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Optimizing V2X Communications for )
6G: A Summary of Techniques and Al e
Methods

Ali Belgacem and Abbas Bradai

Abstract This summary research paper provides a comprehensive overview of
Vehicle-to-Everything (V2X) communications, including various communication
types and the roles of base stations. It covers resource allocation techniques and
beamforming for high-quality connectivity and addresses energy efficiency opti-
mization metrics. The paper also discusses artificial intelligence methods and their
integration to optimize these systems and enhance performance. This research serves
as a valuable guide for those aiming to contribute to advancements in 6G technologies
for efficient vehicular communications.

Keywords 6G - Vehicle to everything (V2X) - Artificial intelligence (Al) -
Resource allocation + Beamforming + Base station - Energy efficiency

1 Introduction

6G is significantly ahead of 5G by using the terahertz, millimeter wave and sub-
6GHz bands, along with satellite integration and access to dynamic spectrum for
improved connectivity. By focusing on artificial intelligence, 6G technology aims
to improve network operations, decision-making, and user experiences while sav-
ing more energy [1]. However, the transition to 6G may increase communications
complexities and power requirements, especially regarding continuous connectiv-
ity in V2X cellular technology, requiring efficient power management, especially
with the advent of electric vehicles. As such, key technologies such as Orthogonal
Frequency Division Multiple Access (OFDMA) and the 3rd Generation Partnership
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Project (3GPP) will enhance global interoperability and integrate new innovations,
propelling 6G networks toward superior performance and capabilities [2].

The integration of resource allocation and Al-based methods is essential for
enhancing the efficiency and effectiveness of V2X communication systems. By opti-
mizing resource utilization and energy consumption, Al-driven approaches can sig-
nificantly improve the reliability, scalability, and sustainability of V2X networks,
paving the way for safer and more efficient transportation systems of the future.
On the other hand, joint beamforming involves coordinating beamforming tech-
niques for transmission and reception among multiple vehicles and base stations.
This leads to enhanced reliability, coverage, and throughput while minimizing inter-
ference and energy consumption, thereby contributing to the overall effectiveness of
V2X communication networks [3].

Existing surveys in V2X communication have explored resource allocation [4],
beamforming [5], and energy consumption [6]. However, these topics are often stud-
ied separately, lacking research on their complex relationships. Additionally, recent
advancements in deep reinforcement learning and other methodologies are not ade-
quately represented in existing works, hindering a comprehensive understanding of
energy efficiency optimization in V2X systems. To address this gap, more rigorous
analysis and consideration of real-world scenarios are needed. The main contribu-
tion of this research is to provide a comprehensive summary by combining three
research trends in the context of V2X: artificial intelligence, resource allocation, and
beamforming, with a focus on efficient base station energy consumption. By syn-
thesizing current research, identifying challenges, and proposing future directions,
this paper serves as a valuable resource for researchers and practitioners in V2X
communication.

The remainder of the paper is organized as follows: Sect.2 covers the basics of
V2X communication. Sections 3, 4, and 5 provide a literature summary on resource
allocation, beamforming, and energy efficiency, respectively. Section 6 discusses Al
method applications in V2X networks. Following this, Sect.7 presents challenges
and future directions of the studied field. Finally, Sect. 8 concludes the paper.

2 The Basics of V2X Communication

Overall, V2X connectivity holds great potential to enhance traffic flow and enable
innovative transportation services in both urban and rural areas (Fig. 1). Here are the
basics of V2X communication.

2.1 V2X Communication Types

V2X communication projects aim to provide intelligent vehicle communication, cov-
ering various aspects such as Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure
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(V2I), Vehicle-to-Pedestrian (V2P), Vehicle-to-Device (V2D), Vehicle-to-Grid
(V2G), and Vehicle-to-Network (V2N). This communication ensures safety in
autonomous driving by enabling vehicles to be aware of their surroundings and other
road users through Collaborative Perception (CP) technology, which allows interac-
tion between multiple entities near vehicles. With the upcoming 6G technology, V2X
communication relies on Dedicated Short Range Communications (DSRC) and cel-
Iular networks, particularly utilizing mmWave channel propagation [3]. Therefore,
cellular V2X (C-V2X) emerges as a crucial type within this context [7].

2.2 Base Station Functions

In V2X networks, the Medium Access Control (MAC) layer of base stations performs
critical functions and requires specific power requirements [8]. Here’s an overview
of the main of them:

e Manage channel access: Modern 6G base stations are expected to use orthogonal
frequency division multiplexing (OFDM) as a critical technology to access V2X
networks. This enables high data rates, reliable communications, and efficient use
of the radio spectrum [9].

e Frame Structure Management: The base station defines the structure of com-
munication frames, incorporating synchronization headers, data payload, error
checking, and acknowledgment mechanisms to ensure that transmitted data is
organized into coherent frames for efficient transmission and reception [10].

e Transmit and receive signals: The base station contributes to energy consumption
through the transmission and reception of radio signals, crucial for facilitating
communication between vehicles [8]. Transmitting data frames at higher power
levels and receiving acknowledgment signals are particularly energy-intensive,
especially in scenarios with dense traffic or extended communication ranges.
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3 Resource Allocation Techniques

In resource allocation for V2X networks, three primary resources are crucial: power,
channel, and spectrum resources. They are mentioned in [4, 11]. Resources are
optimized in various ways, among them:

Dynamic Resource Allocation Adaptive power control, spectrum management, and
Time Division Multiple Access (TDMA) are crucial techniques for optimizing energy
efficiency and communication reliability. Base stations dynamically adjust transmis-
sion power levels based on distance and signal quality, conserving energy by reducing
power for nearby vehicles while maintaining reliable communication [12]. Spectrum
management ensures efficient allocation of frequency bands, minimizing interference
and maximizing spectrum utilization through techniques like spectrum sensing and
cognitive radio.

Traffic-Aware Scheduling Base stations implement several strategies to enhance
energy efficiency and prioritize safety-critical traffic. Firstly, prioritization of safety-
critical messages ensures timely delivery of collision warnings and emergency alerts
over non-critical traffic, reducing the need for retransmissions and conserving energy.
Additionally, dynamic bandwidth allocation allows base stations to adaptively allo-
cate bandwidth to V2X applications based on their quality of service requirements
and traffic loads [13]. During low-traffic periods, base stations can allocate unused
bandwidth to energy-efficient modes or reduce the number of active transmission
antennas, further optimizing energy consumption within the network.

Cooperative Communication In V2X systems, base stations employ relay-based and
group-based communication techniques to enhance energy efficiency and extend
communication capabilities. Relay-based communication involves nearby vehicles
acting as relay nodes, extending the communication range and reducing the transmis-
sion power required for direct communication between distant vehicles. By strate-
gically leveraging relay nodes, base stations can achieve significant energy savings
while maintaining reliable communication. Additionally, group-based communica-
tion organizes V2X devices into communication groups based on proximity or traffic
patterns. This approach enables base stations to transmit data simultaneously to mul-
tiple vehicles within the same group, reducing overall energy consumption compared
to individual point-to-point transmissions and improving network efficiency [7].

Joint resource allocation and beamforming optimization Intelligent Reflecting
Surface (IRS) technology significantly enhances spectral and energy efficiency
in Vehicle-to-Everything (V2X) communication by improving beamforming and
resource allocation. IRS optimizes beamforming by dynamically adjusting reflec-
tion coefficients, leading to higher signal gains. Integrating IRS into resource alloca-
tion involves optimizing and managing channel access, resulting in improved overall
performance [14].
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4 Beamforming

Beamforming is essential in modern V2X communication for enhancing performance
and efficiency by enabling directional signal transmission and reception. Several
beam types have been addressed in the literature, as mentioned below:

Narrow beam: It refers to the use of directional antennas to focus the transmission
and reception of signals into a narrow, targeted beam rather than broadcasting
signals in all directions, as detailed in paper [15].

Passive beam: Passive beamforming involves the design and arrangement of
antennas to naturally direct signals in specific directions. This is achieved using
fixed antenna arrays, reflectors, and lens antennas [2]. The physical shape and
orientation of the antenna elements cause the signals to combine constructively
in targeted directions, enhancing signal strength without the need for electronic
adjustments.

Active beam: This type uses electronically controlled antennas to dynamically
direct signal beams, improving connectivity, reducing interference, and improv-
ing signal quality [8]. The researchers in [2] suggested a combination of active and
passive beamforming techniques to significantly enhance communication through-
put and reliability. Active beamforming dynamically steers the signal to adapt to
changing conditions, while passive beamforming optimizes signal directionality
through fixed antenna configurations.

Effective energy consumption requires different management strategies for

various types of beams, as illustrated below:

Beam selection: Dynamic beamforming strategies can achieve reliable commu-
nication while minimizing energy consumption, but the selection process must
balance connectivity needs with energy demands [16]. Energy-efficient algorithms
aim to maximize communication quality while minimizing energy expended on
beamforming, enhancing V2X network sustainability and effectiveness. Factors
like vehicle density, mobility patterns, channel conditions, and traffic dynamics
influence beam selection.

Beam tracking: Beam tracking is the dynamic adjustment of wireless communi-
cation beams between vehicles and surrounding infrastructure to optimize signal
strength and minimize energy consumption. Adjusting beamforming parameters
in response to changing environmental conditions, reduces unnecessary energy
usage associated with maintaining connections. However, it is essential to take
into account the channel state information (CSI) for effective beam tracking [5].
Beam alignment: It refers to the process of precisely aligning directional antennas
between vehicles and roadside infrastructure to establish and maintain reliable
communication links while minimizing energy usage. The alignment of the beam
is influenced by factors such as the size of the beamwidth and the quality of the
channel state information [8].

Beam recovery: It refers to the process of regaining or reestablishing a communi-
cation beam after a disruption or interruption. This method of beam management



A. Belgacem and A. Bradai

enables the detection of potential link failures and the identification of alternative
beam pairs for mmWave communication. Thus, it is necessary to minimize the
impact of blockage and the duration of link failure [17].

Beam switching: It involves transitioning between different communication
beams to sustain connectivity and optimize communication performance, all while
minimizing unnecessary energy consumption. This process utilizes predictions
of a vehicle’s next position to facilitate smooth transitions to upcoming beams.
Notably, larger beam widths result in fewer instances of beam switching [8].
Beam training: It refers to the process of optimizing beamforming parameters
(beam direction, width, and power) to establish efficient communication links
between vehicles and base stations [5, 8].

5 Energy Efficiency in V2X Communications

The following optimization metrics ensure effective energy use, often resulting in
reduced energy consumption. They include:

Interference: Interference optimization for energy efficiency for V2X networks
can be achieved in various ways: Interference prediction, interference mini-
mization, multiple access interference, and interference mitigation, as shown in
[18], respectively. Generally, interference improvement relies on maximizing the
signal-to-noise ratio (SNR).

Offloading: It involves shifting computational and data processing tasks from
vehicles to external infrastructure, such as roadside units or cloud servers. This
approach can reduce the computational burden on vehicles, enhance network
resource utilization, and employ intelligent strategies for dynamic task allocation
and efficient data management [19].

Throughput: Throughput measures the data transmitted between source and des-
tination within a timeframe, often in bits per second (bps). Effective throughput
accounts for overhead, retransmissions, and protocol inefficiencies, representing
the actual data rate achieved. For example, reference [20] proposes maximiz-
ing total throughput in NR-V2X networks across subcarriers while considering
available power and minimum transmission rate constraints.

Energy Harvesting Efficiency: Energy harvesting involves converting ambient
energy sources like solar, kinetic, or electromagnetic energy into usable electrical
power to support V2X communication systems. Improving energy harvesting effi-
ciency is crucial for extending the operational lifespan of V2X devices, reducing
dependence on traditional power sources, and promoting sustainability. In ref-
erence [21], researchers utilized energy harvesting to achieve long-term energy
efficiency maximization by employing power splitting to delicately divide the
harvested energy.
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Fig.2 shows the percentage use of the different improvement metrics mentioned
above from 2020 to mid-2024 (according to Google Scholar).

6 Utilized AI Approaches

Most investigations into the issue studied in this paper classify it as a non-convex
problem [22]. Thus, by employing the Al approaches, V2X networks can achieve
more efficient and intelligent beam management and resource allocation, leading
to improved communication performance and energy efficiency. In recent years,
researchers have begun applying various types of AI methods to this research
trend [23]. According to our statistics from Google Scholar for the period from
2020 to mid-2024 (Fig.3), it is notable that deep reinforcement learning is used by
a significant portion of the scientific research community, and advanced reinforce-
ment learning techniques are emerging as new propositions. These are promising
solutions. Therefore, we focused our classification on these latter types.

6.1 Deep Reinforcement Learning (RL)

The most commonly utilized methods in the literature are as follows:

Deep Q-Learning (DQL) It combines the strengths of reinforcement learning with
the powerful symbolic capabilities of deep neural networks, enabling efficient han-
dling of high-dimensional state spaces, learning directly from initial inputs, gener-
alization across states, scaling to complex environments, improving policy learning,
dealing with partial observability, and integration with other deep learning tech-
niques [24, 25]. In [26], Deep Q-Learning optimizes joint beamforming by effec-
tively handling complexity and adapting to changing conditions. This ensures optimal
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performance and can effectively mitigate blocking effects. DQL maximizes the total
communication rate of target vehicles while also ensuring the service quality of each
target vehicle.

Multi-Agent RL (MARL) It possesses the capability to capture complex interactions,
emergent coordination, division of labor, adaptability to dynamic environments,
learning from others, robustness to failures, privacy preservation, and real-world
applicability. For example, in [27], it is utilized in various V2I and V2V scenar-
ios within C-V2X cellular communications to improve the joint optimization of the
spectrum and power allocation.

Proximal Policy Optimization (PPO) PPQO’s stability in training neural network poli-
cies makes it advantageous for optimizing beamforming strategies in wireless com-
munication systems. In the study [22], the authors utilize the PPO algorithm to
obtain the optimal solution to the formulated problem in the context of RIS-assisted
6G-V2X communication networks. By iteratively adjusting policy parameters and
leveraging the clipping surrogate method, the algorithm effectively improves network
performance.

Multi-armed bandits (MAB) Within beamforming systems, MAB algorithms dynam-
ically select optimal beams or combinations, considering channel conditions, traffic
demands, and interference levels, thus improving communication performance and
spectral efficiency. The methodology presented in reference [28] employs Contextual
Bandit to manage interference while allocating mmWave beams for vehicle service
in the network. By leveraging neighboring beam status knowledge, it identifies and
avoids potential interfering transmissions, ensuring minimal interference even under
heavy traffic loads.

6.2 Advanced RL Techniques

The utilization of advanced RL techniques is still in its early stages in this studied
field, with the widespread adoption of federated methods being prominent among
various approaches.

Federated Learning (FL) substantially benefits V2X communication and base sta-
tions within wireless networks. It allows for distributed optimization and resilience to
network failures in base stations, improving scalability, strength, and resource access.
In V2X communication, FL supports localized learning and collaborative decision-
making among vehicles, improving communication reliability and efficiency. Addi-
tionally, FL reduces energy consumption through energy-efficient training and adap-
tive model updates, promoting sustainability in wireless network operations. The
article [29] presents a task offloading and resource allocation algorithm for con-
nected and autonomous vehicle networks, using Federated Reinforcement Learning
(FRL). This method, within a cooperation architecture among vehicles, roads, and
base stations, aims to reduce task execution delays under different constraints. It
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boosts system throughput by optimizing task offloading and resource allocation, cut-
ting down on data transmission delays and communication overhead, and adapting
to changing network setups.

6.3 Integrating AI Approaches in V2X Networks

Implementing Deep Reinforcement Learning involves five main steps, as follows:

Data Collection and Preprocessing Al models require extensive data from V2X
networks, including vehicle mobility patterns, channel conditions, and network usage
statistics. Effective data collection and preprocessing are crucial for accurate model
training [28, 29].

Making of the Markov Decision Process (MDP) It is one of the most fundamental
components in a reinforcement learning (RL) problem. Typically in V2X scenarios,
the base station or vehicle is considered the agent, which is the learner interacting
with the environment by taking different actions in various states [25].

Deep learning Network Model This refers to the network architecture (layers, nodes,
pipelines) adopted to construct our deep Al model. Various architectures are uti-
lized, including Neural Networks (NNs), Support Vector Machines (SVMs), and
others [24, 25].

Model Training and Deployment Trained models can be deployed at base stations for
real-time decision-making. Continuous learning and model updating are essential to
adapt to evolving network conditions and vehicular environments.
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Performance Evaluation The effectiveness of Al models should be evaluated using
metrics such as latency, throughput, energy efficiency, and overall network perfor-
mance. Real-world trials and simulations help in fine-tuning the models for optimal
performance.

6.4 Difficulty in Integrating AI Approaches

Integrating Al into V2X-6G systems presents several challenges. One key issue is
communication overhead, as frequent updates between vehicles and base stations
demand low-latency connections and efficient handling of network congestion and
mobility. The diversity of vehicle data complicates model training, while privacy
and security risks, such as model poisoning, add further complexity. High-speed
environments impose resource constraints that hinder efficient model training. As
the vehicle count increases, scalability becomes a problem, complicating update
management and model convergence. Compatibility with legacy systems, growing
computational demands, and real-time decision-making are also critical challenges.

7 Challenges and Future Directions

Some key research areas poised to expand the capacity of wireless access for
V2X communications include advanced modulation and massive multiple access
techniques such as mmWave frequency bands, massive MIMO communications,
Orthogonal Time-Frequency Space (OTFS) modulation, and Non-Orthogonal Multi-
ple Access (NOMA) [3, 30]. Additionally, computation and network management at
scale through mobile edge computing (MEC) and vehicular cloud and fog computing
are critical areas of focus [30].

Collaborative efforts and the integration of emerging technologies are essential to
proposing modern solutions that address current challenges such as mobility man-
agement, interference management, channel estimation, and efficient network slic-
ing [4]. In terms of Al opportunities, the availability and training of datasets, as well
as the consideration of performance parameters and computational complexity, are
crucial for creating effective and credible models [31]. These advancements will
include the allocation of V2X network resources and beam management for efficient
power transfer. They will also involve exploring energy harvesting and renewable
energy integration to support sustainable V2X ecosystems. Research should focus
on developing adaptive algorithms to manage dynamic changes in V2X environ-
ments, exploring hybrid approaches that combine Al and traditional methods, and
investigating the scalability of these solutions in larger, more complex networks for
practical deployment.

On the other hand, while effective in simulations, the proposed methods face
challenges in real-world V2X environments, including dynamic traffic, interference,
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hardware limitations, latency, and network congestion. Future research should pri-
oritize field tests and pilot studies to evaluate the practical viability of these methods
in live V2X scenarios

8 Conclusion

In this paper, we addressed the current state-of-the-art in improving resource alloca-
tion and beamforming in 6G-V2X networks, leveraging artificial intelligence tech-
niques to enhance energy efficiency in base stations. We provided a summary of
important research in this direction. The integration of Al to improve resource allo-
cation and beamforming in 6G-V2X networks shows great potential for creating
energy-efficient base stations. This combination not only enhances vehicular com-
munication performance but also aligns with the broader goal of developing sustain-
able and efficient next-generation networks. To the best of our knowledge, this is
the first study examining the combination of resource allocation, beamforming, and
artificial intelligence in V2X networks.
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References

1. da Silva Brilhante D, Manjarres JC, Moreira R, de Oliveira Veiga L, de Rezende JF, Miiller F,
Klautau A, Mendes LL, de Figueiredo FAP (2023) A literature survey on ai-aided beamforming
and beam management for 5g and 6g systems. Sensors 23(9):4359

2. Huang Z, Zheng B, Zhang R (2023) Roadside IRS-aided vehicular communication: efficient
channel estimation and low-complexity beamforming design. IEEE Trans Wirel Commun

3. Hisabo DS, Olwal TO, Hassen MR (2024) Channel modeling techniques for multiband vehicle
to everything communications: challenges and opportunities. Int J Comput Digit Syst 15(1):29—
50

4. Nair A, Tanwar S (2024) Resource allocation in v2x communication: state-of-the-art and
research challenges. Phys Commun, 102351

5. Yi W, Zhiqing W, Zhiyong F (2024) Beam training and tracking in mmWave communication:
a survey. China Commun

6. Sohaib RM, Onireti O, Sambo Y, Swash R, Imran M (2024) Energy efficient resource allocation
framework based on dynamic meta-transfer learning for v2x communications. IEEE Trans Netw
Serv Manag

7. Abboud K, Omar HA, Zhuang W (2016) Interworking of DSRC and cellular network
technologies for v2x communications: a survey. IEEE Trans Veh Technol 65(12):9457-9470

8. Ghafoor KZ, Kong L, Zeadally S, Sadiq AS, Epiphaniou G, Hammoudeh M, Bashir AK,
Mumtaz S (2020) Millimeter-wave communication for internet of vehicles: status, challenges,
and perspectives. IEEE Internet Things J 7(9):8525-8546

9. Hua Q, Keping Yu, Wen Z, Sato T (2019) A novel base-station selection strategy for cellular
vehicle-to-everything (c-v2x) communications. Appl Sci 9(3):556


https://sambas-project.com/
https://sambas-project.com/
https://sambas-project.com/
https://sambas-project.com/

10.

11.

12.

13.

14.

16.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

A. Belgacem and A. Bradai

MacHardy Z, Khan A, Obana K, Iwashina S (2018) V2x access technologies: regulation,
research, and remaining challenges. IEEE Commun Surv Tutor 20(3):1858-1877

Zhang E, Yin S, Ma H (2019) Stackelberg game-based power allocation for v2x communica-
tions. Sensors 20(1):58

Guo Q, Tang F, Kato N (2023) Resource allocation for aerial assisted digital twin edge mobile
network. IEEE J Sel Areas Commun

Le TTT, Moh S (2021) Comprehensive survey of radio resource allocation schemes for 5g v2x
communications. IEEE Access 9:123117-123133

Yang Y, Zhang S, Zhang R (2020) IRS-enhanced OFDMA: joint resource allocation and passive
beamforming optimization. IEEE Wirel Commun Lett 9(6):760-764

. Zhou T, Li C, Zhang W, Ai B, Liu L, Liang Y (2024) Narrow-beam channel measurements

and characterization in vehicle-to-infrastructure scenarios for 5g-v2x communications. IEEE
Internet Things J

Ahmed I, Shahid MK, Khammari H, Masud M (2021) Machine learning based beam selection
with low complexity hybrid beamforming design for 5g massive MIMO systems. IEEE Trans
Green Commun Netw 5(4):2160-2173

. Shimizu T, Va V, Bansal G, Heath RW (2018) Millimeter wave v2x communications: use cases

and design considerations of beam management. In: 2018 Asia-Pacific microwave conference
(APMC). IEEE, pp 183-185

Rehman A, Valentini R, Cinque E, Marco P, Santucci F (2023) On the impact of multiple access
interference in LTE-v2x and nr-v2x sidelink communications. Sensors 23(10):4901

Prathiba SB, Raja G, Anbalagan S, Dev K, Gurumoorthy S, Sankaran AP (2021) Federated
learning empowered computation offloading and resource management in 6g-v2x. IEEE Trans
Netw Sci Eng 9(5):3234-3243

Xiaoqgin S, Juanjuan M, Lei L, Tianchen Z (2020) Maximum-throughput sidelink resource
allocation for nr-v2x networks with the energy-efficient CSI transmission. IEEE Access
8:73164-73172

Song Y, Xiao Y, Chen Y, Li G, Liu J (2022) Deep reinforcement learning enabled energy-
efficient resource allocation in energy harvesting aided v2x communication. In: 2022 IEEE
33rd Annual international symposium on personal, indoor and mobile radio communications
(PIMRC). IEEE, pp 313-319

Saikia P, Pala S, Singh K, Singh SK, Huang W-J (2023) Proximal policy optimization for
RIS-assisted full duplex 6g-v2x communications. IEEE Trans Intell Veh

Christopoulou M, Barmpounakis S, Koumaras H, Kaloxylos A (2023) Artificial intelligence
and machine learning as key enablers for v2x communications: a comprehensive survey. Veh
Commun 39:100569

Almutairi MS (2022) Deep learning-based solutions for 5g network and Sg-enabled internet
of vehicles: advances, meta-data analysis, and future direction. Math Probl Eng, 1-27

Tang F, Zhou Y, Kato N (2020) Deep reinforcement learning for dynamic uplink/downlink
resource allocation in high mobility 5g HetNet. IEEE J Sel Areas Commun 38(12):2773-2782
Ying J, Wang H, Chen Y, Zheng T-X, Pei Q, Yuan J, Al-Dhahir N (2023) Deep reinforcement
learning based joint beam allocation and relay selection in mmWave vehicular networks. IEEE
Trans Commun 71(4):1997-2012

Ding Y, Huang Y, Tang L, Qin X, JiaZ (2022) Resource allocation in v2x communications based
on multi-agent reinforcement learning with attention mechanism. Mathematics 10(19):3415
Kose A, Lee H, Foh CH, Shojafar M (2024) Multi-agent context learning strategy for
interference-aware beam allocation in mmWave vehicular communications. IEEE Trans Intell
Transp Syst

Guo Q, Tang F, Kato N (2022) Federated reinforcement learning-based resource allocation in
d2d-enabled 6g. IEEE Network

Clancy J, Mullins D, Deegan B, Horgan J, Ward E, Eising C, Denny P, Jones E, Glavin M
(2024) Wireless access for v2x communications: research, challenges and opportunities. IEEE
Commun Surv Tutor



Optimizing V2X Communications for 6G ... 13

31. Bhattacharya P, Bodkhe U, Zuhair M, Rashid M, Liu X, Verma A, Dewangan RK (2024)
Amalgamation of blockchain and sixth-generation-envisioned responsive edge orchestration
in future cellular vehicle-to-anything ecosystems: opportunities and challenges. Trans Emerg
Telecommun Technol 35(4):e4410

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	 Optimizing V2X Communications for 6G: A Summary of Techniques and AI Methods
	1 Introduction
	2 The Basics of V2X Communication
	2.1 V2X Communication Types
	2.2 Base Station Functions

	3 Resource Allocation Techniques
	4 Beamforming
	5 Energy Efficiency in V2X Communications
	6 Utilized AI Approaches
	6.1 Deep Reinforcement Learning (RL)
	6.2 Advanced RL Techniques
	6.3 Integrating AI Approaches in V2X Networks
	6.4 Difficulty in Integrating AI Approaches

	7 Challenges and Future Directions
	8 Conclusion
	References


