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Abstract This study presents an approach based on Reinforcement Learning (RL) to optimize the orchestration of
User Association and Resource Allocation (UARA) mechanisms in next-generation heterogeneous networks, focus-
ing on maximizing user satisfaction. The proposed strategy aims to improve the efficiency of these networks by
overcoming operational challenges through user-centered adaptive algorithms. RL algorithms are utilized to rebal-
ance the network load and optimize the distribution of radio resources among User Equipments (UEs), ultimately
leading to improved service conditions. The results suggest that the strategic application of RL algorithms can lead
to significant improvements compared to traditional methods, such as Max-SINR and Cell Range Expansion (CRE),
reaching over 90% user satisfaction, highlighting the relevance of this research for next-generation networks.
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1 Introduction

The exponential increase in mobile data consumption has
driven a growing demand for high-speed data services. En-
suring reliable Quality of Service (QoS) becomes a signif-
icant challenge for mobile network operators. There is an
inevitable need to efficiently handle this massive volume of
data while maintaining high data transfer rates. Given this
scenario, the search for innovations in resource management
becomes imperative to meet user expectations and ensure a
superior connectivity experience (Jayaraman et al., 2023).

Resource management in mobile networks faces complex-
ity due to increasing demand and consumer expectations. Op-
erators are exploring new approaches to improve operational
efficiency by focusing on management processes that go be-
yond conventional practices. These efforts aim to meet the
massive demand for high-speed data and ensure consistent
QoS delivery under all operating conditions. Optimization,
in this context, becomes a priority in order to cope with the
demands imposed by the exponential increase in data traffic.
Innovative resource allocation and load balancing strategies
become crucial to ensure network efficiency, especially dur-
ing peak demand times (Zhang et al., 2019).

The related literature (Alhashimi et al., 2023; Paixao et al.,
2023; Zhao et al., 2019) indicates that efficient orchestra-
tion schemes for network management and operation mech-
anisms become crucial while also representing challenges,
given the complex nature of such processes. Furthermore,
the heterogeneity and densification of these networks trans-
late into the need for interoperable and (ultra) flexible infras-
tructure to orchestrate the various processes involved.

Furthermore, integrating communications on different
scales and various radio access technologies represents a
highly heterogeneous and dynamic challenge, making it
a task of significant complexity in terms of management
and orchestration within Next-Generation Networks (NGNs).
Emerging use cases and applications have stringent require-
ments for reliability, latency, and throughput (Shen et al.,
2020). Such requirements pose new challenges to network
design, resource management, and device orchestration in
NGNs. Network densification via deploying Ultra-Dense
Small Cell Networks (UDNs) represents a promising ap-
proach and can improve network capacity (Tanveer et al.,
2022). With UDN:g, it is possible to expand the network cov-
erage area closer to the end-user devices and thus improve the
spectral efficiency, performance, and service capacity. How-
ever, it does not provide a solution to scalable management
of these networks.

Although crucial, it is challenging to manage UDN re-
sources due to the non-uniform characteristics of user de-
vices in space and time (Alzubaidi et al., 2022). There-
fore, allocating and adaptively orchestrating resources be-
comes the primary challenge since resource allocation mech-
anisms affect network performance and user experience. On
the other hand, the user association strategy based on the
maximum received Signal-to-Interference-plus-Noise Ratio
(SINR) tends to unbalance the load on the network service.
Evenunder Small Base Station (SBS) coverage, User Equipa-
ment (UE) still perceives the highest downlink signal from
Macro Base Station (MBS) layer. Thus, MBSs tend to re-
main overloaded, while SBS-based layers remain idle, with
alow service level (Adedoyin and Falowo, 2020). Therefore,
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UEs should be reassociated with less overburdened SBSs to
exploit a potentially greater availability of radio resources.

The concept of “load” in heterogeneous mobile networks
has several definitions, often correlating with the number of
UEs associated to a Base Station (BS). When the maximum
capacity of UEs that a BS can support fluctuates, while the
overall number of utilized radio Resource Block (RB) re-
mains constant, the traffic load experienced by the UEs is
directly proportional to the number of devices attached to the
BS Bikram Kumar et al. (2019). Consequently, resource allo-
cation and load balance become critical challenges in NGNs.
The resource allocation problem is further complicated by
the need to meet the varying QoS demands of UEs, while si-
multaneously striving to maximize the efficiency of available
resources. This results in a complex task that must consider
factors such as UE density, traffic dynamics, and coverage
conditions within the network.

Furthermore, User Association and Resource Allocation
(UARA) problems are essential and should be handled and
optimized jointly. Joint UARA mechanisms could sig-
nificantly enhance the network service capacity and help
meet QoS requirements (Kim et al., 2024). However,
network conditions may change rapidly due to user mo-
bility, time-varying channel conditions, and other spatio-
temporal changes. Nevertheless, managing NGNs requires
scalable and adaptable to adapt to dynamic network condi-
tions. Hence, adaptive and flexible network orchestration re-
sources become crucial, considering the accelerated growth
in the demand for data traffic projected for the coming years.

Several approaches have been proposed in the literature
to solve the challenges related to the optimization of UARA
mechanisms (Jain ef al., 2021; Wang et al., 2019; Xu et al.,
2021; Zhao et al., 2019). Among the adopted techniques,
it is possible to highlight the use of combinatorial optimiza-
tion techniques, game theory approaches, stochastic geom-
etry methods, and other heuristic-based methods. However,
considering the nonconvex and combinatorial characteristics
of this context, it is challenging to obtain a globally optimal
joint optimization strategy. These approaches require nearly
complete information, which may not be available, making
the computation of the optimal strategy intractable. More-
over, considering a UDN-based network, the high density of
BSs may represent a limiting barrier towards unmanageable
levels of computational complexity.

In this challenging scenario, Machine Learning (ML)-
based methods emerge as a promising strategy to facilitate
resource allocation, load balancing, and user association
processes. These techniques offer the possibility of learn-
ing complex and dynamic patterns, allowing for an adap-
tive response to changing network conditions. However, de-
spite the growing interest in ML-based techniques in recent
years, it is crucial to recognize that these approaches have
limitations in specific real-world scenarios. For example,
in densely populated urban environments characterized by
high variability in signal conditions and interference, ordi-
nary ML-based algorithms may struggle to generalize from
training data, resulting in suboptimal resource allocation de-
cisions that compromise service quality, particularly when
faced with sparse or inaccurate data typical of real-world sce-
narios.
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On the other hand, Reinforcement Learning (RL) can ob-
tain the optimal policy to solve the intelligent decision prob-
lem by interacting with the environment. This approach has
a low prerequisite for prior knowledge and is also a kind of
online learning method, which has been extensively studied
in ML (Naderializadeh et al., 2021). In a RL environment,
RL agents consider the maximum long-term rewards, rather
than simply getting the current optimal rewards. This is im-
portant for time-varying dynamic systems (Zhao et al., 2019,
2018).

This paper proposes an RL-based approach for the joint
adjustment of the user association and resource allocation
processes. With their continuous learning and adaptability
characteristics, RL techniques offer a perspective to address
the specific challenges of this complex network infrastruc-
ture. This mechanism can be designed using automated tech-
niques to develop strategies that lead to efficient solutions
in real time instead of conventional management proposals
based on manual operation approaches or the solution of clas-
sical optimization problems.

Furthermore, RL facilitates the use of intelligent agents
that interactively learn to adjust network operations with a
specific objective, such as maximizing user experience. Mul-
tiple agents can collaborate or compete in this task. In addi-
tion, these agents can also retrieve knowledge by transferring
learning from historical instances when the network condi-
tions reached previously observed states.

Given this, this work establishes a RL-based strategy for
the joint orchestration of UARA mechanisms, capable of as-
sisting the management process of a mobile network. The
proposed scheme must also seek individualized fulfillment
of UEs traffic requirements, following the expected NGN
trends and requirements. The main features of the proposed
scheme include the following:

* Introduction an of a RL strategy that maximizes the QoS
levels of user equipment (UEs), demonstrating promis-
ing improvements in the satisfaction of these UEs;

+ Analytical and technical schemes aimed at system mod-
eling and partial automation of the functioning of
UARA mechanisms, in accordance with the context of
the presented problem.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the related work. Our proposed strategy to
orchestrate the UARA mechanisms are detailed in Section
3. Section 4 presents the problem formulated based on maxi-
mization of UE satisfaction and presents the theoretical foun-
dations involved in the study. Finally, Section 5 describes the
experiments applied and the results obtained, while Section
6 concludes the study by making some final considerations.

2 Related Work

Several systematic work reviews have explored UARA
mechanisms in NGNs in recent years (Xu et al., 2021; Al-
hashimi et al., 2023; Attiah et al., 2020; Adedoyin and
Falowo, 2020; Yazici ef al., 2023). There are also surveys
to analyze the potential application of ML-based approaches
to highlight the main methods and open challenges (Wang
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et al.,2020; Wang ef al., 2021). In this context, we highlight
some of the main works in UARA related to this work to
synthesize their respective contexts, applied techniques, and
potential performance gaps.

In (Zhao et al., 2019), the authors propose a distributed
RL method to solve the UARA problem in Heterogeneous
Networks (HetNets). Given the non-convex and combinato-
rial nature of the problem, the method uses a multi-agent RL
approach to maximize the long-term downlink utility while
ensuring the QoS requirements of users. The results demon-
strate that the method tends to outperform other optimization
approaches in terms of system capacity and computational
efficiency. However, the computational complexity of the
study and the reliance on distributed strategies limit its appli-
cability, and its validity remains unproven in UDN scenarios.

Labana and Hamouda (2020) address the problem of max-
imizing the efficiency of wireless communication networks
through a Coordinated Multi-Point (CoMP) transmission ap-
proach. A convex optimization approach solves the problem,
divided into three sub-problems: user association, resource
allocation, and power allocation. The simulation results
show significant improvements in network efficiency when
the proposed CoMP approach is used, especially in resource-
strapped scenarios and high-capacity fronthaul links. How-
ever, limitations of the work include the reliance on perfect
channel state information and the assumption of ideal net-
work conditions, which may not hold in real-world scenarios,
affecting the practicality of the proposed solutions.

The study conducted by Kim ez al. (2023) addresses the
UARA challenges in wireless networks with high user mo-
bility. Due to the complexity of these problems, especially
in applications such as the Internet of Things, traditional so-
lutions face difficulties. The study proposes a deep RL ap-
proach to address these issues. The proposed solution in-
volves formulating the optimization problem where the main
objective is to maximize the user data rates while minimiz-
ing the number of cell switches (handovers). The simula-
tion results show that the proposed approach offers a faster
convergence rate and superior performance in reducing cell
swaps compared to conventional methods (a reduction of
58%). However, UEs can be associated with a maximum
of one BS at a time, and while the reward function aims to
maximize the total downlink rate, it does not assess whether
certain UEs are being served disproportionately, nor does it
take into account the QoS requirements.

Mahbub et al. (2021) addresses maximizing user associa-
tion probability and the average number of associated user
devices in HetNets. The proposed solution addresses the op-
timal allocation of resources under network constraints, such
as power, layer density, and UE density. They formulate
the problem as an optimization problem and the results re-
veal several significant trends. With increasing transmission
power of the specific layer, the UE association probability
increases, especially for a lower SINR threshold. However,
higher SINR targets tend to reduce the probability of user
association. The study’s findings may be limited by the ab-
sence of influence of thermal noise, the reliance on user and
base station distributions assumed to be random, and the lack
of consideration of UDN scenarios.

In (Jain et al., 2021), the authors address the challenges
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of 5G networks, which will be extremely dense and hetero-
geneous due to the increase in the number of users, BSs,
and various types of applications. The study introduces a
joint optimization scheme that formulates the user associ-
ation strategy as a Mixed Integer Linear Program (MILP),
aiming to maximize the total network throughput while op-
timizing bandwidth allocation and BS selection. The results
show that the proposed solution can significantly improve
network performance in terms of throughput and system fair-
ness compared to the baseline scenario. Nevertheless, the
work employs approximation techniques to derive a convex
(and simplified) version of the actual objective function of
the problem to ensure the application of combinatorial opti-
mization techniques. However, the formulation of a simpli-
fication version tends to generate a problem far from the real
problem.

Zhai et al. (2024) jointly optimize user association, spec-
trum allocation, and power allocation in the context of Un-
manned Aerial Vehicle (UAV) communications. The main
objective is to maximize the sum-log-rate of all UEs in two
adjacent BSs. The authors develop a genetic algorithm to op-
timize UAV positioning, followed by a theoretical analysis
to create a low complexity branch and bound algorithm for
optimal user association and spectrum allocation. Although
promising, the model does not account for channel capacity
limitations and user heterogeneity, which can lead to conges-
tion during high-demand scenarios.

Several RL algorithms are explored, either in conjunction
with CoMP or in a multiagent strategy. Therefore, this work
seeks to address some of the gaps in these works, such as
the simplification of the optimization problem. Unlike the
papers found in the related works, this work seeks to present
a strategy using RL to handle the UARA orchestration com-
plexity in NGNS, considering UE requirements and optimiza-
tion issues. Thus, our scheme differs from those of other
studies in the following ways:

1. Although many previous works focus on RL algorithms
in more general contexts, our research specifically ad-
dresses the complexity of UARA orchestration in UDN
environments. This consideration is crucial, as the
unique characteristics of UDNSs, such as the high den-
sity of BSs, require adaptive and efficient strategies that
meet the specific needs of UEs. Thus, our proposal
seeks to simplify the optimization problem in a more
targeted solution to the challenges faced by UDNs;

2. Most of the reviewed works primarily aim to maximize
the total downlink rate without necessarily considering
the distribution of this data rate in a dense user scenario.
This focus on aggregate performance often overlooks
the critical aspect of how the available resources are al-
located among users, which can lead to imbalances in
service quality and user experience, particularly in en-
vironments characterized by high user density. Conse-
quently, there is a need for approaches that enhance the
overall downlink capacity and ensure an equitable distri-
bution of resources among users to meet their individual
requirements effectively;

3. This work does not adopt a combinatorial optimiza-
tion strategy. Instead, it employs alternative method-
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ologies that focus on developing a more tractable opti-
mization mechanism. By avoiding reliance on approx-
imation techniques to derive a convex and simplified
version of the actual objective function, our approach
aims to maintain fidelity to the complexities inherent in
the problem. This decision allows for a more accurate
representation of the real-world scenarios encountered
in UDN:gs, facilitating the development of solutions that
are both effective and applicable in practice;

4. Finally, this study adopts a strategy that incorporates a
minimum traffic requirement for each UE, thereby ac-
knowledging the distinction between ordinary and prior-
ity UEs. By establishing a baseline level of service for
all UEs, the proposed approach ensures that the needs
of priority users, who are assigned a greater weight in
resource distribution, are consistently met. This differ-
entiation is crucial in environments with varying service
demands, as it allows a more nuanced allocation of re-
sources to consider that priority users receive the neces-
sary resources to fulfill their QoS requirements.

3 Fundamental Premises

In current generations of mobile networks, service conditions
can change rapidly due to UE mobility, time-varying chan-
nel and interference conditions, or content popularity issues.
Network densification reinforces the existing challenges to-
wards scalable management issues, infrastructure implemen-
tation costs, and spectral efficiency. The achievement of scal-
ability and management intelligence tends to be a fundamen-
tal goal, as the design of architectures so that NGNs can han-
dle multiple services remains a persistent challenge.

Hence, adaptable and flexible network orchestration capa-
bilities become crucial, considering the accelerated growth in
the data traffic projected for the coming years. Conventional
resource orchestration tends to become increasingly inade-
quate in favor of autonomous approaches, given the different
levels of accuracy and computational complexity involved.
Standard approaches that rely on instantaneous network in-
formation, such as Channel State Information (CSI), and fo-
cus on optimizing an instantaneous performance metric, can
become impractical as real-time computing these metrics be-
comes challenging.

The promise behind NGN future deployment is the abil-
ity to provide flexibility, reconfigurability, programmability
to support fine granularity and vast and heterogeneous use
cases. By decoupling network functionalities from the un-
derlying hardware, softwarization and virtualization are two
disruptive paradigms considered to be the basis of the design
process of NGNs. From these technologies, it is possible
to slice the resources of the network infrastructure, where
each slice has a particular behavior shaped according to the
requirements demanded in the slice (Wijethilaka and Liyan-
age, 2021). Network slicing provides the potential to create
custom on-demand slices for different services with heteroge-
neous QoS requirements. These slices may also be modified
or canceled as needed, increasing the flexibility and adapt-
ability of network management processes.

The adaptive behavior of the network slice based on traf-
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fic dynamics can be challenging, since resource allocation
between different slices aims at resource isolation. Never-
theless, Software-Defined Network (SDN) controllers can
operate cooperatively to detect regions with critical traffic
conditions for UEs and guarantee improved UE satisfaction
levels.

Figure 1 represents a network with a typical Mobile Edge
Computing (MEC) scenario. MEC scenarios are promising
for adopting UARA orchestration mechanisms, given the po-
tential availability of manageable network assets made pos-
sible by SDN technology. In addition, they represent a net-
work architecture with decentralized computing infrastruc-
ture, where computing resources are available at the network
edge. As shown in Figure 1, the Central Office (CO) shelters
the primary MEC node of the network and has the highest
processing and storage capacity compared to the other nodes.
On the other hand, the local MEC nodes are those closest to
UEs and BSs, although they have lower computational capa-
bilities than those observed in the primary MEC node.

As shown, regions of the network with UEs in critical ser-
vice conditions can be detected so that local SDN controllers
can act cooperatively to improve the traffic conditions of
these UEs. Considering the representation in Figure 1, the
primary MEC node can determine which local SDN nodes
should cooperate to mitigate traffic conditions of the affected
UEs. The SDN controller may instantiate an ML-powered
slice to modify the service conditions by adjusting the UARA
mechanisms. One or multiple RL agents can cooperate or
compete against each other, rebalancing the network load to
fully explore the available network resources while consider-
ing user satisfaction as the primary goal.

3.1 UARA Mechanisms

HetNets enable the deployment of SBSs, which have lim-
ited transmission power and coverage. Such SBSs can be
organized in layers, with different levels of deployment den-
sity, transmission power, and service capacity, with advan-
tages related to ease of deployment and reduced operating
and maintenance costs (Kuribayashi et al., 2020).

Furthermore, HetNets has the potential to reduce load im-
balance among different BSs, given the different service ca-
pacities and transmission power options. On the other hand,
the cell selection strategy based on the Max-SINR ratio un-
balances the load concentration across the network. Even
under SBSs coverage, UEs still perceive the most prominent
downlink signal as being from MBSs. Eventually, even if a
UEs is under the coverage area of a SBS, the SINR of the
MBS experienced by this UE may be higher than that per-
ceived by the nearby SBS.

On scale, this causes MBSs to remain overloaded, while
the layers composed of SBSs remain idle, with a low level of
UEs in service. To make better use of the HetNets infrastruc-
ture, UEs should be reassociated with less overloaded SBSs
so that their QoS requirements are better met, given the po-
tentially higher availability of radio resources. Hence, if a
BS is associated with many UEs, considering an equal allo-
cation of resources, the radio resources are divided equally,
leading to reduced data rates to the UEs (Gomez et al., 2018).



Machine Learning-Based Strategy for Joint User Association and Resource Allocation in Next-Generation Networks

((«A%))

((A»))

Alves et al. 2025

H :
? ! Core ‘ (D]
® ® Network/Internet /é Macro BS
i Local Mobile Edge
Local Mobile Edge ? Computing
Computing Small BS
SONBTEINEVIasTichrs SDN and NFV Infrastructure 'Y
— ? A MEC/Cloud
D KA Py . o ® Server
'
D wg? MEC/Cloud
g Router
D 2 ‘ ‘ User
i) 2 1 ? H Equipment
o ® ¢ pe P quip
SN [ Mobile Cloud Computing User
K ( ) ) D Equipment
D N D (), SDN and NFV Infrastructure (((( ) in Outage
-~ il sse
g’ Area
........ 7 - Dedicated
Central Office Fiber Link
D Y ? ® —— Backhaul
Local Mobile Edge ‘ & Local Mobile Edge Link
Computing Computing - - - - Cooperation
SDN and NFV Infrastructure SDN and NFV Infrastructure among BSs
¢ [
|

B - .
¢ .

¢

S

T T

Figure 1. Representation of the application scenario of the proposed scheme.

Consequently, several mechanisms for the joint orchestra-
tion of UARA processes for HetNets have been proposed,
considering performance metrics such as blocking/coverage
probability, spectral efficiency, energy efficiency, asymme-
try between downlink and uplink, among others. Achieving a
satisfactory degree of coordination is not an easy task, which
requires intelligent mechanisms that consider the traffic load
of'the network and the network conditions related to the chan-
nel, signal, and interference. Such issues represent a task of
considerable complexity, given the need for real-time opera-
tion and the density of BSs.

Traditional approaches to resource allocation in NGNs
have shown limitations due to their lack of intelligence and
adaptability Jiang et al. (2023); Khani et al. (2024). The pro-
posed solutions have been too simplistic or too complex, fail-
ing to account for the dynamic nature of NGNs environments
in UDN scenarios. Hence, this work evaluates the adoption
of an RL-based strategy to guide the orchestration of UARA
mechanisms. These techniques are chosen because of their
relatively low complexity, which is facilitated by recursive
learning based on feedback and local interactions. This char-
acteristic makes them particularly suitable as they can adap-
tively respond to the dynamic conditions of the network en-
vironment.

To address the increasing complexity and variability in-
herent in NGN environments, the proposed mechanism aims
to use adaptive learning principles to optimize performance
metrics such as user satisfaction. An RL-based approach
has the ability to learn from continuous interactions with
the network, which allows the development of strategies that
evolve over time, ensuring that resource allocation remains

effective even as user demands and environmental condi-
tions fluctuate. This adaptability is crucial in UDN settings,
where traditional static methods struggle to accommodate
rapid changes.

Hence, based on the premises and opportunities exposed,
we believe that it is possible to establish a ML-based strategy
capable of orchestrate UARA mechanisms in NGNs.

4 Problem Formulation

The formulation of the problem is based on the maximization
of the degree of satisfaction of the UEs, more precisely when
a UE reaches a data rate r; that meets its minimum traffic
requirements r" (r™" < r;). The set of BSs is defined
by B, while the set of UEs is denoted by /. Furthermore, we
assume BSs are orchestrable agents of the system and can be
used to execute actions that meet the traffic requirements of
the UEs satisfactorily met. Thus, the degree of satisfaction
of all UEs associated with the j-th BS is denoted by I';(¢),
as:

Dovi i)t .
Z—,VJ c 87
Zvi 7/}7

where z;;(t) represents the binary association state between
the i-th UE and the j-th BS at time ¢. If x;;(¢) = 1, there is
an association between UE and BS, while the opposite case
is indicated by x;;(t) = 0. Similarly, ¢; represents a binary
variable that illustrates the eventual fulfillment of traffic re-
quirements of the i-th UE. When r™" < r;, ¢; = 1, and
otherwise ; = 0.

(1) = )
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Table 1. Symbols and Acronyms of the System Model.

Parameter Description [measurement unit]

i i-th UE
j j-th BS
7 Downlink rate of the i-th UE [Mbps]

pmin Minimum Downlink rate of the i-th UE [Mbps]
B Set of BSs
2 Set of UEs

T;(t) Satisfaction level of UEs associated with the j-BS [%]

xi;(t) Association between the i-th UE and the j-th BS
Vi Fulfillment of traffic requirements of the i-th UE

ordinary Weight factor for ordinary users
prierity Weight factor for priority users
D(t) Cost Function at time ¢
T Negative reward factor
p Positive reward factor
R;(t) Reward associated with the j-th BS at time ¢
Re Weighted sum of the rewards obtained at time ¢
Yt Discount rate at time ¢
Mps Maximum number of associated BSs per UE
Myg Maximum number of associated UEs per BS
nftRB Number of RBs received by a single UE
Ts RB threshold parameter
K Number of independent layers in HetNet
Gij Downlink SINR at ¢-th UE from j-th BS
P}" Transmit power of the BS j at layer & [dBm]
hij Effective gain channel between i-th UE and j-th BS [dBi]
Py Thermal power noise [dBm/Hz]
R; Per-channel downlink rate at i-th UE from j-th BS [Mbps]
ep Per-subcarrier efficiency
Nge Number of subcarriers per channel
Ngym Number of OFDM symbols per subframe
Tsubframe Subframe duration [ms]

Furthermore, v); denotes a weighting factor in calculating
the degree of satisfaction when considering priority and com-
mon UEs. Hence, we assume that there are certain UEs that
have the priority of service. This priority has a direct ef-
fect on the resource allocation mechanisms, as well as on
the calculation of the degree of satisfaction of the UEs. In
particular, condition ¢! > w;rdmary is considered,
where 1?"*°"""¥ denotes the priority of privileged UEs and
YTy pepresents the priority of ordinary UEs. Thus, the
balance between priority and common UEs has implications
for the computation of I';(¢), given that I'; (¢) is directly pro-
portional to the term ¢;1);.

Therefore, local network controllers through BSs can take
actions that alter the UARA mechanisms. In this context,
although the general objective of the orchestration is to im-
prove traffic conditions, eventually a set of actions can lead
to a degradation of the degree of satisfaction of the UEs in-
volved. Thus, the proposed methodology establishes a cost
function ®(¢), which seeks to assign a penalty in such situa-
tions:

2,(1) = {T, Se (1) < Ty(t — 1), o
0, otherwise,

where T represents a constant that acts as a negative reward

when there is a decrease in the satisfaction of the UEs. From

the above, a utility function R;(t) is considered that repre-
sents the reward associated with the j-th BS at time ¢:

R;(t) = Z pL;(t) + @5(1), 3)

where p represents a reward factor associated with the degree
of satisfaction of the UEs. Furthermore, the proposed mech-
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anism computes the reward obtained by a network controller
considering the rewards obtained by all BSs associated with
this controller. Thus, from Eq. (3), a weighting factor of the
rewards obtained at each instant ¢ is defined, and finally, the
objective function presented by Eq. (4) is formulated. Thus,
the proposed mechanism seeks to maximize the rewards R,
obtained in the long term by the network controller through
the weighted sum of the rewards obtained at each instant ¢:

Maximize R; = Z Z v R; (1), “4)
t

where ~; represents a discount rate that determines the weight
of future rewards. Thus, network controllers should choose
actions that maximize long-term function (4). This definition
of discounted pay-off causes controllers to value immediate
rewards more highly than future rewards since ~; is defined
in the range [0, 1]. Although the controller considers the re-
wards it expects to receive in the future, the more immediate
rewards have more influence when deciding which action to
take. Finally, the objective function defined by Eq. (4) is
subject to the following constraints:

> @y = Mgps,Viell, (5)
jeB
Zl'ij < Myg,Vj € B, (6)
e
nRB > Ty Viel. 7

The restriction (5) ensures that each UE is associated with
at most Mpg BSs simultaneously. On the other hand, the
restriction (6) seeks to ensure that each BS serves at most
My UEs at the same time. Finally, the constraint (7) en-
sures that the number of RBs received by a single UE must
be greater than a minimum threshold 7'z, in order to simulate
the concept of a transport block.

4.1 System Model

We employ the distance-based path loss model and simula-
tion parameters recommended by 3GPP (3GPP TR 36.814
V9.0.0,2010). Performance variations are observed based on
Monte Carlo simulations aimed at representing the long-term
behavior of the proposed scenario. The system model adopts
a HetNet, formed by K independent layers of BSs. The set of
all BSs is defined by B, while the set of all UEs is denoted by
U. By the association criterion based on the highest received
signal power (Max-SINR), the i-th UE associates with the
Jj-th BS, starting from the highest SINR value (;; received,
such that j = argmax((;;),Vj € B, as follows:

P]khij
Gij = %
Z(IEB#I#J' Pyhiq + Pn

where Pf denotes the transmit power of BS j at layer k, h;;
represents the effective channel gain between UE and BS,
while Py represents the thermal noise power. From Eq. (8),
the achievable per-channel downlink rate at the i-th UE from
the j-th BS can be expressed as:

,Vj € B, ®)



Machine Learning-Based Strategy for Joint User Association and Resource Allocation in Next-Generation Networks

Alves et al. 2025

Table 2. Threshold SINR (dB) to Efficiency e, (Bits/Symbol).

SINRL -65 40 -26 -1.0 1.0 3.0 6.6 100 114 11.8 13 13.8 156 16.8 17.6
ey 0.15 023 038 06 088 1.18 1.48 191 241 273 332 39 452 512 555
e the long term, according to Eq. (4). Then, we compute the
Ry =ep - =21 (9)  reward matrix experienced by each BS, considering the sat-

Tsubframe

where ey represents an efficiency function per subcarrier in
terms of bits per Orthogonal Frequency-Division Multiplex-
ing (OFDM) symbol for a given threshold SINR e,((;;). We
use the 15-rate Modulation Coding Scheme (MCS) available
in Long Term Evolution (LTE), as shown in Table 2, to pa-
rameterize the rate function ey, according to Equations (8)
and (9). The terms g, Nsym, and Tsyp frame represent the
number of subcarriers per channel, number of OFDM sym-
bols and duration of a subframe, respectively. Thus, the data
rate obtained by the i-th UE from the j-th BS can be com-
puted as:

Mg ,

ri,j =e€yp- nij . xi,j . sclvsym 7v] c B, (10)
Tsubframe

where n/*P represents the amount of RBs available by the j-

th BS to the i-th UE. Taking into account a fair resource allo-
cation scheme, in which the total number of RBs is equally di-
vided between the associated users, the total number of RBs
obtained by the i-th UEs from the j-th can be expressed as

RB

n
RB _ |
i =[5 (1
where n?B represents the total number of RBs available at j-

th BS, while L; denotes the load of the j-th BS, i.e., the total
number of UEs associated with the j-th BS. The notation

(|-]) represents the floor function that gives as its output the
TIRB
J

to ensure that the

greatest integer less than or equal to 1
number of RBs (n ) is an integer value.

We assume UEs are classified into common and priority
ones. In this case, priority UEs have a greater weight for RBs
allocation in a BS than common UE. Additionally, a com-
mon UE can have its minimum QoS requirements relaxed,
while priority UE must always have their QoS requirements
met. However, the traffic conditions of a priority UE depend
directly on the load of the BS, as well as the number of other
priority UE associated with the same BS. To facilitate under-
standing, Table 1 summarizes the key symbols and acronyms
utilized throughout this work.

4.2 RL-Based UARA Mechanism

The main objective of this work is to optimize the objective
function defined by Eq. (4). To this end, we first formalize
the problem through a stochastic game and then present the
RL strategy considered in this work.

Game Formulation. Through a local SDN controller (as
shown in Fig. 1), we consider it possible to consolidate the
satisfaction level of all UEs involved in an area with criti-
cal service conditions. In this context, we consider that BSs
must act cooperatively to maximize the rewards obtained in

isfaction value of the UEs.

Thus, at each instant ¢, the reward of each BS is based on
the current state of the system (satisfaction of UEs) and on the
actions of the other BSs. Consequently, the next state of the
network assumes a stochastic behavior since, at instant ¢ + 1,
the new state of the network is influenced by the previous
state and the actions taken by the BSs. Consequently, we can
formalize the optimization problem as a stochastic game in
terms of a Markov Decision Process (MDP) with finite states,

defined by the tuple (S, A;, Pssr (W), R:) as follows:

* S, is the discrete set of possible states of the m clus-
ter, where S, = (s1, S2, ..., S ) and s’ denote the total
number of possible states. Since the module aims to
maximize the UE satisfaction level, the set S,,, should
be defined from the possible values of R;. Therefore,
there is a need to discretize the R; values in s’ intervals;

+ A; is the set of possible actions of the jth BS, where
A; = (a1, az, ..., a,), and n represents the total of pos-
sible actions for each BS;

+ A7" denotes a vector of joint actions of all BS in m clus-

ter, at time ¢;

Pss (AF") represents the probability of transition from

s state to s’, through joint actions ﬁ ;
* R; is the reward associated with each BS after the tran-
sition of system states;
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Figure 2. Representation of the proposed RL mechanism.

Figure 2 illustrates the application of the RL-based UARA
mechanism. Step 1 represents the collection of network in-
formation, such as UE satisfaction and the network load on
each SBS. This information is used to compute the current
system state S,,,. In Step 2, the SDN controller forwards this
information to the RL agent, which computes the joint ac-
tion vector .A; to redistribute the UE load within the network
(Step 3). The reference implementation of this work employs
Cell Range Expansion (CRE) to adjust the user association.
Hence, the joint action vector A; consists of various CRE
bias values that modify the signal reception perceptions by
the UEs. However, future work may eventually adopt other
techniques to parameterize A;. During Step 4, the action
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vector \A; is applied to the network, resulting in changes in
coverage areas. Step 5 illustrates that a particular UE, previ-
ously associated with a MBS, becomes associated with a SBS
due to the SINR received from this SBS, along with the po-
tentially greater availability of radio resources. Finally, the
process continues iteratively until the average satisfaction of
the UEs reaches a predefined minimum threshold established
by the network.

Reinforcement Learning Strategy. At each instant ¢, the
j-th BS determines its next action a,, +, based on the current
state of the network s, ;, and through a policy 7, such that
ant = 7(ss¢). From the joint effect of the actions of all
BSs A, rewards or penalties are assigned to the BSs as a
state-action function Q7 (s ¢, an 1), expressed as follows:

T
Qﬂ(ss’,ty an,t) = Eﬂ— [Z /thj (t‘ss’,ty an,t)]7

t

(12)

where the term E™[-] represents the expectation operator,
while 7, represents the discount factor at time ¢. Further-
more, the choice of BSs’ actions cannot be completely de-
termined at time ¢, given the spatio-temporal variation of the
UEs. Thus, Q™ (s ¢, Gn ¢ ) represents a long-term mathemat-
ical approximation of the rewards and penalties obtained by
the BSs, given the stochastic behavior of the system.

Thus, the proposed objective is to discover an optimal ac-
tion policy that maximizes the rewards obtained in the long
term. For all actions selected by the strategy m(ssr¢) =
argmax Q(Ss/ 1+1,an,t+1), the term a,, ¢ = 7(sy ;) tends
to maximize the values of the function Q7 (s ¢, an,¢). In
order to solve the proposed MDP, the Q-learning technique
has been widely used in the literature, given the difficulty
in obtaining information about the transition probabilities
Py (@) Using Q-learning, the function Q(sy ¢, an,¢) is
now recursively computed as follows:

Q(SS/,ta an,t) = Q(ss’,tv an,t) + )\[Rt+1+
7y max Q(Ss/,t+1a an) - Q(Ss’,ty an,t)]a
where A denotes the learning rate, R,4; represents the ex-

pected reward at time ¢ + 1, and max Q (s, 1+1, @) denotes
an estimate of the optimal values of the function () for state

(13)

Sn,t+1-

On the other hand, as the dimensionality of the set S, x A;
increases, the search for optimal strategies tends to become
more intensive. In order to achieve convergence, a consider-
able number of iterations are required to populate the table Q.
We consider using deep learning-based reinforcement learn-
ing methods to address this issue. In such methods, Deep
Neural Network (DNN) is commonly used to represent the
state-action space, such that the function Q(ss ¢, an ¢) is ap-
proximated by the DNN, as follows:

Q(Ss’,h an,t) ~ Q* (53’,16, n, t, 9)

In Eq. (14), the term 6 represents a DNN weight param-
eter. Furthermore, since Q* (s, at, #) represents an approx-
imate form of Q(s¢, a;), it is necessary to train the DNN to

(14)
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minimize the loss function L(#) of this training process by
updating the weight 6. Consequently, the term L(6) can be
expressed as:

L(0) = E[(yP?N — Q" (st, a1;0))?), (15)

where yP@N = R;+~max Q(s;11,as41;07), and the term
0~ denotes the weight parameter of the target network. In
this case, we consider the target network to be a duplicate of
Q(s¢,ay), but with constant weights for a certain number of
iterations. Furthermore, to balance the exploratory process,
we adopted a simple e-greedy policy, with the € factor de-
creasing as a function of the maximum number of iterations
of the mechanism.

Algorithm 1: Algorithm for Joint User Association

and Resource Allocation

1 Input: Set of possible actions A;;

Result: Optimal action sequence/Policy 7 for
achieve the QoS requirements of all UEs.

2 begin
3 Initialize the policy network Q(s, a, ) with
random weights 6;

4 Clone the policy network, to the target network
Q*(Sh at, 0_)a
5 Initialize the system environment, and receives

the initial state by considering the UE’s
satisfaction index;

6 for episode < 1 to MaxEpisodes do

7 Each BS selects an action a?, via exploration
or explotaition, using e-greedy policy from
Q(s,a,0);

8 Local SDN controller consolidate the joint
actions vector A;, and executes the selected
actions;

9 Each BS in the clusters reports the service
condition of its associated UEs, to the local
SDN controller;

10 Local SDN controller computes the UE’s
satisfaction index, observe the next state;

11 Calculate loss between output Q-values and
target Q-values, using Eq. (15);

12 Updates weights in the policy network to
minimize L(6);

13 After ¢4, time steps, weights in the target
network are updated to the weights in the
policy network;

14 end
15 end

Algorithm 1 describes the operation of the RL mechanism
proposed in this work. Lines 3-5 initialize the proposed
mechanism, while the main loop is executed between lines
6-16. The loop (line 6) iterates the algorithm up to a max-
imum number of episodes MaxFEpisodes. For each step,
the BSs must execute actions based on Q(s, a) to adjust the
UARA mechanisms. The e-greedy policy is used to select
actions, as per line 7. The local SDN controller consolidates
all necessary actions and orchestrates the BSs to execute the
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selected actions (line 8). Eventually, there may be reasso-
ciation of UEs to new BSs, consequently, a change in the
network load balance. Thus, each BS reports to the SDN
controller the service conditions of its associated UEs (line
9). In line 11, the SDN controller computes the degree of
satisfaction of the UEs involved, thus determining the next
state of the network. Between lines 11-13, the weights of the
policy and target network are updated to minimize L(6). At
the end of the main loop execution, the algorithm returns an
optimal action selection policy based on the current state.

5 Simulations

In this section, we present the simulation models used for
performance evaluations. Then, we describe the numerical
results obtained.

5.1 Simulations Models

The simulations were performed using Python 3.7.17, tak-
ing advantage of its robust programming capabilities, which
facilitate seamless integration with RL algorithms, thereby
minimizing the dependency on specialized network simula-
tion tools. All RL implementations were based on the use
of the stable-baselines3 library (Raffin et al., 2021), which
provides a comprehensive suite of functions and frameworks
tailored for developing and optimizing various RL models.

We consider a two-layer HetNet model (K = 2), with BSs
uniformly distributed over a scenario of 1.0 km?2, to simulate
a deployment strategy driven by the mobile network opera-
tor. In particular, the simulation scenario has only 1 MBS
and 10 SBSs. We also consider up to 300 UE/km?2, whose
positions are randomly generated by independent samples of
a non-homogeneous poisson point process function, to sim-
ulate the real positioning of UEs. Furthermore, MBS, UEs,
and SBSs have fixed heights of 30.0, 1.5 and 10.0 meters, re-
spectively. We assume UEs positions as fixed, and thus there
is no mobility of this UEs in the simulation scenario.

Each UE has a traffic requirement 7,,,;,, of 2.0 Mbps. Fur-
thermore, it is assumed that a proportion of 20% UEs have
priority traffic requirements, while the others assume an or-
dinary traffic profile. The weights for calculating UEs sat-
isfaction are """ = 1.5 and wfrdmm"y = 1.0, for the
priority and common UEs respectively. These priority UEs
are chosen randomly among the UEs that compose the simu-
lation.

The configured transmission power in the system is 46.0
dBm for MBS, 23.0 dBm for SBSs and —174.0 dBm/Hz
for thermal noise. In addition, the coding and modulation
scheme available in LTE is considered, according to the data
presented in Table 2, which presents the efficiency values ey
as a function of the SINR values (;;. Finally, Tables 3 and 4
summarize the major simulation parameters.

From the proposed scenario, UEs associate with at most
Mps = 2 BSs simultaneously based on the Max-SINR cri-
terion, while a BS must serve up to My g = 20 UEs simul-
taneously. Once this process is completed, the load of each
BS and the data rate obtained by each UE (according to Eq.
10) are computed, as well as the satisfaction level of each
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Table 3. Physical-layer parameters.

Parameter Value
MBS power transmission 46.0 dBm
SBS power transmission 23.0 dBm
Carrier frequency 2.0 GHz
Tsub frame I ms
Nse 12
Nsym 14
nfB 100
MBS antenna gain 15.0 dBi
Noise power -174.0 dBm/Hz
Subchannel BW 180 kHz
UE antenna gain 0.0 dBi
SBS antenna gain 5.0 dBi

MBS-UE path loss
SBS-UE path loss

128.0 4 37.6 log;(max(d, 35)/1000)
140.7 + 36.7 log, o (max(d, 10) /1000)

Table 4. Simulation parameters.

Parameter Value
Area 1.0 km?
Number of simulations 100
Number of tiers (K) 2
MBS density 1.0/km?
SBS density 10.0/km?
UE density up to 300.0/km?

Height of antenna for MBS, SBS and UE  30.0/10.0/1.5 meters

UE. Finally, in this reference implementation, the restriction
defined by Eq. 7 was relaxed (I = 0). Relaxation was
adopted to facilitate the theoretical analysis of the model, al-
lowing a clearer understanding of the fundamental interac-
tions within the networks before introducing additional com-
plexities that could obscure the initial results.

At each instant ¢, the reward R, of each BS is based on
the current state S,,,. Thus, in the context of RL, the next
state of the network assumes a stochastic behavior, since at
instant ¢ + 1, the new state of the network is influenced by
the previous state and by the actions .4;. The mechanism
computes these actions based on the application of CRE bias
in the continuous interval of [20.0,80.0] db. Thus, the j-th
BS determines its next action a, ¢ (an,: € A;), based on
the current state of the network s, ;, and through a policy
w, such that a,,; = m(ss ). From the joint effect of the

actions of all BSs A, rewards are assigned to the BSs, as a
state action function Q7 (s +, an¢). In all actions selected
by Tr(Ss’,t) = argiax Q(SS’,t+17 an,t+l>9 Unt = 7T-(Ss’,t)
tends to maximize the function Q™ (sg/ ¢, an.t).

To approximate a solution for m(s ), this work adopts
the algorithms of Advantage Actor Critic (A2C), Proximal
Policy Optimization (PPO), Deep Deterministic Policy Gra-
dient (DDPG), Twin Delayed DDPG (TD3) and Soft Actor-
Critic (SAC). This work selected these algorithms due to the
continuous nature of the action set .4, thus excluding algo-
rithms that operate solely with discrete action sets, such as
Deep Q-Networks (DQN).

Furthermore, although initial evaluations indicated subop-
timal results from A2C and PPO, our intention was to assess
their performance in this specific context. This foundational
analysis will inform future research directions, allowing us to
refine our approach and explore alternative algorithms to en-
hance performance outcomes in the orchestration of UARA
mechanisms. In addition, each algorithm was run in a set-up
of 100 repetitions to facilitate a comprehensive and robust
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Figure 3. Initial user distribution and association scenarios after applying the Max-SINR policy.

analysis of the results obtained, approximating a stationary
distribution. Finally, the main hyperparameters used in the
simulations were t = 100000 (total iterations), v = 0.9 (dis-
count factor), A = 0.001 (learning rate).

5.2 Numerical Results

Figure 3 complements the description of the simulations per-
formed in this work to illustrate the simulation scenario. In
this representation, UEs are identified by black or red circles
(when prioritized), while SBSs is identified by green circles
and MBS is represented by a blue circle. Figure 3a presents
a representation of the main elements of the simulation and
their spatial distribution.

Furthermore, Figure 3b visually represents the association
and load balancing status after implementing the 3GPP met-
ric based exclusively on Max-SINR. In this context, UEs can
be marked with green or red borders. When a UE reaches a
data rate higher than the minimum required (r™ < r;)),
there are green borders indicating this. In contrast, circles
with red borders represent UEs that were unable to meet
their minimum traffic requirements (r!"" > r;3;). Thus, cir-
cles with red borders are undesirable and highlight situations
where the system infrastructure could not meet the specific
traffic requirements of the UEs.

From the results presented in Figure 3b, it becomes evident
that there is a significant number of UEs without their QoS
requirements met, totaling an average value of 56.10% over
the 100 independent simulations. Furthermore, even with the
presence of nearby SBSs, it is possible to see that some UEs
end up associating with the MBS, overloading it and thus
reducing the average RBs per UE. Consequently, in this Max-
SINR scenario, an average 48.5% of UEs with met traffic
requirements is recorded.

On the other hand, Figure 4a shows the result of applying
a unified Bias CRE of 40.0 db to all SBSs. In this scenario,
the SBSs behaves as a homogeneous layer in such a way as
to force the association of UEs to this layer, thus reducing
the load on the MBS layer. In this scenario, it is possible

to visualize a significant reduction of UEs associated with
the MBS, causing that, on average, 79.91% have their QoS
requirements met, according to the data in Figure 5d.

Furthermore, Figures 4b and 4c present the applications
of the A2C and PPO algorithms, respectively. It is impor-
tant to note that these algorithms present lower results than
those observed in the unified CRE bias strategy. Even with
the evaluation of various configuration parameters or adjust-
ments in the training timestamps, these algorithms cannot
approximate an optimal solution for Eq. 4, being the most
inferior among all RL algorithms. Both methods aim to im-
prove the efficiency and stability of training by balancing ex-
ploration and exploitation, using actor and critic policies to
update the action policies incrementally. This trend may indi-
cate the infeasibility of using these policy-based algorithms
in the scenario proposed in this work.

Figure 4d presents the association results for the TD3 algo-
rithm. In this scenario, it is possible to verify the significant
number of UEs with met traffic requirements and the intense
offload of the MBS towards the SBSs. It is possible to verify
that the SBS layer is responsible for serving most of the UEs
and not by the MBS, where an average value of 99.20% of
UEs with met traffic requirements. Only 15.87% (average)
of the UEs are associated with the MBS.

In addition, Figures Sa and 5b present the results of the
SAC and DDPG algorithms, respectively. These algorithms
share several fundamental similarities with the TD3 algo-
rithm since the latter employs deterministic policy gradient
methods, which aim to learn deterministic policies to directly
map states to actions, which is especially effective in contin-
uous action spaces (as defined by the set A;).

Furthermore, Figures Sc and 5d present the results of ap-
plying the RL algorithms in terms of satisfaction and average
UEs per SBS and a boxplot graph with the percentage of satis-
faction of the UEs in each of the scenarios/models evaluated
in this work. Based on Figure 5c, it is possible to verify that
the schemes that have promising levels of UEs satisfaction
are those that have the highest average percentages of UEs
per SBS, in such a way as to alleviate the load of the MBS.



Machine Learning-Based Strategy for Joint User Association and Resource Allocation in Next-Generation Networks

Alves et al. 2025

400 A

200 A

400 A

200 A

—200 A

—400 1

-200 0 200 400
e SBS e UE Ordinary e UE Priority]

—400
e MBS

(a) Unified CRE CRE Bias.

400 -

200 A

—200 A

-400

—2|00 (I) 2(|)0 4(|)0
® SBS e UEOrdinary @ UE Priority)
(b) A2C Policy.

4004 ©

200 A

—200 4| T

~400 -

~200 0 200 400
® SBS e UEOrdinary e UE Priority]

—~400
® MBS

(¢) PPO Policy.

400
® UE Priority |

~200 0 200
® SBS ® UE Ordinary
(d) TD3 Policy.

—4IOO
* MBS

Figure 4. User distribution and association scenarios after applying CRE, A2C, PPO, and TD3 techniques.

According to Figure 5d, it is possible to observe that using
a unified CRE bias, set at 40.00 dB, resulted in satisfaction
rates between 67% and 94%. While A2C obtained satisfac-
tion rates between 71% and 87%, and PPO, rates ranging
from 55% to 75%. On the other hand, the algorithms DDPG,
SAC, and TD3 stood out significantly from the others, pre-
senting the best results. These algorithms demonstrated user
satisfaction rates consistently above 90% and, in some cases,
up to 100%. These results emphasize the promising effec-
tiveness of RL-based approaches, indicating their potential
for orchestrating UARA mechanisms in NGNs.

On the other hand, when analyzing Figure 5d, it becomes
evident that the proposed methodology is promising in or-
chestrating UARA processes since all RL-based approaches
presented higher satisfaction values than those observed in
the Max-SINR approach. The results obtained indicate that
reducing the total number of associations with the MBS
paves the way to this improvement, allowing the SBSs to as-
sume the responsibility of serving a larger contingent of UEs.
However, future studies should clarify the reason for the low
efficiency of algorithms based on actors and critics.

Finally, Table 5 complements the results previously pre-
sented by showing the cumulative data rate achieved by all
UEs for each algorithm, taking into account the average
value in all simulations conducted. Consistent with the pat-
terns observed in the earlier results, the SAC, DDPG, and
TD3 algorithms demonstrate the highest data rate values.
This characteristic can be attributed to the superior load bal-
ance performed by these algorithms, which more effectively
exploit the availability of RBs in the given scenario.

Table 5. Average cumulative datarate of UEs [Mbps].

Mean Variance Std. Deviation

Max-SINR  698.095  4794.577 69.242
Bias 711.785  4762.151 69.008
A2C 682.043  5120.421 71.557
PPO 688.009  4893.055 69.95

DDPG 731.218 10599.837 102.955
SAC 757.62 6201.82 78.751
TD3 838.346 4417.32 66.462
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The proposed approach differs substantially from conven-
tional CRE strategies, which generally adopt a unified bias
for SBSs layers. In this work, the proposed methodology
performs an individualized association adjustment for each
SBSs, allowing UEs to be reassociated with specific (and
less overloaded) SBSs, taking into account the resource al-
location of each BS. Consequently, UEs are associated with
specific SBSs, not specific layers.

6 Conclusion and Future Work

This study investigates the application of algorithmic strate-
gies based on RL with the primary objective of significantly
improving the quality of traffic for end users. In particu-
lar, this study focuses on the adaptive capacity of these al-
gorithms, specifically on the refined tuning of the UARA
mechanisms. This focus becomes particularly crucial when
considering the landscape of NGNs, where the increasingly
prominent presence of ML techniques highlights the need for
innovative operational strategies.

The methodological approach used in this work aims to
understand the practical applicability of RL algorithms in the
context of next-generation HetNets. The preliminary results
collected in this work suggest that the strategic application
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of RL algorithms represents a viable path to overcome op-
erational challenges and leverage efficiency in the NGNS,
with better results than those obtained by traditional methods
(Max-SINR and CRE). The relevance of this research tran-
scends the purely theoretical scope, highlighting the pressing
need for adaptive and user-centered strategies in the dynamic
scenario of future communications networks.

However, future work will involve the development of
a hierarchical approach that enhances the scalability of
our stochastic game methodology, enabling more efficient
management of high-density user networks by distributing
decision-making processes across multiple layers of the net-
work architecture. In addition, this framework will incorpo-
rate the evaluation of scenarios with user mobility, which
is essential to address the dynamic nature of network envi-
ronments. By facilitating localized optimization, the hierar-
chical framework tends to improve overall network perfor-
mance and adaptability to varying user demands, including
those arising from mobile users.
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