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The increasing heterogeneity of Beyond Fifth-Generation (B5G) and Sixth-
Generation (6G) wireless networks, together with rapidly changing traffic 
demands, fluctuating channel conditions, and diverse Quality-of-Service (QoS) 
requirements, presents substantial challenges for autonomous resource 
allocation. Conventional static and reactive approaches lack the flexibility 
required for such dynamic environments, while existing learning-based 
techniques generally provide limited support for predictive, multi-objective, 
and temporally stable resource decisions. To address these limitations, this 
paper proposes a hybrid Decision Support System (DSS) that unifies Multi-
Objective Optimization (MOOP), Deep Reinforcement Learning (DRL), a 
Predictive Environment Model (PEM), and Stability-Aware Optimization (SAO) 
within an autonomous resource-allocation framework. By combining real-time 
network observations with forecasts of forthcoming environmental 
conditions, the DSS autonomously determines resource allocations across 
multiple, potentially conflicting objectives. Within the framework, DRL 
facilitates adaptive policy learning, PEM anticipates future network states to 
support proactive decision-making, MOOP manages trade-offs among 
throughput, latency, fairness, and energy efficiency, and SAO promotes 
temporal consistency across consecutive allocation decisions. Communication-
link quality is further assessed through Signal-to-Interference-plus-Noise 
Ratio (SINR) and data rate. Extensive simulation experiments compare the 
proposed DSS against static, reactive, and conventional DRL-based resource-
allocation approaches. The findings demonstrate improvements in 
communication efficiency, resource utilisation, latency, fairness, and energy 
efficiency. Convergence and temporal evaluations further reveal faster and 
more consistent decision behaviour, while SINR and data-rate analyses 
indicate enhanced communication-link quality under the assumed operational 
conditions. Overall, the findings demonstrate that integrating adaptive 
learning, predictive environmental awareness, multi-objective optimisation, 
and stability-aware decision-making within a DSS provides an effective 
approach to autonomous resource management in dynamic B5G and 6G 
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heterogeneous wireless networks while maintaining balanced trade-offs 
among competing objectives.  

1. Introduction 
Fifth-generation (5G), B5G, and 6G wireless networks have created increasingly heterogeneous and 

dynamic communication environments [1]. The coexistence of macro base stations, small cells, 
heterogeneous users, diverse service demands, and time-varying wireless conditions introduces 
substantial challenges for autonomous network resource management. Resource allocation in such 
environments must simultaneously account for spectrum availability, transmission power, user 
association, interference, traffic dynamics, and QoS requirements. Conventional resource-allocation 
approaches typically rely on predefined rules, static optimisation, or demand-driven control 
mechanisms [2]. Although these approaches may perform adequately under relatively stable network 
conditions, their effectiveness can deteriorate when traffic loads, channel states, interference levels, 
and user mobility vary continuously. Autonomous resource management therefore requires decision 
mechanisms capable of observing the current network state, anticipating future conditions, evaluating 
competing alternatives, and selecting appropriate resource-allocation actions [3]. 

Within heterogeneous wireless networks, these requirements naturally constitute a multi-criteria 
decision-making problem. Network controllers must determine how available resources should be 
distributed among competing users while balancing throughput, latency, fairness, and energy 
efficiency. These objectives inherently involve trade-offs; for example, increasing transmission power 
may improve throughput while simultaneously raising energy consumption and interference. 
Consequently, an effective autonomous resource-allocation mechanism should not optimise individual 
objectives independently but should coordinate decisions across multiple QoS and operational criteria 
[4]. 

The central research problem addressed in this study concerns autonomous resource-allocation 
decision-making in heterogeneous wireless networks characterised by continuously evolving network 
conditions and service requirements. Resource-allocation actions must be selected under power, 
spectrum, interference, and QoS constraints while simultaneously considering multiple, potentially 
conflicting performance objectives. The network controller continuously observes the heterogeneous 
wireless environment and determines allocation actions involving transmission power, bandwidth 
allocation, user association, and scheduling. These decisions should enhance overall network utility 
while satisfying QoS requirements and preventing unstable resource-allocation behaviour [32]. The 
challenge therefore extends beyond identifying an optimal allocation at a particular instant; it requires 
adaptive decision-making over time under uncertain and changing conditions. 

Accordingly, this study formulates autonomous wireless resource allocation as an intelligent multi-
objective decision problem in which throughput, latency, fairness, and energy efficiency constitute the 
principal decision criteria. DRL, PEM, MOOP, and SAO are incorporated into the decision process. From 
a decision-making perspective, the proposed framework operates as an Intelligent Decision Support 
System (IDSS) for autonomous wireless network management. The network controller functions as an 
independent decision-maker that continuously observes network conditions, anticipates future 
environmental states, evaluates multiple performance criteria, and selects resource-allocation actions. 
Its decision variables encompass transmission power, bandwidth allocation, user association, and 
scheduling, while resource availability, QoS, interference, and stability define the principal constraints 
governing these decisions. 

The framework consequently supports decision-making by integrating current network 
observations, predicted future conditions, and multi-objective optimisation before determining the 
final resource-allocation action. Unlike conventional optimisation methods that primarily derive 
allocations from the current network state, the proposed approach embeds prediction and adaptive 
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learning directly within the decision process. PEM anticipates potential future network conditions, DRL 
learns an adaptive allocation policy, MOOP captures trade-offs among competing objectives, and SAO 
regulates temporal variations across successive decisions. Through this integration, the framework 
facilitates autonomous and context-aware resource allocation in dynamic heterogeneous wireless 
networks, as illustrated in Figure 1 [5]. 

Figure 1 presents a multi-tier heterogeneous network (HetNet) architecture consisting of macro 
cells and small cells that collectively provide wireless coverage within a dense user environment. 
Network users exhibit heterogeneous QoS requirements associated with enhanced Mobile Broadband 
(eMBB), Ultra-Reliable Low-Latency Communications (URLLC), and massive Machine-Type 
Communications (mMTC). Macro cells provide wide-area coverage and mobility support, whereas small 
cells enhance capacity and spectral efficiency in high-density areas. The network operates under 
dynamic and non-stationary conditions in which user distributions, traffic demands, and channel states 
continuously evolve, thereby necessitating intelligent and adaptive resource-allocation strategies. 

 
Fig.1: Architecture of a Multi-Layer Heterogeneous Wireless Network with Heterogeneous QoS 

Requirements 

Despite substantial advances in AI-assisted resource allocation for heterogeneous wireless 
networks, developing and deploying a fully autonomous and intelligent resource-management 
framework capable of responding to rapidly changing network conditions in real time while preserving 
system stability and scalability remains a major challenge [10]. Existing approaches, particularly those 
employing DRL and optimisation methods, remain insufficient for simultaneously satisfying 
multidimensional QoS requirements in highly non-stationary and interference-intensive environments. 
Many existing models are developed under simplified or partially stationary conditions and 
consequently lack the robustness required for realistic environments characterised by bursty traffic and 
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mobile users. Furthermore, fast adaptive decision-making has not yet been adequately integrated with 
mechanisms that ensure long-term stability, creating an unresolved trade-off between responsiveness 
and reliability. These limitations highlight the need for a unified framework that coherently combines 
real-time adaptability, scalable architectures, and QoS assurance across varying network conditions, 
which remains an open and challenging problem for next-generation wireless systems [11; 12]. 

Existing research has established the effectiveness of DRL, multi-objective optimisation, predictive 
modelling, and QoS-aware resource-allocation techniques in addressing specific aspects of wireless 
network management. Nevertheless, important limitations emerge when these approaches are 
considered within an integrated decision-making framework. Many existing resource-allocation 
methods optimise only one or a limited set of network performance indicators, potentially creating 
undesirable trade-offs among throughput, latency, fairness, and energy efficiency. Conventional DRL-
based allocation approaches also generally derive decisions from the observed network state without 
explicitly accounting for anticipated environmental conditions [6].  

Although predictive resource-management methods can facilitate proactive decision-making, they 
may not adequately preserve consistency across successive allocation decisions. Similarly, multi-
objective approaches provide mechanisms for reconciling competing criteria, but their integration with 
adaptive learning and predictive environmental information remains insufficiently explored, as 
illustrated in Figure 1. Collectively, these limitations demonstrate the need for an integrated decision-
support mechanism that unifies adaptive learning, environmental prediction, multi-objective decision 
criteria, and temporal stability within a single resource-allocation process. 

Accordingly, this study proposes a hybrid framework integrating DRL, PEM, MOOP, and SAO to 
support autonomous resource-allocation decisions in next-generation heterogeneous wireless 
systems. The principal objective is to develop an autonomous intelligent decision-support framework 
for multi-objective resource allocation in next-generation heterogeneous wireless networks [7]. 
Specifically, the study formulates wireless resource allocation as a multi-criteria decision-making 
problem involving throughput, latency, fairness, and energy efficiency; develops a DRL-based 
autonomous decision mechanism capable of adapting allocation decisions to dynamic network 
conditions; incorporates PEM to anticipate future network states and facilitate proactive allocation; 
applies MOOP to reconcile conflicting QoS and energy-related criteria; and integrates SAO to minimise 
undesirable variations between consecutive allocation decisions. The proposed framework is further 
evaluated against conventional resource-allocation and DRL-based approaches across different 
wireless network environments. In addition, the study examines the practical and managerial 
implications of autonomous resource allocation for network operators and wireless network managers. 

1.1 Decision-Oriented Formulation 
The study conceptualises autonomous wireless resource allocation as an intelligent multi-criteria 

decision-making problem in which throughput, latency, fairness, and energy efficiency constitute the 
principal decision criteria, subject to network and QoS constraints. 

 
1.2 Autonomous Resource Allocation Decision Support Framework 

The proposed hybrid architecture integrates DRL, PEM, MOOP, and SAO to support autonomous 
resource-allocation decisions within heterogeneous wireless networks. 

 
1.3 Predictive Decision Capability 

PEM is embedded within the decision process to provide information regarding anticipated 
network conditions, enabling the DRL-based controller to make proactive rather than exclusively 
reactive resource-allocation decisions. 
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1.4 Multi-Criteria Resource Allocation 
The framework simultaneously considers throughput, latency, fairness, and energy efficiency, 

thereby explicitly addressing the conflicting objectives inherent in autonomous network resource 
management. 

 
1.5 Stability-Aware Decision Mechanism (Sao) 

SAO regulates temporal variations across successive resource-allocation decisions, thereby 
reducing instability within the autonomous decision process. 

 
1.6 Comprehensive Evaluation 

The proposed framework is evaluated against conventional allocation methods and DRL-based 
baselines using multiple performance measures, including prediction accuracy, convergence, SINR, 
data rate, latency, fairness, and energy efficiency. 

1.7 Engineering Management Perspective 
The study positions autonomous resource allocation as a decision-support mechanism through 

which telecom operators and network managers can make adaptive resource-management decisions 
under dynamically changing network conditions [8; 10]. 

A MOOP is formulated to address resource allocation and system optimisation within the 
considered heterogeneous network (HetNet). The formulation reflects the competing performance 
criteria that must be jointly optimised in next-generation wireless networks [15]. In particular, the 
framework seeks to maximise system throughput to improve overall spectral efficiency and 
accommodate high-data-rate services such as enhanced Mobile Broadband (eMBB). It simultaneously 
minimises end-to-end latency to satisfy stringent delay requirements, particularly for Ultra-Reliable 
Low-Latency Communications (URLLC), while improving energy efficiency by reducing power 
consumption at base stations and user equipment. Fairness is also incorporated to prevent resource 
starvation and promote equitable distribution among different user groups [16].  

Furthermore, the formulation ensures compliance with service-specific QoS requirements by 
allocating resources according to the performance needs of eMBB, URLLC, and massive Machine-Type 
Communications (mMTC). Rather than treating these objectives independently, the mathematical 
formulation evaluates them jointly, thereby enabling explicit analysis of conflicting trade-offs such as 
throughput versus energy efficiency and latency versus fairness. Practical wireless-network constraints 
are also incorporated, including spectrum scarcity, spectrum reuse and associated interference in 
dense heterogeneous deployments, and service-specific QoS requirements such as minimum data 
rates, maximum latency, and reliability thresholds. The resulting MOOP can be addressed using 
advanced solution techniques, including machine-learning and evolutionary optimisation methods, to 
determine resource allocations that balance performance objectives against physical network 
constraints [11; 12]. 

The proposed framework has implications for multiple stakeholders involved in wireless network 
operation and management. Telecom operators can employ the decision-support mechanism to 
facilitate dynamic resource utilisation and QoS management, while network managers can use it to 
reconcile competing operational priorities involving capacity, latency, fairness, and energy 
consumption. Predictive information can additionally assist infrastructure planners in assessing future 
resource demand and network conditions. From an engineering-management perspective, the 
framework provides an autonomous mechanism for supporting operational decisions in 
heterogeneous wireless networks, reducing dependence on manually configured or static allocation 
policies. Section 9 concludes the study [13; 14]. 

DRL has emerged as an important mechanism for autonomous resource management in 
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heterogeneous and next-generation wireless networks because allocation policies can be learned 
through continuous interaction with dynamic environments. A comprehensive survey of DRL-based 
radio resource allocation and management highlighted its capacity to address complex resource-
management problems without requiring an explicit analytical solution for every possible network 
condition [1]. However, as a survey, that work did not develop an integrated allocation mechanism 
combining prediction, multi-objective optimisation, and stability-aware control. The potential of DRL 
for energy-efficient resource management has also been demonstrated through an energy-efficient 
rate-splitting multiple-access framework that jointly considered communication performance and 
energy consumption [5]. Nevertheless, that investigation focused on a specific multiple-access scenario 
rather than a general heterogeneous network involving simultaneously conflicting QoS criteria. 

The applicability of DRL to data-transmission optimisation in 6G software-defined networks has 
likewise been demonstrated, supporting its role in adaptive resource management within emerging 6G 
environments [22]. However, the emphasis remained primarily on transmission optimisation without 
explicitly integrating PEM with a stability-aware multi-objective decision mechanism. Multi-agent DRL 
has also been applied to efficient end–edge–cloud task offloading in 6G networks, demonstrating the 
value of distributed learning for resource-related decisions in dynamic environments [28]. Task 
offloading, however, constitutes a more specialised computational resource-management problem, 
whereas the present study simultaneously addresses wireless resource-allocation criteria involving 
throughput, latency, fairness, and energy efficiency. 

QoS-aware adaptive resource management has further been investigated through intelligent 
congestion control for 5G URLLC software-defined networks using a reinforced duelling deep Q-
network [31]. Although particularly relevant to latency-sensitive resource management, that approach 
concentrates primarily on congestion control and URLLC-oriented allocation rather than providing a 
unified multi-objective framework incorporating prediction, adaptive learning, and temporal stability. 
Dynamic scheduling has similarly been addressed through EdgeSched-DQN for edge-cloud 
environments, further demonstrating the usefulness of DQN-based learning for adaptive scheduling 
[35].  

Nevertheless, its application domain concerns edge-cloud task scheduling rather than 
heterogeneous wireless resource allocation, and it does not explicitly optimise wireless throughput, 
latency, fairness, and energy efficiency simultaneously. Collectively, these studies establish the ability 
of DRL to support adaptive decision-making across dynamic wireless and edge environments. However, 
the approaches represented within the current literature generally address specialised resource-
management problems or prioritise selected performance objectives. This limitation motivates a more 
integrated decision framework capable of jointly incorporating multiple QoS criteria, anticipated 
network conditions, and temporal stability. 

Wireless resource allocation is inherently multi-objective because network operators must 
reconcile several competing performance criteria. Multi-objective optimisation has been investigated 
for active intelligent reflecting surface (IRS)-aided multi-group multicast systems incorporating energy 
harvesting and integrated sensing and communication, demonstrating the importance of jointly 
considering multiple system objectives in emerging wireless architectures [18]. However, that work 
addresses an active IRS-assisted multicast setting rather than autonomous resource management 
within heterogeneous cellular networks. A multi-objective evolutionary approach has also been 
employed to optimise energy savings and coverage in edge WiFi sensor deployment, illustrating the 
capacity of evolutionary optimisation to reconcile conflicting objectives [4]. Nevertheless, the 
underlying problem is deployment-oriented and does not incorporate adaptive DRL-based decision-
making or predictive network-state information. 

The significance of multi-objective decision-making has additionally been demonstrated through 
service-based application scheduling across multi-cluster cloud-edge-IoT infrastructures [7]. Although 
this approach highlights the need to balance competing objectives within complex resource-scheduling 
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environments, its focus lies primarily on cloud-edge-IoT service scheduling rather than wireless 
resource allocation governed by channel, interference, and QoS constraints. Multi-index evaluation 
learning has similarly been applied to computation-offloading optimisation for the power Internet of 
Things, demonstrating the importance of considering several performance indicators when making 
resource-related decisions [21]. However, computation offloading differs from joint wireless resource 
allocation involving power, bandwidth, user association, throughput, latency, fairness, and energy 
efficiency. These studies collectively establish the suitability of multi-objective optimisation for complex 
engineering resource-management problems. However, multi-objective optimisation alone cannot 
continuously learn adaptive allocation policies from changing wireless environments. MOOP is 
therefore incorporated into the proposed framework as the decision-criterion layer, while DRL provides 
adaptive decision-making and the predictive and stability components account for anticipated 
environmental variation and temporal consistency. 

Reactive resource allocation primarily relies on the current network state and may consequently 
respond only after congestion, channel degradation, or QoS deterioration has occurred. Predictive 
resource management offers an alternative by incorporating anticipated network conditions into the 
allocation process. Predictive optimal channel allocation has demonstrated how forecasting future 
network conditions can improve resource decisions before those conditions materialise [6]. However, 
the corresponding framework was developed specifically for integrated sensing, communication, and 
computation environments and did not combine predictive allocation with DRL-based learning and 
stability-aware control within a heterogeneous cellular network. Edge-AI resource-recommendation 
techniques for 5G/6G channels have also highlighted the growing importance of AI-enabled resource 
recommendations in future wireless environments [26]. Although this work provides a broader 
perspective on intelligent resource management, it does not formulate the complete decision process 
as an integrated DRL–prediction–stability framework. 

The transition from reactive communication towards proactive environmental awareness has also 
been emphasised through wireless environmental information theory for online and proactive 
environmental intelligence communication in 6G [36]. Nevertheless, that work does not provide the 
specific resource-allocation architecture developed in the present study. Fairness-aware deep Q-
learning has additionally been applied to resource allocation and reconfigurable intelligent surface (RIS) 
optimisation for high-altitude platform networks, directly demonstrating the relevance of fairness to 
autonomous resource management [8]. However, the HAP/RIS environment differs from the 
heterogeneous cellular setting examined here, while predictive environmental modelling and stability-
aware optimisation are not explicitly integrated. The literature therefore reinforces the importance of 
predictive and proactive intelligence while leaving scope for embedding prediction directly within a 
multi-objective DRL-based resource-allocation decision loop. 

The growing heterogeneity of 5G and 6G services has made QoS-aware resource management 
increasingly important. QoS-aware network slicing and resource management have been examined for 
the Internet of Vehicles in 5G networks, demonstrating the importance of incorporating service 
requirements directly into resource-management decisions [12]. However, that application primarily 
concerns network slicing and vehicular communications rather than general heterogeneous wireless 
resource allocation. Intelligent congestion control with adaptive resource management has also been 
studied for 5G URLLC software-defined networks [31]. Although relevant because resource decisions 
respond to congestion and QoS conditions, the approach focuses predominantly on congestion control 
rather than simultaneously balancing throughput, latency, fairness, and energy efficiency. 

QoS-aware resource sharing and power control have further been investigated for underlay many-
to-many vehicular communications, demonstrating the importance of jointly managing resources and 
transmission power to improve QoS [16]. Nevertheless, the vehicular communication scenario differs 
from the multi-tier heterogeneous network considered in the present study. Broader examinations of 
deep learning for 6G have identified opportunities and challenges associated with intelligent wireless 



Decision Making: Applications in Management and Engineering 

Volume 9, Issue 1 (2026) 520-557 

 

527 

systems [17], while performance evaluation and optimisation research has considered 6G from the 
perspective of key performance indicators (KPIs), analytical tools, and AI models [15]. These 
contributions reinforce the broader transition towards AI-driven and performance-aware 6G networks 
but do not provide the integrated autonomous resource-allocation mechanism introduced here. 
Collectively, the literature confirms the necessity of incorporating QoS requirements into intelligent 
network management. However, a unified mechanism capable of learning allocation policies, 
predicting future conditions, balancing multiple QoS criteria, and regulating temporal instability 
remains insufficiently developed. 

Energy efficiency and fairness constitute two particularly important resource-management 
objectives that may conflict with throughput maximisation. The application of DRL to energy-efficient 
wireless communications has demonstrated that learning-based methods can improve communication 
performance while accounting for energy consumption [5]. Energy savings have likewise been 
considered alongside coverage optimisation through a multi-objective evolutionary framework [4]. The 
significance of simultaneously evaluating multiple performance indicators in resource-management 
decisions has also been demonstrated through multi-index evaluation learning for computation 
offloading [21]. In addition, fairness has been explicitly incorporated into deep Q-learning for resource 
allocation and RIS optimisation [8]. These findings establish the importance of energy efficiency and 
fairness as resource-management objectives. Nevertheless, existing approaches frequently address 
these criteria independently or within specialised scenarios rather than explicitly managing the trade-
offs among throughput, latency, fairness, and energy efficiency in dynamic heterogeneous wireless 
networks. The proposed framework therefore integrates these criteria within a unified multi-objective 
decision formulation. 

Adaptive learning introduces an additional challenge in dynamic wireless environments because 
resource-allocation decisions may vary considerably between successive decision intervals in response 
to changing channel conditions, traffic demand, user mobility, and learning behaviour. Maximising 
instantaneous performance alone is therefore insufficient; temporal consistency and stable network 
operation must also be maintained throughout the decision process. Research on resource allocation 
in software-defined networks has identified important challenges associated with intelligent resource 
management [32]. Machine-learning-based resource allocation and dynamic placement for virtualised 
network functions have further demonstrated the importance of adaptive resource decisions under 
changing network conditions [10]. The importance of robustness in intelligent optimisation for dynamic 
engineering systems has additionally been demonstrated through a hierarchical deep-learning and 
distributionally robust framework, as shown in Table 1 [14]. 

The remainder of this paper is organised as follows. Section 2 critically reviews existing research on 
DRL-based resource allocation, multi-objective optimisation, predictive resource management, 
stability-aware optimisation, and intelligent decision-support approaches. Section 3 describes the 
heterogeneous wireless system model and formulates resource allocation from a multi-criteria 
decision-making perspective. Section 4 introduces the proposed autonomous decision-support 
framework, encompassing the DRL decision engine, PEM, MOOP, and SAO mechanisms. Section 5 
details the simulation environment, experimental configuration, baseline methods, and evaluation 
methodology. Section 6 presents and discusses the simulation results. Section 7 examines the 
managerial and practical implications of the proposed framework. Section 8 outlines the study 
limitations and future research directions. Finally, Section. 
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Table 1 
Critical Compassion of Existing Resource Allocation Approaches and Identification of the Research Gap  

Relevance to the 
Proposed Study 

Main Limitation Relative to 
this Study 

Main Strength Main Objective Method/ 
Approach 

Study Focus Ref. Seq. 

Establishes the 
importance of DRL 
for autonomous 
resource allocation 

Survey-based study; does 
not propose or 
experimentally validate an 
integrated autonomous 
allocation framework 

Provides a comprehensive 
overview of DRL-based 
resource allocation and 
management in next-
generation heterogeneous 
networks 

Review autonomous RRA DRL survey HetNet 
resource 
allocation 

Alwarafy 
et al. [1] 

1. 

Supports the use of 
DRL and energy 
efficiency as 
decision criteria 

Focuses on energy-efficient 
communication within a 
specific wireless scenario; 
limited consideration of 
multiple QoS criteria 

Demonstrates the 
effectiveness of DRL for 
energy-aware wireless 
resource optimization 

Energy-efficient 
communication 

DRL Wireless 
communication 

Diamanti 
et al. [5] 

2. 

Motivates the 
predictive 
component of the 
proposed 
framework 

Does not integrate DRL-
based adaptive learning 
with stability-aware 
optimization 

Introduces predictive 
information to support 
proactive channel allocation 
decisions 

Channel allocation Predictive 
optimization 

ISCC systems Dutta et 
al. [6] 

3. 

Supports adaptive 
and distributed 
decision-making in 
6G environments 

Primarily addresses 
computational task 
offloading rather than 
heterogeneous wireless 
resource allocation; limited 
joint QoS optimization 

Provides adaptive and 
distributed learning for 
dynamic resource-related 
decisions 

Task offloading Multi-agent DRL 6G edge 
computing 

She et al. 
[29] 

4. 

Supports DRL-based 
autonomous 
decision-making in 
6G networks 

Limited integration of 
multiple conflicting 
objectives and predictive 
environmental information 

Demonstrates AI-based 
adaptive optimization for 
data transmission in 6G 
software-defined networks 

Data transmission 
optimization 

DRL 6G SDN Naguib et 
al. [23] 

5. 

Supports QoS-
aware resource 
allocation 

Application-specific to 
vehicular networks and 
network slicing; does not 
jointly optimize fairness, 

Explicitly incorporates QoS 
requirements into resource 
management 

Resource management QoS-aware 
network slicing 

5G IoV Haider et 
al. [12] 

6. 
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energy efficiency, and 
throughput 
 

Supports latency- 
and QoS-aware 
intelligent resource 
management 

Primarily focuses on 
congestion control and 
URLLC; lacks predictive and 
stability-aware multi-
objective integration 

Addresses congestion and 
QoS requirements in latency-
sensitive 5G networks 

Congestion/resource 
management 

Reinforced 
Dueling DQN 

5G URLLC SDN Sittakul et 
al. [32] 

7. 

Supports the use of 
multi-objective 
optimization and 
energy efficiency 

Does not incorporate 
adaptive DRL or future-
state prediction; focuses 
on deployment 
optimization 

Explicitly addresses trade-
offs between energy 
consumption and network 
coverage 

Energy and coverage 
optimization 

Multi-objective 
evolutionary 
optimization 

Edge WiFi Benatia et 
al. [4] 

8. 

Supports the MOOP 
formulation of 
conflicting wireless 
objectives 

Designed for a specific IRS-
assisted multicast and ISAC 
scenario; lacks 
autonomous DRL-based 
decision learning 

Provides a multi-objective 
formulation for balancing 
several performance 
requirements 

Energy/sensing/multicast 
optimization 

MOOP IRS-assisted 
wireless 

Kha and 
Quyet 
[19] 

9. 

Demonstrates the 
applicability of 
multi-objective 
decision-making in 
complex networked 
systems 

Focuses on application 
scheduling rather than 
wireless resource 
allocation and does not 
model wireless-channel 
dynamics 

Considers multiple 
competing objectives in 
complex edge-cloud 
resource scheduling 

Application scheduling Multi-objective 
scheduling 

Cloud-edge-IoT Ejaz et al. 
[7] 

10 

Supports fairness-
aware DRL resource 
allocation 

Does not integrate future-
state prediction and 
temporal stability into the 
allocation decision process 

Explicitly incorporates 
fairness into DRL-based 
resource allocation and RIS 
optimization 

Fairness-aware resource 
allocation 

FAIR-DQL HAP/RIS Etheredge 
et al. [8] 

11. 

Supports AI-
enabled resource 
intelligence 

Does not establish an 
integrated closed-loop 
framework combining 
prediction, learning, multi-
objective optimization, and 
stability 

Highlights AI-enabled 
resource recommendation 
for 5G/6G environments 

Resource 
recommendation 

Edge-AI 
recommendation 

5G/6G 
channels 

Noor et 
al. [25] 

12. 

Motivates the Does not provide a Promotes proactive Environmental Proactive 6G Zhang 13. 
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predictive/proactive 
component 

complete resource 
allocation mechanism or 
integrate environmental 
prediction with DRL and 
stability control 

environmental intelligence 
for future 6G 
communication 

awareness environmental 
intelligence 

[37] 

Provides an 
integrated 
intelligent decision-
support framework 
for autonomous 
multi-criteria 
resource allocation 

Requires higher 
computational complexity 
and comprehensive 
validation for practical 
deployment 

Integrates adaptive learning, 
future-state prediction, 
multi-objective decision-
making, and stability-aware 
control within one 
framework 

Throughput + latency + 
fairness + energy 
efficiency 

MOOP + DRL + 
PEM + SAO 

B5G/6G 
HetNet 

Proposed 
study 

14. 
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Although these studies demonstrate the importance of adaptive and robust intelligent decision 
mechanisms, SAO in the present study serves as an additional decision layer specifically intended to 
regulate variations between consecutive wireless resource-allocation actions. Stability is therefore not 
positioned as an alternative to DRL; instead, it complements adaptive learning by limiting abrupt 
changes in allocation decisions while preserving multi-objective performance requirements [15]. The 
critical assessment of the literature reveals four major research gaps. First, despite the strong adaptive 
decision-making capabilities demonstrated by existing DRL-based approaches, many remain 
application-specific, addressing problems such as task offloading, congestion control, vehicular 
communication, or energy-efficient wireless transmission.  

Second, although multi-objective approaches effectively represent trade-offs among competing 
objectives, their integration with continuous DRL-based policy learning and future-state prediction 
remains limited. Third, predictive resource management facilitates proactive decision-making, yet 
prediction is not consistently incorporated into a closed-loop wireless resource-allocation mechanism 
that simultaneously accounts for decision stability. Fourth, existing QoS-aware and fairness-aware 
approaches address selected performance dimensions, but the joint consideration of throughput, 
latency, fairness, and energy efficiency under dynamic network conditions remains insufficient [16]. 

These gaps motivate an integrated autonomous decision-support framework in which DRL enables 
adaptive policy learning, PEM provides future-state awareness, MOOP captures conflicting decision 
criteria, and SAO regulates the temporal stability of resource-allocation decisions. Accordingly, wireless 
resource allocation is formulated as a continuous multi-criteria decision-making problem rather than 
an isolated optimisation task. The proposed study distinguishes itself from the reviewed approaches by 
combining four complementary capabilities within a single decision loop. DRL learns adaptive policies 
through interactions with the network environment, PEM supplies proactive information concerning 
anticipated network conditions, MOOP structures the competing decision criteria, and SAO controls 
the temporal evolution of allocation decisions [17]. The resulting framework therefore functions as an 
intelligent decision-support mechanism for autonomous resource management in heterogeneous 
B5G/6G networks. 

The comparative analysis presented in Table 1 demonstrates that previous studies have addressed 
several important but largely individual dimensions of intelligent wireless resource management. DRL-
based research has established the effectiveness of adaptive learning for resource allocation, 
transmission optimisation, and fairness-aware decision-making [1; 5; 8; 22; 28; 31]. Other studies have 
employed multi-objective optimisation to reconcile competing requirements involving energy 
consumption, coverage, sensing, and communication performance Benatia et al. [4]; [7; 18]. Predictive 
and proactive approaches have further demonstrated the value of incorporating anticipated network 
conditions into resource-management decisions [6; 26; 36]. Nevertheless, the reviewed literature 
generally concentrates on one or two of these capabilities rather than combining them within a unified 
autonomous decision-making process. In particular, the joint integration of adaptive DRL-based 
decision-making, predictive environmental information, multi-objective QoS optimisation, and 
temporal stability remains insufficiently explored. Moreover, numerous existing techniques are 
designed for specific application contexts, including vehicular networks, RIS-assisted systems, high-
altitude platform (HAP) networks, edge-cloud environments, and task-offloading scenarios, thereby 
limiting their direct applicability to general heterogeneous cellular networks. The proposed study 
addresses these limitations by integrating DRL, PEM, MOOP, and SAO within a unified intelligent 
decision-support framework for heterogeneous B5G/6G wireless networks. Resource allocation is 
consequently treated as a continuous multi-criteria decision-making problem that jointly considers 
throughput, latency, fairness, and energy efficiency subject to network and QoS constraints. 

2. DESCRIPTION SYSTEM 
The proposed system model represents a realistic next-generation HetNet operating under highly 
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dynamic and uncertain conditions [17]. It provides the underlying environment within which the 
autonomous resource-allocation problem is formulated and addressed. The network adopts a 
hierarchical multi-tier architecture comprising macro cells that provide wide-area coverage and small 
cells that enhance capacity in densely populated areas. Such multi-layer deployments are fundamental 
to 5G and subsequent wireless generations because they simultaneously support coverage expansion 
and capacity densification. Within this environment, numerous mobile users compete for shared 
physical resources while generating heterogeneous traffic demands according to their respective 
applications. 

Users are categorised into three service classes: eMBB, characterised by high data-rate 
requirements; URLLC, requiring extremely low latency and high reliability; and mMTC, involving very 
large numbers of low-power devices transmitting relatively small volumes of data. To reflect realistic 
network behaviour, the system is modelled as a dynamic and non-stationary environment whose 
operating conditions evolve over time. These variations arise from user mobility, wireless-channel 
fading and shadowing, and interference generated by simultaneous transmissions across overlapping 
cells. Consequently, resource-allocation decisions must be made under continuously changing and 
uncertain conditions rather than within a predictable and static network environment. 

The system explicitly defines the principal communication resources as controllable decision 
variables, including radio spectrum in the form of frequency bands or sub-channels, transmission-
power levels assigned to individual users or base stations, and time-slot assignments for data 
transmission. Because these resources are finite, their distribution across users and cells must be 
carefully coordinated to maximise network utilisation [18]. The central modelling challenge is therefore 
to formulate resource allocation as a real-time decision-making problem in which the network state is 
continuously observed and resource assignments are adaptively adjusted. The resulting allocation 
process seeks to optimise overall network performance while satisfying heterogeneous QoS 
requirements, maintaining fairness among users, and ensuring efficient utilisation of limited wireless 
resources within a highly dynamic and interference-rich environment. 

2.1 System Overview and Modelling Perspective 
The considered HetNet is formulated as a multi-tier wireless system comprising a dense population 

of users with heterogeneous service requirements served collectively by macro base stations and small 
cells. The operating environment evolves dynamically as user distributions, traffic demands, channel 
conditions, and interference levels vary over time. To represent the system mathematically, the 
following elements are introduced: 

• A set of users UA  

• A set of base stations UB  

• A resource allocation vector including power, bandwidth, and user association decisions  
The system exhibits inherent cross-layer coupling, whereby physical-layer variables, including SINR 

and transmission power, directly influence network-layer performance metrics such as throughput, 
latency, fairness, and energy efficiency. 

2.1.1 User Association Model (Network Layer Coupling) 
Each user is required to establish a connection with exactly one base station, represented 

mathematically through a binary association variable. 

𝑥𝑢,𝑏 ∈ {0,1}      𝑢𝐴 ∈ 𝑈, 𝑏 ∈ 𝐵 

𝑥𝑢,𝑏 = 1, if user uuu is associated with base station b 

𝑥𝑢,𝑏 = 0, otherwise 
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The Uniqueness Constraint Ensures Stable Network Connectivity 

∑ 𝑥𝑢,𝑏 = 1       𝐴𝑈 ∈ 𝑈𝑏∈𝐵                                                                                                                       (1) 

This constraint introduces a combinatorial structure, rendering the problem NP-hard because user 
association must be jointly optimised with power and resource allocation [19]. 

2.1.2 Physical Layer Model Signal-to-Interference-Plus-Noise Ratio (SINR) 
SINR: This metric characterises the quality of a received wireless signal by expressing the useful 

signal power relative to the combined interference and noise power. It is mathematically expressed as: 

𝛾𝑢 =
𝑃𝑢,𝑏ℎ𝑢,𝑏

∑ 𝑃𝑢,𝑗ℎ𝑢,𝑗+𝜎2
𝑗≠𝑏

                                                                                                                                 (2) 

   𝛾𝑢 SINR of user u. 
   𝑃𝑢,𝑏 transmit power from serving base station b. 
   ℎ𝑢,𝑏 channel gain between BS b and user u. 
   𝑃𝑢,𝑗 transmit power from interfering base station j. 

   ℎ𝑢,𝑗 interference channel gain. 

   𝜎2 dditive white Gaussian noise (AWGN) power 
MOOP provides a mathematical framework for simultaneously optimising multiple performance 

objectives that are frequently conflicting [20; 21]. Unlike classical optimisation, which generally 
considers a single objective, such as maximising throughput or minimising cost, MOOP accommodates 
several interdependent objectives within the same formulation. This characteristic makes it particularly 
suitable for wireless communication systems, where network performance depends on multiple 
interacting criteria. For instance, resource allocation may seek to maximise throughput and energy 
efficiency while simultaneously minimising latency and maintaining fairness among users. These 
objectives inherently involve trade-offs because improving one performance dimension can adversely 
affect another. Increasing transmission power, for example, may enhance throughput while reducing 
energy efficiency and increasing interference, whereas imposing stringent fairness requirements may 
decrease overall system capacity. 

Consequently, a single solution that simultaneously achieves the best value for every objective 
generally does not exist. Instead, MOOP identifies a collection of optimal trade-off solutions known as 
the Pareto-optimal set. A solution is Pareto optimal when no objective can be improved without 
degrading at least one other objective. Various techniques can be employed to solve MOOP, including 
weighted-sum methods, ε-constraint methods, evolutionary algorithms such as NSGA-II, and advanced 
machine-learning approaches such as DRL [22-24]. These methods seek to approximate the Pareto 
front, which represents the best attainable trade-offs among competing objectives. MOOP therefore 
provides a comprehensive framework for modelling and solving complex engineering problems in 
modern wireless networks, particularly when several performance criteria must be jointly optimised 
subject to practical system constraints. Mathematically, MOOP is expressed as: 

 𝑚𝑎𝑥𝐹(𝑥) = (𝐹1(𝑥) + 𝐹2(𝑥) … . 𝐹𝐾(𝑥)                                                                                             (3) 

 x is the decision vector which includes the variables related to resource allocation, including 
transmission power, bandwidth assignment and user association, with each Fk(x) representing an 
individual objective function. The overall objective for the proposed system can be expressed in terms 
of a weighted sum representation: 

𝑚𝑎𝑥𝐽(𝑥) =  ∑ 𝑤𝐾 𝐹𝐾(𝑥)𝐾
𝑘=1                                                                                                                  (4) 

Where wK  denotes the importance weight assigned to each objective. The optimization is 
performed under practical system constraints: 
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Pi ≤  Pi
max   Ai  , ∑ Bu ≤ Btotal  

u∈U

, QoSu  ≥  QoSu
min    Au 

These constraints ensure compliance with power budgets, available bandwidth, and QoS 
requirements. Given the conflicting nature of the objectives, however, no single solution can 
simultaneously optimise all performance metrics. The system therefore seeks Pareto-optimal solutions, 
whereby improving one objective necessarily results in the deterioration of at least one other objective 
[25; 26]. 

2.2 Deep Reinforcement Learning (DRL) Layer 
The DRL layer constitutes the core intelligent decision-making component of the proposed 

framework, with each base station operating as an autonomous decision unit capable of adapting to 
continuously evolving network conditions. Rather than relying on predefined rules or fixed optimisation 
models, each DRL agent progressively learns an effective decision policy through repeated interactions 
with the wireless environment [28]. At each time step, the agent observes the prevailing network state, 
which encompasses information such as traffic load, user distribution, interference levels, and channel 
quality. Based on these observations, it selects a resource-allocation action involving decisions such as 
user scheduling, bandwidth assignment, or transmission-power adjustment. The environment 
subsequently transitions to a new state and generates a reward reflecting the quality of the selected 
action. 

The learning process seeks to maximise cumulative reward over time rather than merely optimising 
immediate performance. This enables the agent to develop long-term allocation strategies that jointly 
account for throughput, latency, energy efficiency, and fairness. Accordingly, the reward function 
integrates these objectives within a unified formulation, encouraging the agent to identify an 
appropriate overall trade-off rather than optimise an individual performance metric in isolation. 
Because the relationship between network states and desirable allocation actions is highly complex 
and nonlinear, deep neural networks are employed to approximate the underlying policy or value 
function. Their capacity to process high-dimensional inputs enables the agent to generalise its learned 
behaviour across different network conditions. 

A key capability of the DRL layer is its adaptability to dynamic and non-stationary wireless 
environments. Continuous variations in user mobility, channel fading, and interference patterns 
require allocation policies to evolve as network conditions change. This adaptation is achieved through 
iterative learning, whereby accumulated experience informs subsequent decisions and progressively 
refines the policy. During this process, the agent balances exploration and exploitation by occasionally 
testing alternative actions to identify potentially superior strategies while also applying knowledge 
acquired from previous interactions. Within a multi-cell HetNet, individual DRL agents are typically 
associated with separate base stations and operate concurrently. Although direct interaction among 
agents may be limited, their decisions remain implicitly coupled because an action selected by one 
agent modifies the network environment subsequently observed by others. Consequently, each agent 
encounters an effectively non-stationary learning environment, increasing the complexity of policy 
optimisation. Despite this challenge, DRL remains suitable for the proposed framework because 
policies can be continuously updated in response to observed environmental changes. 

Overall, the DRL layer formulates resource allocation as a sequential decision-making process in 
which previous interactions are exploited to improve future network performance. It therefore 
provides the adaptability and flexibility required for modern wireless systems without requiring every 
aspect of network dynamics to be explicitly represented through fixed mathematical optimisation 
models [29; 30]. As the intelligent decision-making engine of the framework, the DRL layer enables 
each base station to operate as an autonomous entity that progressively learns effective resource-
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allocation behaviour through continuous interaction with the wireless environment. At time step t, the 
agent observes the current network state as: 

𝑆𝑡 = {𝑆𝐼𝑁𝑅, 𝑄𝑡, 𝑈𝑡, 𝐼𝑡, 𝐷𝑡}                                                                                                                    (5) 

Where SINR is signal-to-interference-plus-noise ratio, Qt is queue state, Ut is user distribution, It is 
interference conditions, and Dt is traffic demand. Based on this state, the agent selects an action: 

𝛼𝑡 = {𝑃𝑡, 𝐵𝑡, 𝐴𝑡}                                                                                                                                     (6) 

Where Pt, Bt , and At denote power allocation, bandwidth assignment, and scheduling decisions. 
The objective is to maximize the expected cumulative discounted reward: 

Rt =  ∑ γr−trt
∞
r=t                                                                                                                                    (7) 

Where γ is the discount factor and rt is the instantaneous reward. The reward is designed as a multi-
objective utility: 

rt =  αTt + BLt +  δEt +  ηFt                                                                                                            (8) 

Where 𝑇𝑡 is throughput, 𝐿𝑡 is latency, 𝐸𝑡 is energy efficiency, and 𝐹𝑡 is fairness, 𝛼, 𝐵, 𝛿, 𝑎𝑛𝑑   𝜂 
balancing coefficients. The policy is approximated using deep neural networks: 

𝜋𝜃 (𝛼𝑡, 𝑆𝑡)  

Where 𝜽 represents the trainable network parameters. Through this learning process, the agent 
progressively adapts to the dynamic and nonlinear wireless environment without requiring an explicit 
analytical model. 

2.3 Predictive Environment Model 
PEM constitutes an important component of the autonomous resource-allocation framework by 

enabling decisions to incorporate anticipated network states rather than relying exclusively on current 
observations [31]. HetNet environments are inherently dynamic and non-stationary, with user 
locations, channel quality, traffic demand, and interference patterns continuously evolving over time. 
Decisions derived solely from the current network state may therefore become short-sighted, 
particularly under high user mobility and bursty traffic conditions. Incorporating predictive capability 
allows resource allocations to be adjusted proactively, thereby reducing the likelihood of performance 
degradation before adverse network conditions materialise. 

PEM learns temporal patterns from historical and real-time network information. Relevant 
observations may include user mobility trajectories, SINR variations, traffic-arrival rates, and handover 
events. Using time-series forecasting or lightweight supervised-learning techniques, the predictive 
module estimates network conditions over a short future horizon. These estimates may encompass 
anticipated channel conditions for individual users, prospective congestion within particular cells, and 
expected interference fluctuations arising from neighbouring transmissions. Incorporating such future-
state information into the decision process enables the resource-allocation agent to evaluate both 
present and anticipated network conditions, supporting more stable and forward-looking actions. This 
capability is particularly important for services with stringent latency or reliability requirements, where 
delayed reactions to deteriorating conditions may result in QoS violations. 

PEM can also improve the stability of learning-based mechanisms, particularly reinforcement-
learning processes operating within non-stationary environments. Abrupt changes in state distributions 
can destabilise learning and slow convergence. Short-term prediction can reduce the uncertainty 
associated with these variations and provide more consistent information to the learning agent. 
Consequently, policy updates can become more reliable, while learned policies may generalise more 
effectively across changing network conditions. Computational efficiency is equally important for real-
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time implementation. PEM therefore employs simplified or lightweight predictive techniques rather 
than computationally intensive architectures, balancing forecasting accuracy against processing 
latency. This consideration is particularly important in large-scale deployments where multiple base 
stations must operate concurrently under limited computational resources [32; 33]. 

Conceptually, PEM is a computational representation that learns, estimates, or simulates how an 
environment evolves over time according to its internal dynamics, external conditions, and actions. Its 
principal purpose is to anticipate future system states and enable subsequent decisions to incorporate 
those predictions. Within engineering and intelligent systems, PEM therefore functions as a virtual 
representation of the operating environment, allowing the system to move beyond purely reactive 
responses to current observations and instead anticipate likely future conditions. Such predictive 
capability is particularly valuable in autonomous systems, wireless networks, robotics, and resource 
management. Conceptually, PEM can be expressed as: 

St+1 = f(St, At, Et)                                                                                                                               (9) 

Where 𝑆𝑡 current state of the environment, At action taken by the agent/ system, Et is external 
contextual factors , 𝑆𝑡+1 is predicted next state, and 𝑓( . . ) is learned or designed predictive. 

2.4 Stability-Aware Optimization 
The primary purpose of SAO is to regulate the evolution of resource-allocation decisions so that 

they remain stable, smooth, and reliable within time-varying wireless environments, particularly under 
highly dynamic conditions characterised by rapid network changes [9]. In such settings, decisions 
generated by a learning-based controller may fluctuate substantially between consecutive time steps 
because of exploration, stochastic channel variations, or abrupt changes in user demands. Excessive 
variations can adversely affect system performance by increasing signalling overhead, disrupting the 
consistency of user experience, and potentially causing QoS violations. SAO therefore introduces a 
controlled mechanism that limits undesirable temporal fluctuations in allocation decisions while 
preserving satisfactory network performance. 

The underlying principle is to formulate resource allocation as a temporally coupled decision 
problem rather than as a sequence of independent optimisation problems. Accordingly, a decision at 
the current time step is determined not only by prevailing network conditions but also with 
consideration of the allocation selected at the preceding time step. Mathematically, this temporal 
consistency is achieved by imposing constraints on variations in the decision vector over time. Assume 
at time t the decision vector is {x_t} = (xt1, xt2, ..., xtK) of power allocation, bandwidth assignment and 
user association, respectively, then the stability would be enforced by limiting the difference between 
two consecutive decisions. This constraint ensures that resource-allocation decisions evolve smoothly 
over time, preventing abrupt transitions or discontinuities between consecutive configurations.  

Rather than permitting substantial changes at each decision interval, the system restricts 
adjustments to a reasonable range relative to the preceding configuration. Stability is incorporated into 
the optimisation process through both regularisation and explicit constraints. The original objective, 
which typically seeks to maximise network utility in terms of throughput, energy efficiency, and 
fairness, is augmented with a penalty term that discourages large deviations from previous decisions. 
The resulting formulation therefore balances performance improvement against temporal stability, 
allowing substantial allocation changes only when they provide sufficient gains to justify the associated 
disruption. 

A more rigorous characterisation of stability can be established through Lyapunov theory, which 
provides a formal framework for analysing the temporal behaviour of dynamic systems. A Lyapunov 
function quantifies deviation from a stable operating condition, while its temporal variation is 
represented by the Lyapunov drift. By controlling this drift while simultaneously optimising the relevant 
performance objectives, the system can be directed towards stable operation. This produces a drift-
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plus-penalty formulation that jointly promotes system stability and network efficiency. Consequently, 
excessive oscillations or divergence can be mitigated even when the network operates under time-
varying conditions. 

Queue dynamics constitute another important dimension of stability, particularly for delay-
sensitive services. Incoming data packets must be served sufficiently rapidly to prevent unbounded 
queue growth. This behaviour is represented through queue-evolution equations that describe changes 
in queue length according to packet arrivals and service rates. Within this context, stability requires the 
expected queue length to remain finite over time, thereby contributing directly to bounded delay. 
Incorporating queue-stability constraints consequently enables the system to maintain QoS 
requirements, particularly those associated with low-latency communications. 

SAO additionally accounts for uncertainty arising from factors such as channel-estimation errors 
and unexpected interference variations. Rather than optimising exclusively for a single deterministic 
network condition, the formulation can be extended to accommodate worst-case conditions within 
predefined uncertainty bounds. SAO therefore promotes smooth, reliable, and temporally consistent 
resource-allocation decisions. Because abrupt variations in control actions within learning-based 
systems may increase signalling overhead and degrade user experience [27; 34], temporal 
regularisation is incorporated into the optimisation process. Accordingly, the following decision-
smoothness constraint is imposed: 

‖𝑥𝑡 − 𝑥𝑡−1‖  ≤ ∈ 

where ϵ controls the maximum allowable variation. A regularized objective is then formulated: 

𝐽𝑠𝑡𝑎𝑏𝑙𝑒 (𝑥𝑡) = 𝐽(𝑥𝑡) −  ⅄‖𝑥𝑡 − 𝑥𝑡−1‖2                                                                                             (10) 

where λ determines the strength of stability enforcement. To provide theoretical guarantees, a 
Lyapunov-based formulation is introduced. The Lyapunov function is defined as: 

L(Qt) =  
1

2
 Q2                                                                                                                                       (11) 

The corresponding drift is: 

∆(𝑄𝑡) = 𝐸[𝐿(𝑄𝑡 + 1) − 𝐿(𝑄)|𝑄𝑡]                                                                                                      (12) 

The optimization minimizes the drift-plus-penalty term: 

min ∆(Qt) − V E[rt|Qt]                                                                                                                     (13) 

where V controls the trade-off between performance and stability. Queue evolution is modeled as: 

Qt + 1 = max(Qt − ut, 0) + At                                                                                                        (14) 

Where At packet arrivals, and ut is service rate. Bounded queue length provides latency stability 
and QoS. 

This optimisation approach strengthens system performance across operating conditions that may 
differ from those assumed during optimisation, thereby improving transferability and reducing 
sensitivity to modelling inaccuracies. SAO consequently refines the decisions generated by the learning 
component by transforming resource allocation into a controlled dynamic process that jointly considers 
performance optimisation, temporal consistency, and robustness. Achieving this balance between high 
system efficiency and reliable, stable long-term operation is essential for practical deployment [35; 36]. 

From a decision-support perspective, the autonomous resource-allocation problem considered in 
this study is formulated as a multi-criteria sequential decision-making problem within a dynamic and 
non-stationary heterogeneous wireless environment. Rather than addressing resource allocation as an 
isolated optimisation task, the proposed framework establishes a continuous decision process in which 
the network state is observed, relevant information is evaluated, and allocation actions are selected 
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according to multiple, potentially conflicting performance requirements. The principal decision 
variables comprise transmission power, bandwidth allocation, user association, and scheduling, 
whereas the decision criteria encompass throughput, latency, fairness, energy efficiency, and QoS. 
These criteria are evaluated jointly because improving one performance dimension may adversely 
affect another. For example, increasing transmission power can enhance received signal quality and 
throughput while simultaneously increasing interference and reducing energy efficiency. Similarly, 
imposing more stringent fairness requirements may restrict the aggregate throughput achievable by 
the network. Resource allocation therefore requires explicit mechanisms for evaluating and balancing 
competing objectives rather than optimising a single performance measure independently. 

The base stations are connected to the DRL decision-making unit, which functions as the adaptive 
decision-maker within the framework. At each decision interval, the agent observes the network state, 
including SINR, queue status, user distribution, interference conditions, and traffic demand, and 
subsequently selects an appropriate resource-allocation action. MOOP provides the multi-criteria 
decision structure by representing the trade-offs among the considered network objectives, whereas 
DRL enables allocation policies to be learned through continuous interaction with the wireless 
environment. The decision process is further supported by PEM, which uses historical and current 
network information, including user mobility trajectories, SINR variations, traffic-arrival rates, and 
handover events, to anticipate the evolution of network conditions. These predictions are combined 
with observations of the current network state, enabling the allocation mechanism to account for 
expected environmental changes rather than responding solely to instantaneous conditions. Such 
predictive capability is particularly important within the considered non-stationary environment, 
where user mobility, channel variations, traffic fluctuations, and interference may substantially affect 
the effectiveness of previously selected allocation decisions. 

Temporal Consistency (TC) is incorporated into the decision process through SAO. Each selected 
resource-allocation action is evaluated relative to the preceding allocation state, while temporal 
regularisation and stability constraints restrict excessive variations between consecutive decisions. 
Queue evolution is also incorporated to support stable network operation and compliance with QoS 
requirements. Consequently, the proposed decision process does not pursue instantaneous network 
utility alone; it simultaneously accounts for the temporal behaviour and stability of successive resource-
allocation decisions [37; 38]. 

3. SIMULATION ENVIRONMENT 
The simulation parameters were selected to establish a realistic yet computationally efficient 5G 

HetNet environment for evaluating the proposed MOOP framework. A simulation area of 1000 × 1000 
m² was adopted to represent a typical urban deployment in which macro base stations, small cells, and 
mobile users coexist under overlapping coverage conditions. The macro base stations provide large-
scale coverage, while the twelve small cells establish an appropriate balance between network 
coverage and capacity while generating meaningful inter-cell interference and load distribution. A total 
of 200 users was considered to represent moderate-to-high network traffic, creating sufficient 
competition for radio resources to evaluate user association, resource allocation, and fairness under 
dynamic operating conditions. 

A carrier frequency of 3.5 GHz was selected because of its widespread use in 5G New Radio (NR) 
deployments, while a system bandwidth of 100 MHz provides a practical balance among coverage, 
spectral efficiency, and expected throughput. Propagation conditions were represented using the 3GPP 
Urban Macro (UMa) path-loss model, Rayleigh fading, and 8 dB log-normal shadowing, thereby 
accounting for large-scale attenuation, multipath propagation, and environmental obstructions 
characteristic of urban wireless environments. User mobility was represented through the Random 
Waypoint model, with velocities ranging from 3 to 30 km/h to capture pedestrian and slow-moving 
vehicular scenarios. Consequently, channel quality, interference conditions, and handover events 
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evolve continuously throughout the simulation. 
Transmission powers of 46 dBm and 30 dBm were assigned to macro base stations and small cells, 

respectively, consistent with practical 5G deployment settings and providing an appropriate balance 
among coverage extension, interference management, and energy consumption, as illustrated in 
Figure 2 and summarised in Table 2. The thermal-noise spectral density was set to the standard room-
temperature noise floor to support accurate SINR estimation. Three standardised 5G service classes 
were incorporated: eMBB, URLLC, and mMTC. Their heterogeneous traffic characteristics and 
conflicting QoS requirements enable resource allocation to be evaluated as a multi-objective 
optimisation problem. 

Proximal Policy Optimization (PPO) was adopted because of its stable convergence behaviour and 
suitability for dynamic environments. The policy and value functions were represented using three-
layer deep neural networks containing 256 neurons per layer, providing sufficient modelling capacity 
to capture complex nonlinear relationships among network states, channel conditions, traffic demands, 
and resource-allocation decisions. The learning rate was set to 1 × 10⁻⁴, the batch size to 256, and the 
discount factor to 0.99, while training was conducted over 1000 episodes to achieve stable policy 
convergence within a manageable computational duration. A 1 ms time interval, corresponding to the 
Transmission Time Interval (TTI) employed in practical 5G systems, enables the learning agent to 
continuously observe changing network conditions and adapt resource-allocation decisions 
accordingly. The complete simulation environment and experimental configuration are illustrated in 
Figure 2, while the parameters employed throughout the experiments are summarised in Table 2. 

 
Table 2 
The Parameters used throughout the Simulations are Summarized 

Seq. Parameter Value 

1. Simulation Area 1000 ∗ 1000 𝑚2 
2.  Number of Macro BSs 3 
3. Number of Small Cells 12 
4. Number of Users 200 
5. Carrier Frequency 3.5 𝐺𝐻𝑧 
6. System Bandwidth 100 𝑀𝐻𝑧 
7. Channel Model Rayleigh Fading 

 

8. Path Loss Model 3GPP Urban Macro 
 

9. Shadowing 8 𝑑𝐵 
10. Mobility Model Random Waypoint 
11.  User Speed 3 − 30 𝐾𝑚/ℎ 
12. Maximum BS Power 46 𝑑𝐵𝑚 
13. Small Cell Power 30 𝑑𝐵𝑚 
14. Noise Spectral Density 174 𝑑𝐵𝑚/𝐻𝑧 
15. QoS Classes eMBB, URLLC, mMTC 
16. DRL Algorithm 𝑃𝑃𝑂 
17. Neural Network 3 Hidden Layers 
18. Hidden Neurons 256 
19. Learning Rate 1 ∗ 10−4 
20. Batch Size 256 
21. Replay Buffer 100000 
22. Discount Factor γ 0.99 
23. Number of Episodes 1000 
24. Time Slot 1 𝑚𝑆 

 
The simulation environment was configured to provide a realistic yet computationally tractable 

representation of a dynamic 5G HetNet for evaluating the proposed MOOP framework. The network 
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consists of macro base stations, small cells, and mobile users operating under overlapping coverage 
conditions. A 1000 × 1000 m² simulation area containing 3 macro base stations and 12 small cells was 
considered. This configuration provides sufficient spatial diversity and inter-cell interference to assess 
user association, resource allocation, QoS provisioning, and fairness under heterogeneous network 
conditions. A population of 200 mobile users was employed to generate moderate-to-high traffic 
demand and create adequate competition for the available radio resources. 

The carrier frequency and system bandwidth were set to 3.5 GHz and 100 MHz, respectively, 
representing a typical 5G New Radio (NR) operating configuration. Wireless propagation was 
represented using the 3GPP Urban Macro (UMa) path-loss model together with Rayleigh small-scale 
fading and 8 dB log-normal shadowing. Collectively, these models capture large-scale propagation 
losses, multipath effects, and signal variations caused by obstacles within urban environments, as 
illustrated in Figure 2. User movement was represented through the Random Waypoint model, with 
velocities ranging from 3 to 30 km/h. This range captures pedestrian and low-speed vehicular mobility 
while introducing continuous changes in channel conditions, interference levels, user associations, and 
handover requirements. Maximum transmission powers were fixed at 46 dBm for macro base stations 
and 30 dBm for small cells, allowing the framework to evaluate trade-offs among coverage, 
interference, throughput, and energy consumption. A thermal noise spectral density of (-174) dBm/Hz 
was incorporated into the SINR calculation. 

The simulation incorporates three representative 5G service classes: eMBB, URLLC, and mMTC. 
These classes were selected because their heterogeneous and potentially conflicting QoS requirements 
provide an appropriate setting for multi-objective resource allocation. eMBB users primarily require 
high throughput, whereas URLLC users demand low latency and reliable resource access, and mMTC 
involves a large number of connections with comparatively low data-rate requirements. Their 
simultaneous presence therefore enables resource allocation to be formulated as a multi-objective 
problem involving throughput, latency, fairness, and energy efficiency. Proximal Policy Optimization 
(PPO) was employed as the DRL algorithm within the proposed autonomous resource-allocation 
framework.  

Its clipped policy-update mechanism was selected to promote stable policy optimisation by 
restricting excessively large policy changes during training, which is particularly relevant to the 
considered HetNet where network states and resource demands evolve continuously. Fully connected 
deep neural networks (DNNs), comprising three hidden layers with 256 neurons per layer, were used 
to implement the PPO policy and value functions. This architecture provides sufficient representational 
capacity to learn the nonlinear relationships among network states, channel conditions, traffic 
requirements, QoS constraints, and resource-allocation decisions without introducing unnecessary 
computational complexity. The learning rate was set to 1 × 10⁻⁴, the mini-batch size to 256, and the 
discount factor (gamma) to 0.99. Training was conducted for 1000 episodes. 

At every 1-ms Transmission Time Interval (TTI), the DRL agent observes a snapshot of the current 
network state containing information on channel conditions, traffic, user association, and resource 
utilisation. Resource-allocation actions are then selected according to this observed state. Following 
each action, the environment evaluates network performance and returns a reward corresponding to 
the multi-objective requirements. The reward formulation jointly considers throughput, latency, 
fairness, and energy efficiency, thereby encouraging allocation decisions that improve overall network 
performance rather than maximising an individual metric. This multi-objective formulation is 
particularly important within the considered HetNet because improvements in throughput may 
increase latency and/or energy consumption, whereas aggressive reductions in energy consumption 
may adversely affect throughput and/or QoS satisfaction. PEM anticipates changes in relevant network 
conditions, while SAO regulates the resulting resource-allocation decisions to limit excessive temporal 
fluctuations. The interaction among PPO, PEM, and SAO therefore enables adaptive resource allocation 
under time-varying network conditions. 
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To facilitate experimental reproducibility, the network-level simulation settings and principal PPO 
training parameters are explicitly reported in Table 1. These include the network dimensions, number 
of base stations, user population, propagation models, mobility assumptions, transmission powers, 
QoS classes, neural-network architecture, learning rate, batch size, discount factor, number of training 
episodes, and TTI. Because PPO is an on-policy reinforcement-learning algorithm, the proposed 
implementation does not employ a conventional experience-replay buffer of the type commonly used 
by off-policy methods. Instead, on-policy trajectories are collected during training and subsequently 
used for the corresponding PPO policy and value-function updates. 

Training performance was assessed by examining the evolution and stabilisation of accumulated 
episode rewards across the 1000 training episodes. Following training, the final learned policy was used 
for the performance evaluation presented in the Results and Discussion section. All performance 
metrics were obtained using the same network configuration specified in Table 2, thereby maintaining 
consistency between the training and evaluation environments. Where available, software versions, 
hardware configuration, random seeds, and total computational time should be reported separately 
because these factors can influence the exact reproducibility of stochastic DRL experiments. These 
implementation-specific details are therefore distinguished from the network and learning parameters 
reported in Table 2. 

 

Fig.2: System-Level Simulation Environment and Experimental Configuration for the Proposed DRL-Based 
5G HetNet Framework 

4. RESULTS AND DISCUSSION 
The simulation results demonstrate the effectiveness of the proposed integrated framework for 
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autonomous resource allocation in heterogeneous wireless networks. As illustrated in Figure 3, MOOP, 
PEM, DRL, and SAO are incorporated within a unified decision-making process. Rather than relying on 
an individual optimisation strategy, the framework enables these components to operate 
collaboratively, allowing resource-allocation decisions to account for both current network conditions 
and anticipated environmental changes. This integration provides a balanced and scalable approach to 
resource management in dynamic 5G/B5G wireless environments. 

The simulation findings further demonstrate the complementary contribution of each framework 
component. MOOP jointly represents throughput, latency, fairness, and energy efficiency as competing 
optimisation objectives. Unlike conventional single-objective approaches that may improve one 
performance metric at the expense of others, the proposed formulation seeks an operating point 
capable of satisfying multiple QoS requirements simultaneously. The optimisation process therefore 
moves towards Pareto-efficient solutions that reconcile conflicting performance objectives while 
maintaining stable network operation. PEM contributes to this process by providing future-state 
awareness within the dynamic network environment.  

Wireless conditions are inherently non-stationary because user mobility, channel fading, traffic 
fluctuations, and interference levels vary continuously. Resource-allocation approaches based 
exclusively on instantaneous network observations may consequently respond only after performance 
deterioration has occurred. In contrast, PEM anticipates forthcoming network states, allowing the 
controller to identify potential traffic congestion, channel degradation, and interference variations 
before they significantly affect network performance. Resource allocation can therefore be adjusted 
proactively, reducing the likelihood of QoS deterioration under increasing traffic loads or rapid mobility 
conditions. 

The adaptive capability of DRL is also demonstrated through the simulation process. The cumulative 
reward exhibits a stable convergence pattern over successive training episodes, indicating progressive 
improvement in the learned resource-allocation policy through repeated interaction with the wireless 
environment. Unlike rule-based optimisation approaches that require explicit modelling of network 
conditions, DRL learns the relationships among observed network states, allocation actions, and long-
term rewards. Consequently, the framework can adapt its allocation strategy across variations in 
channel quality, user density, traffic demand, and interference while progressively improving its 
decision policy throughout training. SAO provides an additional mechanism for controlling temporal 
variations in resource-allocation decisions. Learning-based resource-management systems may 
produce abrupt changes in bandwidth allocation, transmission power, or scheduling decisions during 
exploration, substantial environmental transitions, or training. Such oscillatory behaviour can increase 
signalling overhead and reduce decision consistency. 

 By incorporating temporal regularisation and Lyapunov-based stability control, SAO limits 
excessive variations between successive scheduling intervals and promotes smoother allocation 
decisions. This mechanism supports stable queue dynamics, mitigates congestion under heavy traffic 
conditions, and improves overall network stability without compromising the ability of the framework 
to respond to changing network conditions. The interaction among these four components contributes 
collectively to improved network performance. Adaptive spectrum utilisation combined with 
interference-aware resource allocation enables more efficient use of available radio resources and 
consequently improves bandwidth efficiency.  

Proactive congestion management and stable queue control reduce end-to-end latency, thereby 
supporting delay-sensitive services. At the same time, the multi-objective formulation promotes more 
equitable resource distribution among users while limiting unnecessary transmission-power 
consumption whenever network conditions permit, contributing to improved energy efficiency. The 
simulations further demonstrate the ability of the proposed framework to operate under dynamically 
changing conditions. Integrating prediction, adaptive learning, and stability control enables the system 
to respond to variations in user mobility, traffic demand, and interference. PEM continuously 
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anticipates forthcoming conditions, DRL progressively adapts the allocation policy through interaction 
with the environment, and SAO regulates successive decisions to limit undesirable temporal 
fluctuations. Their coordinated operation consequently supports more reliable resource allocation 
during long-term network operation. The closed-loop framework also provides advantages over 
conventional resource-allocation approaches under the operating conditions defined by the 
parameters in Figure 2.  

Static allocation methods offer limited flexibility when wireless conditions change rapidly, whereas 
reactive heuristic approaches may respond only after resource-allocation performance has 
deteriorated. In contrast, the proposed framework combines prediction, adaptive decision-making, 
multi-objective optimisation, and stability control within a unified process, enabling more consistent 
network performance across the simulated operating conditions. Overall, the simulation findings 
validate the integration of MOOP, PEM, DRL, and SAO as a scalable and intelligent framework for 
autonomous resource management in future heterogeneous wireless networks. By jointly 
incorporating multi-objective decision-making, future-state awareness, adaptive policy learning, and 
temporal stability, the proposed approach supports diverse QoS requirements while enabling efficient 
and reliable resource allocation for next-generation communication services. 
 

 

 

 

 

 

 

 

 

 

 

Fig.3: Integrated Multi-Layer Intelligent Framework for Autonomous Resource Allocation with Predictive 
Modelling and Deep Reinforcement Learning in Heterogeneous Networks (MOOP) 

Figure 4 compares the predictive performance of LSTM, GRU, Transformer, and the proposed PEM 
using Mean Absolute Error (MAE) across increasing time steps. All four models exhibit progressively 
decreasing MAE as the number of time steps increases, indicating that prediction accuracy improves as 
additional temporal observations become available during training. Nevertheless, substantial 
differences are evident in their convergence behaviour and final prediction errors. Among the 
evaluated models, LSTM exhibits the highest initial prediction error and the slowest convergence. Its 
MAE remains comparatively high throughout the observation period, indicating a relatively limited 
ability to capture the rapidly changing temporal dynamics of the considered wireless environment. GRU 
consistently achieves lower MAE than LSTM across almost all time steps, demonstrating improved 
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predictive performance. Its gated architecture enables temporal dependencies to be learned 
effectively while retaining a comparatively simple model structure. Transformer further reduces 
prediction error relative to both recurrent models. Its attention-based architecture facilitates the 
modelling of temporal relationships across longer observation windows, resulting in faster convergence 
and lower MAE. 

The proposed PEM, however, consistently achieves the lowest prediction error throughout the 
evaluated time steps. Its MAE decreases rapidly during the initial training period before gradually 
converging towards a lower and more stable error level. This behaviour indicates both improved 
prediction accuracy and stable convergence compared with the other evaluated models. At the end of 
the 1000 time steps, the approximate MAE values for LSTM, GRU, and Transformer are 0.18, 0.14, and 
0.10, respectively, whereas PEM achieves an MAE of approximately 0.05, as illustrated in Figure 4. 
Relative to LSTM, this corresponds to an approximate 72% reduction in prediction error, calculated as 
(0.18-0.05)/0.18 x 100 ≈72%. The quantitative comparison therefore demonstrates a substantial 
improvement in predictive accuracy over the recurrent and attention-based models evaluated in this 
study. 

The consistently lower MAE achieved by PEM is particularly relevant to the subsequent resource-
allocation process. More accurate forecasts of future network conditions enable the controller to 
anticipate variations in traffic demand, channel conditions, and interference before they significantly 
affect network performance. PEM therefore extends the decision process beyond instantaneous 
network observations and supports proactive resource-allocation decisions. Its smoother convergence 
behaviour further indicates relatively stable predictive performance as additional temporal 
observations become available, which is desirable for integration with the DRL-based decision-making 
process. Overall, Figure 4 demonstrates that PEM provides the strongest predictive performance 
among the evaluated models, exhibiting the lowest absolute prediction error, faster convergence, and 
smoother learning behaviour. The approximately 72% reduction in MAE relative to LSTM quantitatively 
confirms the improvement in prediction accuracy. These findings support the integration of PEM as the 
predictive component of the proposed autonomous resource-allocation framework, where improved 
future-state estimation can facilitate more reliable, proactive, and stable allocation decisions under 
dynamic HetNet conditions. 

 

Fig.4: Prediction Performance of the Proposed Predictive Environment Model Compared with Baseline 
Deep Learning Methods 

Figure 5 illustrates the cumulative rewards achieved by the evaluated DRL algorithms across 1,000 
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training episodes. Cumulative reward serves as an indicator of the quality of the resource-allocation 
policies learned by the agents, with higher values representing a more favourable long-term balance 
among the optimisation objectives incorporated into the reward function. The negative rewards 
recorded during the initial episodes correspond to the exploration stage, when the agents possess 
limited knowledge of the network environment and consequently select comparatively inefficient 
resource-allocation actions. As training progresses, cumulative rewards increase across all evaluated 
algorithms, demonstrating progressive adaptation to changing network conditions and refinement of 
the learned decision policies. 

Despite this general improvement, the algorithms exhibit markedly different convergence 
characteristics. DQN produces the lowest cumulative reward and the slowest improvement, indicating 
comparatively limited learning efficiency for the considered dynamic HetNet resource-allocation 
problem. DDPG achieves higher rewards than DQN and demonstrates stronger adaptation to the 
network environment. PPO further improves learning performance, exhibiting faster cumulative-
reward growth and attaining a higher final reward than both DQN and DDPG. The proposed DRL 
framework achieves the highest cumulative reward throughout most of the training process and 
converges comparatively rapidly towards a stable, high-reward policy. This behaviour indicates that the 
proposed decision-making mechanism learns resource-allocation policies capable of achieving a more 
favourable overall trade-off among the considered QoS objectives. The higher cumulative reward 
reflects an improved ability to jointly account for network conditions, resource availability, traffic 
requirements, and QoS priorities rather than optimising an individual performance criterion in 
isolation. 

The performance difference between the proposed framework and the conventional DRL 
algorithms becomes increasingly apparent as training progresses. After approximately 600–800 
episodes, the reward curves begin to level off, indicating that the learning processes are approaching 
convergence and that additional training produces comparatively smaller policy improvements. 
Nevertheless, the proposed framework maintains the highest cumulative reward during the later 
training episodes, demonstrating superior learned-policy performance under the considered 
simulation conditions. 

Overall, the results support the effectiveness of the proposed framework as an autonomous 
decision-making mechanism for wireless resource allocation. By combining multiple decision criteria 
with adaptive DRL-based learning, the agent progressively identifies allocation actions that improve 
long-term network utility. However, the observed differences should be interpreted as simulation-
based performance comparisons rather than evidence of statistical significance. Where applicable, 
results from multiple independent training runs, together with appropriate dispersion measures and 
statistical significance analyses, are reported in the final manuscript to strengthen the reliability of the 
comparison. 
 

Figure 5: Comparison of DRL Algorithms Based on Cumulative Reward Performance Over Training Episodes. 

 
Figure 6 illustrates the convergence behaviour and stability of the considered optimisation methods 

as the number of iterations increases. The baseline method exhibits the slowest convergence and 
achieves the lowest final objective-function value, indicating comparatively limited optimisation 
efficiency relative to the learning-based approaches. Conventional DRL without stability awareness 
improves upon the baseline by converging more rapidly and attaining a higher objective value. In 
contrast, the proposed DRL approach incorporating stability awareness achieves both the fastest 
convergence and the highest objective value among the evaluated methods. 

The improved performance of the proposed approach is attributable to the explicit incorporation 
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of stability awareness into the optimisation process, which facilitates the identification of high-
performance solutions while limiting undesirable oscillations between successive decisions. The 
proposed method also exhibits a smoother convergence trajectory, indicating greater consistency 
across iterations and smaller fluctuations in the objective-function value. Its rapid improvement during 
the initial iterations, followed by a gradual progression towards a stable converged value, further 
demonstrates its ability to efficiently identify favourable solutions while maintaining system stability. 
Overall, the results presented in Figure 6 demonstrate that integrating stability awareness within the 
DRL framework improves convergence efficiency while simultaneously enhancing the stability and 
reliability of the optimisation process. 
 

 

 

 

 

 

 

 

 

 

 

Fig.6: Convergence of Optimization Methods with Stability Considerations 

Figure 7 illustrates the evolution of average SINR across the considered time steps for the different 
optimisation methods. The baseline heuristic approach exhibits the lowest SINR throughout most of 
the evaluated horizon, with only gradual improvement and a final value of approximately 8 dB. This 
behaviour indicates its limited ability to adapt to changing network conditions and to effectively 
coordinate interference management and communication-resource allocation. DRL without PEM 
provides a substantial improvement over the baseline, with average SINR increasing more rapidly 
during the initial time steps before gradually stabilising at approximately 12–13 dB. This improvement 
demonstrates the advantage of learning-based resource optimisation over the conventional heuristic 
approach. 

Incorporating PEM into DRL further improves communication-link quality. The DRL + PEM scheme 
increases the average SINR to approximately 17–18 dB, as shown in Figure 7, indicating more effective 
resource management and interference mitigation. The proposed DRL + PEM + Stability framework 
achieves the highest average SINR, reaching approximately 23–24 dB by the end of the evaluated time 
horizon. It also exhibits rapid improvement during the initial time steps followed by comparatively 
stable behaviour thereafter. At the final time step, the proposed framework provides an SINR 
improvement of approximately 9.3 dB relative to the baseline heuristic method. 

The superior SINR performance of the proposed framework reflects the combined contribution of 
DRL-based optimisation, predictive information from PEM, and stability-aware decision control. In 
particular, stability awareness promotes a more consistent performance trajectory by limiting excessive 
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variations in successive resource-allocation decisions. Although minor fluctuations remain because of 
the dynamic nature of the network environment, the proposed approach maintains the highest SINR 
throughout the evaluated period. Overall, Figure 7 demonstrates that incorporating stability awareness 
into the DRL + PEM framework improves communication-link quality while supporting more stable 
optimisation behaviour, resulting in superior SINR performance compared with the baseline heuristic 
and DRL-based benchmark schemes. 

Fig.7: Average SINR Improvement Over Time with Stability-Aware DRL 

Figure 8 illustrates the evolution of the average data rate across the considered time steps for the 
evaluated optimisation approaches. The average data rate reflects the effectiveness of each method in 
utilising available communication resources to support data transmission under dynamic network 
conditions. The baseline heuristic method exhibits the lowest performance throughout the evaluated 
period, increasing gradually from approximately 11 Mbps to approximately 50 Mbps. This relatively 
modest improvement indicates limited gains in resource utilisation over time. 

DRL without PEM achieves substantially higher data rates than the baseline, increasing from 
approximately 24 Mbps to approximately 75 Mbps. This improvement demonstrates the advantage of 
learning-based optimisation in adapting resource-allocation decisions to changing network conditions. 
Incorporating PEM into DRL further enhances performance, with the DRL + PEM approach reaching 
approximately 103 Mbps by the end of the evaluated period, as shown in Figure 8. Its consistently 
higher data rate relative to both the baseline heuristic and DRL-only approaches indicates more 
effective coordination and utilisation of communication resources. The proposed DRL + PEM + Stability 
framework achieves the highest average data rate among all evaluated approaches. Its performance 
increases rapidly during the initial time steps, followed by sustained improvement along a 
comparatively stable trajectory, ultimately reaching approximately 130–132 Mbps. The proposed 
framework therefore maintains a clear performance advantage over the other methods throughout 
most of the considered time horizon. 

Although minor fluctuations are evident because of the dynamic optimisation environment, the 
data-rate trajectories remain relatively smooth over time. Overall, Figure 8 demonstrates that 
incorporating PEM and stability awareness into the DRL framework substantially improves the 
achievable data rate compared with the baseline heuristic and DRL-only approaches. The results further 
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indicate that the proposed framework enhances data-transmission efficiency while maintaining a 
stable performance trajectory, supporting its suitability for resource allocation in dynamic wireless 
communication environments. 

 
Fig.8: Average Data Rate Improvement Over Time with Stability-Aware DRL 

Figure 9 illustrates the relationship between average data rate and average SINR for the four 
evaluated optimisation strategies. Each cluster represents performance samples associated with a 
particular method, while the fitted trend lines indicate the overall relationship between SINR and data 
rate. Across all four approaches, a positive association is evident, with higher SINR generally 
corresponding to increased data rates. The baseline heuristic method occupies the lowest-performing 
region of the plot, exhibiting comparatively low SINR and data-rate values. This distribution indicates 
relatively limited communication performance under the considered operating conditions. DRL without 
PEM shifts the performance samples towards higher SINR and data-rate levels, demonstrating the 
advantage of adaptive learning-based resource optimisation over the heuristic approach. Further 
improvement is observed with DRL + PEM, whose samples are concentrated at higher SINR and data-
rate values than those of both the baseline and DRL-only methods. This shift indicates that 
incorporating PEM enables the framework to operate more frequently under favourable 
communication conditions. 

The proposed DRL + PEM + Stability framework forms the highest-performing cluster in Figure 9, 
with its samples concentrated towards the upper-right region of the plot, corresponding to 
simultaneously higher SINR and data rates. The observations are also relatively concentrated around 
the fitted trend line, indicating a consistent relationship between these two performance measures 
across the evaluated operating conditions. The clear separation of the proposed approach from the 
remaining clusters further demonstrates its overall performance advantage. The positive relationship 
observed between SINR and data rate is consistent with the fundamental behaviour of wireless 
communication systems, whereby improved received signal quality generally supports higher 
achievable data rates. Under the idealised Shannon-capacity formulation, this relationship is 
represented by the logarithmic dependence of channel capacity on SINR. However, the empirical data-
rate behaviour presented in Figure 9 is additionally influenced by resource-allocation decisions, 
interference conditions, system constraints, and the characteristics of the optimisation strategy. 
Accordingly, the results should be interpreted as empirical evidence of a positive SINR–data-rate 
relationship rather than as direct verification of the Shannon-capacity limit. 
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Overall, Figure 9 provides further evidence that the proposed stability-aware DRL framework 
operates within a more favourable performance region than the benchmark approaches, 
simultaneously achieving higher SINR and data rates. The comparatively compact distribution of its 
performance samples also indicates a more consistent performance pattern under the evaluated 
conditions, further supporting the effectiveness of integrating DRL, PEM, and stability awareness for 
reliable and efficient wireless resource optimisation. 

 

 

 

 

 

 

 

 

 

Fig.9: SINR–Data Rate Correlation: Performance Analysis of DRL-Based Methods 

Figure 10 provides a comprehensive comparison of the four optimisation frameworks in terms of 
throughput, latency, fairness, and energy efficiency. Unlike the preceding individual performance 
analyses, this comparison summarises the overall behaviour of the evaluated approaches across 
complementary performance dimensions under the considered network conditions. The static 
framework exhibits the weakest overall performance, achieving a throughput of 78 Mbps, latency of 
42 ms, fairness index of 0.71, and energy efficiency of 5.2 bits/J. These results indicate that fixed 
resource allocation has limited capability to adapt to changing network conditions and cannot 
simultaneously maintain high data-transmission performance, low latency, equitable resource 
distribution, and efficient energy utilisation. 

The reactive framework improves upon the static approach, increasing throughput to 96 Mbps 
while reducing latency to 31 ms. Its fairness index rises to 0.79, and energy efficiency reaches 6.8 bits/J. 
These improvements demonstrate the benefit of adjusting resource-allocation decisions in response to 
changing network conditions rather than maintaining fixed allocations. Nevertheless, its performance 
remains constrained because reactive decision-making does not explicitly learn the long-term 
consequences of successive resource-allocation actions. DRL produces further improvements across all 
four metrics. Throughput increases to 118 Mbps, while latency decreases to approximately 23 ms. 
Simultaneously, the fairness index reaches 0.86 and energy efficiency increases to 8.1 bits/J. These 
results demonstrate that learning-based resource allocation can exploit observed network information 
to improve multiple performance dimensions concurrently, enabling a more favourable trade-off 
among transmission performance, delay, fairness, and energy utilisation. 

The proposed framework achieves the strongest overall performance, with a throughput of 135 
Mbps, latency of 16 ms, fairness index of 0.93, and energy efficiency of 9.7 bits/J. Relative to the static 
framework, these values correspond to an approximately 73% increase in throughput, 62% reduction 
in latency, 31% improvement in the fairness index, and 87% increase in energy efficiency. The proposed 
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framework also improves upon conventional DRL, increasing throughput from 118 Mbps to 135 Mbps 
and reducing latency from approximately 23 ms to 16 ms, while raising the fairness index from 0.86 to 
0.93 and energy efficiency from 8.1 bits/J to 9.7 bits/J. These simultaneous improvements are 
particularly important because the considered performance criteria are inherently interdependent and 
partially conflicting. Increasing throughput may require greater resource utilisation and can intensify 
congestion, whereas improving fairness may necessitate redistributing resources among users. 
Similarly, reducing latency and increasing energy efficiency can impose additional constraints on 
resource scheduling. The results in Figure 10 therefore indicate that the proposed framework does not 
improve an individual metric at the expense of the remaining objectives; instead, it achieves a more 
balanced compromise across the four performance dimensions. 

Overall, Figure 10 consolidates the findings of the preceding performance evaluations and 
demonstrates a consistent progression from the static and reactive approaches to DRL and, ultimately, 
the proposed framework. Among the evaluated methods, the proposed approach achieves the highest 
throughput, lowest latency, highest fairness index, and greatest energy efficiency. These quantitative 
results support the effectiveness of the proposed stability-aware framework in simultaneously 
improving communication performance, resource-utilisation efficiency, and allocation fairness, 
thereby demonstrating its suitability as a comprehensive multi-objective resource-allocation solution 
for dynamic wireless communication environments. 
 

 

 

 

 

 

 

 

 

 

Fig.10: Comprehensive Multi-Metric Performance Comparison of Optimization Frameworks   

The results presented in Figures 6–10 consistently demonstrate the performance advantages of the 
proposed stability-aware DRL framework over the evaluated benchmark approaches. The convergence 
analysis shows that incorporating stability awareness improves both the rate and consistency of 
optimisation, while the temporal evaluations indicate that the proposed framework sustains higher 
SINR and average data-rate levels throughout the considered time horizon. The SINR–data-rate analysis 
further demonstrates a positive relationship between communication quality and achievable 
transmission performance, with the proposed framework predominantly occupying the higher-
performance region. The system-level comparison reinforces these findings by demonstrating 
simultaneous improvements in throughput, latency, fairness, and energy efficiency relative to the 
static, reactive, and conventional DRL approaches. Specifically, the proposed framework achieves a 
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throughput of 135 Mbps, latency of 16 ms, fairness index of 0.93, and energy efficiency of 9.7 bits/J, 
outperforming the benchmark methods across all evaluated performance dimensions. Importantly, 
these gains occur concurrently rather than through improvement in one metric at the expense of 
another, indicating more balanced resource-allocation behaviour. 

Collectively, the findings demonstrate the complementary roles of DRL, PEM, and stability 
awareness within the proposed architecture. DRL provides adaptive decision-making capability, PEM 
contributes predictive information concerning anticipated network conditions, and stability awareness 
regulates the temporal evolution of resource-allocation decisions under dynamic operating conditions. 
The consistency observed across the convergence, SINR, data-rate, and multi-metric evaluations 
strengthens the evidence supporting the effectiveness of their integration. Under the considered 
simulation conditions, the proposed framework therefore provides more balanced and reliable 
optimisation performance than the evaluated benchmark methods when communication quality, 
transmission efficiency, latency, fairness, and energy utilisation are considered jointly. 

To systematically assess the effectiveness of the proposed autonomous resource-allocation 
framework, four system-level strategies are compared: static allocation, reactive allocation, 
conventional DRL-based allocation, and the proposed DRL–PEM–SAO framework. These approaches 
represent progressively greater levels of decision-making capability, ranging from fixed allocation and 
state-responsive adaptation to learning-based resource management and, ultimately, predictive and 
stability-aware autonomous decision-making. A consistent performance progression is observed across 
these strategies. Static allocation produces the weakest overall results, achieving 78 Mbps throughput, 
42 ms latency, a fairness index of 0.71, and energy efficiency of 5.2 bits/J. Its comparatively limited 
performance reflects the inability of a fixed allocation policy to respond to changing network 
conditions. Reactive allocation improves these values to 96 Mbps, 31 ms, 0.79, and 6.8 bits/J, 
respectively, demonstrating the benefit of adjusting decisions according to observed network-state 
changes. Nevertheless, its decisions remain primarily dependent on current conditions rather than the 
learned long-term consequences of resource-allocation actions. These findings are consistent with the 
results discussed for Figure 10. 

Conventional DRL provides a further improvement, achieving 118 Mbps throughput, approximately 
23 ms latency, a fairness index of 0.86, and energy efficiency of 8.1 bits/J. These results demonstrate 
the value of learning-based resource allocation, whereby information obtained from the network 
environment can be used to develop allocation policies that achieve a more favourable balance among 
throughput, latency, fairness, and energy efficiency. The proposed DRL–PEM–SAO framework extends 
these gains, attaining 135 Mbps throughput, 16 ms latency, a fairness index of 0.93, and energy 
efficiency of 9.7 bits/J. Its advantage therefore extends beyond an isolated performance dimension, 
with improvements occurring simultaneously across all four metrics. This characteristic is particularly 
relevant to HetNets because these objectives are inherently interdependent and may conflict with one 
another. 

A direct comparison with conventional DRL more clearly demonstrates the additional contribution 
of the proposed framework. Throughput increases from 118 Mbps to 135 Mbps, corresponding to an 
improvement of approximately 14.4%, while latency decreases from approximately 23 ms to 16 ms, 
representing a reduction of approximately 30.4%. The fairness index increases from 0.86 to 0.93, 
equivalent to an improvement of approximately 8.1%, and energy efficiency rises from 8.1 bits/J to 9.7 
bits/J, corresponding to an increase of approximately 19.8%. These results indicate that the observed 
performance gains extend beyond those attributable to DRL alone and support the contribution of the 
additional predictive and stability-aware mechanisms. Specifically, PEM supplies future-state 
information, whereas SAO promotes greater temporal consistency in the optimisation trajectory. Their 
integration with DRL consequently produces a more balanced resource-allocation process under the 
considered simulation conditions. 

In addition to the system-level evaluation, the learning component was compared with three DRL 
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algorithms: DQN, DDPG, and PPO. The cumulative-reward analysis indicates that DQN exhibits the 
slowest learning progression, whereas DDPG achieves faster reward improvement but does not attain 
the performance level of the proposed DRL model. PPO demonstrates stronger learning behaviour and 
reaches a higher reward than the other conventional alternatives. The proposed DRL model achieves 
the highest cumulative reward and fastest convergence among the evaluated algorithms. The reported 
results indicate an approximately 28% higher reward relative to DDPG. Although the reward 
trajectories progressively approach a plateau as training advances, indicating convergence, the 
proposed DRL model maintains the highest performance level, as presented in Table 3. 

Overall, the baseline comparisons demonstrate a systematic progression in autonomous decision-
making capability. Static allocation relies on a fixed policy, reactive allocation introduces adaptation to 
observed network states, and conventional DRL incorporates learning-based decision-making. The 
proposed DRL–PEM–SAO framework advances this progression by integrating future-state information 
and temporal stability into the resource-allocation process. The resulting benefits are observed 
simultaneously across throughput, latency, fairness, and energy efficiency. The comparative findings 
therefore support the interpretation of the proposed architecture as an integrated autonomous 
decision-making framework rather than merely another DRL-based resource-allocation algorithm. 

 
Table 3 
Qualitative Comparison of DRL Algorithms Based on the Existing Simulation Results 

DRL 
Algorithm 

Learning Behaviour Convergence Cumulative Reward Role in Evaluation 

DQN Slow learning 
progression 

Slowest Lowest among evaluated 
methods 

Value-based 
baseline 

DDPG Faster reward growth Moderate Lower than Proposed DRL Actor–critic baseline 
PPO Improved learning 

behaviour 
Faster than 
DQN/DDPG 

Higher than conventional 
alternatives 

Policy-based 
baseline 

Proposed 
DRL 

Fastest learning Fastest 
convergence 

Highest; ≈28% above DDPG Proposed decision 
engine 

 
To quantify the contribution of the principal components of the proposed autonomous resource-

allocation framework, a component-wise ablation analysis was conducted using the configurations 
already evaluated in the simulation study. The analysis progressively considers conventional DRL, DRL 
with PEM, and the complete framework obtained by additionally incorporating SAO. This incremental 
evaluation isolates the respective contributions of adaptive learning, predictive environmental 
awareness, and stability control to overall resource-allocation performance. Conventional DRL serves 
as the learning-only baseline without predictive environmental information. As illustrated in Figure 7, 
this configuration achieves an average SINR of approximately 12–13 dB towards the end of the 
considered time horizon. Incorporating PEM increases the average SINR to approximately 17–18 dB, 
demonstrating an additional performance gain from predictive environmental information beyond that 
achieved through DRL alone. The complete DRL–PEM–Stability configuration provides the highest 
average SINR, reaching approximately 23–24 dB. Its trajectory is also comparatively smoother, 
indicating that stability awareness contributes not only to the achieved performance level but also to 
greater temporal consistency in resource-allocation decisions. 

A comparable incremental improvement is evident in the average data-rate results. The DRL-only 
configuration increases the average data rate from approximately 24 Mbps at the beginning of the 
evaluated interval to approximately 75 Mbps towards its end. With PEM incorporated, the final data 
rate increases to approximately 103 Mbps. The complete DRL–PEM–Stability framework achieves the 
highest value, reaching approximately 130–132 Mbps while maintaining a smoother temporal 
trajectory. These findings demonstrate that predictive information contributes to improved resource 
coordination and data-transmission efficiency, while the stability-aware mechanism further promotes 
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consistency in successive allocation decisions. The convergence results provide complementary 
evidence regarding the contribution of SAO. As shown in Figure 6, conventional DRL already improves 
convergence relative to the baseline approach; however, incorporating stability awareness produces 
faster convergence and a higher final objective value. The stability-aware configuration also follows a 
smoother convergence trajectory with smaller fluctuations, demonstrating greater consistency 
throughout the optimisation process. 

The component-wise analysis therefore reveals a progressive contribution from each module. DRL 
establishes the fundamental adaptive decision-making capability, PEM introduces future-state 
information that improves SINR and data-rate performance, and SAO enhances convergence 
consistency while limiting undesirable temporal fluctuations. Consequently, the complete DRL–PEM–
Stability configuration provides the strongest overall performance among the evaluated configurations. 
As demonstrated by the comprehensive multi-metric evaluation, the complete framework achieves a 
throughput of 135 Mbps, latency of 16 ms, fairness index of 0.93, and energy efficiency of 9.7 bits/J, as 
shown in Table 4. The contribution of stability awareness is particularly evident in the temporal 
behaviour of the decision process and cannot be characterised solely through SINR or endpoint 
throughput. The convergence analysis demonstrates that the stability-aware configuration reaches a 
higher objective value through a faster and smoother trajectory than DRL without stability awareness. 
The reduced fluctuations indicate that SAO regulates successive resource-allocation decisions and 
limits abrupt policy changes. Its principal contribution is therefore reflected in the temporal consistency 
and reliability of the decision-making process, complementing the performance improvements 
provided by DRL and PEM. 

 
Table 4 
Component-Wise Ablation Analysis of the Proposed Framework 

Configuration DRL PEM Stability 

Awareness 

Final/Observed 

SINR 

Final/Observed 

Data Rate 

Main Observed 

Contribution 

Baseline heuristic ✗ ✗ ✗ ≈8 dB ≈50 Mbps Reference 
performance 

DRL-only ✓ ✗ ✗ ≈12–13 dB ≈75 Mbps Adaptive resource 
allocation 

DRL + PEM ✓ ✓ ✗ ≈17–18 dB ≈103 Mbps Predictive resource 
management 

Proposed DRL + 
PEM + Stability 

✓ ✓ ✓ ≈23–24 dB ≈130–132 Mbps Adaptive + predictive 
+ stable allocation 

 

5. CONCLUSION 
This study presented a stability-aware hybrid DSS for autonomous resource allocation in 

heterogeneous B5G/6G wireless networks. The framework integrates MOOP, DRL, PEM, and SAO to 
support adaptive, predictive, and temporally stable decision-making under dynamic network 
conditions. Unlike static or reactive approaches, it jointly considers throughput, latency, fairness, 
energy efficiency, SINR, and data rate while incorporating anticipated network states and decision 
stability. Simulation results demonstrate the effectiveness of the proposed framework, achieving 135 
Mbps throughput, 16 ms latency, a fairness index of 0.93, and energy efficiency of 9.7 bits/J. Compared 
with static allocation, throughput and energy efficiency improve by approximately 73% and 87%, 
respectively, while latency decreases by approximately 62%, alongside improved fairness. 
Convergence, SINR, and data-rate results further demonstrate more consistent performance, while the 
progressive gains from conventional allocation to DRL, DRL with PEM, and the complete framework 
confirm the complementary contributions of adaptive learning, prediction, multi-objective 
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optimisation, and stability control. 
From an engineering management perspective, the proposed DSS provides a coordinated multi-

criteria mechanism for balancing communication performance, resource utilisation, fairness, energy 
efficiency, and operational consistency under changing QoS requirements. However, the findings 
remain specific to the adopted simulation conditions, and practical deployment requires further 
investigation of computational complexity, communication latency, prediction errors, scalability, and 
integration with existing network-management systems. Future research should evaluate the 
framework in ultra-dense, highly mobile, uncertain, and decentralised environments, including 
federated and distributed reinforcement learning. Extensions to network slicing, semantic 
communications, advanced predictive models, hardware-in-the-loop evaluation, and realistic 6G 
testbeds should also be considered. Explainable Artificial Intelligence (XAI) could further improve 
decision transparency, operator trust, and managerial oversight, supporting the development of a 
scalable, explainable, and practically deployable DSS for reliable and energy-efficient B5G/6G networks. 
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