latency and
computational overhead, typically set as:

T ∈ [0.1, 1] seconds (8)

3.2. GAT model

After constructing the graph, we will introduce the GAT model. The aggregation process in GAT
refers to how each node collects information from its neighboring nodes, weighted sums them, and
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forms new node features. In the process, the operation of each node can be divided into: performing
linear transformation on the features of itself and all neighboring nodes; calculating the attention score
of itself and each neighbor; normalizing these weights using softmax; using these weights to weight
the neighbor features and get the new node features.

3.2.1. Linear transformation on the features

In this paper, the initialization of V2V link features serves as the starting point for the entire
system’s input. These features are directly fed into the GAT encoding module for neighbor relationship
modeling and feature aggregation, while also serving as critical inputs for subsequent Actor action
generation and Critic value evaluation. Insufficient input feature information can lead to incomplete
node feature extraction by GAT, thereby impacting the accuracy of resource allocation decisions and
overall system performance. As previously discussed, we modeled the state of graph nodes as SN .
However, during the training and iteration of the GAT network, uneven feature dimensions may
lead to gradient explosion issues. To accelerate training convergence and mitigate gradient explosion
caused by inconsistent feature dimensions, we uniformly normalize the initial input features of graph
nodes using standardization:

s′N =
sN − µ

σ
(9)

where µ represents the mean of each feature in the training set, and σ denotes the standard deviation
of each feature in the training set. After standardization, feature values are centered around 0, which
enhances the stability and convergence speed of GAT encoding and Actor-Critic training.

After normalization, we further apply a linear transformation to the initial node features. The
transformed features for each node are obtained as:

hN = Ws′N (10)

where W ∈ RF′×F represents a shared learnable linear weight matrix, and F′ denotes the feature
dimension of hN after transformation. The linear transformation maps all node features to a unified
new feature space, providing consistent input for subsequent attention scoring.

3.2.2. Attention score computation

For each pair of adjacent nodes (x, y) (satisfying Ax,y = 1), the attention score is computed as:

ex,y = LeakyReLU
(

aT [hx||hy]
)

(11)

where a ∈ R2F′ is a learnable attention vector, || denotes vector concatenation, and LeakyReLU is
the activation function. The purpose of computing attention scores is to learn local similarity or
interference strength based on the combination of a node’s own features and its neighbors’ features,
preparing for subsequent normalization.

To ensure comparability of scores across varying numbers of neighbors, the attention scores for
all neighboring nodes are normalized using Softmax:

αx,y = Softmax(ex,y) =
exp(ex,y)

∑k∈Nx,nbr
exp(ex,k)

(12)

where Nx,nbr represents the set of neighbor nodes of node x. After normalization, the sum of the
importance coefficients for all neighbors equals 1, forming a probability distribution to prevent any
single neighbor’s features from dominating.

GAT computes an attention score exy by feeding the concatenated state features of each neighbor
node pair (x, y) into a shared feedforward network, followed by normalization via Softmax to obtain
the weight αxy. This weight reflects the importance of a neighbor node to the current node’s policy
generation. In V2V scenarios, a neighbor’s importance can be interpreted as its potential interference

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 July 2025 doi:10.20944/preprints202507.2191.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.2191.v1
http://creativecommons.org/licenses/by/4.0/


8 of 21

capability, with higher weights assigned to neighbors more likely to cause resource conflicts. Through
this aggregation mechanism, GAT enables each link to identify neighbors posing genuine interference
threats, allowing proactive avoidance of these conflict sources in subsequent policy selections.

Using the normalized attention coefficients, a weighted sum of neighbor node features is com-
puted:

zx = ReLU

 ∑
y∈Nx,nbr

αx,yhy

 (13)

where ReLU is a nonlinear activation function, and zx represents the context-enhanced feature rep-
resentation of node x. By dynamically integrating information from the most important neighbors,
this produces node features enriched with contextual and interference-aware information, providing a
more accurate basis for subsequent action selection.

3.2.3. Multi-head attention mechanism

The multi-head attention mechanism enables understanding neighbor features from multiple
perspectives. A multi-head attention mechanism is employed to further enhance expressiveness and
stability. While using K attention heads, Wk and ak represent the independent weight matrices and
attention vectors for K-th head. Each head independently computes attention coefficients and weighted
aggregation outputs; intermediate layer outputs are concatenated. The expression for the intermediate
layer is:

zx = Concat

ReLU

 ∑
y∈Nx,nbr

αk
x,yhk

y

K

k=1

(14)

Then the final layer output is averaged.

4. The GAT-A2C model for resource allocation problems
In this model, the node embeddings output by the GAT are incorporated as structured features

into the state input of the RL agent, greatly enhancing the expressiveness of the state representation.
In this way, the RL main network can perceive not only the communication quality, interference level,
and resource demand of each link, but also its complex dependencies with neighboring nodes. This
enables the agent to make more optimal resource allocation decisions. The integration of GAT and
RL in this manner significantly improves the overall performance and generalization capability of
the system. This section introduces the GAT-A2C model for optimizing C-V2X resource allocation,
including the design of key elements in RL and A2C, as well as the overall framework of the GAT-A2C
model.

4.1. The design of key elements in RL and A2C

RL is commonly represented as a Markov Decision Process (MDP), where an agent repeatedly
engages with its environment. At each time step, the agent observes the environment’s current state,
St, and chooses an action, at, based on that state. In response, the environment delivers a reward, rt,
and moves to a new state, St+1. This sequence forms a full RL interaction cycle.

In this study, the input state of the RL agent is defined as the combination of features from
the GAT and features provided by the environment. The agent responds by selecting both resource
blocks and a transmission power level. The environment then returns a reward based on the V2V link
interruption probability, V2N communication rate, and transmission time. This reward guides the
agent to continuously optimize its action selection to maximize long-term reward, ultimately aiming
to learn an optimal dynamic resource allocation strategy.
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4.1.1. State space

The state feature vector of each V2V link obtained from the environment is denoted as:

st = [Ct, It, Gt, Nt, Tt, Lt] (15)

where Ct represents the channel capacity of the V2N link, It denotes the total interference power
received by the V2V link, Gt indicates the channel gain of the local V2V link, Nt reflects the resource
occupancy status of neighboring links, Tt stands for the remaining transmission time, Lt represents the
remaining data to be transmitted.

In addition to the state from the environment, we also incorporate the feature h
′′
t generated by the

GAT as part of the state. In this way, the state of the agent is expressed as:

St = st ∥ h
′′
t (16)

where the symbol "∥" denotes concatenation.

4.1.2. Action space

Based on the collected and observed state information, the A2C network selects an action at ∈ A
according to the policy π. These actions include resource block selection and transmission power
selection. In this paper, we adopt a simplified scenario in which the actor network could select actions
from m different resource block groups and three discrete transmission power levels: low, medium,
and high. Then the size of the action space is 3m. The action at corresponds to the resource blocks and
power as follows:

ar
t = at%m (17)

ap
t = at/m (18)

where % denotes the modulo operation and / represents floor division. ar
t and ap

t represent the selected
resource blocks and the selected power level, respectively.

4.1.3. Reward function

In the resource allocation problem, the immediate reward rt is typically designed based on three
key criteria: a positive reward is given when the V2V link completes data transmission within the
specified time; a negative reward is imposed if the transmission fails; and an additional incentive is
provided for achieving successful transmission with lower power consumption, thereby encouraging
efficient use of communication resources. The specific reward is calculated as follows.

rt = λ · RV2N + (1− λ)RV2V −
Tlimit − Tleft

Tlimit
(19)

where RV2N equals the V2N rate, represents the impact of the current action on the V2N communication
link; RV2V denotes the V2V transmission success ratio of the current link, corresponding to the impact
of the current action on the V2V communication link, λ is a weighting coefficient that balances the
importance between V2V and V2N communications, Tleft indicates the remaining transmission time
for the current task, and Tlimit denotes the maximum allowable transmission time.

4.1.4. Actor network

In the A2C algorithm, the Actor’s policy is described using the following policy function:

π(at|St; θπ) (20)
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where θπ denotes the model parameters of the policy function π, which outputs a probability distribu-
tion over actions given an input state. The primary objective of the actor network is to learn an optimal
policy π∗ that maximizes

J′(θπ) = J(θπ) + βH(π(·|St; θπ)) (21)

where
J(θπ) = ESt ,at [log π(at|St; θπ)A(St, at)] (22)

where θπ represents the parameters of the Actor network, and π(at|St; θπ) denotes the probability of
taking action at given state St under the current policy. A(St, at) is the Advantage function, and we
have

A(St, at) = Q(St, at; θQ)−∑
a

π(a|St)Q(St, a; θQ) (23)

where a represents the set of all possible actions and at refers to the action sampled from the distribution.
Q(St, at; θQ) represents the state-action value estimated by the Critic network. ∑a π(a|St)Q(St, a; θQ)

represents the value estimation of the current state. If A(St, at) > 0, it indicates that the action performs
better than average and its selection probability should be increased; if A(St, at) < 0, it indicates that
the action is suboptimal and its selection probability should be decreased.

In (21), β > 0 is the entropy regularization coefficient. By incorporating policy entropy regulariza-
tion, the exploration ability of the policy is preserved, helping to prevent premature convergence to
local optima. The entropy is defined as:

H(π(·|St; θπ)) = −∑
a

π(a|St; θπ) log π(a|St; θπ) (24)

Therefore, the update formula of the Actor network is:

∇θπ
J′(θπ) = ESt ,at [∇θπ

log π(at|St; θπ)A(St, at) + β∇θπ
H(π(·|St; θπ))] (25)

The final action is selected by choosing the one with the highest probability, as follows.

at = argmax
a

(π(a|St; θπ)) (26)

where a represents the set of all possible actions, and at refers to the action sampled from the distribu-
tion.

Therefore, the update formula for the Actor network is:

θπ ← θπ + α∇θπ
J′(θπ) (27)

where θπ is a trainable parameter of the Actor network.

4.1.5. Critic network

The goal of the Critic network is to approximate the true action value. we optimize the parameter
of the Critic network using the temporal difference (TD) error, which can be expressed as follows.

Loss(θQ) =
1
|B| ∑

(St ,at)∈B
(yQ −Q(St, at; θQ))

2 (28)

and
yQ = rt + γQtarget(St+1, argmax

a∈A
πtarget(a|St+1; θ−π ); θ−Q) (29)
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where rt represents the immediate reward, γ is the discount factor, πtarget is the target Actor network,
θ−π denotes the parameters of the target Actor network, and θ−Q denotes the parameters of the target
Critic network. Therefore, the update formula for the Critic network is:

θQ ← θQ + α∇θQ Loss(θQ) (30)

where θQ is a trainable parameter of the Critic network.
Periodically, the parameters of the Actor main networks and Critic main networks are adopted to

update their respective target networks to ensure stable learning and convergence every C steps, as
follows:

θ−π ← τθπ + (1− τθ−π )

θ−Q ← τθQ + (1− τθ−Q)
(31)

where τ is the learning rate, which is typically set to 0.005 or smaller.

4.2. Overall framework of GAT-A2C model

Each V2V link operates as an independent agent and executes the decision-making process
described in Algorithm 1. The overall framework is as shown in Figure 2. In the framework, each
vehicle agent is equipped with the following modules, including the environment module, graph
construction module, GAT encoding module, Actor decision-making module, Critic evaluation module,
local experience replay, and training module. During the training process, the environment first
constructs an adjacency matrix based on the current positions of vehicles. This matrix is then used
to form a graph structure representing the V2V links and the interference relationship between them.
The resulting graph is then fed into the GAT, where multi-head attention mechanisms are applied to
aggregate and enhance the features of neighboring nodes, producing enriched node embeddings.
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Figure 2. GAT-A2C framework proposed for resource allocation

The proposed system can be regarded as an instance of centralized training and distributed
execution. During training, both the GAT and RL components leverage global network information to
learn optimal representations and policies. During execution, each node can make decisions based on
its own local state and the corresponding GAT embedding, enabling distributed resource allocation
without requiring real-time access to global information. This paradigm combines the advantages of
global optimization during training with the scalability and practicality of distributed decision-making
during deployment.

Within the framework, the GAT module serves as the core feature encoding unit, which not only
performs information aggregation but, more critically, equips each RL agent with the ability to perceive
the neighbor interference structure. Specifically, the GAT module receives the initialized node features
and the dynamically constructed adjacency matrix. The output context-enhanced features serve for
action generation in the Actor network and value evaluation in the Critic network.

These embeddings are then concatenated with the original environmental state to form a compos-
ite feature vector St, which is input into the actor network. The actor network processes the state vector
and outputs an action at for the corresponding V2V link. Once the action is executed, the environment
computes an immediate reward rt according to (19). The environment then updates its state to St+1,
and the transition tuple (St, at, rt, St+1) is stored in the replay memory.

During the update phase, mini-batches B are sampled from the replay memory and fed into the
respective networks to update the actor, critic, and GAT networks.

The A2C algorithm consists of two main components: the actor, which represents the policy
function and determines the agent’s actions, and the critic, which serves as the value function to
evaluate the value of those actions. Based on the rewards returned by the environment, the system
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Algorithm 1 ResourceAllocationAlgorithm()

Require: Local state St, GAT model, Actor-Critic model, Maximum iteration counter max_iter, Current
iteration counter iter ← 0, Convergence threshold ϵ, converged← False

Ensure: GAT Network parameter θGAT , Actor Network parameter θπ , Critic Network parameter θQ,
Target Network parameter θ−π , θ−Q , Replay Memory Buffer D;

1: while iter < max_iter and converged = False do
2: Initialize Environment, get local State st,
3: //Step 1: Build Adjacency matrix(dynamic Graph)
4: Build dynamic Graph G = (V,E)
5: //Step 2: GAT aggregates neighbor information
6: h

′′
t = GAT(G)

7: //Step 3: State concatenation
8: St = st||h

′′
t

9: //Step 4: action selection (Actor outputs resource blocks & power)
10: π(at|St; θπ)
11: //Step 5: Critic scores the current state
12: Q(St, at; θQ)
13: //Step 6: The agent executes actions on the environment, and the environment provides

feedback to the agent.
14: Get rt
15: //Step 7: Store experiences
16: Store (st,a,rt,st+1) into the Replay Memory Buffer D
17: //Step 8: Update Network
18: if reached the update period then
19: //Batch sample B instances
20: Batch sample B instances from Replay Memory Buffer D← Batch
21: //Calculate the TD(Temporal Difference) target value
22: yt = rt + γQ(s

′
t, a
′
t; θ−Q)

23: //Update the Critic network by minimizing the TD error
24: θQ ← θQ − α∇LossQ
25: //Calculate the Advantage
26: A(St, at) = Q(St, at)−V(St)
27: //Update the Actor network by maximizing the expected advantage function
28: θπ ← θπ + α∇θπ

J
′
(θπ)

29: //Soft update the target network parameters
30: θ−Q ← τθQ + (1− τ)θ−Q
31: θ−π ← τθπ + (1− τ)θ−π
32: end if
33: iter ← iter + 1
34: end while

adjusts the actor if its action was suboptimal, and corrects the critic if its evaluation was inaccurate.
Through continuous updates and iterations, the model gradually learns to output more optimal actions
by the approach to maximize the expected return. From the perspective of V2V links, this means that
the quality and reliability of V2V communications will progressively improve.

5. Experiment
This section presents the experimental setup and results of a study evaluating the performance of

the proposed GAT-A2C strategy for resource allocation in vehicular networks. The experiments are
designed to assess the effectiveness of integrating Graph Attention Networks (GAT) with an Actor-
Critic (A2C) reinforcement learning framework, particularly under varying vehicle density conditions.
By comparing the proposed approach against three baseline methods: random resource allocation, a
standard DQN model, and a GNN-DDQN model. This study highlights the advantages of GAT-A2C
in optimizing V2N rate and V2V success ratio. The simulation settings, model configurations, and
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detailed performance analyses are provided to demonstrate the scalability and adaptability of the
proposed strategy in dynamic, high-interference vehicular communication environments.

5.1. Experimental settings

The simulations in this study were conducted using Python 3.8 and PyTorch 2.0, adopting settings
similar to those in related literature [21][26]. We established a Manhattan grid traffic road scenario with
a radio communication frequency band of 2 GHz, following the scenario settings described in 3GPP
TR 36.885, encompassing both line-of-sight (LOS) and non-line-of-sight (NLOS) channel conditions
[27]. The vehicles are placed according to a Poisson distribution. Each vehicle’s speed, acceleration,
and other related information were assigned via a Gaussian distribution.

We employed a GAT model with a depth of two, using four attention heads in the first layer and
incorporating edge weights to reflect varying degrees of interaction between communication links.
The feature dimension extracted by GAT was set to 16. The input feature dimension for each node in
the graph network was 60, with a self-attention mechanism used for feature aggregation. For the A2C
model, the state input dimension was 102. Both the actor and critic networks adopted a three-layer
neural network architecture with 500, 250, and 120 neurons per layer, respectively. The actor network
outputs a probability distribution over 60 actions, while the critic network estimates the value of the
state-action pair. A Rectified Linear Unit (ReLU) is used as the activation function between layers. The
learning rate was set to decrease gradually during training. For the GAT network, the initial learning
rate was 0.01, with a decay factor of 0.96, and the final learning rate was 1e−4. For the A2C network,
the initial learning rate was 0.005, and the final learning rate was 1e−4. Other detailed parameter
settings are provided in Table 1.

Table 1. Parameter settings.

Description Specification Description Specification

Senario Intersection Dis. threshold for neighbor
vehicles 150 m

Number of lanes (2 + 2)× 4 Weight coefficients [λr ,λp] [0.3, 1.0]

Vehicle speed 36 ∼ 54 km/h GAT input feature
dimension 60

Packet size 1500 bytes GAT output embedding
dimension 20

Avg. V2V pkt generation
rate 20 Hz Number of GAT attention

heads 8

Carrier frequency 2 GHz GAT dropout rate 0.6

Total number of RBs 20 State input dimension to
actor-critic 102 (82 base + 20 GAT)

Antenna gain of veh. & BS 3 dBi & 8 dBi Replay memory capacity 1 million
Antenna height of veh. & BS 1.5 m & 25 m Replay batch size 2000

Noise figure of veh. & BS 9 dB & 5 dB Learning rate 0.01 (min 1e−4, decay 0.96)
Noise power –114 dBm Discount factor λ 0.5

Maximum delay for V2V
link 100 ms Soft target update rate τ 0.01

Transmission power levels [23, 10, 5] dBm Training steps 10000

5.2. Experiment results

To analyze the training process, we monitored the training details of the GAT separately.

5.2.1. Training loss of the GAT-A2C model

Figure 3 shows the loss performance of the GAT-A2C model in the training process. To optimize
computational efficiency, the GAT-A2C model is updated every 100 iterations. We observed that the
loss converged quickly, although the environment was reset every 2000 iterations and the relationship
of the graph was rebuilt, which caused the loss value to fluctuate significantly in the early stage.
However, as the training progressed, it can be seen that the amplitude of the fluctuation is constantly
decreasing, which shows that the GAT-A2C model can adapt to the environment.
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Figure 3. GAT training loss vs. Step

5.2.2. Performance analysis of GAT-A2C at different densities

We evaluated the performance of the proposed GAT-A2C strategy on V2N Rate and V2V Suc-
cess Ratio as the number of vehicles increased from 20 to 100 vehicles. As shown in Figure 4, the
experimental results indicate that as the number of vehicles grows, the number of links in the system
surges, intensifying resource block competition and interference. Consequently, the V2N rate exhibits
a clear downward trend, dropping from approximately 170 Mbps to around 70 Mbps. Remarkably,
despite the vehicle density doubling, the V2V success ratio consistently remains above 90% with
minimal fluctuations, demonstrating strong robustness. This can be attributed to the introduction of
the GAT, which enables agents to obtain contextually richer state representations, combined with the
Actor-Critic strategy’s long-term value assessment mechanism for resource selection. This ensures
efficient scheduling even under high vehicle density. Thus, despite some V2N performance trade-offs,
the proposed strategy showcases excellent scalability and scheduling robustness in ensuring core V2V
service guarantees.
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Figure 4. V2N Rate and V2V Success Ratio vs. Vehicle Number

The boxplots in Figure 5 reveal distinct distribution patterns: V2N rates exhibit decreasing
mean values with increasing vehicle density, reflecting intensified interference impacts on resource
scheduling. Conversely, V2V success ratios demonstrate remarkable robustness, maintaining medians
above 0.93 with minimal fluctuations across densities. Optimal V2V performance occurs at 40 vehicles,
showing both peak success ratio and minimal variance. Notably, this outperforms sparse scenarios
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(e.g., 20 vehicles) since the graph attention mechanism requires sufficient node connectivity and the
A2C framework benefits from diverse interaction experiences for optimal policy learning. Occasional
low values during initialization confirm the system’s recovery capability, collectively validating the
approach’s robustness in high-density environments, particularly for core V2V link maintenance.
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Figure 5. V2N Rate Distribution and V2V Success Ratio Distribution vs. Vehicle Number

5.2.3. Performance analysis compared with other methods

Three baseline methods are employed for comparison. The first is a random resource allocation
approach, where the agent arbitrarily assigns channels and power levels, establishing a lower per-
formance benchmark. The second, presented in [12], utilizes a standard DQN model for resource
allocation. The third, described in [21], integrates GNN with a DDQN to enable each agent to acquire
more information from local observations.

We compared the V2N communication performance of these four resource allocation strategies
under varying vehicle density conditions. As shown in Figure 6, the experimental results demonstrate
the significant advantage of the proposed GAT-A2C strategy in terms of V2N rate. As the number of
vehicles increases from 20 to 100, the number of interfering links in the system multiplies, intensifying
resource block competition, and the V2N rate of all strategies shows a declining trend. However, at
each vehicle density, GAT-A2C consistently maintains the highest V2N rate, with a more pronounced
lead in high-density scenarios (80 and 100 vehicles). Compared to the traditional DQN method, GAT-
A2C achieves over 20% higher V2N rate in the 100-vehicle scenario, and nearly doubles compared
to the random strategy. This phenomenon is attributed to the critical role of the Graph Attention
Network in state modeling, enabling the strategy to accurately identify high-interference links and
make avoidance-driven resource selections. Additionally, the policy gradient optimization mechanism
of the A2C architecture enhances the flexibility of resource allocation, avoiding extreme action decisions
and improving resource utilization efficiency.
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Figure 6. V2N Rate compared with the other methods

Figure 7 illustrates the V2V link transmission success ratios of different strategies under various
vehicle densities, further confirming the effectiveness of the proposed GAT-A2C strategy in ensuring
link service guarantees. Overall, GAT-A2C and GNN-DDQN consistently rank highest in V2V success
ratio, particularly exhibiting the most stable performance in medium-to-high density scenarios (40–80
vehicles), with success ratios maintained above 96%. In contrast, the standard DQN method shows
a significant decline in scenarios with 80 and 100 vehicles, while the random strategy drops below
90%, highlighting the limitations of traditional methods in high-interference environments. Notably,
although both GNN-DDQN and the proposed method utilize graph embedding mechanisms, the A2C
architecture demonstrates superior policy learning capabilities, dynamically adapting to changes in
link states and task urgency, thus offering greater stability under high-density conditions. Combined
with Figure 6, it is evident that the proposed strategy not only ensures high V2V success ratios but also
balances V2N rate, showcasing excellent scheduling coordination and overall system service capability.
These results validate the feasibility of deeply integrating graph neural network structures with policy-
based reinforcement learning methods, effectively addressing the core challenges of multi-link resource
allocation in V2X communication.
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Figure 7. V2V Success Ratio compared with the other methods

5.2.4. The effect of GAT

Figure 8 presents a comparative analysis of the proposed GAT-A2C strategy versus a pure A2C
strategy without graph structure embedding, evaluating V2N rate and V2V success ratio across varying
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vehicle numbers. The experimental results clearly demonstrate that while both strategies perform
similarly in low-density scenarios (20–40 vehicles), GAT-A2C exhibits significantly greater robustness
and scalability in medium-to-high density environments.
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Figure 8. Effect of GAT on the proposed Model

For V2N rate, both strategies show a declining trend as vehicle density increases. However,
GAT-A2C consistently maintains higher transmission rates, particularly in environments with 80 and
100 vehicles, where its rate surpasses A2C by 10–15 Mbps. This indicates that the incorporation of GAT
enables the strategy to more accurately perceive interference contexts during resource block selection,
mitigating conflict escalation in high-density scenarios.

Regarding V2V success ratio, GAT-A2C not only achieves superior overall performance (consis-
tently above 95%) but also exhibits a more gradual decline. In contrast, the A2C strategy experiences a
rapid drop in success ratio when the vehicle number exceeds 60, highlighting its significant limitations
in multi-link resource coordination. Combined with earlier power distribution experiments, it is
evident that GAT-A2C proactively increases the proportion of medium-to-low power selections in
dense vehicle scenarios, whereas A2C exhibits rigid behavior and uniform distribution, failing to adapt
flexibly to environmental changes.

In summary, this figure strongly validates the critical role of graph structure awareness in re-
inforcement learning strategies for large-scale vehicular networks. GAT not only enhances state
representation capabilities but also provides a robust foundation for modeling link dependencies,
enabling the strategy to maintain strong service guarantees and optimization flexibility in high-density,
high-interference, and dynamic topology scenarios. The scheduling stability and high success ratio
demonstrated by the GAT-A2C model in complex environments underscore its core advantage as a
deployable scheduling solution for vehicular networks.

Figure 9 illustrates how the proposed GAT-A2C strategy adjusts the distribution of three transmis-
sion power levels (high, medium, low) across varying vehicle densities (20 to 100 vehicles). It is evident
that high-power selection consistently prevails (75%–82%) across all density levels, maximizing the
transmission range of data packets. This preference enhances the strategy’s ability to ensure robust
data delivery, particularly by extending the reach of transmissions. The incorporation of contextual
link interference information from the GAT model further reinforces this tendency. Compared to the
A2C strategy without GAT, the incorporation of the GAT module markedly elevates the predilection
for high-power utilization, capitalizing on structural information embedded within state modeling.
This figure confirms, from a behavioral strategy perspective, the enhanced control and adaptability
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provided by GAT, underscoring the superior effectiveness and robustness of the GAT-A2C strategy in
high-density V2X communication systems.
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6. Conclusions
This paper addresses the significant challenge of dynamic communication resource allocation

in vehicular networks by proposing a novel framework that integrates Graph Attention Networks
with Advantage Actor-Critic (GAT-A2C) Deep Reinforcement Learning. This framework innovatively
combines GAT with the Advantage Actor-Critic RL paradigm, effectively tackling the resource alloca-
tion challenges in dynamic vehicular network environments. Additionally, the method dynamically
updates the adjacency matrix based on real-time vehicle mobility and channel conditions, ensuring
that the GAT module accurately reflects the current network topology. This is crucial for maintaining
communication performance in highly dynamic vehicular environments.

The GAT-A2C framework demonstrates robust training performance, with its GAT loss function
converging rapidly after initial fluctuations, showcasing strong learning stability. Comprehensive
experimental evaluations confirm the superiority of the proposed method across various vehicle
densities. The GAT-A2C framework consistently achieves a V2V communication success ratio above
95%, with minimal degradation as vehicle numbers increase from 20 to 100, highlighting exceptional
link service assurance. While the V2N rate declines with rising vehicle density, GAT-A2C outperforms
baseline methods like DQN and Actor-Critic without graph structures, achieving over 20% higher
rates than traditional DQN in a 100-vehicle scenario. The strategy consistently favors high-power
transmission (75%–82%) across density levels, enhancing data delivery range and robustness. By inte-
grating contextual link interference information, the GAT module further strengthens this preference
and enhances adaptability, ensuring superior performance compared to other methods.
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