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1- Introduction

Traffic accidents remain a critical global challenge, where the WHO Global Status Report on Road Safety 2023 notes
1.19 million annual fatalities from road traffic crashes, representing more than 3,200 deaths per day worldwide [1].
Vehicle-to-Everything (V2X) communication is emerging as a technology to address these challenges by enabling real-
time information exchange among vehicles, infrastructure, digital infrastructure, and other road users [2].

V2X systems extend vehicle perception capabilities beyond the physical limitations of onboard sensors through
collaborative networking, creating a distributed safety ecosystem that improves situational awareness and allows
proactive hazard mitigation [3] as illustrated in Figure 1.
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Figure 1. Safety Communication Between Cars

Vehicle-to-vehicle (V2V) communication, as a critical component of Vehicle-to-Everything (V2X), is based on the
continuous broadcast of safety messages following standards such as SAE J2735 Basic Safety Message (BSM), which
includes essential kinematic data, including position, velocity, acceleration, and heading information [4].

Current vehicular communication utilizes two primary standards: IEEE protocols (including IEEE 802.11p for DSRC
and the upcoming IEEE 802.11bd) and 3GPP Cellular V2X (C-V2X). In contrast, European deployments use the C-ITS
framework based on ITS-G5 with CSMA/CA channel access [5-8]. IEEE 802.11bd introduces enhancements, such as
advanced LDPC encoding, midamble-based channel estimation, and 256-QAM modulation, which provide up to 2x
improvements in minimum throughput and enhanced reliability [6]. IEEE 802.11bd also introduces significant
enhancements over IEEE 802.11p, including midambles for channel tracking in high-mobility scenarios, LDPC coding,
higher-order modulation (up to 256-QAM), MIMO support, and adaptive packet repetition, achieving data rates up to
180 Mbps compared to IEEE 802.11p's 27 Mbps [9].

However, dense vehicular scenarios still face serious challenges for reliable safety message delivery due to wireless
channel congestion from simultaneous transmissions, causing increased packet collision rates, higher channel busy ratios
(CBR), and poor packet delivery reliability that degrades network performance [10, 11]. The high-speed mobility and
rapid topology changes make these problems worse, as CSMA/CA with the distributed coordination function (DCF)
prevents simultaneous transmissions to avoid interference, leading to receiver blocking where vehicles cannot
communicate at the same time. At the PHY layer, dense VANETS cause interference saturation from high transmission
activity, and combined MAC and PHY layer limitations reduce network performance by making more vehicles wait to
use fewer transmitters, even though proper parameter optimization could allow better coexistence [12].activity, and
combining MAC and PHY layer limitations reduce network performance by making more vehicles wait to use fewer
transmitters, even though proper parameter optimization could allow better coexistence.

Omnidirectional antennas operating in the 5.9 GHz DSRC band can transmit signals 360 degrees around, with typical
gains of 2-10 dBi. However, they encounter problems with increased co-channel interference, limited spatial reuse
capabilities, and a reduced effective communication range when many vehicles attempt to access the spectrum
simultaneously in high-density deployments [13, 14]. Directional antenna systems solve these problems through
enhanced spatial selectivity and interference mitigation. Research shows that directional antennas significantly improve
multicast capacity in VANETS by optimizing beamwidth configuration to enable better spatial reuse of wireless channels
[15], create substantial range improvements through enhanced signal-to-noise ratio performance in vehicle-to-vehicle
communications [16], and enable sophisticated routing protocols and neighbor discovery mechanisms that improve
overall network throughput [17]. However, comparative analyses that test the practical implementation trade-offs
between sectoral and omnidirectional antenna configurations in various densities of VANET scenarios are still limited,
specifically in terms of integration with optimization algorithms and real-world deployment considerations.

The complex and dynamic characteristics of VANET require an optimization approach that can intelligently
respond to rapidly changing conditions. This approach proposes overcoming the limitations of static configurations
[18], which create suboptimal communication performance, as well as the limitations of previous single-agent systems
such as [18-22]. This paper proposes a dual-agent Q-learning framework that jointly optimizes transmission power,
Modulation and Coding Scheme selection, and beacon rate adaptation in IEEE 802.11bd-compliant vehicular
networks, as illustrated in Figure 2.
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Figure 2. Dense-Vanet Performance Optimization

Previous studies have applied deep reinforcement learning, such as DQN [23], PPO [24-27], and SAC [27]
demonstrating adaptability in high-dimensional state spaces. Multi-agent approaches such as federated MADDPG [28]
multi-agent DDPG with attention, and multi-agent Q-learning with LSTM [29]. However, these approaches require
complex neural network architectures, extensive training, and often lack convergence guarantees, which limit their
practicality for safety-critical vehicular communication [30], besides limiting practicality for commercial OBUs with 1-
2 GB RAM [31, 32]. Furthermore, existing multi-agent strategies use per-vehicle decomposition, causing state-action
space explosion, rather than functional layer-based decomposition. In contrast, our framework uses tabular Q-learning
[33], which is decomposed into two agents for PHY and MAC control. This design provides faster inference through
simple table lookups, avoids the state—action space explosion of single-agent control, and offers interpretability essential
for safety validation. This design provides faster inference via the table lookups, reduces the state-action space from 710
million to 6.5 million, requires only 25 MB of memory for OBU deployment, and offers interpretability for safety
validation. By aligning with IEEE 802.11bd constraints [9], our approach achieves a practical balance between
performance and deployability in real-time VANET scenarios.

Main Contributions: A Q-learning framework with separate agents for PHY -layer optimization (power and MCS
adaptation targeting SINR performance) and MAC-layer beacon rate control (Channel Busy Ratio management). This
proposed framework enables specific optimization for the PHY and MAC layers while maintaining coordinated cross-
layer parameter adaptation in each vehicle. This allows for independent adaptation to sectoral versus omnidirectional
antenna characteristics across varying vehicle densities, without interference from other optimizations. The research
conducts an optimization experiment and performance evaluation comparing sectoral and omnidirectional antenna
configurations across multiple vehicle densities, from sparse (20 vehicles) to dense (90 vehicles). And then measures
performance characteristics under varying configurations and provides deployment guidelines for practical
implementations. In addition, we design five reward configurations (throughput, conservative, reliability, balanced, and
density-adaptive) to investigate practical deployment trade-offs across application scenarios.

Implementation: a Python-based VANET simulator that integrates a UBX-V2X-based [34] IEEE 802.11bd stack is
developed in this research. This simulator includes channel models, antenna pattern implementations, RL-based
optimization, and vehicular mobility characteristics, enabling the control of experimental variables. For the Optimization
experiment, in addition to the dual-agent Q-learning algorithm, we also developed and tested the optimization using
conventional single-agent Q-learning. Each experiment uses a zero-gain configuration to isolate the algorithm’s
effectiveness from the specific benefits of each antenna gain configuration, ensuring an objective evaluation of the
sectoral and omnidirectional antenna systems’ characteristics for various vehicle densities and channel conditions. The
proposed framework operates in a non-cooperative and distributed manner, where each vehicle independently adapts its
communication parameters based on local CBR (MAC layer agent target parameter) and SINR (PHY layer agent target
parameter) observations, without centralized coordination. This approach enables scalable deployment with low-latency
requirements for real-time optimization applications.

2- Related Works
2-1- Traditional Parameter Optimization Methods

Vehicular networks use periodic broadcast messages, Cooperative Awareness Messages (CAM) in Europe and Basic
Safety Messages (BSM) in the United States, to share position, speed, and acceleration data as part of the Cooperative
Awareness Service (CAS) defined by ETSI [35-38]. These safety messages need proper parameter configuration: higher
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data rates reduce packet duration but need stronger SINR, while lower rates increase transmission time and channel
occupancy [21]. Previous research used conventional algorithms with decentralized distributed transmission power
control [22], reliability scoring [39], and centralized solutions [19]. However, research also shows that static parameter
configurations often fail to meet performance requirements standards under dynamic conditions [18, 40].

2-2- Advanced Optimization Methods Evolution

The limitations of the conventional framework have led to the development of more effective methods, including
fuzzy logic frameworks, such as FLRM [41], and multi-parameter optimization [42]. Additionally, game theory has been
explored in several research studies, including those that proposed the BFPC protocol [43] and coalition formation [44].
Machine learning techniques, particularly reinforcement learning, emerged as potentially better solutions for dynamic
adaptation. While conventional methods, such as CACC [45] and JATB [46], provide rule-based solutions, hybrid
approaches, like the context-aware ECPR system [47], propose comprehensive solutions with PHY/MAC cross-layer
design [48]. Q-learning frameworks, such as MDPRP [11], have demonstrated the effectiveness of jointly optimizing
beacon rate and transmission power. Meanwhile, Deep Q-Networks have demonstrated the capability to control
transmission power and frequency spectrum [49]. Furthermore, advanced policy methods using PPO and SAC have
achieved simultaneous adaptation of data rate and transmission power [27].

Recent deep RL approaches for VANET resource allocation, such as AAFSA-DDQNet [30], achieve high
performance (92.8% PDR, 12.5 ms latency) but require GPU acceleration with 24 GB VRAM and 5.2 GFLOPs
computational overhead. Our dual-agent tabular Q-learning achieves practical OBU deployability with only 25 MB
memory by separating PHY and MAC optimization into independent agents, trading neural network approximation for
exact state-action mappings suitable for resource-constrained vehicular hardware.

Meanwhile, recent advances in edge intelligence and digital twin networks (DTN) have enabled proactive resource
management in vehicular networks. Elloumi et al. [29] proposed PRISM, a DTN-empowered framework that proactively
predicts vehicle positions using LSTM with transfer learning and multi-path channel gains using ray tracing, achieving
up to 33% capacity improvement over non-proactive schemes. Their multi-agent Q-learning approach for joint vehicle
clustering and power allocation requires iterative training (65-70 seconds for 30 vehicles) and maintains separate Q-
tables for each vehicle, with storage requirements scaling linearly with vehicle count. Our dual-agent tabular Q-learning
approach achieves practical deployability by decomposing the problem into PHY and MAC agents rather than per-
vehicle agents, requiring only 25 MB memory total and enabling sub-100ms control loops suitable for real-time OBU
execution without GPU acceleration or cloud connectivity.

Latest research has explored various optimization approaches. Conventional methods use static parameters such as
fixed power levels and beacon rates [18], which offer limited adaptability to dynamic traffic conditions. Single-parameter
approaches focus on power control [50-52] or rate control [53-55] separately, missing potential benefits from cross-layer
interactions. Deep RL methods like DQN [23] and PPO [24, 27] show promise but require substantial computational
resources and long training times, unsuitable for real-time vehicular control [56-58]. Recent hybrid architectures have
attempted to balance computational efficiency with performance. Kai & Liang [59] proposed a CNN-LSTM framework
with reinforcement learning for emergency maneuver control in VANETS, demonstrating that hybrid deep learning
approaches can achieve collision probability reduction (29%) and low decision latency (<225ms) while maintaining real-
time responsiveness. However, their approach still relies on deep neural networks for spatial-temporal feature extraction,
which introduces greater training complexity and computational overhead than tabular methods.

Recent work has used federated multi-agent reinforcement learning for V2X resource allocation. Liu & Ma [28]
proposed AFL-MADDPG, which combines asynchronous federated learning with multi-agent deep reinforcement
learning to optimize spectrum, power, and bandwidth allocation in V2I/V2V networks, achieving 19.1% spectral
efficiency improvement. However, their approach has limitations for IEEE 802.11bd: (1) it focuses on coarse-grained
resource block selection rather than fine-grained PHY-MAC parameters (MCS, beacon rate), (2) it requires federated
coordination between vehicles, and (3) it uses deep neural networks with millions of parameters, making it
computationally expensive compared to tabular methods.

Recent multi-agent deep RL approaches have demonstrated effectiveness in VANET resource allocation. Liu & Deng
[60] proposed AMADRL, combining multi-agent DDPG with attention mechanisms to jointly optimize spectrum and
power allocation, achieving superior convergence and meeting heterogeneous V2V/V2l QoS requirements. However,
such approaches require substantial computational resources (1.03s average computation time) and complex network
architectures with multiple critic networks (1024-512-256 neurons). Our dual-agent tabular Q-learning achieves practical
deployability with only 25 MB of memory on commercial OBUs by decomposing the problem into PHY and MAC
agents, avoiding the neural network overhead required by deep MADRL methods.

Several gaps remain unaddressed properly. First, in the past, most studies optimized single parameters rather than
joint cross-layer control [54, 55, 61-63]. Second, IEEE 802.11bd-specific features, like doubled MCS levels and
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improved channel coding, need specialized approaches [64-66]. Third, existing multi-parameter methods use monolithic
agents suffering from state-action space explosion and conflicting objectives [14]. Fourth, the integration of antenna
configuration with RL optimization remains underexplored [16, 17].

Unlike federated multi-agent DRL systems that use deep neural networks for high-level resource block coordination
[28] or deep learning-based VANET control systems that use monolithic CNN-LSTM architectures for decision-making
[59], our dual-agent approach solves these problems by splitting PHY and MAC control into separate agents. This
reduces the state-action space from 710 million to 6.5 million entries, maintains IEEE 802.11bd standard compliance,
and provides fast inference suitable for real-time vehicular control. All these frameworks’ evolution can be seen in Figure
3.

Advanced Heuristics:
Fuzzy Logic & Game

Dual-Agent RL: Multi-
Layer Architecture,

Conventional
Algorithms: Static

Single-Agent RL and
DRL: Q-Learning, PPO

Rule-Based Theary PHY & MAC Separation
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Figure 3. Frameworks Evolution

2-3- Algorithm Selection, Parameter Selection, and Optimization Scopes

Why Q-learning instead of other RL methods: Tabular Q-learning is chosen over deep RL methods like DQN, PPO,
and SAC for several reasons: 1. Vehicular applications need fast responses (under 100ms), and looking up values in Q-
tables may be faster than running neural networks. 2. Tabular Q-learning has stronger theoretical guarantees about
finding reasonable solutions compared to deep RL methods. 3. The problem uses discrete values that are suitable for Q-
tables. 4. Q-tables are easier to understand and debug, which is important for safety applications. While deep RL
methods, such as PPO or SAC [27], have shown promising results in previous VANET work , DQN [30, 67], and multi-
agent deep RL approaches [28, 60], they may introduce training complexity and potentially higher computational issues
that could be problematic for real-time vehicle communication systems.

Single-parameter approaches focused on beaconing rate adjustment [27, 54], transmission power control [12, 51, 61,
[68-71], queue and bandwidth allocation [72, 73] or data rate adjustments [55], but may not adequately consider
parameter interdependencies. As shown in Table 1 RL-based Vanet Optimization in the previous works, existing RL-
based approaches primarily optimized two parameters: beacon rate and transmission power, targeting CBR, PDR, and
throughput, transmission power and frequency spectrum targeting latency [49], or data rate and transmission power
targeting CBR and throughput [11].

Table 1. RL-based VANET Optimization in The Previous Works

Optimized Cooperative/non-

Controlled Parameters Parameter Control Methodologies cooperative RATSs Paper
Beaconing Rate & Transmission Power %?r Eugr?p Et Decentralized Q-learning Non-Cooperative IEEE 802.11p Aznar-P[ci\f]zda etal.
Transmission Power & Frequency Spectrum Latency Decentralized Deep Q-Network Non-Cooperative ~ LTE-Vehicular Ye et al. [49]
Data Rate & Transmission Power CBR: Throughput Centralized PPO, SAC Cooperative IEEE 802.11p Aznar—P[c;\;e]Jda etal.
Spectrum, Power & Bandwidth Spectral Efficiency Federated/Distributed AFL-MADDPG Semi-Cooperative Cellular Liu & Ma [28]
Spectrum & Power QoS (V2V/IV2l) Distributed Muwlz;]ag\e};: n?ig:e Cooperative Cellular Liu & Deng [60]
Vehicle Clustering & Power Capgcrietgi, C(t:ig?]nnﬂ Centralized Multi—agel?;_(l?'\—/llearning Cooperative Cellulafl)'(BB eyond Elloumi et al. [29]
Resource Block Selection PDR, Latency Decentralized AAFSA-DDQNet Non-Cooperative  Cellular 5G NR Cui [30]
MCS, Beacon Rate, Transmission Power CBR, SNR: Centralized Cross-Layer Muli- Semi-Cooperative  IEEE 802.11bd Present Study

Latency, PDR Agent Q-Learning
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Parameter Selection Rationale: The choice of transmission power, MCS, and beacon rate for joint optimization is
motivated by IEEE 802.11bd-specific characteristics. MCS selection becomes critical with the introduction of advanced
modulation schemes, such as 256-QAM, by 802.11bd, which directly affects both data rate and error resilience [6].
Transmission power affects signal coverage and interference patterns, while the beacon rate controls the frequency of
channel access.

Target Metrics Justification: CBR is selected as the MAC-layer target because it serves as the standard congestion
metric in DSRC/C-ITS standards [36]. At the same time, SINR serves as the PHY -layer target because it directly reflects
signal quality under interference conditions, particularly relevant for dense vehicular scenarios where multiple
transmissions compete for spectrum access.

Gap Identified: Limited research addresses this three-parameter combination, potentially missing optimization
opportunities in which MCS adaptation can simultaneously affect PHY-layer performance and MAC-layer channel
utilization efficiency.

2-4- Antenna Configuration Integration

According to Eckhoff et al. [74] antenna configuration research reveals significant performance variations across
selected patterns. Realistic antenna patterns can affect crash avoidance outcomes compared to ideal antennas. In contrast,
directional antennas may enable increased spatial reuse and higher gains, potentially leading to better throughput in
dense environments [14]. Studies have analysed multicast capacity under directional antenna configuration and measured
real-world performance characteristics [16]. However, as shown in Table 2, few comparative studies examine practical
trade-offs in the implementation of sectoral and omnidirectional antenna configurations when integrated with PHY/MAC
parameter optimization algorithms for VANETS.

Table 2. Antenna Configuration Research in VANET

Antenna Performance

Configuration Metrics Methodology Key Findings Environment/Scenario Standard Paper
Realistic vs. Isotropic Collision Avoidance Simulation Antenna patterns affect City-wide & Intersection DSRC Eckhoff et al. [74]
Success crash outcomes
Directional with Local Throughput, phannel Simulation ngh_er throughput than Dense VANET |EEE 802.11 Wu et al. [14]
Beam Tables Utilization multi-channel protocols

Directional with Delay Analytical & Capacity analysis under

Multicast Capacity Random Walk Mobility Generic VANET Ren et al. [15]

Constraints Simulation mobility models
Steerable Beam Communication Real-world Range improvements Inter-vehicular Scenarios Vv Subramanian et al.
Directional Range, SNR Measurement  with proper configuration Communication [16]
Sectoral & PDR, Throughput, Simulation Context-dependent oo \/ANET (20-90 vehicles) IEEE 802.11bd  Present Study
Omnidirectional Latency, Power performance trade-offs

3- Methodology and Experiment Framework
3-1- Simulation Platform

Experimental Framework: The experimental framework integrates several functionalities into a VANET evaluation
environment developed in Python, including custom features such as mobility simulation, IEEE 802.11bd stack, VANET
simulation, and Q-Learning communication performance optimization agent. Realistic mobility is achieved using car-
following and lane-changing models, with position updates every 100ms. The integrated communication stack provides
modelling of the IEEE 802.11bd PHY/MAC layers, including OFDM modulation and LDPC coding. The channel model
transitions from AWGN to complex NLOS multipath fading as vehicle density increases. Antenna patterns for both
omnidirectional and sectoral configurations are supported in the simulation.

A dual-agent Q-learning framework is integrated within the simulator. The agents operate in sync with the
communication stack, receiving state updates and conducting adjustment actions (such as transmission power and beacon
rate) every 100ms. Experience replays buffers, and comprehensive logging facilitates efficient learning and analysis.

Multi-Class Background Traffic Modelling: The simulation generates realistic background traffic comprising four
classes to model comprehensive network load conditions beyond safety beacons: Periodic Beacons (CAM/BSM): 1-20
Hz, 350 bytes average Infotainment Traffic: Background data applications (video, audio, web). Management Traffic:
Control signalling and topology updates. Protocol Signalling: Network coordination messages. The background traffic
load is density-dependent. The Channel Busy Ratio (CBR) is sampled from a normal distribution based on vehicle
density:

CBRbg ~ N(}.ldensity, szensity) (1)

The corresponding packet generation rate is calculated as:
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Ang = CBRuyg / PacketDurationyg (2)

where, Lyg is the background packet size in bytes, and Resr is the effective data rate in bits per second.

Additionally, event-driven safety messages are generated probabilistically based on traffic density and receive priority
scheduling in the MAC layer for latency and reliability analysis. The total effective CBR experienced by vehicles
combines beacon and background traffic:

CBReff = CBRueacon + o - CBRyg ©)

where, a is the background load scaling factor, this integrated approach creates realistic channel occupancy conditions
for accurate VANET performance, typically 0.5-1.0, depending on traffic class priority and application mix.

Real-Time Agent-Environment Interaction: A coordination protocol ensures synchronized interaction between the
learning agents and the simulation environment, as depicted in Figure 4. State information is propagated hierarchically:
The PHY agent receives signal quality data (SINR, interference, path loss). The MAC agent receives network congestion
metrics (CBR, collision rate, queue occupancy). Actions are applied in sequence: PHY actions (power control) first,
followed by MAC actions (rate adaptation), with compliance checks for the IEEE 802.11bd standard. Performance
feedback is collected in real-time for learning and logged for post-simulation analysis of both individual and coordinated
agent performance.

Reward r,

Environment

Agent

Action a,
State S, o a

Obseve State §,

Figure 4. Agent-Environment Interaction

3-2- Simulation Workflow
The simulation workflow, illustrated in Figure 5, consists of the following steps:

e Road and Vehicle Mobility Data Loading: SUMO-generated mobility data is loaded. Vehicle trajectories are
sanitized, standardized, and time-aligned to ensure consistency across all agents and timesteps.

e Communication Range and Neighbor Detection: For each timestep, pairwise distances are computed to determine
communication ranges and identify neighbors. Path loss, interference, and SINR are calculated using established
channel propagation models.

e VANET PHY/MAC Layer Communication: The simulation models background traffic and beacon transmissions.
It calculates key performance metrics, including effective SINR, CBR, PDR, and latency. Background traffic and
noise power are derived from real-world channel models.

¢ Data Collection and RL Integration: Vehicles collect local parameter configuration performance metrics (Power
transmit, MCS, beacon rate, CBR, SINR) at every interval. These data are transmitted via a socket interface to a
Q-Learning agent.

e RL Optimization: The RL agent processes the current observation tuple (CBR, SINR). It outputs a continuous
action vector for the three adjustable parameters, constrained within IEEE 802.11bd compliant bounds. The action
is sent back via TCP socket. During training, the agent’s policy is updated using a reward function based on PDR
and SINR, with experience tuples stored in a replay buffer.

e Metrics Logging and Analysis: All communication events and metrics are logged. Post-simulation, averages are
computed per vehicle and for the entire network. Results are stored and visualized for performance comparison.
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Figure 5. Experiment Workflow

The experiment uses a 1km road segment with six lanes (three lanes in each direction), each 3.7 meters wide,
following standard highway design specifications. Vehicle dimensions follow standard specifications, with an average
length of 5 m and a minimum distance between vehicles of 2m, creating a 7m front-to-front spacing under dense
conditions [75]. The road segment supports vehicle density variations from 20 to 90 vehicles/km/ direction, enabling
comprehensive evaluation across sparse to severely congested conditions. These density standards are created based on
federal transportation standards, where free-flow conditions typically happen below 7.5 vehicles/lkm/lane (22.5
vehicles/km/direction for three-lane facilities) and capacity is reached at approximately 28 vehicles/km/lane (84
vehicles/km/direction) [75].

Speed profiles are dynamically adjusted based on density according to the flow-density mapping [75]: 80-120 km/h
for sparse conditions (20-30 vehicles/km/direction), 50-80 km/h for moderate density (45-60 vehicles/km/direction), and
30-50 km/h for high density (75-90 vehicles/km/direction). Vehicle density directly influences wireless channel
characteristics and network topology in vehicular ad-hoc networks.

3-3-IEEE 802.11hd Stack Modelling.

Communication Stack Integration: The PHY communication stack in this simulation framework is modelled using
the UBX-V2X [34], a modular IEEE 802.11bd-compliant PHY stack developed in Python, and a V2X MAC stack also
developed in Python, based on a study conducted in Dharsandiya & Patel [76]. This stack is designed to emulate VANET
PHY and MAC-layer behaviour, including transmission, channel propagation, and receiver under realistic conditions.

Figure 6 illustrates the detailed operation of the communication stack, which is structured into three main sections:
sender, channel, and receiver. The emulation process begins at the sender, where the MAC layer passes frames to the
PHY layer for conversion into a bitstream. These bits are going through a scrambling process to improve statistical
properties before being encoded using LDPC encoding for forward error correction [77]. The encoded bits are then
mapped to modulation symbols according to the selected MCS. The data is modulated using dual-carrier OFDM,
enabling high spectral efficiency and robustness against multipath fading. Once modulated, the signal enters the emulated
wireless channel [77].

Accept Sender

Frame from
The MAC Bits Modulation

Maps data to Modulation
modulation with Dual

symbols Carrier OFDM

Bits Encoding

Layerand Scramblin with Dual
Convert it & Carrier OFDM

Into Bits

using LDPC

Channel

Simulates the environment between sender and
receiver to emulate real-world transmission using
Channel Effect: noise, path loss, multipath fading,

phase noise, and carrier frequency offset

Receiver

Send the Bits
into MAC Bits Perform Demodu!ates
Layer and Channel the received
Convert it Estimation signal.
Back to Frame

Descrambling

Figure 6. IEEE 802.11bd PHY and MAC emulation flow using the UBX-V2X communication stack
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The Channel module simulates radio propagation effects using a Nakagami-m fading model combined with additive
white Gaussian noise (AWGN), path loss, phase noise, and carrier frequency offset. This ensures that signal degradation
does not occur during transmission. Upon reaching the receiver, the signal is demodulated, followed by channel
estimation to reconstruct the transmitted symbols. The demodulated symbols are decoded using LDPC and descrambled
to retrieve the original bitstream. Finally, the bits are returned to the MAC layer for reassembly into a complete frame.

The MAC layer is fully implemented in Python and adheres to the IEEE 802.11 standard [76, 77]. It controls medium
access using CSMA/CA (Carrier Sense Multiple Access with Collision Avoidance), enforces interframe spacing (SIFS,
DIFS), and manages retransmissions and contention window adjustments. Frame queuing and prioritization are applied
to support heterogeneous traffic classes, beacons, background infotainment, and safety alerts.

Physical Layer Formulation: The experimental framework simulates LOS/NLOS propagation, multipath fading, and
Doppler effects. The communication range R is calculated using the modified Friis transmission equation:

R = (PtGtGrA2 / (4m)2Ps,min)1/a. 4)

where, Pt is transmission power, Gt and Gr are antenna gains, A = c/f is wavelength at 5.9 GHz, Ps,min is receiver
sensitivity (-95 dBm), and « is the path loss exponent (2.5 for highway LOS, 3.0-4.0 for NLOS). Path loss calculation
follows the log-distance model:

PL(d) = PLO + 100 log10(d/d0) + Xo ()

where, PLO is the reference path loss at distance dO = 1 m, and Xo represents log-normal shadowing with standard
deviation o = 3 — 8 dB depending on environment density.

MAC Layer Formulation: The IEEE 802.11bd MAC layer implements CSMA/CA with vehicular-specific
characteristics [76]. Unlike the generic WLANs, VANETSs remove RTS/CTS handshakes to minimize overhead and
latency for safety-critical messaging. Retransmission is available for non-safety communication. The backoff mechanism
using dynamic contention window adjustment:

CW = min(CWmax, 2BE - CWmin) (6)
where, BE is the backoff exponent, CWmin = 15, and CWmax = 1023 for AC_BE (Best Effort).
Enhanced Distributed Channel Access (EDCA) provides QoS with four access categories:
Tbackoff = Random[0, CW] x Tslot + AIFSN x Tslot @)

where, Tslot = 13 ps is the slot duration for IEEE 802.11bd, and AIFSN (Arbitration Inter-Frame Space Number)
specifies the number of slot times before transmission attempt, with AC-specific values: AC_VO (voice) = 2, AC_VI
(video) = 3, AC_BE (best effort) = 6, AC_BK (background) = 9.

Transmission Opportunity (TXOP) limits channel occupancy:
TTXOP = min(Tlimit, Tpacket + TSIFS + TACK) (8)

where, TSIFS = 32 ps is the Short Inter-Frame Space, TACK is the acknowledgment frame transmission time
(approximately 44 ps for a 10 MHz channel bandwidth), and Tlimit is the AC-specific TXOP limit that prioritizes safety
applications over background traffic. Beacon transmission uses deterministic scheduling with jitter control:

Tbeacon = Tperiod + Random[—Tjitter/2, Tjitter/2] 9)

where, Tperiod = 100 ms for basic safety messages and Tjitter =5 ms prevents synchronized collisions in dense networks.

SINR Calculation and Interference Modeling: SINR calculation includes realistic interference from neighboring
vehicles [77]:

SINR = Pr/ (on2 + Zj#iPl,j) (10)

where, Pr is received signal power, 62 = kKTB - NF is thermal noise power with k = Boltzmann constant, T = 290K, B =
10 MHz, and NF = 9 dB noise figure, and P1,j represents interference from transmitter j.

PER is calculated using SINR-dependent models for different MCS levels:
PERMCS =1 — (1 - BERMCS(SINR))Lpacket (11)

where, Lpacket is packet length in bits, and BERMCS follows IEEE 802.11bd specifications with LDPC coding gains.
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3-4- Antenna Configuration and Adaptation

The experimental framework evaluates both omnidirectional and sectoral antenna configurations to validate the dual-
agent approach across different spatial interference patterns. For sectoral antennas with beamwidth 6beam, the effective
neighborhood is modified as:

Nsectoraleffective = Ntotal N A(6beam, @pointing) (12)

The state representation incorporates antenna-specific propagation characteristics through density adaptive neighbor
counting and enhanced coordination mechanisms.

Omnidirectional Configuration:

Antenna gain: Five and zero dBi uniform pattern with 360° coverage. The gains of five dBi and zero dBi are compared
for the static/no-optimization experiment. Neighbor density: Full surrounding vehicle aware- ness Power range: Density-
adaptive from 1-30 dBm (rural) to 1-3 dBm (extreme density). Control strategy: Conservative optimization for
interference minimization as depicted in Table 3.

Sectoral Configuration: Two-sector system implementing selective RL control. Front/Rear sectors: Five and zero
dBi gain, RL controlled power allocation. Five dBi gain and zero dBi gain are compared for the static/no-optimization
experiment, and zero dBi gain is achieved for the optimization schema. Effective neighbor reduction: Neff = Ntotal x
0.7 (30% interference reduction). Density-adaptive power ranges: Enhanced upper limits due to directional benefits,
SINR enhancement: +3-5 dB typical improvement over omnidirectional. The sectoral antenna system implements gain
patterns with smooth transitions:

Table 3. Sectoral Antenna Gain Pattern

Angular Range (0) Gain Expression
6 - Oc| < 45°
Main beam Gmax

45° <0 - Oc| < 67.5°
First sidelobe
67.5°<|0 - 0c| < 112.5°
Extended coverage
0 - 6c| > 112.5°
Back lobe

Gmax (1-0.15a)
Gmax (0.85 - 0.358)

0.2 Gmax

where, dc is the sector center angle, and « and S are normalized angular deviation factors ensuring continuous gain
variation.

The key architectural advantage of sectoral antennas lies in the selective RL control strategy: front/rear sectors
optimize for dynamic vehicular communication patterns while left/right sectors maintain static power (zero for this
experiment) to reduce system complexity.

3-5-Dual-Agent Q-Learning Framework and Implementation.

(1) Motivation and Problem Formulation: Dense IEEE 802.11bd VANETS suffer from congestion, collisions, and
interference that degrade safety-message delivery. Static parameters (fixed power, fixed beacon rate) cannot adapt to
rapid topology and load changes, leading to high CBR, increased latency, and reduced reliability. Cross-layer adaptation
is therefore required.

Why Q-learning: We select tabular Q-learning over deep RL (DQN/PPO/SAC) because: (i) inference is fast (table
lookup) and suitable for sub-100 ms control loops; (ii) actions are naturally discrete (dBm steps, Hz steps, MCS levels);
(iii) policies are interpretable and easy to debug in safety contexts; and (iv) convergence guarantees exist under standard
conditions. Prior work shows Q-learning’s effectiveness for VANET congestion/power control [9], while deep methods
can be competitive but heavier to tune and deploy in real time [27, 49].

Problem setting: Consider N vehicles operating under IEEE 802.11bd. Each vehicle i chooses a control vector
xi = [Pi, Bi, Mi]T (13)

where, Pi € [1, 30] dBm is transmit power, Bi € [1, 20] Hz is beacon rate, and Mi € {0, .. 9} is the MCS index (10 MHz
profile). The vehicle observes local congestion and link quality

si = (CBRIi, SINRi, Ni, ...) (14)

where Ni is the neighbor count. Objectives are: (i) maintain channel utilization near target (CBR~ 0.6), (ii) maximize
reliability (PDR), (iii) minimize latency, and (iv) reduce power. To ensure standards compliance and predictable
reliability, MCS is selected deterministically from a SINR-based lookup:
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Mi « flookup(SINRi — margin) (15)

following IEEE 802.11 thresholds [6, 77].

Limitations of joint single-agent control: A single-agent that jointly optimizes (P, B, M) faces: (1) temporal mismatch
(PHY reacts on millisecond scales, MAC must be more stable);

(2) competing objectives (increasing P improves SINR but raises interference/CBR; increasing B improves awareness
but raises congestion); and (3) state-action space explosion (naive discretization leads to ~7.1x108 joint states/actions),
slowing learning and harming convergence [11, 27].

Formulation rationale for dual-agent design: We therefore decompose control into two specialized agents: a PHY
agent that adjusts P to meet SINR/power-efficiency goals, and a MAC agent that adjusts B to meet CBR/throughput
goals. MCS remains a deterministic function of SINR for IEEE 802.11bd compliance. This separation aligns with layer
timescales, reduces interference between objectives, and shrinks effective complexity while retaining cross-layer aware-
ness via shared state and coordination rewards. Later sections detail the architecture, rewards, algorithm workflow
(including our single-agent baselines and dual-agent DQN comparison), and theoretical complexity analysis .[11, 27,
49]

Architecture Design: We design a dual-agent architecture that separates PHY and MAC control, illustrated in Figure
7. The PHY agent adapts transmit power for SINR and efficiency, while the MAC agent adapts beacon rate for
congestion management. MCS is not learned; it is deterministically chosen from the IEEE 802.11bd SINR-based lookup
(Table 5), ensuring standards compliance [6].

Proposed Dual-Agent Q-Learning Architecture
with IEEE 802.11bd SINR-Based MCS Control

Observed Network Conditions
(CBR, SINR, Neighbors, Current

Power)
Input: Imput: Input:
CBR Meighbors SINR
MAC Layer Agent IEEE 802.11bd PHY Layer Agent
{Beacon Rate Control) ‘ SINR-Bazed MCS Confrol {Power Control)
Q-Leamning for Deterministic Lookup Table @-Leamning for
Density-Adaptive {(MC5 0-9, 2-6dB Margin) Density-Adaptive
- Beacon Optimizafion ‘. Standards Compliant  ~/ Power Optimization -— -
¥ ) ) h 4
Adjust Beacon Rate ESelect MCE Level Adjust Transmit Power
(1-20 Hz) {IEEE 802.11bd Compliant) (Density-Adaptive Range)
CBR-Driven Optimization

SINR Threshald + Marngin SIMNR-Driven Optimization

Centralized Leaming Manager

» Experience Buffer + Agent Coordination -
Batch G-Learning Updates
Power-MAC Alignment Incentives

Dual @-Leaming Tables
—————————————— Coordinated Reward Functions - - - - - - - - - - - - - - =

Density-Adaptive Exploration

|

Optimized IEEE 802.11bd V2X
Communication

Figure 7. Proposed dual-agent Q-learning Framework Showing Hierarchical Coordination Between PHY and MAC Agents
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State design: Each agent observes local congestion and link quality.
spy' = (CBRY, SINR?, P!, NY) (16)
smact = (CBR?, SINR?, BY, Nt, apny!) (17)

Where, N t is the neighbor count. Discretization reduces complexity: |[SPHY| = 60,000 and |[SMAC| = 520,000, versus
~7.1x108 for joint single-agent control.

Action design: PHY actions adjust power in dBm steps; MAC actions adjust beacon rates in Hz steps
APHY ={0, £1, +2, +3, +5, £10, +15} (18)
AMAC = {0, +1, +2, +3, £5, +10} (19)

Power and rate are clipped to IEEE 802.11bd-compliant bounds. Density-adaptive constraints further narrow the
feasible space in Table 4.

Table 4. Density-Adaptive Power Range Constraints

Neighbors Category Omni(c(jjger:r?)t fonal Sécé?;? :
<4 Very Low [1,30] [1,30]
58 Low [1,20] [1,22]
9-12 Medium [1,15] [1,17]

13-17 High [1,10] [1,12]
18-25 Very High [1,6] [1,8]
> 25 Extreme [1,3] [1,4]

MCS selection (deterministic): Given measured SINR, the transmitter chooses
MCSt « flookup(SINRt — margin) (20)
with thresholds in Table 5, sectoral antennas use a smaller margin due to improved interference rejection.

Table 5. IEEE 802.11bd MCS-SINR Lookup (10 MHz Channel)

MCS Mod. Rate SINR’(d'II;r)lresh. D?Sblsga)te
0 BPSK 12 <20 22
1 BPSK 3/4 2.0-39 33
2 QPSK 12 4.0-6.9 6.5
3 QPSK 3/4 7.0-9.9 9.8
4 16-QAM 12 10.0-12.9 13.0
5 16-QAM 3/4 13.0-15.9 195
6 64-QAM 213 16.0-19.9 26.0
7 64-QAM 3/4 20.0-22.9 29.3
8 256-QAM 3/4 23.0-25.9 39.0
9 256-QAM 5/6 > 26.0 433

Hierarchical control: At each 100 ms interval, the PHY agent acts first to stabilize SINR, then the MAC agent adapts
beacon rate conditioned on at PHY"s faster dynamics of PHY control.

Antenna integration: Both omnidirectional and 4-sector configurations are supported (Table 9). For sectoral, only
front/rear sectors are RL-controlled, while left/right remain static. For fairness, all optimization experiments use zero-
gain settings; nominal gains are analyzed separately in Section IV-F.
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3) Reward Design and Coordination: The reward functions are designed to decouple PHY and MAC objectives while
ensuring cross-layer coordination. Both agents operate on density-adaptive state spaces and are constrained by IEEE
802.11bd power and MCS limits [6]. Previous RL approaches for VANETs mainly used simple rewards focused on a
single metric, such as latency, throughput, CBR, SINR, or reliability [27, 49]. While straightforward, these designs often
create large state—action spaces and potentially become unstable under congestion. In contrast, our reward design adds
density-aware shaping, smoothness penalties, and cross-layer alignment, allowing PHY and MAC agents to work toward
complementary goals. This richer structure improves stability and scalability, but it also requires careful parameter tuning
and assumes that PHY and MAC objectives remain aligned, which may limit generalization [78] The resulting reward
structure is as follows:

PHY Agent Reward: The PHY agent optimizes transmission power with emphasis on SINR quality and energy
efficiency

reHy = Rsing + Rpow-eff + Reoord + Rsmooth (21)

where, Rsing iS @ piecewise function: linear below the target (12 dB) and diminishing above, Rpow-eff penalizes deviation
from density-adaptive optimal power, Reoord provides a bonus when PHY actions complement MAC beacon decisions,
and where Rsing IS @ piecewise function: linear below the target (12 dB) and diminishing above, Rpow-eft penalizes
deviation from density-adaptive optimal power, Reoora provides a bonus when PHY actions complement MAC beacon
decisions, and Rsmooth penalizes large power jumps.

MAC Agent Reward: The MAC agent regulates beacon rate based on channel load and neighbor density:

'mac = Rear + Roeacon + 0.3Rpry + Ralign + Rsmooth (22)
where, Rcer rewards keeping channel load near 0.6, Rpeacon penalizes deviation from density-adaptive optimal rates, the
PHY reward is partially inherited (0.3Rprv) to promote coordination, Raign rewards complementary moves (power? with
beacon | ), and Rsmooth penalizes beacon oscillations. Table 6 summarizes all reward components and their

optimization intent.

Table 6. Reward Components and Intent

Component Definition / Intent

RSINR Shaped function of SINR; linear below target, diminishing above.
Rpow-eff ~ Penalizes deviation from density-optimal normalized power.
RCBR Rewards keeping CBR near CBR target.

Rbeacon Penalizes deviation from density-optimal beacon rate.

Reoord PHY reward bonus passed to MAC for cross-layer coupling.
Ralign Rewards complementary PHY/MAC actions.

Rsmooth  Penalizes large AP or AB.

Cross-layer Coordination: Both agents share (CBR, SINR, N) and act hierarchically (PHY first). Alignment rewards
ensure stability, while density-aware exploration prevents over-aggressive behaviour in congested networks. The final
reward is clipped to bounded ranges ([-25, 25]), ensuring stable Q-learning updates [79].

4} Algorithm Workflow: Step-by-step flow (per control interval, 100 ms):

1. Sense: Each vehicle measures local CBR, SINR, neighbor count N, and reads its current (P,B).

2. MCS lookup: Select MCS « fiookup(SINR—margin) using Table 4.

3. PHY action: PHY agent chooses apny!; update P < clip(P+AP, density bounds from Table 5).
4. MAC action: MAC agent conditions on apuy! and chooses amac'; update B « clip(B+AB,1,20).
5

Transmit: The stack executes with updated (P,B,MCS); channel models produce new CBR, SINR, PDR, and
latency.

6. Learn: Compute rpny, fvac (reward design described earlier); update Qpry, Qmac by temporal-difference
learning.

Log: Store (s,a,r,s”) and record KPIs (PDR, latency, power, throughput)
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Pseudo-code:

Algorithm 1. Coordinated Dual-Agent Q-Learning (Main Loop)

1:

Inputs: action sets APHY, AMAC; power bounds table

(Table~\ref{tab:density power constraints}); MCS lookup (Table~\ref{tab:mcs sinr lookup})

2:

3:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

26:

27:

28:

Init: QPHY « 0, QMAC ~ 0; o = 0.15 (sectoral 0.18), v = 0.95, ¢ = 1.0; replay/log buffers D
for episode e = 1 to 15000 do
Reset env.; observe s° = (CBRO, SINRO, NO, PO, B%
for t = 0 to T do
// MCS selection (standard-compliant)
MCSt ~ flookup (SINRt - margin)
// PHY action & density-adaptive power bounds
atPHY « e-greedy (QPHY (stPHY, -))
(Pmin, Pmax) ~ BoundsFromDensity (Nt) // Table~\ref{tab:density power constraints}
Pt*t . clip (Pt + AP(atPHY), Pmin, Pmax)
// MAC action conditioned on PHY
atMAC — e-greedy (QMAC (stMAC, -))
Bt*' . clip(Bt + AB(atMAC), 1, 20)
// Step environment with updated (P, B, MCS)

Execute TX/RX; observe st*!, KPIs (PDR, latency, throughput), and (CBRt*!, SINRt*!)

// Rewards with coordination and smoothing (defined below)

(rtPHY, rtMAC) ~ ComputeRewards(st, st*!, Pt . pt*1, Bt _, Bt*l)

// Tabular TD updates

QPHY « QPHY + of[rtPHY + v maxa QPHY (st*'PHY, a) - QPHY (stPHY, atPHY)]
OMAC « OMAC + o[rtMAC + y maxa QMAC (st*'MAC, a) - QMAC (stMAC, atMAC)]

// Log for analysis & convergence checks
Append (st, atPHY, atMAC, rtPHY, rtMAC, st*!) and KPIs to D
end for
// Exploration schedule
¢ « max (0.1, & x 0.9995)
// Optional: early-stop if reward/TD error stable (£5% over last 100 episodes)

end for

Training setup: Episodes: 15000 for Q-Learning algorithms and 45000 for DQN algorithm; steps/episode: 100;
interval: 100 ms. Exploration: e-greedy with exponential decay to 0.1. Learning rate o: 0.15 (sectoral 0.18); discount y:
0.95. Actions: discrete step sets as defined earlier. MCS: deterministic lookup (Table 5). Power bounds: density-
dependent (Table 6). Metrics logged: PDR, latency, throughput, power, CBR, SINR.

Story of progression:

Single-agent Q-learning (power-only): Adjusts P targeting CBR; reveals instability in dense networks.

Single-agent Q-learning (power+beacon): Joint (P, B) control; suffers from state-action explosion and conflicting
objectives.

Dual-agent Q-learning (proposed): Decouples PHY/MAC control with coordination; improves latency and power
efficiency while keeping PDR acceptable.

Dual-agent DQN (comparison): Same decomposition, but with neural function approximators. Competitive
results but higher resource demand and slower convergence.

Page | 1541



Emerging Science Journal | Vol. 10, No. 3

Algorithm 2. ComputeRewards (PHY/MAC, with Coordination)

1: Inputs: s°, s (CBR, SINR, N, P, B), deltas AP, AB

2: PHY terms: Rsme from SINR'", Rpower-ersr from density-normalized P™', Rsmootn from |AP]

3: MAC terms: Rcsr from |CBR™ - 0.6], Rpeacon-opt from density target Bopt (N*'), Remootn from |AB|
4: Coordination: Raiign = +2, AP > 0 & AB £ 0

+2, AP < 0 & AB 20

+1, |aP| <1 s |8B| <1

0, otherwise

5: remy « WiRsine + WaRpower-eff + W3Ralign + WaRsmoothn

6: Truac « WsReer + WgRbeacon-opt + W7Ralign + WgRsmooth

7: return (remy, Twac)

Implementation notes: Agents are integrated into the CANVAS/UBX-V2X simulator, synchronized with the
PHY/MAC stack. Background traffic and density-driven channel models follow the methodology described earlier.
Antenna mode (omnidirectional or sectoral) is set per scenario; zero gain is used during optimization experiments for
fair algorithmic comparison.

1) Comparative Theoretical Analysis:

Complexity: Decomposing control into two agents reduces the tabular Q size from a joint state—action product to a
sum:

Sioint] * |Aprv| * [Amac] = |Serv| - [Aphy| + [Smac] * [Amac] (23)

With the discretization used earlier (|Spny|= 60,000, |Apny|= 13; |Smac| = 520,000, |Amac| = 11), the proposed dual-
agent tabular Q has = 0.78 M + 5.72 M = 6.5 M entries. A single-agent joint controller (same state factors combined,
joint action set) typically falls in O(108-10°) entries depending on granularity. DQN replaces tables with neural
approximators (parameter count set by the chosen MLP), reducing memory but increasing per-step compute.

Convergence: Classical tabular Q-learning converges to Q* under standard assumptions (stationary MDP,
diminishing step sizes, and sufficient state-action visitation). In practice, constant learning rates are used for
responsiveness; we rely on empirical stability checks (reward/TD-error plateaus, policy consistency). Function
approximation has no general convergence guarantees and may diverge without careful tuning (target networks, replay
buffers, and regularization). The dual-agent decomposition also mitigates non-stationarity between layers by (i)
hierarchical action timing and (ii) a small alignment term in the rewards [80].

Scalability: The dual-agent design scales additively with new controls (extra agent adds |Sk||Ax|), rather than multi as
in joint control. This preserves tractability when extending with additional MAC knobs or antenna-side parameters. Per-
step action selection is also lighter: each agent scans only its own action set (13 for PHY, 11 for MAC), versus a joint
scan over their Cartesian product [81].

Advantages vs. single-agent and DQN:
- Versus single-agent tabular: Smaller Q spaces,
Faster/steadier learning, fewer objective conflicts (PHY vs. MAC), better interpretability (layer-specific tables) [79,
81].
- Versus dual-agent DQN: Lower per-step compute, simpler tuning, transparent policies; DQN can be more sample-
efficient in continuous/high-res settings but needs larger training budgets and careful stabilization [82, 83].
Memory Footprint and Hardware Feasibility:

Using 32-bit floating-point values with 4 bytes per entry, total memory consumption is approximately 25 MB. This
is significantly smaller than typical deep learning models deployed on edge devices, such as VGG-16 (512 MB) or
AlexNet (217 MB) [84]. Such compact models are well-suited for resource-constrained vehicular edge devices [85] and
fit comfortably within typical vehicular On-Board Unit (OBU) specifications. Modern vehicular OBUs commonly
provide 1 GB to 2 GB RAM, as demonstrated in commercial products such as the Commsignia OBU Lite (2 GB DDR3
SDRAM) [31] and Ajeevi OBU (1 GB RAM) [32], While research-grade platforms feature 8-24 GB of memory (as
evidenced by the RTX 3070Ti with 8GB and RTX 4090 with 24GB used in recent vehicular edge computing research),
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with system RAM typically ranging from 16-32 GB or more for deep reinforcement learning applications [86, 87]. In
contrast, single-agent joint control, requiring 100-700 million entries, would need 400 MB to 2.7 GB. While this fits
within modern commercial OBUs (1-2 GB RAM), it consumes 20-100% of available memory, leaving insufficient
resources for the operating system, communication stack, and other vehicular applications.

The dual-agent approach at 25 MB uses only 1.25-2.5% of OBU memory, enabling efficient resource sharing. Per-
step inference uses tabular Q-learning methods where value functions are represented as arrays [79], enabling fast direct
lookups. Each agent scans its action set (13 actions for PHY, 11 for MAC) to find the maximum Q-value, requiring 24
table lookups total per decision cycle. This is computationally more efficient than the neural network forward passes
required by deep RL methods. ARM-based embedded processors commonly used in vehicular systems (such as 4-core
1.2 GHz processors) [87] have limited computational capabilities for complex tasks. Due to the computationally
intensive nature of deep learning inference and real-time data processing, vehicles must offload tasks to edge servers to
meet latency requirements [86, 87] The vehicular edge computing architecture enables task processing within acceptable
delay constraints, with task intervals typically around 100 ms [87] and maximum tolerated delays of 5-8 seconds for
compute-intensive operations [86]. Scalability limits depend on state space growth. The current discretization supports
vehicle densities up to 100 vehicles per kilometer as tested in our experiments. Beyond this density, neighbor count bins
would require expansion, and finer CBR discretization might be needed, increasing memory requirements linearly with
state space size [79]. We estimate the practical limit at approximately 150 vehicles per kilometer, at which point the
state-space expansion would increase the memory footprint from 25 MB to approximately 80-100 MB. While this
remains within the capacity of modern commercial OBUs (1-2 GB RAM), it would consume 5-8% of available memory
compared to the current 1.25-2.5%, reducing headroom for other applications. These characteristics demonstrate that the
dual-agent Q-learning approach is feasible for on-board deployment in modern vehicular OBUSs, requiring minimal
memory footprint (1.25-2.5% of available RAM) and computational resources.

Limitations and Restrictions:
- Tabular methods depend on discretization; very fine grids reintroduce large Q tables [79].

- Dual-agent learning still experiences early-phase non-stationarity; alignment rewards and synchronized timing
reduce, but do not eliminate, this effect [81].

- DQN can compress state spaces and support richer observations but increases engineering complexity and lacks
general convergence guarantees [82, 88].

These results explain the empirical behavior observed earlier: the proposed dual-agent tabular method offers a
practical balance, much smaller Q spaces than single-agent tabular, faster stabilization than DQN in our setting, and
sufficient flexibility to meet latency/power goals while keeping reliability acceptable (with deterministic, standard-
compliant MCS selection). In general, the complexity comparison between algorithms is shown in Table 7.

Table 7. Algorithms Complexity Comparison

Approach Q-table size / Parameters Per-step computation Sample complexity (order)
Single-agent Tabular 0(108 —10° ) entries ~|A_PHY||A_MAC] scans Proportional to table size
Dual-agent Tabular (proposed) ~6.5x10° entries ~|A_PHY]| + |A_MAC]| scans Proportional to sum of table sizes
Dual-agent DQN ~10° parameters per agent (typical)  Forward/backward passes per step Depends on optimizer and replay buffer

F. Performance Metrics and Simulation Parameters

Performance Metrics: The evaluation employs standard communication KPIs and additional coordination measures
tailored to the dual-agent framework.

Core KPls:
« Packet Delivery Ratio (PDR) quantifies reliability as

PDR = (]Vreceived / ]Vtransmitted) X 100% (24)

where, Nreceived aNd Niransmittea denote packets decoded and transmitted within the communication range.

« Channel Busy Ratio (CBR) captures medium occupancy through
CBR = ﬂ)usy/ Tobservation (25)

where, Tousy is the cumulative busy time over the observation window Tobservation.

- Signal-to-Interference-plus-Noise Ratio (SINR) characterizes link quality as

SINR = Psignal / (Pmterference + Pnoise) (26)
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Throughput measures effective data delivery,
n= (Meceived : Lpacket) / Tobservation (27)

With Lpacket as packet length in bits.
- Latency is the average end-to-end transmission delay between vehicles, measured at the application layer.

- Power Efficiency captures the energy-performance trade-off as
ne = Throughput / Power Consumption (28)

Coordination Metrics:

Cooperation Rate is the fraction of time agents choose complementary actions,
Ecoop = Mooperative / Motal (29)

where, cooperative actions are defined as power increases paired with beacon stability/decreases, or power decreases
with beacon stability/increases.

¢ Reward Correlation uses Pearson's correlation coefficient (r) between rPHY and rMAC to quantify the alignment
of objectives. Positive values indicate cooperative behavior.

e Convergence Time is the number of episodes required for policies to stabilize within 5% of their long-term
average performance.

2) Reward Configurations and Simulation Parameters: In the experiment with the dual-agent Q-learning algorithm,
five reward configurations (Config 1-5) are defined to investigate different optimization priorities. The configurations
are created by adjusting reward weights, penalty terms, and exploration limits within the algorithm. Config 1
(throughput-oriented) pushes higher MCS levels and beaconing rates, with lighter penalties on power consumption.
Config 2 (conservative) implements strong power-related penalties and discourages beacon rate increases, creating stable
and low-power operation. Config 3 (PDR-oriented) increases the weight of SINR and reliability margins, making the
controller more sensitive to packet success rate. Config 4 (balanced) assigns equalized weights across latency, power
efficiency, and throughput objectives. Finally, Config 5 (high-density) introduces density-aware exploration limits
(smaller power and beacon adjustments at high vehicle densities) and stronger PHY-MAC coordination terms to sustain
performance under congestion. The experiment framework integrates these reward configurations with a traffic mobility
model, an IEEE 802.11bd-compliant communication stack, and the proposed dual-agent RL controller. The main
simulation parameters are summarized in Table 8, while the antenna configurations are in Table 9.

Table 8. Simulation Configuration Parameters

Category Parameter Value / Description
Road Layout 500 m, 6-lane highway
Vehicle Density 20-90 (40-180 veh/km/dir)
. Speed Range 5-120 km/h (density adaptive)
Mobility .
Vehicle Length 5m
Position Update 100 ms
Simulation Duration 1500 s
Standard IEEE 802.11hd (10 MHz)
Carrier Frequency 5.9 GHz
- Transmission Power 1-30 dBm (RL controlled)
Communication
Beacon Rate 1-20 Hz (RL controlled)
MCS Range 0-9 (SINR-based lookup, Table 5)
Channel/Fading AWGN, NH-LOS, H-LOS and Nakagami-m (m = 1-5)
Algorithm Tabular
Learning Rate Q-learning
Discount Factor 0.15 (0.18 for sectoral)
Dual-Agent RL i
Exploration 0.95
Episodes / Steps e-greedy with decay to 0.1
Update Frequency 15000 episodes, 100 steps every step
Background Load Gaussian CBR p € [0.15, 0.95], 0 = 0.02
Traffic Management Traffic 0.5-1.0 Mbps per vehicle
Infotainment Traffic 1-5 Mbps per vehicle
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Table 9. Antenna Configuration Comparison

Parameter Omnidirectional Sectoral (4-sector)
Gain 2.14 dBi (uniform) 10 dBi (F/R), 8 dBi (L/R)
Beamwidth 360° 90° per sector
Coverage Full Directional with sidelobes
Effective Neighbors N N x0.3x1.2
SINR Effect Baseline +3 dB typical
Power Control 1-30 dBm 1-30 dBm (F/R), 15dBm (L/R)
RL Learning Rate 0.15 0.18
Coordination Weight 0.25 0.30

3)Traffic and Background Modeling: In addition to periodic safety beacons, the simulation incorporates a realistic
background load to capture management and infotainment traffic. Background CBR is modelled as a Gaussian random

variable with density-dependent mean p € [0.15, 0.95] and standard deviation o = 0.02, representing conditions from
sparse flow to heavy congestion. Management traffic ranges from 0.5-1.0 Mbps per vehicle, while infotainment traffic
spans 1-5 Mbps per vehicle. Safety-critical messages are generated probabilistically, with trigger rates increasing from
1% in sparse traffic to 10% under congestion. This setup ensures that agent optimization is evaluated under diverse and
realistic VANET load conditions.

Validation: To ensure validity and reproducibility, all experiments follow a structured training—evaluation process
with statistical testing.

Training phase: Each configuration (antenna type, vehicle density, algorithm variant) is trained for 15000 episodes.
Exploration uses e-greedy with exponential decay to 0.1. Convergence is verified through three criteria: (i) reward
stability, with the running average varying by no more than 5% across the last 100 episodes; (ii) action consistency,
where the distribution of (AP, AB) stabilizes; and (iii) change-point detection on temporal-difference error to confirm
plateauing behavior.

Evaluation phase: After convergence, policies are frozen and evaluated in greedy mode (e=0). Each configuration
is run 30 independent times with randomized seeds for mobility, fading, and initialization. A 2 s warm-up period is
discarded to eliminate transients. Key performance indicators (PDR, latency, throughput, SINR, CBR, power efficiency)
are recorded every 100 ms, while coordination metrics (Cooperation Rate, Reward Correlation, Convergence Time) are
logged per control step.

Statistical analysis: Reported results include mean values and variability measures (standard deviation and selected
distributional statistics) aggregated across experiments. Confidence intervals and formal hypothesis testing are not
applied in this work; instead, comparisons between algorithms are based on performance trends observed across metrics.

Fairness controls: All algorithms share identical mobility traces, background traffic, channel seeds, and antenna
settings in each trial. IEEE 802.11bd compliance is enforced through deterministic SINR-MCS mapping (Table 5) and
density-adaptive power limits (Table 4). Traffic loads follow the parameters in Table 8.

Reproducibility: Mobility trace, simulator version, and configuration are logged for every run. All figures and tables
in the Performance Evaluation section are generated directly from these logged artifacts.
4- Performance Evaluation and Validation

This section evaluates the proposed dual-agent Q-learning against static baselines, single-agent Q-learning, and dual-
agent DQN under IEEE 802.11bd settings, using both omnidirectional and sectoral antenna configurations. All
experiments use the parameters defined in Table 8.

4-1-Core KPI Performance

1) PDR: Static omnidirectional achieves the highest PDR (94.2%); sectoral static achieves 93.6%. Dual-agent Q-
learning maintains 88-89% PDR (5 percentage points vs. static), with modest degradation at 20 vehicles (2—3 points)
and larger at 90 vehicles (8—12 points). Single-agent variants fall below 25%, confirming their instability in dense
VANETS as depicted in Figure 8.
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PDR Performance Comparison: All Densities and Antenna Types
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Figure 8. PDR Across Vehicle Densities (20-90) for Static, Single-Agent, Dual-Agent Q-Learning, and Dual-Agent DQN.
Zero-Gain Antenna Setting During Optimization

The PDR reduction stems from aggressive power control in dense scenarios. Static configurations maintain 15-20
dBm to ensure connectivity, while dual-agent optimization reduces power to 3-9 dBm to minimize interference. This
creates a reliability-efficiency trade off. At low density (20 vehicles/km), the PDR drop is only 2-3% because channel
congestion is limited, and power reduction primarily saves energy. At high density (90 vehicles/km), the 11% drop
occurred because lower transmit power increases hidden terminal problems when agents independently reduce power
without global coordination. The achieved 88.6% PDR still exceeds the SAE J2945/1 minimum requirements 85%
for cooperative awareness applications.

Latency: Dual-agent control reduces average latency from 31.1 ms (static) to 17.2 ms (44.6%). The best configuration
achieves 12.75 ms while sustaining 89% PDR. Gains are density-dependent: 35-40% improvement at low density,
50-55% at high density. Single-agent runs show unstable latency, with spikes exceeding 300 ms as depicted in Figure
9.

Latency Performance Comparison: All Densities and Antenna Types

(Excluding Single Agent P/B Outliers)
600

Em Omnidirectional 20v
I Sectoral 20v
B Omnidirectional 40v
3 sectoral 40v
@@ Omnidirectional 90v
500 B Sectoral S0v

400

300

Average Latency (ms)

200

100

& . W 2 L " &
o O O oy O 5 S -
L S S St & S o
cs CF e S s &
& & & o &
« < A @ & 4

& &
Algorithm Configuration

Figure 9. Latency across configurations and densities

Latency improvement comes from two sources. First, the MAC agent manages the channel busy ratio near the target
0.6, reducing contention and backoff delays. Second, the PHY agent's power control lowers interference, allowing
faster CSMAJ/CA resolution. The 45% reduction or 14ms improvement is density-dependent: at low density, gains
come mainly from optimized beacon timing, with a 35-40% improvement, while at high density, interference
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reduction dominates, with a 50-55% improvement. The achieved 17.2ms average approaches the IEEE 802.11bd
theoretical minimum (DIFS + SIFS + transmission time == 12ms), suggesting limited room for further optimization
without protocol changes.

Throughput: Static configuration achieves a mean throughput of 10.35 Mbps; dual-agent achieves 9.6 Mbps (7.7%).

Sectoral antennas outperform omnidirectional antennas by 10-15%, even under zero-gain conditions, reflecting
reduced interference. In real deployments with 3-6 dB gain, greater improvements are expected as depicted in Figure
10.

Throughput Performance Comparison: All Densities and Antenna Types
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Figure 10. Throughput across configurations

Static configuration achieves a mean throughput of 10.35 Mbps, while dual-agent achieves 9.6 Mbps, a 7.7%
reduction. This happened because the dual-agent prioritizes latency and power efficiency over raw throughput; lower
transmit power, 9 dBm vs 15-20 dBm, reduces SINR margins, limiting MCS selection, and the MAC agent targets a
CBR of 0.6 rather than maximizing channel utilization. Sectoral antennas offset this loss by 10-15% through reduced
spatial interference. The reduction is acceptable for safety applications where message delivery and low latency
matter more than high data rates.

Power Consumption: Dual-agent optimization achieves substantial savings: average transmit power of 9 dBm versus
15-20 dBm for static (55% reduction). Density-adaptive control limits power to 1-3 dBm under heavy load as
depicted in Figure 11

Power Consumption Comparison: All Densities and Antenna Types
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Figure 11. Power Consumption Across Configurations
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Power reduction scales with density following the reward function's density-adaptive targets. At low density with 20-
30 vehicles/km, 40% savings occur because path loss dominates and less power is required for connectivity. At high
density with 90 vehicles/km, 55% savings result from aggressive interference management, where even small power
reductions significantly improve the signal-to-interference ratio for other vehicles. The dual-agent approach reduces
average power from 15-20 dBm to 9 dBm, with density-adaptive constraints limiting power to 1-3 dBm under heavy
load to prevent channel saturation.

4-2-Signal Quality and Channel Utilization

Dual-agent control keeps CBR close to the target range (0.4-0.6) across all densities, while static reaches 0.6-0.8 at
90 vehicles. SINR values are lower than those of static (12—16 dB vs. 18.5-21.8 dB) but remain sufficient for reliable
decoding under IEEE 802.11bd MCS mapping. These trends explain the observed latency gains and modest PDR trade-
off as depicted in Figures 12 and 13.

Channel Busy Ratio (CBR) Comparison: All Densities and Antenna Types
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Figure 12. Channel Busy Ratio (CBR) Across Densities and Antenna Modes

SINR Performance Comparison: All Densities and Antenna Types
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Figure 13. SINR Across Densities and Antenna Modes

Dual-agent control keeps CBR close to the target range 0.4-0.6 across all densities, while static reaches 0.6-0.8 at 90
vehicles. This CBR management directly enables the latency reduction, lower channel occupancy means less contention,
and faster CSMA/CA resolution. SINR values are lower than static (12—16 dB vs. 18.5-21.8 dB) due to reduced transmit
power but remain sufficient for reliable decoding under IEEE 802.11bd MCS mapping. The 12 dB minimum keeps the
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system above the MCS-3 threshold by 10 dB, allowing successful packet reception while sacrificing margin for higher
modulation schemes. This SINR-PDR relationship explains the modest 5-11% PDR trade-off: lower SINR increases
packet error probability slightly but avoids excessive interference that would cause greater network-wide degradation.

4-3-Learning Behavior and Convergence

The dual-agent converges within 8,500 episodes (TD error 0.05), faster than single-agent Q-learning (12,500) and
DQN (14k-35k). Training is smoother with fewer oscillations, producing stable policies consistent across runs, as
depicted in Figure 14. These results align with the complexity reduction reported in Section VII.

Algorithm Convergence Analysis: TD Error vs Training Episodes
(Updated Training Requirements)

1.0

== Single-Agent Q-Learning (15k episodes)
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Temporal Difference (TD) Error
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Figure 14. Convergence: TD Error vs. Training Episodes

Faster convergence occurs because separating PHY and MAC control reduces each agent's learning complexity and
eliminates conflicting objective gradients. Single-agent approaches suffer from temporal mismatches: PHY and MAC
operate on different timescales; PHY needs fast SINR stabilization, while MAC requires stable rate decisions. The dual-
agent architecture naturally accommodates these different timescales, resulting in smoother training with fewer
oscillations and stable policies that are consistent across runs.

4-4- Overall Performance and Rankings

Despite a five-point PDR reduction, the dual-agent achieves the highest overall score (83-87) by combining latency
and power efficiency benefits. Sectoral configurations rank best (86.6) due to improved throughput, as depicted in Figure
15.

Overall Algorithm Performance Rankings
(Weighted Score: 40% PDR, 30% Throughput, 30% Power Efficiency)
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Figure 15. Overall Ranking Using Weighted Score (40% PDR, 30% Throughput, 30% Power Efficiency)
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4-5-Comparison with Advanced DRL Baselines

Although this study primarily benchmarks against static, single-agent Q-learning and DQN baselines, we also
consider results using advanced policy-gradient methods, such as PPO and SAC, for VANET parameter control. These
approaches demonstrate strong adaptability in high-dimensional state spaces, enabling them to achieve competitive
throughput and reliability. However, they also present drawbacks: (i) longer training budgets, often requiring far more
episodes to converge; (ii) high computational demands from deep neural architectures; and (iii) reduced interpretability
and weaker convergence guarantees, limiting their practicality for real-time safety-critical VANETS. In contrast, the
proposed dual-agent tabular Q-learning converges within 8,500 episodes, produces stable policies with simple table
lookups, and achieves favourable trade-offs between latency reduction (44.6%) and power efficiency (55%) while
maintaining acceptable reliability (88-89% PDR). These results highlight that, while PPO and SAC are attractive in
research contexts, the dual-agent tabular design offers a more lightweight and deployable solution for IEEE 802.11bd
VANETSs.

4-6- Antenna Configuration Impact

Sectoral setups outperform omni in throughput (+10-15%) and power efficiency (+2-3%) even under zero-gain. With
a realistic 3-6 dB gain, dual-agent could reduce power consumption below five dBm while maintaining >85% PDR. This
highlights the strong connection between algorithmic control and antenna design, and this comparison can be seen in
Table 9.

Sectoral antennas outperform omnidirectional by 10-15% in throughput and 2-3% in power efficiency even under
zero-gain conditions. This improvement stems from two factors. First, spatial selectivity reduces interference; the 90°
beamwidth per sector focuses energy on relevant directions, front/rear for highway traffic, while minimizing interference
to lateral vehicles. Second, the effective neighbor count is reduced by a factor of 0.3, meaning each vehicle sees fewer
simultaneous transmitters, lowering collision probability. The dual-agent framework adapts to these antenna
characteristics by using different RL learning rates (0.15 for omnidirectional, 0.18 for sectoral) and coordination weights
(0.25 vs 0.30), tuned to match each antenna's interference profile. With realistic 3-6 dBi gain, link budget improvements
could enable power reduction below five dBm while maintaining 85%+ PDR. However, this requires validation with
actual antenna patterns rather than the uniform zero-gain used for fair algorithmic comparison.

4-7- Application Suitability

High-reliability applications (>90% PDR): Static configuration achieves 94.2% PDR and is suitable for applications
requiring high message delivery. Latency-sensitive applications: Dual-agent reduces latency by 45% with 88.6% PDR,
making it suitable for cooperative awareness and traffic coordination services. Power-constrained: Dual-agent’s 55%
savings benefit infrastructure nodes and large-scale deployments.

4-8- Standards Compliance

IEEE 802.11bd compliance is maintained through deterministic SINR-MCS mapping (Table 5). Over-aggressive
selections occur <5% of the time, compared to 60-95% in unstable single-agent runs. This ensures interoperability in
heterogeneous VANETS.

4-9- Limitations and Deployment Considerations
¢ Reliability trade-off: 4-11% PDR reduction, most severe at densities >70 vehicles.
¢ Implementation complexity: Retuning, coordinating, and training infrastructure.
e Training period: 8,500 episodes before convergence; performance is suboptimal during early learning.

o Scability limits: degradation accelerates beyond 70 vehicles, constraining dense-urban applicability.

4-10-Performance Comparison Against Existing Works

While direct quantitative comparisons are limited by fundamental differences in communication standards (802.11bd
vs. 802.11p/cellular), simulation platforms, and experimental scenarios, we provide context from the recent literature.
Tabular Q-learning approaches using 802.11p have achieved 88-89% PDR, although with a different parameter
optimization scope [11]. Deep RL approaches have also reported strong results in their respective evaluation
environments. The effectiveness of DNN-based methods for 802.11p has been demonstrated in Aznar-Poveda et al. [27].
Latency minimization for general V2V scenarios has been investigated in Ye et al. [49], achieving 90-95% satisfied
links. A DDQNet-based approach reported 92.8% PDR and 12.5 ms latency [30], while an attention-enhanced MADRL
framework achieved 92.8% PDR [60]. However, all of these methods require GPU-intensive deep neural networks.
Federated multi-agent deep RL has been shown to improve spectrum efficiency by 19.1%, although it relies on
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distributed infrastructure [28]. Similarly, multi-agent RL combined with LSTM-based prediction and digital twin models
demonstrated approximately a 44% capacity improvement in loV networks [29]. These approaches, while achieving
strong performance in their evaluation contexts, require computational resources (GPU acceleration, prediction models,
federated infrastructure) that exceed typical OBU capabilities. Our dual-agent tabular Q-learning achieves 88-89% PDR,
44.6% latency reduction, and 55% power savings (vs. our static baseline) with only 25 MB memory footprint, enabling
immediate deployment on commercial OBUs without additional infrastructure. While cross-study numerical
comparisons are not directly valid, our results demonstrate that practical deployment feasibility can be achieved while
maintaining competitive performance characteristics within the 802.11bd evaluation context, as depicted in Table 10.

Table 10. Results Comparison with Previous Works

Study PDR/Success Rate Latency Throughput/ CBR Method Complexity Deployment Feasibility

Azna;I-P[(i\ﬁda et 88-89% PDR 44.6% reduction CBR maintained Low (tabular Q-learning, 23 MB) High (Distributed, non-cooperative)
Ye et al. [49] 90-95% satisfied links - - Low (DRL with Q-learning) High (distributed)
AZha;I-P[%\;ﬁda et 90% PDR - CBR: 0.6-0.7 Low (DNN with DRL, single-agent)  High (distributed, non-cooperative)
Elloumi et al. [29] - - ~44% capacity increase  High (multi-agent RL + predictions) Medium (needs LSTM’ digital twin,
clustering)

Cui [30] 92.8% PDR 12.5ms 8.7 Mbps / 7.2% collision Very High (DDQNet) Low (requires significant computation)

Lui & Deng [60] 92.8% PDR 12.5ms 8.7 Mbps / 7.2% collision Very High (AMAFDRL) Low (requires deep RL infrastructure)

Liu & Ma [28] V2V:9.3% improvement V2l improved 19.1% spectrum efficiency ~ Very High (Federated MADDPG)  Low (requires federated infrastructure)

Our Algorithm
(DAQN)

High (Distributed, semi-cooperative,

88-89% PDR 44.6% reduction CBR maintained Low (tabular Q-learning, 25 MB) OBU-deployable)

4-11-Deployment Recommendations

Dual-agent Q-learning is recommended for mixed-criticality VANETS that emphasize latency and power efficiency,
particularly at medium vehicle densities (20—70 vehicles) and in infrastructure nodes with constrained energy. Table 11
summarizes the mean performance metrics across all configurations and densities. For purely safety-critical cases, static
high-power remains essential. Hybrid deployments, static control for safety beacons, and dual-agent traffic management
offer a pragmatic path forward. To mitigate the 5-11% PDR reduction, especially in high-density scenarios (>70
vehicles), hybrid strategies are recommended. One option is to reserve static power configurations for safety-critical
beacons, while applying dual-agent Q-learning only to latency or power-sensitive traffic. Density-aware adjustments of
the learning policy, such as more conservative exploration at extreme densities, can further reduce reliability degradation.
These mechanisms allow deployments to retain latency and power efficiency benefits without compromising safety
requirements.

Table 11. Summary Results Across Configurations (Mean Values, 20-90 Vehicles)

Metric Static Omni Static Sec-toral Dual-Agent Omni Dual-Agent Sectoral
PDR (%) 94.2 936 89.2 885
Latency (ms) 311 29.8 17.2 16.5
Throughput (Mbps) 10.35 10.7 9.6 10.2
Power (dBm) 15-20 15-20 9.0 8.7

5- Conclusion

Dense vehicular networks struggle to deliver safety messages reliably due to channel congestion and interference.
We developed a dual-agent Q-learning framework that splits control between two specialized agents: one handles PHY -
layer power, the other manages MAC-layer beacon rates. This separation reduces the problem size from 710 million to
6.5 million state-action pairs, making the system tractable while remaining fast enough for real-time vehicle control.
Testing across different traffic densities (20 to 90 vehicles per km) shows clear benefits: latency drops by 45% (from
31.1ms to 17.2ms), power consumption falls by 55% (from 15-20 dBm to 9 dBm), and the system learns faster,
converging in 8,500 training episodes compared to 12,500 for single-agent Q-learning and 14,000-35,000 for dual-agent
DQN. The trade-off is a 5-11% drop in packet delivery ratio (from 94.2% to 88.6%), but this remains acceptable for
applications where energy savings and low latency matter more than perfect reliability. The framework fully complies
with IEEE 802.11bd standards through deterministic MCS selection, ensuring compatibility with existing equipment.
Adding sectoral antennas improved throughput by 10-15% even with zero-gain test conditions, suggesting further gains
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with real antenna patterns. However, the approach has limitations that constrain deployment. Packet delivery degrades
notably when density exceeds 70 vehicles per km, making it unsuitable for critical safety applications without
modifications. We tested with zero-gain antennas for a fair algorithmic comparison, but real antennas with 3-6 dBi gain
would likely perform better, potentially reducing the required power to below five dBm. We have also not validated the
simulator against actual IEEE 802.11bd hardware, so that real-world performance might differ from these simulation
results, particularly regarding interference patterns and propagation characteristics in urban environments.

Several improvements could address current limitations and extend applicability. A hybrid system could switch
strategies based on message importance, using dual-agent optimization for routine traffic while reserving high-power
static transmission for emergency warnings, potentially achieving both efficiency and reliability. Learning could
accelerate through transfer learning, where knowledge from one traffic scenario helps in another, or meta-reinforcement
learning for rapid adaptation, potentially cutting the current 8,500-episode training requirement in half. In very dense
scenarios with more than 70 vehicles per km, vehicles could cooperate by sharing learned policies or experience, helping
with coordination when individual optimization is not enough. Looking further ahead, the framework could integrate
with 6G-V2X systems, use semantic communication to reduce message overhead, and incorporate formal verification
methods to prove safe behavior before deployment. Field tests with actual IEEE 802.11bd equipment are essential to
validate simulation results and identify deployment-specific challenges, such as hardware constraints, real-world
propagation conditions, and interoperability issues. This work shows that dual-agent Q-learning offers a practical way
to optimize vehicular networks, though it is not perfect for every situation. It works best when we need low latency and
power savings. For purely safety-critical messages requiring 95%+ delivery, static high-power systems remain
necessary. No single approach fits all vehicular network needs, but dual-agent Q-learning fills an important gap for
efficiency-focused applications where the reliability-efficiency trade-off aligns with operational requirements.
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