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Abstract 
 

This paper studies how to send fresh and efficient information in vehicular networks. A roadside unit (RSU) updates vehicles about different 

events. The goal is to reduce the delay in receiving information while also saving power during transmission. The system uses an innovative 

way of transmitting data. It sends multiple messages at the same time using superposition. Vehicles cancel unwanted signals with a tech-

nique called successive interference cancellation (SIC). This method helps to improve the efficiency of communication. The problem is 

complex because two objectives must be optimized. One is to minimize the delay in information updates, and the other is to minimize the 

power needed to send updates. This is a multi-objective problem that is difficult to solve using traditional methods. To address this chal-

lenge, the paper uses reinforcement learning (RL). A deep Q-network (DQN) decides the best way to decode messages, while a deep 

deterministic policy gradient (DDPG) model determines the optimal power allocation. Each learning model trains separately for different 

cases, which increases computational time and effort. Instead of training models separately, the paper proposes a meta-learning approach. 

This helps estimate good solutions quickly without the need for retraining every time. The meta-model adapts with small updates, saving 

significant time and computational resources. Simulation results demonstrate that the proposed method outperforms older approaches. It 

reduces training time while still achieving high efficiency. Moreover, it provides a better balance between formation freshness and power 

consumption. These improvements make it highly suitable for real-time data sharing in vehicular networks. This research has practical 

implications for enhancing road safety and smart transportation systems. By optimizing data dissemination it contributes to the development 

of more reliable and efficient vehicular communication networks. 

 
Keywords: Reinforcement; Multi-Objective; Vehicular Network; Multi; Meta Objective. 

1. Introduction 

Vehicular communication networks allow vehicles to communicate with each other and with RSUs[1]. These types of applications require 

real-time communication, such as collision warnings, lane change alerts and traffic congestion updates. Nonetheless, providing updated 

information while holding efficient resource and bandwidth consumption remains difficult [2]. Dynamic movement of vehicles, heteroge-

neous traffic density, and wireless interferences provide a challenging environment for reliable information dissemination. Conventional 

networks focus on minimizing delay and maximizing data throughput [3]. But these approaches do not guarantee that information is up-

to-date. The AoI metric represents how stale the received information is. So that the fresher updates which are important for the vehicular 

networks [4] or the lower AoI conveys the fresh updates. Unlike traditional latency metrics, AoI takes into account how often updates 

http://creativecommons.org/licenses/by/3.0/


International Journal of Basic and Applied Sciences 269 

 
occur, the time at which data is generated, and how long it takes to transmit the data. Thus, applying AoI metrics necessitates some critical 

and intelligent scheduling and transmission strategies instead of just a higher data transmission rate. Most previous studies concentrate on 

the dissemination of information from a single modality. This is where updates about a single event type per vehicle are made [5]. But in 

the real world, multi-modal information distribution is a necessity. Vehicles need real-time updates on various events, including road 

hazards, weather data, and navigation guidance. Simply sending each update one by one to each vehicle is not only inefficient but also 

requires the use of significant power. Instead, an optimized strategy should improve both freshness and power consumption. 

It is promising to enhance the efficiency of information delivery by employing nonorthogonal communication mechanisms. RSUs can 

send many messages simultaneously using superposition coding, and vehicles acquire updates using SIC[[6]]. It optimizes the use of the 

available bandwidth and improves data transmission. Yet, decoding messages with multiple interferences within them is a challenge, and 

for proper and timely reception, each vehicle needs an optimized decoding order. This results in a multi-objective optimization problem 

with respect to AoI and power efficiency[7]. More traditional mathematical optimization techniques are not well-suited to this dynamic 

problem that vehicular networks represent. RL arises as a promising approach to mitigate this issue, learning optimal transmission policies 

through experience. Deep reinforcement learning (DRL) combines the concepts of decision making with those of deep neural networks to 

better interact with poorly specified, complex environments. But the training of individual DRL models for every network state is expensive 

and time-consuming. To tackle this problem, the paper introduces a meta-learning methodology for fast adaptation to new settings. Instead 

of training separate deep reinforcement learning (DRL) models for each scenario, the method interacts with pre-trained control models 

and adjusts them through a few updates[8]. Meta-learning agilely brings convergence speed and is a forced cross-model adaptation given 

varying network conditions across sessions (without full training from scratch). This information greatly alleviates computational burden 

and improves real-time throughput. 

Specifically, it is trained using a hybrid DRL model based on the DQN and DDPG algorithms, which finds the optimal decoding order 

and maximum bandwidth. This is because the three models build upon each other and therefore have a balanced trade-off between mini-

mization of AoI and power-efficient models [9]. To enhance stochastic qualities, the hybrid DRL model is further augmented with a meta-

learning mechanism. There are many practical issues in vehicular networks, such as high mobility, varying traffic density, and interference. 

The data transmission gets interrupted as vehicles often join and leave the network. The RSUs need to constantly adapt such that the 

updated data can reach all vehicles located in that region of coverage. This necessitates allocating resources dynamically and utilizing 

efficient scheduling strategies to accommodate diverse communication requirements [10]. Frequency and relevance of updates will also 

depend on the information exchanged. For example, latency-sensitive messages such as collision warnings must be sent as soon as possible, 

whereas infotainment updates can wait a moment or two. The system should be able to secure contemporaneous updates, as it should 

consume efficient resources. Apart from that, the information needed by vehicles varies (depends) on location, speed, and direction. RSUs 

need to adapt transmissions to specific vehicles to improve performance [11]. The other challenge is interference from other sources of 

communication. Weak signals in urban areas: Urban environments usually have high levels of interference, due to dense vehicular traffic 

and the presence of multiple wireless devices. This can degrade transmission quality and accumulate AoI. To ensure reliable communi-

cation, it is essential to implement advanced interference management techniques, such as adaptive power control and interference-aware 

scheduling. 

The communication technologies involved in vehicular networks are heterogeneous as well. Vehicles can implement various wireless 

standards; in other words, Dedicated Short-Range Communications (DSRC), Cellular Vehicle-to-Everything (C-V2X), and 5G (based on 

communication). The system should be programmed with different technologies for publishing content. Cross-layer optimization tech-

niques, when integrated from different layers of the OSI or TCP/IP model, improve the performance. Another consideration is scalability. 

With the rising number of connected vehicles, the huge scale of data exchange must be managed efficiently by the network[12]. The 

system must keep computational complexity within acceptable limits and maintain timely information delivery. Distributed learning mech-

anisms are to enable decentralized decision making and ease the computational load on centralized units. Security and privacy are two 

other important aspects in vehicular networks. Cybersecurity of vehicle communication between vehicles and RSUs. Cryptography, such 

as encryption, authentication, and secure key management mechanisms, is needed to protect communications. The new framework should 

have security features to protect against data breaches and to ensure that a transmitted message remains unchanged. 

Meta-learning thus enhances transferability and performance across environments, which is crucial for effective real-world applications. 

Each new scenario requires training traditional DRL models, which is computationally expensive. Instead, the meta-learning model im-

proves existing knowledge and accommodates new scenarios with few adaptations. This lowers the operational cost and increases the 

feasibility for real-time deployment. This paper presents several key contributions to the field of vehicular networks: 

• A novel approach for optimizing non-orthogonal, multi-modal information dissemination using reinforcement learning. The integration 

of a DQN for optimizing message decoding order and a DDPG model for power allocation. 

• The introduction of a meta-reinforcement learning framework that allows the system to quickly adapt to new network conditions with 

minimal retraining. 

• A detailed performance evaluation that demonstrates the effectiveness of the proposed model in reducing AoI and improving power 

efficiency. A comparison with existing methods shows that the proposed approach achieves a better balance between freshness and 

resource consumption. The application of SIC techniques in vehicular networks to improve spectral efficiency. 

Numerical results confirm that the proposed scheme can obtain less AoI with lower power consumption. The hybrid DRL model enables 

the transmission decisions to update dynamically and to further facilitate other new updates. The adaptive decision-making processes of 

the autonomous driving system allow effective use of resources. This combination of two modules makes the system readily applicable as 

it allows for rapid adaptation to changing conditions in the network. Thus, this research work plays an important role in the implementation 

phase in the design of a smarter vehicular communication network, being aware that the work methodology can be applied to other sce-

narios. It also improves the freshness of information, increases the efficiency of the network, and guarantees the delivery of messages. The 

proposed framework supports a wide range of vehicular applications from real-time navigation and hazard detection to advanced driver 

assistance systems (ADAS) and autonomous driving technologies. 

2. Background Work 

Vehicular networks have been widely studied to improve real-time communication and safety. Researchers have focused on different 

aspects like minimizing the AoI, optimizing power consumption, and improving transmission efficiency. Several methods have been pro-

posed, including scheduling algorithms, reinforcement learning models, and multi-objective optimization techniques. In [1], the authors 

proposed a greedy algorithm to minimize AoI in vehicular beacon broadcasting systems. This approach reduces the chances of beacon 
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signal collisions. Similarly, the study in [2] developed a Lyapunov optimization technique to minimize power consumption in vehicle-to-

vehicle (V2V) networks while maintaining ultra-reliable low-latency communication. The research in [3] introduced a proactive reinforce-

ment learning model that enables AoI-aware radio resource management in vehicular networks with a Manhattan grid topology. Multi-

modal information dissemination is an important area of research. In [4], the impact of selecting between fog and cloud servers on AoI was 

analysed. The study highlighted how fog computing helps in reducing update latency. The authors of [5] focused on optimizing vehicle 

routing using deep Q-learning to improve AoI. Another approach, introduced in [6] considered social relationships among vehicles to 

enhance AoI-centric information dissemination models. The integration of unicast and multicast communication is a key challenge in 

vehicular networks. The study in [7] introduced a non-orthogonal multiple access (NOMA)-based unicast-multicast scenario, allowing 

multiple vehicles to share resources efficiently. The authors in [8] extended this concept by designing a protocol that integrates unicast and 

multicast transmissions with a focus on maximizing energy efficiency. In [9], the researchers proposed a hybrid unicast-multicast strategy 

to optimize network capacity and power usage. The findings in [10] explored a fixed interval transmission method that ensures AoI remains 

low in multicast communication. 

A recent trend is the use of DRL for optimizing information dissemination in vehicular networks. The work developed a hybrid DRL model 

combining DQN and DDPG models to improve AoI and power efficiency. The study demonstrated that DRL-based optimization provides 

a near-optimal Pareto front for AoI and power trade-offs. Another key aspect is the use of digital twin models for improving vehicular 

communication. The research explored digital twin-driven task offloading strategies in vehicular networks. The authors proposed a two-

stage optimization method that integrates intelligent reflective surfaces to enhance data transmission. The study introduced an asynchronous 

federated broad learning framework that combines broad learning with federated learning to improve communication efficiency. Several 

studies have addressed the impact of transmission scheduling on AoI in vehicular networks. The authors analysed multicast transmission 

strategies with deadlines, focusing on delivering information updates efficiently before expiration. They aimed to optimize the timely 

delivery of updates. The work designed a queue-based bundling method that allows vehicles requesting similar data to be served simulta-

neously, improving energy efficiency and reducing AoI. The findings examined the trade-off between retransmissions and update frequency, 

showing that optimizing retransmission strategies significantly reduces AoI. 

Security and privacy in vehicular communication have also become an emerging aspect of concern. We proposed a trustworthy data-

sharing framework to provide encrypted vehicle-to-infrastructure (V2I) communication. They are often used to develop vehicular net-

works that offer authenticated security with a low AoI with respect to potential cyberattacks against vehicle networks. These security 

mechanisms are necessary for large-scale, real-time vehicular communication systems. Existing work has either focused on optimizing 

AoI, minimizing power consumption, or combining reinforcement learning algorithms with vehicular networks. Nevertheless, balancing 

power efficiency with new updates manages to overcome interference and confirms safety to users in an effective manner. Inspired by 

these findings, we propose a meta-learning approach in this work to provide pix2pixHD with an adaptable solution [22], [21], [7] to work 

well in various environments without extensive retraining. 

3. System Model & Performance Metrics 

Vehicular communication networks enable vehicles to share information with RSUs. These networks support essential applications, in-

cluding road safety alerts, real-time traffic updates, and infotainment services. To ensure efficient and reliable data transmission, we define 

a system model that captures network structure, communication mechanisms, and key performance metrics. The system model describes 

how vehicles interact with the RSU and how data is transmitted. It consists of vehicles, the RSU, wireless channels, and data transmission 

strategies. Consider a vehicular network with an RSU deployed along a highway or urban road segment. The RSU serves as the central 

hub for collecting and disseminating information to vehicles in its coverage area. Let: 

 

V = {v , v ,…, v }
N1 2

                                                                                                                                                                                         (1) 

 

It represents the set of N vehicles. Each vehicle is equipped with a wireless transceiver to receive updates from the RSU and send feedback 

signals. Vehicles are highly dynamic, moving at different speeds and directions. The RSU periodically transmits updates containing road 

conditions, navigation guidance, and hazard warnings. To maintain fresh information, these updates should be received with minimal delay. 

The RSU communicates with vehicles over wireless channels that experience fading and interference. The received signal at vehicle i is 

modelled as: 

 

i i i
Y = h X+ n                                                                                                                                                                                                     (2) 

 

Here, 
i

Y  is the received signal at vehicle i, 
i

h  is the channel gain representing signal attenuation, X is the transmitted signal from the RSU, 

and 
i

n  is additive white Gaussian noise. To measure signal quality, we compute the signal-to-interference-plus-noise ratio (SINR): 

 

i

i 2

j
j i

Ph
SINR =

P h 


+
                                                                                                                                                                                         (3) 

 

Here, P is the transmission power and 2  is noise variance. A higher SINR improves signal reliability. The RSU generates updates at 

random time intervals following a Poisson process: 

 
- t

k
P(T = t) = e                                                                                                                                                                                                 (4) 

 

Here, 
k

T  represents the time between two consecutive updates and   is the update rate. Vehicles store the most recent update, discarding 

older ones upon receiving a new transmission. The update transmission follows a queuing model where the RSU serves vehicles sequen-

tially. The waiting time for an update depends on the update arrival rate  , the number of vehicles requesting updates, and the wireless 

channel condition and transmission errors. To ensure timely delivery, the RSU dynamically schedules transmissions based on priority 
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metrics such as distance, speed, and signal strength. AoI measures the freshness of received information. The AoI at vehicle i at time t is 

given by: 

 
g

i i
(t) = t- t                                                                                                                                                                                                       (5) 

 

Here g

i
t  is the timestamp of the last received update. A lower AoI indicates fresher data. The average AoI over a period T is: 

 

T

i i0

1
= (t)dt

T
                                                                                                                                                                                                 (6) 

 

The objective is to minimize AoI while maintaining network efficiency. The total power consumption of the RSU is given by: 

 
N

total i
i=1

P = P                                                                                                                                                                                                        (7) 

 

Here 
i

P  is the power allocated to vehicle i. To ensure sustainable operation, power allocation must be optimized to balance energy effi-

ciency and update freshness. The system seeks to minimize both AoI and power consumption. The optimization problem is formulated as: 

 

total
min + (1- )P                                                                                                                                                                                         (8) 

 

here   controls the trade-off between freshness and energy usage. Higher   values prioritize information freshness, while lower values 

favor power savings. To solve the optimization problem, we use DRL. The RSU acts as an agent that learns the best update scheduling 

policy through interactions with the environment. The state of the system at time t is represented as: 

 

t 1 2 N total
s = ( (t), (t),..., (t),P (t))                                                                                                                                                                           (9) 

 

The action space includes update scheduling decisions and power allocation strategies. The reward function is: 

 

( )t total
R = - + (1- )P                                                                                                                                                                                    (10) 

 

The DRL model updates its policy using a DQN, which approximates the optimal decision policy. The training process involves observing 

the system state 
t

s , selecting action 
t

a  (update scheduling decision) receiving reward 
t

R  and updating the neural network weights, and 

repeat the process to improve decision accuracy. Simulations validate the proposed approach, showing a significant reduction in AoI 

compared to traditional methods, lower power consumption while maintaining update freshness, and adaptability to varying traffic condi-

tions and channel quality. This section presents a comprehensive system model for vehicular networks, covering update scheduling, wire-

less communication, power consumption, and reinforcement learning-based optimization. By improving AoI and energy efficiency, the 

proposed approach enhances vehicular network performance. 

4. Multi-Objective Problem Statement 

Vehicular networks must balance multiple objectives to optimize performance. The main goals are reducing the AoI and minimizing power 

consumption while maintaining efficient data dissemination. This section presents the multi-objective optimization framework, mathemat-

ical formulation, and solution strategies. The problem involves finding an optimal balance between update freshness and power efficiency. 

The system must decide how to allocate resources to minimize AoI and power consumption simultaneously. Consider a vehicular network 

where an RSU communicates with N vehicles. Each vehicle receives updates at different times, leading to variations in AoI. The RSU 

transmits updates using a limited power budget. The objective is to formulate an optimization problem that minimizes both AoI and power 

usage. AoI represents the time elapsed since the last received update was generated. It is defined and given in equation (5). The system-

wide AoI is the average AoI of all vehicles: 

 
N

i
i=1

1
=

N
                                                                                                                                                                                                      (11) 

 

The goal is to minimize   to ensure fresh updates for all vehicles. The RSU has a fixed power budget and must distribute power efficiently 

among vehicles. The total transmission power is given in equation (7). The objective is to minimize 
total

P  while maintaining effective com-

munication. The problem is formulated as a weighted sum of AoI and power consumption is given in equation (8). Higher   values 

prioritize freshness, while lower values focus on power savings. Subject to: 

 
N

i max
i=1

P P                                                                                                                                                                                                       (12) 

 

Here 
max

P  is the maximum transmission power of the RSU. Solving this problem requires a trade-off analysis between AoI and power 

consumption. Several optimization techniques were used. Pareto optimization finds a set of optimal solutions. Here, no single objective 

improved without degrading the other. The Pareto front represents all possible trade-offs between AoI and power efficiency. The objective 

is to find a balance along the Pareto front that meets system constraints. DRL is used to dynamically allocate power while minimizing AoI. 

The system is modelled as a Markov Decision Process (MDP), where in State 
1 2 N total

( , ,..., ,P )    Action has Power allocation decisions 
i

P , 

Reward has a negative weighted sum of AoI and power consumption. The reward function is calculated and given in equation (10). A DQN 
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is trained to learn the optimal policy for power allocation. Simulations validate the proposed optimization framework. Key findings include: 

Reduction in AoI compared to traditional scheduling, Improved power efficiency without sacrificing update freshness, and Adaptability to 

dynamic traffic conditions. This section presents the multi-objective optimization problem for vehicular networks. By balancing AoI and 

power efficiency, the system ensures fresh updates while minimizing energy consumption. The proposed reinforcement learning approach 

provides an adaptive and efficient solution. 

5. Hybrid DQN-DDPG-Based DRL Solution 

Vehicular networks need more intelligent decisions to receive fresh updates and use power effectively. Deep reinforcement learning (DRL) 

is a strong tool for optimizing these networks. Section 3 presents our proposition of a hybrid DRL solution that consists of combining DQN 

and DDPG to schedule the updates and power allocation. RL is a type of machine learning where an agent learns an optimal policy by 

interacting with the environment. In this model, the Roadside Unit (RSU) where vehicles exchange information needs to decide not only 

when to send updates but also how to allocate power per vehicle message. The advantage of the hybrid DQN-DDPG model is that it can 

deal with discrete and continuous decision variables efficiently. The DQN approach has worked well for discrete actions, but… The next 

vehicle to update is selected. But DQN is not applicable because the distribution of power is a continuous action. On the other hand, 

DDPG is effective for continuous decision-making, such as adjusting power levels. Combining both ensures that DQN optimizes update 

scheduling decisions, and DDPG optimizes continuous power allocation. The model balances update freshness and energy efficiency. 

Figure 1 illustrates the Hybrid DQN-DDPG model for age-optimum information dissemination in a reinforcement learning-based system. 

The environment represents the vehicular network. Here, data packets are transmitted and AoI is updated. The state ( (t)s ) is provided as an 

input to both the DQN and the Actor-Critic-based DDPG model. The DQN module selects an action (t)a


 based on discrete action space 

learning, while the Actor in the DDPG module improves the selected action and generates (t)

p
a  for improved policy optimization. These 

actions influence the environment, updating the system state and AoI. The updated experiences ( (t) (t) (t) (t+1)s ,a , r ,s ) are stored in the Replay 

Buffer, which provides historical data to improve learning and stabilize training. The Critic module in DDPG evaluates the action generated 

by the Actor and provides feedback for optimization. The Replay Buffer stores mini-batches of past experiences, allowing both DQN and 

DDPG to learn from past states and actions, improving long-term decision-making. The interaction between DQN and DDPG creates a 

hybrid model, where DQN explores possible discrete actions and DDPG fine-tunes actions for continuous optimization. The feedback loop 

ensures that the agent continuously learns optimal strategies for reducing AoI while efficiently managing resources. The trade-off parameter 

(ζ) helps balance energy efficiency and AoI minimization. The model combines the strengths of both reinforcement learning techniques, 

achieving better convergence, reduced power consumption, and improved packet transmission reliability in vehicular networks. 

 

 
Fig. 1: Hybrid DQN-DDPG Model. 

 

The vehicular network consists of an RSU communicating with N vehicles moving along a road. The RSU periodically updates vehicles 

with critical information. The goal is to optimize both AoI and power consumption. The state of the system at time t is defined as: 

 

t 1 2 N total
s = ( , ,..., ,P )                                                                                                                                                                                       (13) 

 

Here, 
i

  represents the AoI for vehicle i, 
total

P  is the total power consumed by the RSU. The RSU selects an action 
t

a  consisting of two 

components. A discrete decision for update scheduling: which vehicle receives the next update (handled by DQN). A continuous decision 

for power allocation: how much power to assign to the selected vehicle (handled by DDPG). The reward function is formulated and given 

in (10). DQN is used to select the vehicle that should receive the next update. It approximates the Q-value function: 

 

 t t t a t+1
Q(s ,a ; ) = E R + max Q(s ,a ; )  


                                                                                                                                                             (14) 

 

The loss function is defined as: 

 

( )
2

t t t
L( ) = E y - Q(s ,a ; )  

                                                                                                                                                                              (15) 

 

Here: 
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-

t t a t+1
y = R + max Q(s ,a ; ) 


                                                                                                                                                                             (16) 

 

Experience replay is used to store past experiences, improving stability. Target networks are used to stabilize training by updating param-

eters gradually. DDPG is used to optimize power allocation for the selected vehicle. It consists of an actor network that generates actions 

(power allocation values) and a critic network that evaluates the quality of actions using Q-values. The critic network follows the Bellman 

equation: 

 

 t t t t+1 t+1
Q(s ,a ) = E R + Q(s , (s ))                                                                                                                                                                      (17) 

 

The actor network updates policy parameters by maximizing: 

 
Q

a
J E Q(s,a; ) (s; )

 



 
                                                                                                                                                                         (18) 

 

Soft updates are used to transfer knowledge from old policies to new ones smoothly. The hybrid model is trained using experience replay 

for both DQN and DDPG, with target networks for stabilizing learning and policy noise to encourage exploration in DDPG. The training 

process consists of iteratively selecting scheduling actions with DQN and optimizing power allocation with DDPG until convergence is 

reached. Extensive simulations demonstrate the benefits of the hybrid model, a significant reduction in AoI compared to traditional ap-

proaches, lower power consumption without sacrificing update freshness, and faster adaptation to changes in vehicle density and network 

conditions. This section presents a hybrid DQN-DDPG model for optimizing vehicular network performance. By combining discrete and 

continuous decision-making, the proposed approach efficiently balances AoI minimization and energy efficiency. The results show that 

the hybrid model outperforms conventional strategies, making it a strong candidate for real-world deployment in intelligent transportation 

systems. 

6. Meta Reinforcement Learning 

Reinforcement learning (RL) is a powerful approach to training intelligent agents. However, few-shot RL models need to do lots of 

retraining once they see new environments. This challenges the basic structure of Reinforcement Learning (RL) since Meta Reinforcement 

Learning (Meta-RL) is a way to deal with this issue, where the agents can generalise knowledge and quickly learn how to execute behaviour 

in new environments. Scope of training Data: Traffic density Changes in context (vehicular networks), the context based on such factors 

like traffic patterns, channel conditions, vehicle densities, etc. Meta-RL builds on classical RL with learning strategies that generalize 

quickly to new goals. Meta-RL, an organization of general policy and an individual task policy, will be fine-tuned with little modification. 

This helps save immense training time and enhances versatility. In addition, vehicle communication networks demand quick decisions due 

to real-time changes in traffic and network conditions. Most RL approaches are inefficient in real time, as they will need to fully retrain 

from scratch for every new scenario. This framework lets the system generalize past experiences and evolve policies rapidly to improve 

performance in varying circumstances, unlike hypothesis-testing meta-RL. Meta-RL is formulated as an optimization problem over a 

distribution of tasks. Given a set of tasks 
i

T  drawn from a task distribution p(T), the goal is to learn an optimal policy 


  that maximizes 

performance across all tasks. The expected cumulative reward is: 

 
T

t

T~p(T) t
t=0

J( ) = E r    
                                                                                                                                                                                      (19) 

 

Here   is the discount factor, and $\theta$ represents the parameters of the policy. A key approach in Meta-RL is Model-Agnostic Meta-

Learning (MAML), which optimizes policy parameters for fast adaptation. The update rule is: 

 

- L(T, )


    =                                                                                                                                                                                          (20) 

 

here   is the learning rate and ( , )L T   is the loss function for task T. This ensures that the learned parameters   quickly adapted to a new 

task with minimal updates. Vehicular networks require real-time adaptation due to dynamic conditions. Meta-RL improves vehicular sys-

tems in several ways: rapid adaptation to new traffic conditions and congestion levels, reduced computational overhead compared to tra-

ditional RL models, improved efficiency in resource allocation and scheduling, and enhanced ability to generalize across different network 

scenarios. By leveraging prior knowledge, Meta-RL accelerates learning and optimizes decision-making in real-time vehicular environ-

ments. Meta-RL is implemented using DQN and DDPG. The implementation involves the following steps: collect experience from multiple 

related tasks, store past experiences using experience replay, train a general policy using meta-learning techniques, and adapt the trained 

policy to new tasks with minimal updates. The reward function for Meta-RL in vehicular networks is designed to encourage rapid learning 

and efficient decision-making, is given in (10). To enhance learning efficiency, Meta-RL employs advanced optimization techniques, 

namely Gradient-based optimization, adjusting policy parameters based on experience, Trust Region Policy Optimization (TRPO) ensures 

stable updates to policy parameters, and Bayesian optimization manages uncertainty in decision-making. 

A major challenge in Meta-RL is balancing exploration and exploitation. The system must explore new strategies while using prior 

knowledge for efficient decision-making. Methods, namely Thompson sampling and uncertainty-based exploration, address this challenge 

effectively. Simulations demonstrate the effectiveness of Meta-RL in vehicular networks. Key observations include faster adaptation com-

pared to traditional RL models, significant improvement in resource efficiency and scheduling decisions, reduced training overhead and 

computational complexity, and enhanced scalability for large-scale vehicular networks. Meta-RL achieves optimal performance even in 

unpredictable network conditions by leveraging past experiences to accelerate learning. Consider a vehicular network where the RSU must 

allocate transmission power and schedule updates for vehicles in real-time. Conventional RL approaches have to be retrained from scratch 

if traffic conditions change and thus are not efficient for fast decision making. Meta-RL enhances efficiency through the means of learning 

a general policy that can adapt to other traffic patterns. Hence, train iterations are reduced for each new scenario and also establish the 

optimized resource utilization with minimized AoI. Training results from simulation experiments demonstrate that Meta-RL achieves ap-

proximately 50% lower training overhead, as well as more efficient networks than those obtained with standard RL approaches. 
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7. Simulation Results & Discussion 

We conducted gathering simulation experiments to validate the proposed reinforcement learning approach in vehicular networks. The idea 

was to investigate to what extent meta reinforcement learning improves the system performance (in terms of AoI, energy efficiency, and 

update scheduling efficiency). An RSU communicating with the moving vehicles represented the scenario. Reports were sent out here on 

a rotating schedule. Different parameters of the system were examined, including transmission power, update intervals, and vehicle den-

sity as well to understand the impact of these parameters on the system performance. All the reinforcement learning models were evaluated 

based on the key metrics: average AoI, power consumption, and packet delivery ratio. The AoI is then used to evaluate how fresh the 

information received by the vehicles is. The AoI values can be interpreted as real-time updating measurements for the user in the network, 

with smaller AoI values indicating more frequent updates as well as a better spread of information in the network. Power consumption 

metric measured the total power used for updates , transmission, and packet delivery ratio represented the number of packets successfully 

received over the number of packets transmitted. The experiments showed that meta reinforcement learning significantly decreased the 

AoI in comparison to regular versions of DQN and DDPG. The average AoI was obtained by (11). 

The experiments demonstrated that in comparison to DQN, the Meta-RL approach accomplished a 40% decrease in AoI. So, fresher 

updates were given to these vehicles in the highly dynamic traffic scenarios. In particular, the rapid adaptability of meta reinforcement 

learning (Meta-RL) enabled model updates according to real-time conditions, resulting in this significant improvement. Moreover, another 

insight drawn from the experiments is how power consumption can be optimized. The required power for each transmission is measured, 

and it is represented in (7). The Meta-RL framework adapted the power level using online feedback with respect to the delay in the 

network. Enough and quick without being a greedy receiver. The analysis showed that Meta-RL led to lower power consumption compared 

to traditional reinforcement learning models, making it an ideal solution for energy-constrained vehicular networks. The AoI performance 

is analysed over different reinforcement learning models. The average AoI   is computed and given in (11). The results indicate that Meta-

RL reduces AoI significantly compared to DQN and DDPG. The AoI reduction is due to the fast adaptation of Meta-RL in changing traffic 

conditions. The AoI comparison is shown in Table 1. 

 
Table 1: AoI Comparison Across Models 

Model AoI Improvement (%) 

DQN 120 - 
DDPG 95 20.8 

Meta-RL 72 40.0 

 

The rate of convergence of the learning model was also analyzed to see how quickly the algorithm adapts to the changing environment. 

Progress through training was monitored using a graph of cumulative reward over time (shown under the results section below). The 

results indicated that Meta-RL converged considerably faster than the other models, retaining stable performance in fewer training epi-

sodes. Such rapid convergence is important in real-time applications where quick decision-making is needed. The improved learning 

efficiency was attributed to the meta-learning capability of the framework, which allowed the agent to generalize its learning process across 

multiple tasks, thereby reducing the need for extensive retraining. Additionally, the reliability of the system was evaluated using the packet 

delivery ratio, which is given by: 

 

s

t

N
PDR =

N
                                                                                                                                                                                                    (21) 

 

Here 
s

N  is the number of successfully received packets and 
t

N  is the total number of transmitted packets. The results indicated that the 

packet delivery ratio was significantly improved under the Meta-RL framework, demonstrating that the optimized scheduling strategies 

effectively enhanced data transmission reliability. This was particularly beneficial in scenarios with high vehicle densities, where network 

congestion led to increased packet loss. Overall, the simulation results confirmed that Meta-RL provided substantial improvements in 

vehicular communication networks by reducing AoI, optimizing power consumption, and increasing packet delivery reliability. The mod-

el's ability to quickly adapt to varying traffic and channel conditions allowed it to maintain a stable and efficient performance. Compared 

to conventional RL models, the Meta-RL approach demonstrated superior adaptability and resource efficiency, making it a promising 

solution for future intelligent vehicular communication systems. 

Figure 2 illustrates the AoI vs. Time for three different reinforcement learning models: DQN, DDPG, and Meta-RL. The AoI values for all 

three models decrease over time, signifying an improvement in information freshness as the models continue learning and optimizing 

policies. DQN is the worst-performing algorithm, which is likely due to a longer-lasting discount factor than the other two Q-learning-

based algorithms. This indicates that, on the contrary, although DQN is an AoI maximal model, it takes longer to adapt to changes in the 

system due to its outdated data, which is more frequent. Meta-RL, on the other hand, has the lowest AoI, meaning the data is refreshed 

most often in this model. From the data perspective, initially, DQN starts with the worst AoI of about 120 ms, followed by DDPG at 100 

ms and Meta-RL at 80 ms. After a brief time, Meta-RL obtains the latest AoI at about 50 ms at t = 100 s, next is DDPG, which settles 

around 60 ms, and DQN ends at approximately 70 ms. All models exhibit a downward trend in AoI, further affirming the capability of 

reinforcement learning to reduce AoI over time. The gap between the three curves remains consistent, showing that Meta-RL outperforms 

DDPG by approximately 10-15 ms and DQN by nearly 20-30 ms at any given time. This difference highlights the advantage of Meta-RL 

in dynamically adapting to real-time network conditions, leading to better performance in minimizing AoI. 
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Fig. 2: AoI Over Time. 

 

Figure 3 presents the AoI vs. Number of Vehicles for four different models: Random Solution, Meta-DRL, Meta-DRL with Fine-Tuning, 

and Hybrid DQN-DDPG DRL. The AoI values for all models decrease as the number of vehicles increases, which suggests that adding 

more vehicles leads to better update scheduling and improved information freshness. However, the performance varies significantly among 

the models, with the Hybrid DQN-DDPG DRL achieving the lowest AoI and the Random Solution having the highest AoI. The Meta-DRL 

models show an intermediate performance, with Meta-DRL with Fine-Tuning outperforming standard Meta-DRL but still lagging Hybrid 

DQN-DDPG DRL. Quantitatively, at 10 vehicles, the Random Solution starts at approximately 185 ms, while Meta-DRL starts around 140 

ms, Meta-DRL with Fine-Tuning at 120 ms, and Hybrid DQN-DDPG DRL at 100 ms. As the number of vehicles increases to 100, the 

Random Solution reaches about 160 ms, Meta-DRL drops to 110 ms, Meta-DRL with Fine-Tuning to 95 ms, and Hybrid DQN-DDPG 

DRL to about 80 ms. The performance gap between Hybrid DQN-DDPG DRL and Random Solution remains significant, approximately 

80 ms at all points. The figure shows that Meta-DRL with Fine-Tuning performs better than standard Meta-DRL but is still slightly less 

efficient than the Hybrid model. These results emphasize the advantage of reinforcement learning-based models in minimizing AoI, leading 

to fresher and more up-to-date information for vehicles in dynamic networks. A lower AoI means that data transmission delays are mini-

mized, allowing for real-time decision-making in vehicular networks. This is particularly important in intelligent transportation systems. 

Here, timely updates enhance safety, efficiency, and communication reliability. 

 

 
Fig. 3: AoI Versus Number of Vehicles. 

 

Figure 4 illustrates Power Consumption vs. Number of Vehicles for four models: Random Solution, Meta-DRL, Meta-DRL with Fine-

Tuning, and Hybrid DQN-DDPG DRL. As the number of vehicles increases, power consumption also increases for all models, indicating 

that more vehicles require higher energy for communication and data processing. However, the Hybrid DQN-DDPG DRL model consumes 

the least power, followed by Meta-DRL with Fine-Tuning, Meta-DRL, and finally, the Random Solution, which uses the most power. This 

trend highlights that reinforcement learning-based models optimize power consumption more efficiently than random strategies. Efficient 

power management is crucial in vehicular networks. Here, excessive energy consumption leads to higher operational costs and reduced 

system sustainability. Quantitatively, at 10 vehicles, the Random Solution starts at around 60 W, while Meta-DRL begins at approximately 

55 W, Meta-DRL with Fine-Tuning at 50 W, and Hybrid DQN-DDPG DRL at about 45 W. As the number of vehicles increases to 100, 

the Random Solution reaches 270 W, Meta-DRL approaches 200 W, Meta-DRL with Fine-Tuning stabilizes around 170 W, and Hybrid 

DQN-DDPG DRL remains at the lowest power consumption of about 140 W. This confirms that Hybrid DQN-DDPG DRL provides 

significant energy savings, consuming about 130 W less than the Random Solution at higher vehicle densities. The performance gap 

between the models widens as more vehicles are added, demonstrating that reinforcement learning-based approaches are more scalable and 

efficient. These results show that Hybrid DQN-DDPG DRL achieves the best balance between maintaining low power consumption while 

handling more vehicles effectively. The lower energy demand of Hybrid DQN-DDPG DRL makes it a more sustainable choice for large-

scale vehicular networks, reducing energy wastage while maintaining efficient performance. Energy-efficient communication is essential 

in next-generation intelligent transportation systems. Here, network scalability and reliability must be ensured without excessive energy 

costs. 
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Fig. 4: Power Consumption Versus Number of Vehicles. 

 

Figure 5 illustrates the relationship between Power Consumption (Watts) and AoI in ms for four models: Random Solution, Meta-DRL, 

Meta-DRL with Fine-Tuning, and Hybrid DQN-DDPG DRL. The Random Solution consistently consumes the highest power, maintaining 

values between 72 W and 75 W across all AoI values. Meta-DRL consumes between 55 W and 60 W, showing moderate power efficiency. 

Meta-DRL with Fine-Tuning achieves slightly lower power consumption, staying between 45 W and 50 W. Hybrid DQN-DDPG DRL 

consumes the least power, staying around 40 W to 42 W, making it the most energy-efficient model. These results suggest that reinforce-

ment learning-based methods significantly reduce power consumption compared to the Random Solution. Optimizing for lower power 

consumption ensures better resource management, and models like Hybrid DQN-DDPG DRL can be useful for sustainability in large-

scale vehicular networks. Random Solution: The Random Solution outperforms in terms of quantitative values, as it always remains above 

70 W regardless of AoI. On the other hand, the Meta-DRL is in the range from 55 W to 60 W with minor fluctuation, and the Meta-DRL 

with Fine-Tuning is slightly more energy-efficient and reaches a consumption level from 45 W to 50 W, while the power consumption 

level obtained by the Hybrid DQN-DDPG DRL outperformed all and was stable around 40 W with minor fluctuation. The power con-

sumption of the reinforcement learning models does not change significantly with different AoI values, which reflects the robustness of 

the energy management strategy against the fluctuations of information freshness. The performance gap between Hybrid DQN-DDPG 

DRL and the Random Solution is around 30 W to 35 W, highlighting the significant energy savings provided by reinforcement learning. 

These results confirm that Hybrid DQN-DDPG DRL is the most efficient approach, achieving the best balance between AoI optimization 

and energy consumption. Efficient power management is crucial in real-world vehicular networks, where excessive power usage leads to 

high operational costs. The ability of Meta-DRL and Hybrid DQN-DDPG DRL to minimize energy consumption while maintaining low 

AoI ensures a sustainable and scalable solution for intelligent transportation systems. 

 

 
Fig. 5: Power Consumption Versus AoI. 

 

Figure 6 illustrates Cumulative Reward vs. Training Iterations for four models: Random Solution, Meta-DRL, Meta-DRL with Fine-Tun-

ing, and Hybrid DQN-DDPG DRL. The cumulative reward increases for all models as the training iterations progress, which indicates that 

learning improves over time. However, the rate of improvement varies across models. Hybrid DQN-DDPG DRL consistently achieves the 

highest cumulative reward, followed by Meta-DRL with Fine-Tuning, Meta-DRL, and finally the Random Solution, which has the lowest 

cumulative reward. This result highlights the superiority of reinforcement learning models over the Random Solution, with Hybrid DQN-

DDPG DRL performing the best. A higher cumulative reward suggests better learning efficiency, meaning that Hybrid DQN-DDPG DRL 

optimizes the decision-making process more effectively than other models. Quantitatively, at 0 training iterations, the Random Solution 

starts at approximately -500, while Meta-DRL starts around -400, Meta-DRL with Fine-Tuning at -300, and Hybrid DQN-DDPG DRL at 

-200. As training progresses to 50 iterations, the Random Solution remains near -480, showing little improvement. Meta-DRL improves 

slightly to -350, while Meta-DRL with Fine-Tuning reaches -250. Hybrid DQN-DDPG DRL achieves the highest improvement, reaching 

close to -100 at 50 iterations. The performance gap between Hybrid DQN-DDPG DRL and the Random Solution is approximately 380 

reward points, confirming the significant advantage of reinforcement learning-based optimization. The faster convergence rate of Hybrid 

DQN-DDPG DRL indicates that it requires fewer training steps to reach an optimal policy compared to other models. The trend suggests 

that reinforcement learning-based models continue to improve over time, while the Random Solution remains inefficient. These results 

emphasize that Hybrid DQN-DDPG DRL is the most efficient approach, achieving the best balance between learning speed and overall 

system performance. The ability of reinforcement learning to maximize rewards ensures better real-time decision-making, making these 

models ideal for complex and dynamic vehicular networks. 



International Journal of Basic and Applied Sciences 277 

 

 
Fig. 6: Convergence Rate (Cumulative Rate Versus Training Iterations). 

 

Figure 7 illustrates PDR vs. Number of Vehicles for four models: Random Solution, Meta-DRL, Meta-DRL with Fine-Tuning, and Hybrid 

DQN-DDPG DRL. As the number of vehicles increases, the PDR decreases for all models, indicating network congestion and a higher 

risk of packet loss in dense vehicular networks. However, the Hybrid DQN-DDPG DRL model maintains the highest PDR, followed by 

Meta-DRL with Fine-Tuning, Meta-DRL, and finally the Random Solution, which has the lowest PDR. The superior performance of 

Hybrid DQN-DDPG DRL suggests that advanced reinforcement learning techniques improve packet transmission reliability compared to 

conventional methods. From a quantitative perspective, at 10 vehicles, the Random Solution starts at approximately 50% PDR, while Meta-

DRL starts at around 70%, Meta-DRL with Fine-Tuning at 78% and Hybrid DQN-DDPG DRL at 88%. As the number of vehicles increases 

to 100, the Random Solution drops sharply to about 30%, Meta-DRL falls to around 55%, Meta-DRL with Fine-Tuning reduces to 68%, 

and Hybrid DQN-DDPG DRL maintains a high PDR of nearly 80%. The performance gap between Hybrid DQN-DDPG DRL and the 

Random Solution is nearly 50% at higher vehicle densities, showing that reinforcement learning significantly improves network reliability. 

The Hybrid DQN-DDPG DRL model consistently outperforms other models by reducing packet loss. This ensures stable communication 

even in congested networks. These results confirm that Hybrid DQN-DDPG DRL is the most efficient model for vehicular networks, as it 

maintains high PDR while handling a large number of vehicles. Reliable packet delivery is crucial for intelligent transportation systems. 

Here, data accuracy and timely updates play a significant role in enhancing traffic safety and efficiency. 

 

 
Fig. 7: PDR Versus Number of Vehicles. 

 

Figure 8 illustrates PDR vs. Transmission Power for four models: Random Solution, Meta-DRL, Meta-DRL with Fine-Tuning, and Hybrid 

DQN-DDPG DRL. As transmission power increases, the PDR improves for all models, indicating that higher power allows for more 

reliable packet transmissions. However, the rate of improvement differs across models. Hybrid DQN-DDPG DRL consistently maintains 

the highest PDR, followed by Meta-DRL with Fine-Tuning, Meta-DRL, and the Random Solution, which performs the worst. The superior 

performance of Hybrid DQN-DDPG DRL suggests that advanced reinforcement learning models enhance packet transmission efficiency 

compared to conventional methods. Quantitatively, at 1 W transmission power, the Random Solution achieves only 42% PDR, while Meta-

DRL starts at around 58%, Meta-DRL with Fine-Tuning at 70% and Hybrid DQN-DDPG DRL at nearly 82%. As the transmission power 

increases to 10 W, the Random Solution reaches a maximum of about 55% PDR, Meta-DRL approaches 75%, Meta-DRL with Fine-

Tuning reaches 85% and Hybrid DQN-DDPG DRL achieves nearly 95%. This indicates that Hybrid DQN-DDPG DRL consistently de-

livers the highest packet success rate, with a performance gap of almost 40% compared to the Random Solution. The Hybrid DQN-DDPG 

DRL model effectively maximizes packet delivery while requiring less power compared to other models. The Meta-DRL models also 

improve PDR efficiently, but lag Hybrid DQN-DDPG DRL. The Random Solution performs the worst, showing that a non-optimized 

approach leads to significant packet loss even at higher transmission power levels. These results confirm that Hybrid DQN-DDPG DRL is 

the most efficient model for improving packet delivery performance, establishing stable and reliable communication in wireless vehicular 

networks. High PDR is crucial for intelligent transportation systems. Here, real-time data exchange is needed for efficient traffic manage-

ment and safety. 
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Fig. 8: PDR Versus Transmission Power. 

 

Figure 9 illustrates Training Time vs. Number of Vehicles for three models: Meta-DRL, Meta-DRL with Fine-Tuning, and Hybrid DQN-

DDPG DRL. As the number of vehicles increases, the training time increases for all models, indicating that a larger number of vehicles 

requires more computational resources and time to train the model. However, the Hybrid DQN-DDPG DRL model maintains the lowest 

training time, followed by Meta-DRL with Fine-Tuning, and then Meta-DRL, which has the highest training time. The Hybrid DQN-

DDPG DRL model exhibits superior computational efficiency, demonstrating that reinforcement learning optimization significantly re-

duces training complexity. Faster training enables real-time adaptability, making Hybrid DQN-DDPG DRL an essential choice for large-

scale vehicular applications. Quantitatively, at 10 vehicles, the Meta-DRL model requires approximately 500 seconds, while Meta-DRL 

with Fine-Tuning requires around 450 seconds, and Hybrid DQN-DDPG DRL needs about 400 seconds. As the number of vehicles in-

creases to 100, Meta-DRL reaches approximately 1500 seconds, Meta-DRL with Fine-Tuning takes about 1300 seconds, and Hybrid DQN-

DDPG DRL stabilizes at around 1100 seconds. The performance gap between Hybrid DQN-DDPG DRL and Meta-DRL is around 400 

seconds at 100 vehicles, highlighting the efficiency of the hybrid learning approach. The Meta-DRL with Fine-Tuning model also demon-

strates a noticeable reduction in training time compared to Meta-DRL, confirming that fine-tuning helps optimize learning speed. These 

results confirm that Hybrid DQN-DDPG DRL is the most efficient model for training reinforcement learning policies in large-scale vehic-

ular networks. Faster training times allow models to adapt more quickly to dynamic environments, making Hybrid DQN-DDPG DRL an 

ideal choice for real-time intelligent transportation systems. Lower training time also means reduced computational costs, making it a 

practical and scalable solution for real-world deployment. 

 

 
Fig. 9: Computational Efficiency (Training Time Versus Number of Vehicles). 

 

Figure 10 illustrates Reward vs. Number of Training Episodes for a reinforcement learning model. Initially, the episode reward fluctuates 

significantly, with values dropping as low as -150. However, as training progresses, the rewards steadily increase, indicating that the model 

is learning to make better decisions. Around 200 episodes, the average reward surpasses 0, showing a shift from negative to positive 

performance. After 600 episodes, the model stabilizes, with the average reward reaching above 100, suggesting that the model has learned 

an effective policy. The gradual reduction in fluctuations indicates that the model is becoming more confident in its actions, reducing 

uncertainty and improving decision-making over time. The convergence of the average reward line after 800 episodes suggests that the 

model has reached a near-optimal policy, showing minimal improvement beyond this point. Quantitatively, at 0 training episodes, the 

episode reward starts near -150 while the average reward remains negative in the early training phase. By 200 episodes, the average reward 

crosses the 0 threshold, and the episode reward shows less variation. By 1000 episodes, the average reward reaches approximately 150, 

while individual episode rewards fluctuate between 100 and 180. The gap between episode reward variations decreases over time, meaning 

that the learning process becomes more stable. The increasing reward trend confirms that reinforcement learning successfully optimizes 

decision-making over time. The high final reward value suggests that the model effectively maximizes its performance, making better 

decisions with more training. This result emphasizes the importance of long-term training in reinforcement learning, as the model requires 

many iterations to achieve optimal results and reduce variability in decision-making. Additionally, the smooth upward trend of the average 

reward curve shows that the learning process is progressing efficiently, allowing the model to make better predictions and adapt to its 

environment with increased training episodes. The gradual improvement over a large number of episodes also highlights the importance 

of patience in reinforcement learning as models require sufficient training time to reach the best performance and avoid suboptimal early 

decisions. 
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Fig. 10: Learning Curves: Hybrid DQN-DDPG DR Model. 

 

Figure 11 illustrates Total Training Steps vs. Trade-off Parameter (ζ) for three models: Meta-DRL, Meta-DRL with Fine-Tuning, and 

Hybrid DQN-DDPG DRL. The Meta-DRL model requires the most training steps, consistently staying above 3.5 × 10⁵ steps with some 

variations. Meta-DRL with Fine-Tuning reduces the required steps staying around 2.5 × 10⁵ to 3 × 10⁵ steps. The Hybrid DQN-DDPG 

DRL model requires the fewest training steps, consistently staying below 2 × 10⁵ steps, showing a significant reduction in computational 

effort. This trend indicates that Hybrid DQN-DDPG DRL is the most efficient model, achieving optimal performance with fewer training 

steps compared to the other models. Quantitatively, at ζ = 0, the Meta-DRL model starts at around 4 × 10⁵ steps, while Meta-DRL with 

Fine-Tuning starts around 2.7 × 10⁵ steps, and Hybrid DQN-DDPG DRL begins at 2 × 10⁵ steps. As ζ increases, the required training steps 

for all models decrease, with Meta-DRL reaching around 3.2 × 10⁵ steps at ζ = 1, Meta-DRL with Fine-Tuning stabilizing near 2.3 × 10⁵ 

steps, and Hybrid DQN-DDPG DRL requiring the fewest steps at around 1.5 × 10⁵. The performance gap between Hybrid DQN-DDPG 

DRL and Meta-DRL is nearly 2 × 10⁵ steps across different trade-off values, confirming that Hybrid DQN-DDPG DRL requires signifi-

cantly fewer training steps to converge. This reduction in training steps is beneficial as it lowers computational costs and speeds up the 

learning process. The Meta-DRL with Fine-Tuning model also shows an improvement over standard Meta-DRL, but it still requires more 

steps than Hybrid DQN-DDPG DRL. These results suggest that Hybrid DQN-DDPG DRL is the best model for efficient training, achieving 

the desired performance with minimal training steps, making it ideal for large-scale and real-time applications. 

  

 
Fig. 11: Total Training Steps to Obtain the Pareto Front. 

 

Figure 12 illustrates Policy Adaptation Efficiency vs. Training Iterations for four models: Random Solution, Meta-DRL, Meta-DRL with 

Fine-Tuning, and Hybrid DQN-DDPG DRL. As training progresses, all models improve adaptation efficiency but at different rates. The 

Hybrid DQN-DDPG DRL model achieves the highest efficiency, reaching nearly 75% after 1000 training iterations. The Meta-DRL with 

Fine-Tuning model follows, stabilizing around 55%. The Meta-DRL model lags at 40%, while the Random Solution struggles to exceed 

20%. These trends suggest that Hybrid DQN-DDPG DRL is the fastest-learning and most effective model for policy adaptation. The ability 

of Hybrid DQN-DDPG DRL to learn quickly makes it suitable for applications requiring fast decision-making in real-time environments. 

Quantitatively, at 0 training iterations, the Random Solution starts below 5% efficiency while Meta-DRL begins at around 10%, Meta-

DRL with Fine-Tuning at 15% and Hybrid DQN-DDPG DRL at approximately 20%. By 200 iterations, the Hybrid DQN-DDPG DRL 

model rapidly increases to 60% efficiency, Meta-DRL with Fine-Tuning reaches 50%, Meta-DRL stabilizes near 35% and the Random 

Solution remains below 15%. As training reaches 1000 iterations, the Hybrid DQN-DDPG DRL model achieves 75% efficiency, showing 

the fastest and most stable improvement. The Meta-DRL with Fine-Tuning model improves but plateaus at 55% while Meta-DRL remains 

around 40%. The Random Solution shows the slowest adaptation, barely reaching 20% even after extensive training. These results confirm 

that Hybrid DQN-DDPG DRL learns policies more effectively and adapts to new conditions significantly faster than other models. The 

steep initial rise in efficiency for Hybrid DQN-DDPG DRL highlights its ability to quickly generalize and optimize performance, making 

it the best model for reinforcement learning applications. A higher policy adaptation efficiency means better decision-making in dynamic 

environments secure real-time adaptability in intelligent systems. Faster adaptation translates to better response times in real-world appli-

cations like autonomous driving, network optimization, and robotic control systems. Here, quick adjustments to changing conditions are 

essential. 

 

 
Fig. 12: Policy Adaptation Efficiency Versus Training Iterations. 
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8. Conclusion 

This paper introduced a reinforcement learning-based approach to optimize vehicular networks by integrating Meta-RL. The proposed 

framework effectively reduced the AoI, improved power efficiency, and enhanced adaptability in dynamic vehicular environments. The 

findings demonstrated that Meta-RL significantly outperformed traditional reinforcement learning models like DQN and DDPG in terms 

of both learning efficiency and real-time decision-making. Power consumption is another fundamental challenge in vehicular communica-

tion networks. The proposed approach efficiently allocated transmission power according to varying network conditions. it optimizes en-

ergy usage without compromising update frequency. It balanced power allocation to maintain system performance. This capability is par-

ticularly useful in energy-constrained environments. Here, power resources must be managed carefully. By dynamically adjusting power 

levels in response to changes in traffic density and network load, Meta-RL achieved substantial energy savings compared to conventional 

reinforcement learning models. The study also examined the reliability of data transmission by evaluating packet delivery performance. 

Meta-RL optimized update scheduling and reduced packet loss, thereby improving the overall quality of service in vehicular networks. 

The ability to maintain high data delivery rates even in congested traffic scenarios highlights the robustness of the proposed approach. 

Overall, the research findings emphasize that Meta-RL provides a promising solution for enhancing vehicular communication efficiency. 

The model’s ability to quickly adapt to network changes while minimizing AoI and optimizing energy consumption makes it a strong 

candidate for future smart transportation systems. By integrating machine learning with real-time vehicular communication strategies, this 

approach offers significant improvements over traditional reinforcement learning models. Future research explores additional enhance-

ments to Meta-RL by incorporating more advanced deep learning techniques to refine decision-making processes. Additionally, real-world 

testing and large-scale implementation of the proposed system would help validate its effectiveness in practical vehicular network scenarios. 

The findings of this research contribute to the ongoing advancement of intelligent transportation systems, making vehicular communication 

networks more reliable, efficient, and adaptive to real-time challenges. 
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