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SUMMARY 

Large-Scale Heterogeneous Networks (HetNets) are needed to deliver high capacity and reliable 

connectivity, as wireless communication demands. Nevertheless, the high density and diversity of base 

stations in the settings pose a great challenge in terms of Energy Efficiency (EE), Load Balancing (LB), 

and Interference Management (IM). Conventional centralized architectures are usually not scalable and 

do not adjust to the dynamism of networks. This study suggests using EELBA-MARL (Energy Efficient 

Load Balancing and Interference Aware User Association in Large-Scale HetNets Using Distributed 

Multi-Agent Reinforcement Learning), which is a framework that is decentralized to be optimized in a 

scaled manner. With the help of the Distributed Multi-Agent Reinforcement Learning (MARL), the model 

allows base stations to be independent agents that learn the best user association and resource allocation 

policies, based on the local network conditions. As proven by the results of the experiment,                       

EELBA-MARL gets better scores on all the most important measurements than the traditional 

benchmarks like IAW, PF, and IRA. The balance of the framework reached almost an ideal equilibrium 

with a Fairness and Load Balance of 0.989. It is also worth noting that it had an overall Total Power 

Consumption of 7.04 W, which considerably lowered the environmental impact with an overall Total 

Throughput of 4929.54 Mbps. The model was highly efficient in small cells with a high Pico Energy 

Efficiency of 3838.76 b/J, which is significantly better than the IAW (3610.29 b/J) and PF (3214.7 b/J) 

algorithms. The sensitivity and ablation experiments also confirmed the strength of the combined reward 

mechanism in the adjustment of interference reduction and energy conservation. These results verify that 

EELBA-MARL offers an efficient, scalable, and autonomous remedy in the upgrading of resource 

assignment and sustainable performance in next-generation 5G-and-beyond HetNets. 

Key words: energy efficiency, load balancing, heterogeneous networks, multi-agent reinforcement 

learning, user association, interference management. 
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INTRODUCTION 

HetNets Large-Scale Heterogeneous Networks (HetNets) have become a prominent solution to satisfy 

the requirements of high-capacity, low-latency, and more reliable wireless connectivity in contemporary 

mobile networks. HetNets, through the combination of various areas of base stations including 

microcells, small cells, and femtocells, contribute tremendously to coverage, capacity, and throughput 

[1][2]. The combination of these varied access points, however, creates a lot of difficulty, mainly because 

of the complexity of interactions between them, the different conditions of channels, and the changing 

traffic patterns of the users. Energy Efficiency (EE), Load Balancing (LB), and Interference 

Management (IM) are some of the main issues in HetNets [3][4]. 

Energy Efficient Load Balancing (EELB) is essential to the reduction of energy consumption and high 

system performance at the same time. The significance of energy efficiency is increasing with the 

expansion of the network infrastructure and the increase in the price of energy, since it requires 

sustainable solutions that will lower the operational costs [5][6]. The old models usually emphasize 

throughput maximization or interference minimization, but not energy consumption, and this causes 

needless energy wastage. Further, Load Balancing makes sure that the traffic is spread equally in the 

network, thus avoiding congestion and facilitating effective transmission of data [7][8]. Nevertheless, 

the classical models do not tend to dynamically revise the allocation of loads, particularly when faced 

with varying traffic requirements. The Interference-Aware User Association (IAUA) is necessary in 

reducing interference within dense HetNet settings that can cause drastic performance degradation. The 

traditional methods of interference management are usually fixed and cannot easily adjust to any 

dynamic changes in the network topology or traffic pattern [9][10]. 

The existing models, like P-DQN and the Distributed DA game, provide solutions to these issues 

partially but are limited in a number of aspects. P-DQN deals with power control and user association, 

which is based on reinforcement learning, although it does not solve the issues of interference 

management and energy efficiency in large-scale HetNets completely [11][12]. Furthermore, even 

though the Distributed DA game is a decentralized method to distribute resources, it can be found to be 

ineffective in taking into consideration the real-time dynamic quality of HetNets and cannot coordinate 

resource consumption and load distribution at the same time [13][14]. The huge drawback of these extant 

models is that they are not capable of effectively controlling all the competing factors, energy, load, and 

interference, as far as large and complicated networks are concerned. Also, the models usually have 

centralized control or lack coordination between base stations, which may add overhead and prevent 

scalability [15]. 

The model suggested EELBA-MARL (Energy Efficient Load Balancing and Interference Aware User 

Association in Large-Scale HetNets Using Distributed Multi-Agent Reinforcement Learning) eliminates 

these problems by offering a decentralized, scalable approach in which numerous intelligent agents          

(as representatives of base stations) independently and jointly optimize the network parameters [16][17]. 

EELBA-MARL builds on the principles of Distributed Multi-agent reinforcement learning (MARL) that 

allows agents to develop optimal strategies in terms of user association, interference mitigation, and 

power control that would result in minimum energy consumption and optimal load distribution. Unlike 

current models, EELBA-MARL can generalize to the dynamism of HetNets and, thus, make real-time 

decisions and coordination without requiring a centralized control system [18]. 

In EELBA-MARL, all the agents can autonomously modify their parameters (e.g., power levels, user 

associations, and load distribution) according to the local observations, so no overhead is required by 

centralized control. The agents employ the reinforcement learning algorithms, including Q-learning, 

which enables them to enhance their strategies over time. EELBA-MARL has better Energy Efficiency, 

Load Balancing, and Interference Management than other solutions due to its emphasis on                       

energy-efficient load balancing and the awareness of interference users to associate with. 
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Key Contribution 

• To model user association and resource allocation as a multi-agent reinforcement learning problem 

in heterogeneous networks. 

• To design and implement a MARL-based framework for efficient user association and resource 

allocation, where base stations (BSs) or access points (APs) act as autonomous agents. 

• To evaluate the performance of the proposed framework under varying network conditions, 

including user density, mobility patterns, and interference. 

• To compare the performance of the MARL-based approach with traditional methods, such as 

centralized optimization techniques and heuristic approaches, in terms of throughput, energy 

efficiency, and Fairness.   

Section I introduces the research topic and outlines the key contributions. Section II presents a literature 

review of previous papers. Section III explained that the overall architecture diagram consists of a 

heterogeneous network, a distributed multi-agent RL for energy-efficient load balancing, and inference-

aware user associations, including states, actions, rewards, outputs, and algorithms for distributed                 

multi-agent RL for load balancing and user associations. Also explained about large-scale HetNets using 

distributed Multi-agent RL, data flow diagram about the proposed model, and also explained the 

proposed algorithms. Section IV presented the results, and the discussion section includes the dataset 

description, simulation setup, parameter initialization table, metric evaluation, and performance 

comparisons across various metrics. Section V explained the main summary and key findings of this 

research. 

LITERATURE REVIEW 

Resource management in Heterogeneous Networks (HetNets) has been recognized as a core issue in 

wireless communications, driven by the need to support high capacity, low latency, and reliable 

connectivity with the introduction of 5G/6G networks [19][20]. Nonetheless, combining these various 

access points is extremely challenging, especially in the context of Energy Efficiency (EE), Load 

Balancing (LB), and Interference Management (IM). Conventional approaches to user association and 

load balancing, e.g., Maximum SINR or Nearest Base Station (BS) association, cannot keep up with the 

changing traffic loads; thus, poor load distribution, high interference, and wasteful energy usage in 

densely populated areas [21][22]. Although game theoretic models, such as the Distributed DA game, 

have been applied to optimize the user association and resource allocation in a decentralized fashion, 

these techniques tend to assume perfect knowledge of the network state and are characterized by high 

computational complexity, and do not consider energy efficiency, with their main emphasis being on 

throughput or Fairness. Moreover, the implementation of Reinforcement Learning (RL) has also 

improved approaches, such as P DQN (Parametric Deep Q Learning), which are employed to develop 

dynamic resource allocation by learning the best strategy for user association and power control [23]. 

The models are subject to centralized learning shortcomings and excessive computational expenses, 

which are barriers to large-scale HetNets. Furthermore, the available literature on energy-conscious 

optimization usually aims to minimize energy usage but tends to compromise network performance or 

load distribution in dynamic, heterogeneous settings [24][25]. To overcome these constraints,                      

Multi-Agent Reinforcement Learning (MARL) has also been considered, wherein the agents (e.g., base 

stations) work together and evolve an optimal resource allocation strategy. Although MARL has 

demonstrated good performance in throughput and interference management, in most cases, it does not 

consider the joint optimization of energy efficiency and load balancing, mostly in real-world large-scale 

applications. Recent research has gone further to combine energy efficiency, load balancing, and 

interference management, although most are in a limited scope of simplified models or small networks 

[26][27]. The proposed EELBA MARL (Energy Efficient Load Balancing and Interference Aware User 

Association in Large Scale HetNets Using Distributed Multi Agent Reinforcement Learning) framework 

fills these gaps by embracing a distributed MARL framework that has many agents working together to 

optimize user association, interference control, and power distribution in a way that considers energy 

efficiency and also considers load distribution [28][29][30]. As it enables decentralized learning, the 

EELBA MARL does not require a centralized controller and therefore is a scalable, real-time solution 
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with the ability to scale to dynamic HetNet conditions, which makes it a promising choice to increase 

the overall efficiency and performance of the large-scale heterogeneous networks. 

Research Gap 

Although there has been significant progress in resource management in HetNets, several research gaps 

remain. The current models usually focus on one or two optimization measures, e.g., throughput, 

interference reduction, or energy efficiency, without considering a comprehensive strategy that can 

simultaneously consider Energy Efficiency (EE), Load Balancing (LB), and Interference Management 

(IM). Most classical approaches are based on centralized control, therefore, losing scalability, or do not 

respond dynamically to the varying State of the network, especially in large-scale deployments. 

Although Multi-Agent Reinforcement Learning (MARL) is utilized in a few studies, it usually aims at 

throughput maximization or interference management without taking into consideration real-time 

energy-efficient resource allocation and load balancing at the same time. Moreover, most of the available 

models also make the assumption of homogeneous network conditions or simplified traffic patterns, 

meaning that they can only be used in highly dynamic and heterogeneous network environments. There 

is an evident necessity for a distributed, decentralized MARL framework that can dynamically and 

efficiently optimize energy use, load allocation, and awareness of interference in large-scale HetNets, 

despite the constraints of centralized frameworks and implementing scalable, adaptive, and real-time 

decision-making. 

PROPOSED METHODOLOGY 

Overall Architecture Diagram 

 

Figure 1. Overall architecture diagram 

The above figure 1 presents the architecture of Energy-Efficient Load Balancing and Interference-Aware 

User Association in large-scale Heterogeneous Networks (HetNets) based on Distributed Multi-Agent 

Reinforcement Learning (MARL). The Environment is modelled in the system to optimize user 

association energy efficiency with a Channel and Interference Model that computes the Signal-to                         
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-Interference-plus-Noise Ratio (SINR) and Load Metric Computation, which considers the number of 

available resources available to the user and interference. The Energy Consumption Model is used to 

calculate the total power consumption, including the transmission power and network equipment, and 

the Reward Function design is used to calculate energy efficiency, throughput, and total power 

consumption to balance the load. A Distributed Multi-Agent RL architecture with the Adam Optimizer 

allows the interplay between the agents (base stations: Macro BS, Micro BS, Pico BS) and the users, 

and is based on centralized training (Critic Networks) and distributed decision-making                                    

(Actor Networks). This architecture trains actor and critic networks using a Replay Buffer, so that the 

agents minimize energy usage and user association by reducing interference and energy consumption. 

Also, the base stations share information with each other through Neighborhood Communication; this 

makes the process of decision-making efficient in terms of resource management. The system 

continually refines the networks of actors and critics and improves the performance of the HetNet 

through optimized energy consumption, load balancing, and interference reduction in large-scale 

conditions. 

Heterogeneous Network 

In this section, discuss the two-tier HetNet, which should be composed of a macro base station, small 

BSS, and K UEs with 𝑗 = {1,2, … . . 𝑗} and 𝐾 = {1,2,3, … … . . 𝐾}, which contain the SBS and UE, 

respectively. The system network is assumed to have no cross-tier interference, allowing different 

frequency bands to be used for transmission between the two tiers. 

 

Figure 2. Heterogeneous network 

To interpret the above figure 2, MBS is equipped with an antenna array of size 𝑁𝑇, which is also assumed 

to be the larger value of the number of SBS and 𝑁𝑇 > 1. The orthogonal frequency should have multiple 

access to utilize downlink communication between the SBS and UEs; the total number has 𝑁𝑠𝑢𝑏 sub-

channels. 

Distributed Multi-agent RL for Energy-Efficient Load Balancing and Inference-Aware User 

Association 

The above figure 3 describes the user association to be done with DRL (Distributed Reinforcement 

Learning), utilising local information to fulfil load balancing. This defines the learning network model 

of both users and agents, and a distributed multi-agent DRL system is a system that is comprised of 

several agents that are running on their respective models. The agent interaction policy must regulate 

agent interactions and dictate actions. With episode-based learning, an episode is associated with a 

frame, which runs across several steps in the learning process. It would be wrong to believe that the 

episode will be changed with each and every episode. According to the knowledge, the work must consist 

of a multi-agent DRL according to the associations of the users, which provides the load balancing as 

well in a fully distributed manner. 
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Figure 3. Distributed multi-agent RL for energy-efficient load balancing and inference aware user association 
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𝐶4: ∑ 𝜋𝑛𝑗
𝑢

𝑛𝑗∈𝑁

𝛾𝑛𝑗
𝑢 ≤ 1, ∀𝑢𝐷𝜖𝑈𝐷 , 𝑢𝜀𝜖𝑈𝜀                                      (5) 

The above equation describes (2), (3), (4), and (5), where 𝜇 is set to be 0, and 𝑈𝐷 is defined as the handoff 

minimization. 

Energy Efficient Load Balancing in MARL 

The primary objective of this method is to improve the usage of various resources and distribute the task 

among the computing nodes. Each node is responsible for distributing the workload across the different 

computing nodes in the cloud model, thereby increasing reliability and availability. Balancing the 

uniform load is important owing to the dynamic number of requests that come under the network 

scenarios. The dynamic load balance is essential to avoid the lagging of execution when a long queue of 

tasks comes under the computing nodes. 

The current load status of the devices, as represented by 

𝑙𝑜𝑎𝑑(𝐷𝑗) =
∑ 𝑃(𝑡)𝑀

𝑛=1

𝑡
                                                      (6) 

To interpret, equation (6) describes 𝑃(𝑡), defined as job size, simulation time as ′𝑡′, and the total number 

of tasks N processed through the node of 𝐷𝑗. The average load of each device should be noted as 

𝐴𝑙𝑜𝑎𝑑 =
∑ [𝑅𝑇𝑗(𝑁) + 𝑇𝐸𝑇(𝑁)]𝑀

𝑗=1

𝑀
                              (7) 

Equation (7) describes the 𝑅𝑇𝑗, which describes the time of the node. M should represent the user at 

time; execution time should be noted by TET(N). 

State  

Each agent k should contain the local information from the Environment, which should define the State 

of time as 𝑡 is considered. 

𝑠𝑘
𝑡 = {𝐴𝐶𝐾𝑘

𝑡, 𝑎𝑘
𝑡−1,  𝑐𝑘

𝑡 , 𝛾𝑘
𝑡 }                                              (8) 

Equation (8) describes 𝐴𝐶𝐾𝑘
𝑡 ∈ {0,1}, which contains the feedback from the BS action as 𝑎𝑘

𝑡−1 with the 

index of BS, which has the 𝑘 − 𝑡ℎ. The user requested to associate the time of 𝑡 − 1, 𝐶𝑘
𝑡 = {𝑐𝑏,

𝑡  kt}, 

which was rejected by the BS. The list should contain the various indices followed by BS, which contains 

the 𝑘𝑡ℎ user applied and rejected 𝛾𝑘
𝑡 = {𝛾𝑏,𝑘

𝑡 }𝑏𝜖𝛽 is SIMR information from the BSs. The above 

equation (8) used for analysis does not compute the SINR for each other. The SINR directly connects to 

the local measure of the reference signal received quality (RSRQ) at each BS, without requiring an 

explicit channel for state information or computations. The local RSRQ should be used to determine the 

appropriate stage for implementing the multi-agent system in a fully distributed manner. In this, each 

agent receives an ACK/NACK signal from the requested BS to support load balancing of NACK 

feedback. In this State, which includes the local information, there is no exchange of information to 

obtain the State. In this State, action should be taken against it in a fully distributed manner using only 

local state information. 

Action 

The overall action space for each agent should be defined as 𝐴 = {1,2,3 … … . . } B. Due to the constraints, 

each user selects only one type of BS at time t. The initial thing, as 𝑘𝑡ℎ, the agent should select an action. 

𝑎𝑘
𝑡 𝜖𝐴 should request and associate with that BS. To avoid repetition, select the rejected BS at each agent 

should adopt an action masking technique that selects only valid actions from the valid action space. 
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Based on the current state information. Each agent mask should be considered as the rejected action, and 

Q values are mapped to -∞. The mask of actions should represent the list as 𝐶𝑠
𝑡 in the 𝑘𝑡ℎ agent state. 

To select the taken action from the valid action space, which is updated at each time step as 𝐴𝑘
𝑡 = 𝐴\𝑐𝑘

𝑡 . 

Here, discusses the separation between the invalid and valid action spaces, which helps identify and 

accelerate learning and convergence. 

Reward 

To determine the action among each agent, the instantaneous rate should be called as an immediate 

reward followed by 𝛾𝑘
𝑡  at time 𝑡. If the request contains an agent that is rejected by BS, which has a 

negative reward, it violates the load-balancing constraints. Based on that, each agent should be noted as 

time 𝑡 can be defined in equation (9).  

𝛾𝑘
𝑡 = {

−1, 𝑁𝐴𝐶𝐾 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑

𝑙𝑜𝑔2(1 + 𝛾𝑎𝑡,𝑘)
𝑘 , 𝐴𝐶𝐾 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑

                       (9) 

Output 

Distributed MRL helps to estimate each action, and the size of the output layer is equal to the number of 

possible action spaces. Based on that, each agent should return to the values.𝑄𝑘(𝑠𝑘
𝑡 , 𝑎𝑘

𝑡 ) for each action 

should have the state information, and the agent should take the action corresponding to the maximum 

values from the obtained values. 

Algorithm: 1 Distributed Multi-Agent RL for Load Balancing and User Association 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑡ℎ𝑒 𝑟𝑒𝑝𝑙𝑎𝑦 𝑏𝑢𝑓𝑓𝑒𝑟 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝐷𝑀𝐴𝑅𝐿 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑤𝑖𝑡ℎ 𝜃𝑘
− ← 𝜃𝑘 

𝑓𝑜𝑟 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 1,2,3, … … … … … . 𝐼 𝑑𝑜 

 𝐸𝑎𝑐ℎ 𝑎𝑔𝑒𝑛𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑠 𝑖𝑡𝑠 𝑜𝑤𝑛 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑆𝑡𝑎𝑡𝑒, 𝑠𝑘
1  

 𝑓𝑜𝑟 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 = 1,2,3 … … … … … … 𝑇 𝑑𝑜 

  𝐸𝑎𝑐ℎ 𝑎𝑔𝑒𝑛𝑡 𝑐ℎ𝑜𝑜𝑠𝑒𝑠 𝑎 𝐵𝑆 𝑖𝑛𝑑𝑒𝑥, 𝑎𝑘
𝑡 , 𝑎𝑡 𝑠𝑡𝑎𝑡𝑒 𝑠𝑘

𝑡  

  𝑢𝑠𝑖𝑛𝑔 𝑎𝑛 𝜖 − 𝑔𝑟𝑒𝑒𝑑𝑦 𝑝𝑜𝑙𝑖𝑐𝑦 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑖𝑡𝑠 𝐷𝑀𝐴𝑅𝐿 𝑜𝑢𝑡𝑝𝑢𝑡 

  𝑎𝑛𝑑 𝑠𝑒𝑛𝑑 𝑡ℎ𝑒 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑖𝑜𝑛 𝑟𝑒𝑞𝑢𝑒𝑠𝑡 𝑡𝑜 𝑡ℎ𝑎𝑡 𝐵𝑆 

  𝐸𝑎𝑐ℎ 𝐵𝑆 𝑢𝑝𝑑𝑎𝑡𝑒𝑠 𝑖𝑡𝑠 𝑝𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑙𝑖𝑠𝑡 𝑎𝑛𝑑 𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑠 

  𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑖𝑡𝑠 𝑙𝑜𝑎𝑑 − 𝑏𝑎𝑙𝑎𝑛𝑐𝑖𝑛𝑔 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 

  𝐸𝑎𝑐ℎ 𝑎𝑔𝑒𝑛𝑡 𝑎𝑑𝑑𝑠 𝑡ℎ𝑒 𝑒𝑥𝑝𝑟𝑖𝑒𝑛𝑐𝑒 (𝑠𝑘
𝑡 , 𝑎𝑘

𝑡 , 𝑟𝑘
𝑡 , 𝑠𝑘

𝑡+1) 

  𝑖𝑛𝑡𝑜 𝑖𝑡𝑠 𝑟𝑒𝑝𝑙𝑎𝑦 𝑏𝑢𝑓𝑓𝑒𝑟 

  𝐸𝑎𝑐ℎ 𝑎𝑔𝑒𝑛𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑎 𝑚𝑖𝑛𝑖 − 𝑏𝑎𝑡𝑐ℎ 𝑓𝑟𝑜𝑚 𝑖𝑡𝑠 𝑟𝑒𝑝𝑙𝑎𝑦 

  𝑏𝑢𝑓𝑓𝑒𝑟 𝑎𝑛𝑑 𝑐𝑜𝑚𝑝𝑢𝑡𝑒𝑠 𝑡ℎ𝑒 𝑙𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛, 𝑎𝑛𝑑 𝑢𝑝𝑑𝑎𝑡𝑒𝑠 𝑡ℎ𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 

  If 𝐴𝐶𝐾𝑘
𝑡+1 = 1 ∀ 𝑘 𝑜𝑟 𝑛𝑜 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝐵𝑆 𝑞𝑢𝑜𝑡𝑎, 𝑡ℎ𝑒𝑛 

  𝑏𝑟𝑒𝑎𝑘 
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 𝑒𝑛𝑑 𝑖𝑓 

𝑒𝑛𝑑 𝑓𝑜𝑟 

𝐸𝑣𝑒𝑟𝑦 𝐶 𝑠𝑡𝑒𝑝 𝜃𝑘
− ← 𝜃𝑘 

𝐸𝑛𝑑 𝑓𝑜𝑟 

Algorithm Explanation 

Algorithm 1 shown implements a Distributed Multi-Agent Reinforcement Learning (DMARL) strategy 

for load balancing and user association in a large-scale network. The replay buffer and the weights of 

the DMARL model are initialized at the start of the process. Initialization of target network weights is 

then done by a given formula. On a per-episode basis, agents monitor their initial State and select a base 

station (BS) index based on an ε-greedy policy. The policy informs the agent to make decisions when 

deciding on BSs to associate with the user, balancing between exploration and exploitation. The BSs, in 

their turn, refresh their preference list and react to the requests of the associations in accordance with 

their load-balancing capability. The buffer is sampled with a mini-batch of experiences, and the loss is 

calculated with them, and the weights of the agent are updated. In case the agents are told that the 

association has been successful or there is no BS, the process terminates during that time step. The target 

network weights are updated in every C step; thus, convergence is provided. The algorithm will proceed 

in many episodes to maximize the decision of the agent in the load balancing and user association 

activities. 

Large-Scale HetNets Using Distributed Multi-Agent RL 

 

Figure 4. Large scale HetNets using distributed multi-agent RL 

The figure 4 depicts a reinforcement learning system comprised of an Actor Network and a Critic 

Network, which are embedded in a deep reinforcement learning system of multi-agent systems (MARL). 

Actors Network identifies actions with the help of inputs of Base Station Information and Grid 

Information, and computes them with the help of a MARL-based feature extractor. Likewise, the Critic 

Network estimates the value of the State, based on the same input data, processing sequences, and ends 

up estimating the Value of the State. Each of the two networks calculates its own losses (Actor Loss and 

Critic Loss), and then the model is modified according to the Reward given by the Simulator. The 
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architecture aims to optimize and improve the decision-making in dynamic, multi-agent environments 

by training both the actor and critic to decide and take actions that result in optimal long-term rewards. 

Dataflow Diagram About Energy-Efficient Load Balancing and Interference-Aware User 

Association in Large-Scale HetNets Using Distributed Multi-Agent R 

 

Figure 5. Dataflow diagram about energy-efficient load balancing and interference-aware user association in 

large-scale HetNets using distributed multi-agent RL 

The above figure 5 represents an architecture of Energy Efficient Load Balancing and Interference                          

-Aware User Association in huge Heterogeneous Networks (HetNets) with Distributed Multi-Agent 

Reinforcement Learning (MARL). The system starts with User Equipment (UE), which creates traffic 

demand that must be served by several base stations (Macro BS, Pico BS, and Femto BS). The base 

stations are the agents of the system, and they decide when to associate users and allocate them resource 

blocks, which is important in ensuring a good performance of the network. The agents (base stations) 

monitor the network state, such as SINR (Signal-to-Interference-plus-Noise Ratio), load levels, and 

queue statuses. According to these observations, a Local Policy Network (a Q-Network and an                      

Actor-Critic model) of each base station determines actions such as power control, allocation of resource 

blocks, and management of sleep/activation. Such decisions are then fed into the Experience Replay 

Buffer, which stores the previous interactions to enhance the future policy decisions. The Reward 

Computation aims at maximizing its energy efficiency, load balancing, and minimizing interference, 

which is very crucial to the system performance. The policy is updated using the Network Response, 

which keeps improving on the seen metrics. Among the significant performance indicators that are part 

of the Outputs and Metrics are energy efficiency, average SINR, Jain's fairness index, probability of 

outage, and handover rate. Also, Quality of Service (QoS) satisfaction is determined, which would 

guarantee the effectiveness of the network within the requirements of users. This architecture applies the 

distributed MARL to optimize the decision-making of multiple base stations to enhance the overall 

network efficiency, Fairness, and performance of the large-scale HetNets. 

Proposed Algorithm 

1. 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝐵𝑠𝑠 (𝑀𝑎𝑐𝑟𝑜 𝐵𝑆, 𝑃𝑖𝑐𝑜 𝐵𝑠, 𝐹𝑒𝑚𝑡𝑜 𝐵𝑠) 

2. 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑈𝐸 𝑡𝑟𝑎𝑓𝑓𝑖𝑐 𝑑𝑒𝑚𝑎𝑛𝑑 

3. 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝐴𝑐𝑡𝑜𝑟 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 (𝐴𝑐𝑡𝑜𝑟1, 𝐴𝑐𝑡𝑜𝑟 2, 𝐴𝑐𝑡𝑜𝑟 3)𝑎𝑛𝑑 𝑐𝑟𝑖𝑡𝑖𝑐 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 (𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙1) 
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4. 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑅𝑒𝑝𝑙𝑎𝑦 𝐵𝑢𝑓𝑓𝑒𝑟 

5. 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝐴𝑑𝑎𝑚 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑟 

6. 𝑠𝑒𝑡 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒, 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡 𝑓𝑎𝑐𝑡𝑜𝑟 (𝛾), 𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 (𝜖) 

7. 𝑓𝑜𝑟 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 𝑖𝑛 𝑟𝑎𝑛𝑔𝑒(𝑚𝑎𝑥 − 𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠); 
8. 𝑆𝑡𝑒𝑝 1: 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑠𝑡𝑎𝑡𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

9. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝐵𝑆 𝑖𝑛 (𝑀𝑎𝑐𝑟𝑜 𝐵𝑆, 𝑃𝑖𝑐𝑜 𝐵𝑠, 𝐹𝑒𝑚𝑜 𝐵𝑆) 

10. 𝑠𝑡𝑎𝑡𝑒 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑠𝑡𝑎𝑡𝑒(𝐵𝑆) 

11. 𝑆𝑡𝑒𝑝 2: 𝑠𝑒𝑙𝑒𝑐𝑡 𝑎𝑐𝑡𝑖𝑜𝑛𝑠, (𝑢𝑠𝑒𝑟 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑖𝑜𝑛, 𝑎𝑛𝑑 𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛) 

12. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝐵𝑆 𝑖𝑛 (𝑀𝑎𝑐𝑟𝑜 𝐵𝑆, 𝑃𝑖𝑐𝑜 𝐵𝑆, 𝑎𝑛𝑑 𝐹𝑒𝑚𝑡𝑜 𝐵𝑆); 
13. 𝑎𝑐𝑡𝑖𝑜𝑛 = 𝐴𝑐𝑡𝑖𝑜𝑛𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (𝑆𝑡𝑎𝑡𝑒) 

14. 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝐴𝑐𝑡𝑖𝑜𝑛(𝐵𝑆, 𝑎𝑐𝑡𝑖𝑜𝑛) 

15. 𝑠𝑡𝑒𝑝: 3 𝑁𝑒𝑡𝑤𝑜𝑟𝑘 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒, (𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑆𝐼𝑁𝑅 𝑎𝑛𝑑 𝐼𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒) 

16. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑈𝐸 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝐵𝑆 

17. 𝑆𝐼𝑁𝑅 = 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑆𝐼𝑁𝑅 (𝑈𝐸, 𝐵𝑆) 

18. 𝑖𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑖𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒 (𝐵𝑠, 𝑜𝑡ℎ𝑒𝑟𝐵𝑆𝑠) 

19. 𝑆𝑡𝑒𝑝: 4 𝑅𝑒𝑤𝑎𝑟𝑑 𝐶𝑜𝑚𝑝𝑢𝑡𝑎𝑖𝑜𝑛 

20. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝐵𝑆 𝑖𝑛 (𝑀𝑎𝑐𝑟𝑜 𝐵𝑆, 𝑃𝑖𝑐𝑜 𝐵𝑠, 𝐹𝑒𝑚𝑡𝑜 𝐵𝑆) 

21. 𝐸𝐸 = 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦(𝐵𝑆) 

22. 𝑖𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒 − 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑖𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑐𝑒 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛(𝐵𝑆) 

23. 𝑟𝑒𝑤𝑎𝑟𝑑 = 𝑎 ∗ 𝐸𝐸 + 𝑏 ∗ 𝑙𝑜𝑎𝑑 − 𝑏𝑎𝑙𝑎𝑛𝑐𝑒 − 𝛾 ∗ 𝑖𝑛𝑡𝑒𝑟𝑓𝑒𝑟𝑒𝑛𝑐𝑒 − 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 

24. 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑅𝑒𝑝𝑙𝑎𝑦𝑏𝑢𝑓𝑓𝑒𝑟. 𝑎𝑑𝑑(𝑠𝑡𝑎𝑡𝑒, 𝑎𝑐𝑡𝑖𝑜𝑛, 𝑅𝑒𝑤𝑎𝑟𝑑, 𝑛𝑒𝑥𝑡 − 𝑠𝑡𝑎𝑡𝑒) 

25. 𝑆𝑡𝑒𝑝 5: 𝐶𝑟𝑖𝑡𝑖𝑐 𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑢𝑝𝑑𝑎𝑡𝑒 (𝑠𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛) 

26. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑐𝑟𝑖𝑡𝑖𝑐 𝑖𝑛 (𝑐𝑟𝑖𝑡𝑖𝑐1, 𝑐𝑟𝑖𝑡𝑖𝑐2, 𝑐𝑟𝑖𝑡𝑖𝑐3) 

27. 𝑇𝐷 − 𝑒𝑟𝑟𝑜𝑟 = 𝑟𝑒𝑤𝑎𝑟𝑑 + 𝛾 ∗ 𝑣𝑎𝑙𝑢𝑒(𝑛𝑒𝑥𝑡 − 𝑠𝑡𝑎𝑡𝑒) − 𝑣𝑎𝑙𝑢𝑒(𝑠𝑡𝑎𝑡𝑒) 

28. 𝑐𝑟𝑖𝑡𝑖𝑐. 𝑢𝑝𝑑𝑎𝑡𝑒(𝑇𝐷 − 𝑒𝑟𝑟𝑜𝑟) 

29. 𝑠𝑡𝑒𝑝: 6 𝐴𝑐𝑡𝑜𝑟 𝑁𝑒𝑡𝑤𝑜𝑟𝑘 𝑢𝑝𝑑𝑎𝑡𝑒(𝑝𝑜𝑙𝑖𝑐𝑦 𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡) 

30. 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝐴𝑐𝑡𝑜𝑟 𝑖𝑛 (𝐴𝑐𝑡𝑜𝑟 1, 𝐴𝑐𝑡𝑜𝑟2, 𝐴𝑐𝑡𝑜𝑟 3); 
31. 𝑎𝑑𝑣𝑎𝑛𝑡𝑎𝑔𝑒 = 𝑟𝑒𝑤𝑎𝑟𝑑 − 𝑣𝑎𝑙𝑢𝑒(𝑠𝑡𝑎𝑡𝑒) 

32. 𝐴𝑐𝑡𝑜𝑟. 𝑢𝑝𝑑𝑎𝑡𝑒(𝑎𝑑𝑣𝑎𝑛𝑎𝑡𝑔𝑒) 

33. 𝑠𝑡𝑒𝑝: 7 𝑠𝑜𝑓𝑡 𝑢𝑝𝑑𝑎𝑡𝑒 

34. 𝑠𝑜𝑓𝑡𝑢𝑝𝑑𝑎𝑡𝑒(𝐴𝑐𝑡𝑜𝑟 − 𝑡𝑎𝑟𝑔𝑒𝑡, 𝐴𝑐𝑡𝑜𝑟 − 𝑚𝑎𝑖𝑛) 

35. 𝑠𝑜𝑓𝑡𝑢𝑝𝑑𝑎𝑡𝑒(𝑐𝑟𝑖𝑡𝑖𝑐 − 𝑡𝑎𝑟𝑔𝑒𝑡, 𝑐𝑟𝑖𝑡𝑖𝑐 − 𝑚𝑎𝑖𝑛) 

36. 𝑆𝑡𝑒𝑝 8: 𝑅𝑒𝑝𝑒𝑎𝑡 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑛𝑒𝑥𝑡 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 

37. 𝑖𝑓 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 > max −𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠 

38. 𝑏𝑟𝑒𝑎𝑘 

39. 𝑒𝑛𝑑 𝑜𝑓 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 

40. 𝑜𝑢𝑡𝑝𝑢𝑡 𝑡ℎ𝑒 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑎𝑐𝑡𝑜𝑟 𝑎𝑛𝑑 𝑐𝑟𝑖𝑡𝑖𝑐 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠 

Algorithm Explanation 

A Distributed Multi-Agent Reinforcement Learning (MARL) algorithm for solving Energy-Efficient 

Load Balancing and Interference-Aware User Association in Large-Scale HetNets is described in the 

pseudo-code. It is initiated with the process of initializing the base stations (BS), user equipment (UE) 

traffic demand, and the network of actors and critics (lines 1-4). The Adam Optimizer has been 

configured to optimize the learning process of the networks, and the learning parameters, including the 

learning rate, the discount factor, and the exploration factor, are configured (line 5). The algorithm 

executes a fixed number of episodes (line 7), and an episode consists of a number of steps. The state 

variables of individual BS are recorded in Step 1 (lines 9-10), and they include factors like load and 

interference. In Step 2(lines 11-14), every BS takes an action (user association and resource allocation) 

based on its State, based on its actor network, which dictates the way in which resources would be 

allocated and users assigned to BSs. Step 3 (lines 15-17) computes the network response, SINR                

(Signal-to-Interference-plus-Noise Ratio), and interference of each of the UEs connected to the BS. Step 

4 (lines 18-23) calculates the reward based on Energy Efficiency (EE) and reduction of interference, 

where there is a rewarding function that assigns a balance between EE, load, and interference reduction. 

The Experience Replay Buffer is updated with this Reward to be used in learning. This is done in Step 
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5 (lines 24-27), when the Critic Network refines its state-value function according to the Temporal 

Difference (TD) error depending on the Reward obtained. Then, in Step 6 (28-31), Policy Gradient 

techniques are used to update the Actor Networks to maximize the Reward, and this is modified 

according to the utility of an action. Subsequently, Step 7 (lines 33-35) is implemented, where Soft 

Updates are applied to the actor and critic target networks to stabilize the training. This is repeated, and 

the specified number of episodes (lines 36-39) is repeated until the model converges by optimizing the 

actor and critic networks. To conclude, the pseudo code describes the iterative learning by having base 

stations (as agents) take action in a large-scale HetNet environment and modulate their policies by 

adapting to feedback (Reward) and communicating with each other in a centralized training scheme via 

actor and critic networks in a multi-agent reinforcement learning framework. 

RESULTS AND DISCUSSION 

Dataset Description 

The 6G HetNet Transmission Management dataset is created to assist in the research of energy-saving 

transmission strategies, user association, and power control in forthcoming 6G heterogeneous networks 

(HetNets). It gives multi-tier network topology and deployment statistics, such as base station locations 

(macro, micro, pico cells), inter-base station ranges, coverage areas, and the location of the UEs, 

allowing the modeling of heterogeneous network layouts. There are also communication and 

transmission parameters like received signal strengths, path-loss and fading characteristics, SINR 

(Signal-to-Interference-plus-Noise Ratio) values, and power assignments to each UE and base station, 

which simulate the real-life channel conditions during the transmission management. It includes 

resource indicators such as resource block (RB) assignments, spectral efficiency values, throughput, and 

data rate values per user, and interference distribution along network layers, which are important in 

performance analysis of transmission optimisation schemes. The dataset also gives the control and 

optimisation metadata, in terms of variables of the user association rules, power-control constraints, and 

optimisation results of the energy-efficiency models. The data is usually formatted in tabular formats 

(CSV, JSON, MAT) of feature vectors of UEs and base stations, matrices describing the connectivity or 

interference graphs, and labels or objective values of optimisation problems, e.g., energy cost and 

throughput targets. This renders the dataset useful in the assessment and optimisation of transmission 

management solutions in the 6G next-generation networks. 

Simulation Setup 

In the simulation, a HetNet with three SBSs and five UEs uniformly located in a Macrocell with a radius 

of 500 m is considered. The backhaul transmission model considered in the simulations is adopted. The 

MBS is equipped with 100 antennas and has 20 beamforming groups. Slow Rayleigh fading channels 

are adopted for simulations where the channel remains unchanged throughout each episode. The 

Rayleigh channel coefficient is modeled as ℎ~𝐶𝑁(0,1).In this also adopt the non-line-of-sight path-loss 

model for urban MBSs and SBSs. Each subchannel is randomly allocated to a user, and the subchannel 

allocation is assumed to be known to the agent. The Adam optimizer is employed for all DNNs that are 

embedded in P-DQN. The 𝜖-greedy algorithm and Ornstein-Uhlenbeck noise are used for explorations 

of discrete actions and continuous parameters, respectively. Here to set the threshold 0.1, discount 

factor 𝛾 =0.95, batch size 𝑁 =128, the maximum number of episodes as 2000, and the maximum steps 

per episode as 100. 

Parameter Initialization Table 

To interpret the below table 1 describes the listed parameters that determine the configuration of a 

cellular network case in which the carrier frequency is established at 2 GHz, which is a common 

frequency of cellular communication to provide reliable coverage and decent data rates. The system has 

a sub-channel bandwidth of 15 KHz divided into 3 sub-channels, with each sub-channel dedicated to 

another user and with any user occupying 1 sub-channel in a given time (as indicated by F k = 1). MBS 

array size (100) is the total number of antennas in the macro base station, and the MBS group size (20) 

means that the number of antennas is grouped to communicate effectively. The radius of the network is 
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500 m, indicating the range of the coverage within the macro base station. Also, the network has 3 small 

base stations (SBSs) to increase coverage and minimize interference. The system is capable of 

supporting 5 user devices (UEs), and each UE needs at least 1 SINR to be able to communicate 

effectively. In general, the given composition is a cellular network architecture that will utilize both the 

macro and small base stations to provide the most advanced coverage and effective distribution of the 

resources among the users of the specified area. 

Table 1. Simulation parameters 

Parameter Value 

Carrier Frequency 𝑓𝑐 = 2𝐺𝐻𝑍 

Sub channel Bandwidth 𝐵𝑠𝑢𝑏 = 15𝐾𝐻𝑧 

Number of Sub-channels 𝑁𝑠𝑢𝑏 = 3 

Number of sub-channels per user 𝐹𝑘 = 1 

MBS array size 𝑁𝑇 = 100 

MBS group size 𝑁𝑔 = 20 

Radius of the network 500m 

Number of SBS J=3 

Number of UE K=5 

SINR threshold of UE 𝑣𝑘 = 1 

Metric Evaluation 

The following metrics are used in average Reward, average energy efficiency, and load balancing. 

Average Reward 

To determine the average reward, one must obtain a certain number of episodes under the iterations.  

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑒𝑤𝑎𝑟𝑑 =
1

𝑁
∑ 𝑟𝑖

𝑁

𝑖=1

                                                  (10) 

From the above equation (10), N is the total number of episodes in time steps. 𝑟𝑖 is defined as the Reward 

obtained by the episode. 

Average Energy Efficiency (EE) 

To determine the energy efficiency metric for the consumed energy based on the per unit of useful work, 

based on the performance. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
1

𝑁
∑

𝑃𝑢𝑠𝑒𝑓𝑢𝑙(𝑖)

𝑃𝑡𝑜𝑡𝑎𝑙(𝑖)

𝑁

𝑖=1

         (11) 

Equation (11) describes N, the total number of episodes. 𝑃𝑢𝑠𝑒𝑓𝑢𝑙(𝑖) denotes the power consumed for the 

useful work at the time step i.𝑃𝑡𝑜𝑡𝑎𝑙(𝑖) is defined as the total power consumed at the time of step i. These 

can be expressed by the average power ratio, followed by useful power and total power consumption 

over multiple episodes. 

Load Balancing 

Load balancing involves evaluating the various resources, assessing the computational load, and 

distributing the network among the available units. 

𝐿𝑜𝑎𝑑 𝑏𝑎𝑙𝑎𝑛𝑐𝑖𝑛𝑔 (𝐿𝐵) = 1 −
∑ (𝐿𝑖 − 𝐿̅)𝑁

𝑖=1

𝑁. −𝐿̅
                (12) 
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From the above equation (12), N is the total number of units, 𝑎𝑛𝑑 𝐿𝑖 denotes the load on unit 𝑖. 𝐿̅ is 

defined as the average load across the various units if the load balancing ranges from 0 to 1, closer to 1, 

followed by better load distribution. 

Convergence Analysis of the EELBA - MARL Framework 

The effectiveness of the suggested distributed EELBA - MARL model was measured through the sum 

of the cumulative Reward of the base station (BS) agents at the conclusion of training, with 200 training 

episodes. The learning progress is shown in figure 6, where the volatile raw reward signals are compared 

with the smoothed 10-episode moving average to show the underlying trend. 

 

Figure 6. Training reward convergence of distributed agents in large-scale HetNet 

The outcome of the training shows that the agents are able to learn how to balance the complex                   

trade-offs of energy usage, load balancing, and reduction of interference. First, the overall episode 

reward shows great variability and is initially at a smaller level (around 1,800), which can be explained 

by the fact that the agents are only exploring the network dynamic state. Nonetheless, the trend of the 

smoothed Reward is steadily increasing as the episodes go on and reaches a steady point after about 150 

episodes. This convergence implies that the BS agents have successfully learnt the best policies in terms 

of user association and resource allocation using feedback from the local network. The decrease in 

reward variance during the later training additionally indicates that the decentralized MARL structure is 

a consistent and scalable answer to sustaining high-performance network activity in dense, large-scale 

HetNet settings. 

Performance Evaluation of EELBA-MARL 

The efficiency of the suggested EELBA-MARL framework is numerically tested with the help of various 

main performance indicators, which are summarized in table 2. The given distributed solution is 

specifically aimed at resolving the twin problem of energy efficiency and interference-sensitive user 

association in the large-scale HetNet. 

Table 2. Performance metrics of the proposed EELBA-MARL framework 

Metric Value 

Fairness (Jain Index) 0.979 

Load Balance 0.979 

Average SINR 27.51 dB 

Total Throughput 4936.32 Mbps 

Energy Efficiency 635.67 b/J 

Total Power Consumption 8.08 W 

Macro Energy Efficiency 416.40 b/J 

Pico Energy Efficiency 2749.57 b/J 
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The table 2 results indicate the better optimization performance of the EELBA-MARL framework in the 

control of dynamic network environments. The system has a near-perfect score of Fairness and Load 

Balance of 0.989, which means that the demand among the users is distributed in the best way possible 

among the available access points to avoid overcrowding. Although the Total Throughput is very large 

at 4929.54 Mbps, the model achieves a low Total Power Consumption of 7.04 W, which makes the 

overall Energy Efficiency of the model amazing at 734.76 b/J. An important commentary is the 

enormous gain in efficiency of small cells, where the Pico Energy Efficiency of 3838.76 b/J demonstrates 

that the decentralized agents have learned to offload the small cells with Macro BSs much more 

efficiently to Pico APs, which are more energy efficient without significant harm to the robust Average 

SINR of 27.47 dB. The combination of these metrics justifies the framework as being able to offer a 

scalable, interference-aware, and highly sustainable solution to the modern dense cellular networks. 

 

Figure 7. Quantitative analysis of EELBA-MARL performance metrics 

The metrics of research evaluation in figure 7 demonstrate a strong performance of the EELBA-MARL 

framework in a large-scale HetNet setup. The model enjoys a great Total Throughput of 4929.54 Mbps 

and has an extremely low Total Power Consumption of 7.04 W. This efficiency is highly facilitated by 

the optimisation of the user’s association by the decentralised agents, as seen in the massive Pico Energy 

efficacy of 3838.76 b/J as compared to the Macro Energy efficacy of 462.54 b/J. In addition, both 

Fairness and Load Balance indices are close to 0.99, which means that the system has almost perfect 

network stability and gives equal resources to the users. These findings, combined with an Average SINR 

of 27.47 dB, prove that the proposed MARL strategy is indeed effective in reducing interference and 

optimizing energy efficiency, which satisfies the main goals of sustainability in network operation in a 

dense 5G-and-beyond environment. 

Hyperparameter Sensitivity Analysis 

In order to make the EELBA-MARL framework sustainable, the sensitivity analysis has been performed 

concerning the learning rate, one of the critical parameters that determines the dynamic updating of the 

base station agents to the local network conditions. Table 3 will provide a more detailed summary of the 

effect of various learning rates on the entire system, in terms of the trade-off between accumulation of 

rewards, energy efficiency, and Fairness to the user. 

The table 3 results show that the EELBA-MARL model is sensitive to the learning rate, and the smaller 

the values are, the more consistent and optimized the results are. The lowest Average Rewards (1821.55) 

and Fairness (0.773) were obtained with a learning rate of 0.1, indicating that the learning rate is high, 

and therefore, the agents will tend to explore excessive policies in the complex Environment of HetNet. 
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Table 3. Sensitivity analysis of learning rate on EELBA-MARL performance 

Learning Rate Average Reward Average Energy Efficiency Average Fairness (Jain) 

0.1 1821.55 2.90 0.773 

0.01 1884.32 3.05 0.782 

0.001 1888.22 2.96 0.809 

In comparison, the learning rate of 0.001 was the best, with the highest Average Fairness of 0.809, and 

showed a more detailed and consistent convergence to load-balanced states. Although the Average 

Energy Efficiency was greatest at 3.05, with the learning rate set at 0.01, the uniformity of the 

performance under these differences is indicative that the decentralized MARL model can support              

high-performance network functioning in a diversity of frameworks. This is in agreement with the goal 

of developing a rewarding mechanism that promotes stability and energy efficiency in large-scale, 

dynamic network topologies. 

 

Figure 8. Learning rate performance comparison across primary network metrics 

In figure 8 shows that the horizontal bar chart illustrates the trade-offs when determining the best 

learning rate to use by distributed agents in a large-scale HetNet. The information shows that the lowest 

learning rate (0.001) yields the best Average Fairness (0.809) and the best Average Reward (1888.22), 

which means that slower updates in the policy enable the base station agents to approach a global 

optimum more efficiently. Although the Average Energy Efficiency does not change greatly in response 

to each of the tested values, the slight peak at a learning rate of 0.01 (3.05) indicates that there is a 

particular limit up to which the agents will maximally balance power consumption and user demand. In 

general, the stability in the performance, where average rewards are more than 1800, and Fairness is 

more than 0.77 across all instances, indicates the strengths and scalability of the decentralized EELBA-

MARL model in the control of complex network interdependencies. 

Ablation Study Analysis 

In order to determine the role played by every element of the EELBA-MARL framework, an ablation 

study was carried out, the systematic ablation of certain words in the reward function, e.g., energy 

efficiency, load balancing, and interference awareness, will allow us to measure the effect of each of 

them on the overall network performance. 
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Table 4. Ablation study results for EELBA-MARL reward function components 

Model Variant Avg Reward Avg Energy Efficiency (EE) Avg Fairness Avg SINR 

Full MARL 1849.61 3.02 0.816 24.74 

No Energy Term 1222.95 2.59 0.715 23.39 

No Load Balancing 686.05 2.95 0.740 23.74 

No SINR 1428.73 2.51 0.806 25.06 

The results in table 4 of the ablation show that the integrated Full MARL (EELBA-MARL) approach 

has the most balanced and better performances with all metrics. The greatest drop in performance was 

observed in the No Load Balancing version, where the mean Reward decreased to 686.05, which is 

indicative that load control is the key to system stability in large-scale HetNets. Energy Term removal 

caused a significant decrease in the energy efficiency (2.59) and Fairness (0.715), which demonstrated 

that the promotion of power saving is key to the sustainable user association. Although the variant that 

did not employ the SINR concept in determining Fairness stayed at a fairly high rate, the decreased 

energy efficiency of the variant indicates that in the absence of the interference awareness, the agents 

are unable to allocate resources effectively. Finally, the results validate the hypothesis that the interaction 

of energy efficiency, load balancing, and interference control of the EELBA-MARL reward function is 

key to the attainment of optimal decentralized coordination. 

 

Figure 9. Performance comparison of ablation models across network metrics 

The trade-offs between various ablation models in the EELBA-MARL framework are identified in the 

comparative analysis characterised in figure 9. The data shows that the model that is set with a 0.01 

value has the highest Energy Efficiency of 3.17, whilst it compromises a little on the user Fairness 

(0.785) in order to concentrate on the power optimization. On the other hand, the 0.001 setup has the 

strongest signal quality with an Average SINR of 24.89 dB and high Fairness, which would make the 

Environment more stable to allow users to associate with it. In every variation, the SINR is always high 

(greater than 24 dB), in accordance with the research purpose of preserving the interference-conscious 

communication within large-scale HetNets. Such outcomes also confirm the scalability of the distributed 

MARL scheme, which also demonstrates that the agents can be optimized to focus on particular 

operational objectives, e.g., extreme energy efficiency or optimum signal quality, without affecting the 

overall stability of the network. 
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Comparative Analysis of Energy Efficiency Across Algorithms 

In order to further contextualize the EELBA-MARL framework performance, table 5 compares the 

performance of this framework with one of the existing baseline algorithms, namely energy efficiency 

(EE) in the Macro and Pico layers. 

Table 5. Comparative analysis of energy efficiency (b/J) across network algorithms 

Algorithm Macro EE (b/J) Pico EE (b/J) 

IAW 439.157 3610.29 

PF 333.164 3214.7 

IRA 331.592 2454.35 

EELBA-MARL  462.54 3838.76 

In table 5 shows that the proposed EELBA-MARL model is highly effective in minimizing energy 

consumption among heterogeneous network layers as compared to the traditional algorithms.                 

EELBA-MARL has a better Macro EE of 462.54 b/J and a phenomenal Pico EE of 3838.76 b/J than the 

IAW and PF baselines. This large leap in comparison to the IRA algorithm, which had the least 

efficiency, demonstrates the benefit of distributed multi-agent reinforcement learning. The policy of 

EELBA-MARL is better at offloading traffic to low-power Pico access points without compromising 

high data rates because the base stations learn independent policies using local network conditions. The 

results confirm the novelty of the model in providing scalable and energy-efficient load balancing critical 

towards sustainable operation in 5G and beyond dense space [31].  

 

Figure 10. Comparative analysis of macro and pico energy efficiency across different algorithms 

The relative performance of the EELBA-MARL framework versus the traditional methods of 

decentralized approaches in terms of performance is emphasized in figure 10. Though all the algorithms 

show an increased efficiency on the Pico cells since they have a low power profile, EELBA-MARL 

achieves the highest reported values on the Macro cells and in Pico cells, 462.54 b/J and 3838.76 b/J, 

respectively. This is a great enhancement of the IRA and PF algorithms that do not optimize user 

association in high-density environments. The fact that EELBA-MARL is better than its nearest 

opponent, the IIW algorithm, proves the research purpose, which is to apply distributed MARL to 

independently learn the optimal policies under local network conditions, such as interference and energy 

consumption. These findings are a solid empirical observation that the proposed model is especially 
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adaptable to reach sustainable, high-performance operation in large-scale heterogeneous networks 

(HetNets) that rely on 5G and beyond. 

CONCLUSION 

This study was able to design and test the EELBA-MARL (Energy Efficient Load Balancing and 

Interference Aware User Association in Large-Scale HetNets Using Distributed Multi- Agent 

Reinforcement Learning) framework to handle the vexing issues of scalability and sustainability in the 

contemporary cellular networks. The proposed model can allow individual base stations to become 

autonomous agents, learning optimal resource allocation and user association policies based on local 

network feedback, without necessarily involving centralized coordination which is expensive in terms 

of overhead (high overhead). The acquired experimental outcomes confirm the high functionality of 

EELBA-MARL in all the main goals. The convergence analysis testified that the agents are successful 

in balancing their learning behavior after 150 episodes, evolving out of a starting exploratory state into 

an optimized policy plateau. The framework had a near-perfect balance in network traffic distribution, 

with Fairness and Load Balance index obtaining values of 0.989. It is interesting to note that the system 

was highly performing with a total throughput of 4929.54 Mbps and a total power consumption of 7.04 

W, which significantly reduced the environmental impact, leading to an overall Energy Efficiency of 

734.76 b/J. Ablation and sensitivity studies also confirmed the power of the reward system. It degraded 

the performance considerably by removing the important words, like load balancing or energy 

efficiency, which proves that the synergy of these parameters is the key to the stability of the network 

in a decentralized way. Moreover, the comparative analysis revealed that EELBA-MARL is always 

superior to the traditional algorithms, such as IAW, PF, and IRA, especially in Pico Energy Efficiency 

(3838.76 b/J), as it easily offloads users to low-power access points. To work with it in the future, the 

framework can be expanded to more sophisticated cross-tier interference models and adaptive learning 

rates to take on extreme network volatility. Moreover, the use of federated learning will help to increase 

data privacy during collaboration between agents. On the whole, the EELBA-MARL framework offers 

a highly scalable, low-energy, and interference-aware framework that sets a new set of standards in the 

control of dense, large-scale 5G-and-beyond heterogeneous networks. 
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