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1. INTRODUCTION 

This has made the process of managing resources much 
more complicated with the fast development of 
wireless communication at next-generation networks, 
5G and the emerging 6G systems, which feature an 
ultra-dense deployment, a heterogeneous device base, 
and a wide range of Quality of Service (QoS) needs. It is 
important to efficiently distribute limited resources of 
these networks including spectrum, transmission 
power, and bandwidth to maintain high data rates, 
ultra-low latency, and energy efficiency [1], [2]. Yet, 
the time-varying channel conditions, coupled with 
changing traffic demand, result in dynamic and highly 
unpredictable wireless environments that have become 
very challenging to traditional resource allocation 
methods. Conventional methods, such as optimization-
based and heuristic methods tend to assume simplified 
system models and worsted conditions, and are not 

suitable in real time adaptation in complex network 
situation [3], [4]. These techniques do not usually 
perform optimally when there is uncertainty and are 
unable to react well to sudden shifts in the 
environment. The techniques of machine learning, 
especially reinforcement learning (RL) in the 
management of wireless resources have been studied 
recently as they can develop optimal policies through 
interactions with the environment [5], [6]. 
Nevertheless, the current RL-based methods have a 
number of limitations in spite of these improvements. 
Most research concentrates on problem solving of 
single-objective optimization, including throughput 
maximization or power minimization, not taking into 
account trade-offs between various performance 
measures [7]. Also scalability and real time adaptability 
are still issues of concern, particularly in large scale 
and heterogeneous wireless networks [8]. Moreover, a 
number of works do not provide a thorough comparison 
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of the results with the baseline techniques, and do not 
reflect the realistic system constraints. 

To overcome these shortcomings, this paper will 
introduce the idea of a reinforcement based learning 
adaptive resource management framework that also 
dynamically allocates network resources in different 
conditions. The Markov Decision Process (MDP) is used 
which formulates the problem and a Deep Q-Network 
(DQN) is used to facilitate effective and scalable 
decision-making. The proposed strategy will closely 
optimize the throughput, latency, and energy 
efficiency, as a potential solution to the next 
generation of wireless communication systems. 

Contributions 

The key contributions of this work can be summarized 
as the following ones: 

• Creation of a reinforcement learning based 
adaptive resource management model of dynamic 
wireless environments.  

• Formulation of resource allocation problem as 
Markov Decision Process (MDP).  

• Architecture and code development on a Deep Q-
Network (DQN) to make decisions in real-time.  

• Multi-objective optimization with throughput, 
latency and energy efficiency.  

• Extensive performance analysis in comparison with 
traditional optimization and heuristic-based 
schemes. 

 

2. RELATED WORK 

Classical optimization techniques, game-theoretic 
models and algorithms based on heuristics have 
extensively been used in resource management in 
wireless communication networks. Traditional methods 
of power and spectrum allocation have been convex 
optimization and water-filling, but these techniques 
typically make the assumption of constant channel 
conditions, and they need the model of a system with 
numerous accurate parameters, which is generally 
difficult to compute in the dynamic case [11], [12]. 
Game-theoretic models have been applied to describe 
the behavior of users and base stations too, but it has 
convergence problems and can be computationally 
expensive in large networks [13]. Rule-based and 
heuristic algorithms are less in computational 
overhead, but usually perform poorly because of their 
inability to change as the network conditions change 
over time [14]. Such restrictions have triggered the 
implementation of machine learning processes to 
handle intelligent management of resources. The latest 
developments in reinforcement learning (RL) have 
demonstrated a great prospect in the field of wireless 
systems. The RL-based solutions have focused on 
controlling power, spectrum allocation, and user 
scheduling issues, which have allowed them to make 
decisions adaptively to uncertainty [15], [16]. 

Conventional forms Deep reinforcement learning (DRL), 
especially Deep Q-Networks (DQN) and policy gradient 
techniques, can also enhance performance with high-
dimensional state and action spaces [17], [18]. As an 
example, DRL-based resource allocation algorithms 
have been shown to be 2x spectral efficiency and 10x 
latency efficient in dense network conditions. Although 
these improvements have been made, there are still a 
number of difficulties. Numerous currently available 
works are on single-objective optimization, i.e. 
optimization of throughput or power consumption, but 
fail to consider trade-off between various performance 
measures [9]. Also, large-scale, heterogenous networks 
face scalability problems, and centralized RL models 
cannot computeally adequately deal with the 
complexity of their computational problems, or with 
the issue of convergence stability [10]. Moreover, not 
all studies provide a detailed comparison with 
traditional approaches and do not consider the realistic 
constraints in the form of energy constraints and QoS 
demands. 

To address these shortcomings, the following paper 
suggests a multi-objective reinforcement learning-
based adaptive resource management system, which 
jointly optimizes throughput, latency and energy 
efficiency, and is scalable and adaptable to real-time. 
 

3. SYSTEM MODEL 

This paper views a next generation wireless 
communication network as one that consists of Nusers 
and Mbase stations within limited spectral and energy 
levels. It assumes the network environment as dynamic 
and user needs, channel conditions, and traffic loads 
change with time. They all vie against each other in 
terms of access to common resources, such as 
bandwidth and transmission power, so the allocation of 
these resources with high efficiency is critical to 
ensuring Quality of Service (QoS). 

The wireless channel between user 𝑖and base station 𝑗is 
modeled using a standard fading channel 
representation, where the channel gain is denoted as 

ℎ𝑖 ,𝑗 . The system assumes additive white Gaussian noise 

(AWGN) with noise power 𝑁0. Based on the Shannon 
capacity theorem, the achievable data rate for user 𝑖is 
expressed as: 

𝑅𝑖 = 𝐵𝑖 log⁡2  1 
𝑃𝑖ℎ𝑖 ,𝑗

𝑁0

 ______________________________(1) 

where 𝐵𝑖represents the allocated bandwidth and 

𝑃𝑖denotes the transmission power assigned to user 𝑖. 
The model takes into consideration practical 
constraints to make it feasible. The available 
bandwidth in total is constrained in such a way that: 

 𝐵𝑖

𝑁

𝑖=1

≤ 𝐵__________________________(2) 
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and the transmission power for each user is bounded 
by: 

0 ≤ 𝑃𝑖 ≤ 𝑃max _____________________(3) 
In addition to throughput, the system accounts for 

latency and energy consumption. Latency 𝐿𝑖 is modeled 
as a function of queue length and service rate, while 

energy consumption 𝐸𝑖depends on transmission power 
and duration. The overall system objective is to 
maximize network performance while balancing these 
competing factors. 

 

4. PROBLEM FORMULATION 

The resource management issue is expressed as a time-
dependent or sequence of decision making in an 
uncertain environment a Markov Decision Process 
(MDP). The MDP framework can be used to use the 
dynamics of time and varieties of resource allocation 
schemes according to changing network conditions. Fig. 
1 demonstrates the interaction the agent and the 
wireless surrounding such as state transitions, action 

selection, and reward feedback.At each time step 𝑡, 
the system observes a state 𝑆𝑡, which encapsulates 
relevant network information, including channel gains, 
queue lengths, and user traffic demands. Based on this 

state, the agent selects an action 𝐴𝑡, representing the  

allocation of resources such as bandwidth and 
transmission power to users.The objective is to 

determine an optimal policy 𝜋∗that maximizes the 
expected cumulative reward over time. To do so, a 
reward function is specified to represent the trade-offs 
among throughput, latency and energy efficiency. The 
reward components are normalized to ascertain 
numerical stability and equalized learning as follows: 

𝑅𝑡 = 𝛼
𝑅𝑖

𝑅max

− 𝛽
𝐿𝑖

𝐿max

− 𝛾
𝐸𝑖

𝐸max

__________________________(4) 

where 𝛼, 𝛽, 𝛾are weighting coefficients that control the 
importance of each metric, and 

𝑅max , 𝐿max , 𝐸max represent normalization constants. This 
formulation ensures that no single metric dominates 
the learning process. 

The optimal policy is obtained by maximizing the 
expected discounted reward: 

𝜋∗ = arg⁡max⁡𝔼   𝛿𝑡

∞

𝑡=0

𝑅𝑡 __________________________(5) 

where 𝛿is the discount factor that determines the 
importance of future rewards. This formulation allows 
the agent to learn long-term optimal strategies rather 
than short-sighted decisions. 

 
Fig. 1. Markov Decision Process (MDP) Interaction Model for RL-Based Resource Management 

 

5. PROPOSED REINFORCEMENT LEARNING-BASED 
FRAMEWORK 

In order to solve the formulated MDP, Deep Q-Network 
(DQN) that is a combination of reinforcement learning 
and deep neural networks is used to solve it by working 
with high-dimensional state spaces. Fig. 2 shows the 
general structure of the proposed adaptive resource 
management, which uses reinforcement learning to 
operate. The DQN is an approximation of the best 
action-value function Q(s,a), the expected total reward 
taken by action a in state s. 

The Q-function can be defined as: 

𝑄(𝑠, 𝑎) = 𝔼  𝑅𝑡 + 𝛿𝑚𝑎𝑥
𝑎 ′

𝑄 𝑠 ′, 𝑎′  ___________________(6) 

where 𝑠 ′is the next state and 𝑎′represents possible 
future actions. The DQN uses a neural network 
parameterized by 𝜃to approximate this function. To 
stabilize training, a target network with parameters 

𝜃−is employed, and the loss function is defined as: 

𝐿(𝜃) = 𝔼   𝑅𝑡 + 𝛿𝑚𝑎𝑥
𝑎 ′

𝑄 𝑠 ′, 𝑎′; 𝜃− 

− 𝑄 𝑠, 𝑎; 𝜃  
2
 ______________(7) 

Learning means that there is a back and forth with the 
environment. On every time step, the agent perceives 
the state at hand and chooses an action based on an ε-
greedy policy, which strikes a balance between 
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exploration and exploitation. The chosen action is 
implemented and the reward obtained and successive 
state are monitored. The experiences are saved in a 
replay memory buffer that mini-batches are sampled to 
train the network. 

The replay of experience makes the successive samples 
[samples] uncorrelated and creates more stability in 
learning, whereas the target network prevents 
oscillations in training. The Q-network parameters are 

trained with the help of stochastic gradient descent in 
order to reduce the loss function. This general 
procedure is repeated until convergence where 
resource allocation decisions can be made in real-time 
by the trained model. The suggested framework will 
allow the adaptation to the changing conditions in the 
network, which are dynamic and will guarantee an 
efficient and intelligent management of the available 
resources. 

 

 
Fig. 2. Reinforcement Learning-Based Adaptive Resource Management Framework for Next-Generation Wireless Networks 

 

5.1 Algorithm Pseudocode 

The presented adaptive resource management 
framework based on reinforcement learning is 
executed through a Deep Q-Network (DQN) wherein the 
agent has to constantly interact with the wireless 
network setting in order to acquire the most effective 
resource allocation policy. The algorithm starts with 
the setup of the replay memory and Q-network 
parameters. In every episode of the training, the 
environment state is perceived, an action is chosen 
based on an ε-greedy exploration policy, and the 
reward achieved and the following state are received. 
Replay memory keeps the transition tuple and mini-
batches are used to update Q-network weights. A 
target network will be periodically updated to stabilize 
learning. 
 

Algorithm 1: DQN-Based Adaptive Resource 
Management 

Input: Number of users 𝑁, number of base stations 𝑀, 
bandwidth 𝐵, maximum power 𝑃max , discount factor 𝛿, 

exploration rate 𝜀, replay memory size 𝐷, mini-batch 

size 𝐾 

Output: Optimal policy 𝜋∗for adaptive resource 
allocation 

1. Initialize replay memory 𝒟with capacity 𝐷 

2. Initialize Q-network with random weights 𝜃 
3. Initialize target Q-network with weights 𝜃− = 𝜃 
4. For each episode do  
5.   Reset the wireless environment  

6.   Observe initial state 𝑆𝑡  

7.   For each time step 𝑡do  

8.    With probability 𝜀, select a random action 𝐴𝑡 
9.    Otherwise, select  

𝐴𝑡 = arg⁡max⁡
𝑎

𝑄(𝑆𝑡 , 𝑎; 𝜃) 

10.    Execute action 𝐴𝑡in the environment  

11.    Observe reward 𝑅𝑡and next state 𝑆𝑡+1 
12.    Store transition  𝑆𝑡

 𝐴𝑡
 𝑅𝑡

 𝑆𝑡+1 in replay 

memory 𝒟 

13.    Randomly sample a mini-batch of 𝐾transitions 

from 𝒟 
14.    Compute target value  

𝑌𝑡 = 𝑅𝑡 + 𝛿max⁡
𝑎 ′

𝑄(𝑆𝑡+1, 𝑎′; 𝜃−) 

15.    Update Q-network parameters by minimizing  

𝐿(𝜃) =
1

𝐾
  𝑌𝑘 − 𝑄(𝑆𝑘 , 𝐴𝑘 ; 𝜃) 2

𝐾

𝑘=1

 

16.    Every 𝐶steps, update target network:  

𝜃− ← 𝜃 
17.    Set 𝑆𝑡 ← 𝑆𝑡+1 
18.   End for  
19. End for  
20. Return learned policy 𝜋∗ 

This algorithm enables the agent to learn optimal 
power and bandwidth decisions made to allocate power 
and bandwidth in the face of dynamically varying 
channel and traffic scenarios. 
 

5.2 Complexity Analysis 

The main components of proposed DQN based resource 
management framework that determine the 



IAECES Journal of Electronics and Communication Engineering |Jan - Dec 2026 

 

 

109 

K. Maidanov : Reinforcement Learning-Based Adaptive Resource Management in Next-Generation Wireless Communication 

Networks 

 

 
 

computational complexity of this framework are; the 
training process of the neural network, the action 
selection mechanism, and the replay memory updates. 
In every decision step, the forward step to make an 
action choice is determined by the size of the Q-
network. Should the neural network be characterized 
by Llayers and nlneurons in the lth layer, the 
complexity of inference can be estimated as: 

𝒪   𝑛𝑙

𝐿−1

𝑙=1

𝑛𝑙+1 ______________________________(8) 

The same computational burden is approximately 
doubled in the backpropagation process during 
training, which makes the training complexity 
proportional, but with a higher constant. With a replay 
mini-batch size of K, an update complexity of a single 
iteration is: 

𝒪  𝐾  𝑛𝑙

𝐿−1

𝑙=1

𝑛𝑙+1 ____________________________(9) 

The replay buffer is in charge of the memory 
complexity. Assuming that the information stored in 
each transition consists of state, action, reward and 
next-state information, and that the memory capacity 
is D, the storage requirement is: 

𝒪(𝐷 ⋅∣ 𝑆 ∣)____________________(10) 
where ∣ 𝑆 ∣denotes the dimensionality of the state 
space. 

Moreover, when the action space consists of actions of 

∣A|resource allocation possibilities, then the action 
selection step must be evaluated over these actions, 
which in large-scale systems may be expensive to do. 
Thus, the overall online complexity per decision epoch 
can be denoted as: 

𝒪  ∣ 𝐴 ∣   𝑛𝑙

𝐿−1

𝑙=1

𝑛𝑙+1 ___________________(11) 

As computationally intensive as it is, the training stage 
is done offline. Upon training, the model aids quick 
inference and can be executed to allocate resources 
adaptively in real-time. This renders the suggested 
method feasible to next generation wireless systems, 
where speedy decision-making is essential. 

 

5.3 Simulation Environment and Tools 

The suggested framework is simulated with the help of 
a mixture of MATLAB, Python, and NS-3 to guarantee 
the adaptability of algorithms and authentic network 
conduct. MATLAB can be applied in the initial system-
level modeling, numerical validation of mathematical 
expressions, and performance visualization. The Deep 
Q-Network is implemented and trained with Python 
along with deep learning frameworks, like TensorFlow 
or PyTorch, because it is flexible in terms of neural 

network architecture and reinforcement learning 
demonstrations. NS-3 is used to model realistic wireless 
network conditions, such as mobility of the users, 
channel variation, traffic dynamics and interaction of 
the base stations. The simulation environment will be 
made up of a number of users and base stations that 
will be simulated to be limited and have low bandwidth 
and transmission power. The wireless channel is 
characterized as having stochastic-fading and additive 
white Gaussian noise. This simulated environment 
communicates with the RL agent, over a series of 
episodes, the learning policies are formed by observing 
the states of the channels, the length of the queues 
and the demands of the users. It is assessed based on 
performance throughput, latency, spectral efficiency 
and energy consumption. MATLAB, Python and NS-3 
integration offers a powerful evaluation system. 
MATLAB is useful in verifying the theory, Python can be 
useful in the efficient training of RL model, and NS-3 is 
useful in ensuring that the conditions of the network 
are more realistic. This multi-tool simulation plan 
builds on the correctness and replicability of the 
proposed study. 
 

6. RESULTS AND DISCUSSION 

6.1 Simulation Setup 

The effectiveness of the suggested reinforcement 
learning-based resource management system was 
tested with the help of a simulated environment of a 
wireless network. The system comprises of 50 users 
talking to a number of base stations with limited 
bandwidth and power conditions. The available 
bandwidth will be configured to 20 MHz, and the noise 
power is assumed to be at -174 dbm which compares to 
the standard therma noise levels in wireless 
communication systems. The suggested strategy is 
realized with the help of a Deep Q-Network (DQN) 
which is trained at different episodes till the 
convergence. Tuning of the learning rate, discount 
factor, and exploration parameters are done using 
empiricism to maintain a steady learning behavior. The 
simulation environment takes into account dynamic 
variations in the channel and stochastic traffic needs to 
simulate real network conditions. 
 

6.2 Performance Metrics 

Three key performance measures are used to analyze 
the evaluation: 

• Throughput (Mbps): It is a measure of the total 
rate of the system.  
• Latency (ms): This is the average latency used by 
users.  
• Energy Consumption (Joules): This is a measure 
of efficiency in the use of power.  
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The aggregate of these metrics helps to reflect the 
trade-offs between the system performance and 
resource efficiency. 
 

 

6.3 Comparative Analysis 

The proposed RL-based approach is compared with 
conventional optimization-based and heuristic-based 
resource allocation methods. Table 1 summarizes the 
results. 

 
Table 1. Performance Comparison of Resource Allocation Methods 

Method Throughput (Mbps) Latency (ms) Energy (J) 

Conventional 45 30 120 

Heuristic 52 25 105 

Proposed RL 68 18 82 

 
Graphical plots of throughput, latency and energy 
consumption are drawn in Fig. 3- Fig. 5 to further 
depict the comparative performance. 
 

 
Fig. 3. Throughput Comparison of Resource Allocation 

Methods 
 

 
Fig. 4. Latency Comparison of Resource Allocation Methods 

 

 
Fig. 5. Energy Consumption Comparison of Resource 

Allocation Methods 

6.4 Result Interpretation 

The findings of the proposed RL-based framework are 
clear proof of its success in the allocation of resources. 
The RL approach has a throughput that is on average 30 
to 35 percent greater than traditional methods, and 25 
percent greater than heuristic methods. This 
enhancement is explained by the fact that the DQN 
model can learn the optimal allocation strategies on 
the real-time network conditions. Latency The 
proposed method results in a significant reduction in 
latency, as compared to a conventional system: 30 ms 
to 18 ms. This decrease shows that the RL agent can 
effectively give priority to the allocation of resources 
to delay-sensitive users, which enhances Quality of 
Service (QoS). The consumption of energy is also 
reduced, with the RL-based method having energy 
savings of about 30 percent over conventional 
methods. This illustrates that the model can be able to 
balance between performance and power efficiency 
which is important in next-generation wireless 
networks. 
 

6.5 Comparison with Existing Studies 

The results obtained are in agreement with other 
recent works that use reinforcement learning in 
managing wireless resources. Previous literature has 
demonstrated that the RL-based models have a higher 
performance rather than the traditional methods in 
dynamic environments because they are more 
adaptable and can self-learn. Nevertheless, most of the 
current literature addresses single-objective 
optimization, but the proposed framework does the 
optimization of throughput, latency, and energy 
efficiency simultaneously. This multi-objective 
optimization enables it to be of great benefit as 
compared to the current techniques. 
 

7. DISCUSSION 

The suggested reinforcement learning-based framework 
is highly adaptive to changing and unpredictable 
wireless network conditions. With the learning ability 
of Deep Q-Networks, the system is able to progressively 
optimize the decision-making policy which in turn 
results in the efficient use of resources and high-
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performance of the system. In contrast to the statical 
optimization methods, the RL-based scheme does not 
assume any previous knowledge of the environment and 
can dynamically adapt to the conditions in different 
channels and traffic requirements. This is very 
appropriate in next-generation wireless networks 
where heterogeneity and variability are the key 
aspects. Nevertheless, some challenges are presented 
by the proposed approach. The computational 
resources needed in the training process can be very 
high and convergence delays can be realized especially 
when the network size is large. Also, the model can be 
properly tuned (hyperparameters like learning rate and 
exploration strategy) to be performed. The next 
research directions are the combination of multi-agent 
learning reinforcement of distributed decisions, 
federated learning of privacy-sensitive learning, and 
edges-based deployment of real time inference. These 
additions could also contribute to the greater 
scalability, efficiency, and feasibility of the prospective 
framework. 
 

CONCLUSION 

This paper introduced an adaptive resource 
management framework based on reinforcement 
learning framework to overcome the challenges of 
resource-constrained and dynamic next-generation 
wireless communication networks. The proposed 
solution allows adapting to changing conditions of the 
network on an intelligent and real-time basis by 
modeling the resource allocation problem as a Markov 
Decision Process and using a Deep Q-Network to make 
decisions. The framework combines well with various 
performance goals such as throughput maximization, 
latency reduction, and energy efficiency, thus offering 
a balanced and scalable solution to the contemporary 
wireless systems. As simulation shows, the proposed 
methodology is mostly better than the traditional and 
heuristic-based methods and generates significant 
enhancement in throughput, significant decrease in 
latency, and an increase in energy consumption 
efficiency. These results confirm that reinforcement 
learning can be used effectively to manage 
complicated stochastic environments that conventional 
approaches would not offer optimal performance. 
Besides the performance benefits, the new framework 
is also flexible and extensible and can be used in 
heterogeneous and large scale wireless worlds. 
Nevertheless, some constraints still exist, especially 
with regard to the complexities of computation and 
convergence of the training process in extremely 
dynamic environments. The study could be improved in 
future research with the addition of multi-agent 
reinforcement learning to allow distributed decision-
making among multiple entities of the network and 
federated learning to guarantee privacy-sensitive and 
scalable model training. Moreover, low-latency 
inference can be supported by integration with edge 

computing architectures, and practical applicability 
can be enhanced in next-generation communication 
systems by implementing in real-time hardware. These 
guidelines offer a solid basis on the way forward of 
having intelligent and autonomous resource 
management in the future wireless networks. 
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