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ABSTRACT

Since the coverage of millimeter waves (mmWave) is limited due to high path loss and
blockage, it is deployed in small cells. This dense deployment of base stations and access
points resulted in significant interference. Therefore, interference mitigation is the main
challenge in designing the new millimeter-wave communication technologies in the existing
5G system. Therefore, in this paper, a two-tier Heterogeneous Cloud Radio Access Network
model is presented, which performs a technique inspired by soft frequency reuse (SFR) to
mitigate interference. The cellular service region is divided into two sub-regions, center
region is served by conventional macro base stations, which operate in the sub-6 GHz
frequency band, while the edge area is served by Remote Radio Heads (RRHs), which operate
in the millimeter-wave frequency band to avoid interference between tiers. User-RRH
associations are introduced to mitigate interference between small RRHs and maximize
network throughput using an Online Multi-Agent Q-Learning (MAQL). The proposed MAQL
solution, based on the least path loss as a basic criterion for User-RRH association,
outperforms in average network throughput per user a previous study based on average
SINR as a basic criterion for association for two types of RRHs deployment scenarios in the
heterogeneous network approximately by 66.4% and 21%, respectively, at the lowest
number of users. The difference gradually decreases with the increasing user numbers until
it reaches 8.7% and 9.8%, respectively. Even though the gap between throughput
performance narrows as user density increases, the proposed method consistently
outperforms the alternative strategy, indicating its ability to adapt and manage network
resources more effectively even under higher traffic loads.

Keywords: Millimeter Wave (mmWave), Heterogeneous Cloud-Radio Access Network (HC-
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1. NTRODUCTION

The fast progress of communication technologies, in the latest years, has influenced
significant hurdles in 5G networks. These hurdles come from the rise in mobile data usage
due to the adoption of various personal computing devices like laptops, smartphones, and
smart wearables along with a multitude of data-intensive mobile applications. This increase
in demand is anticipated to push systems to their limits (Fakhri et al., 2019). To meet this
escalating need, millimeter Wave (mmWave) technology offers a solution for addressing
capacity constraints (Akdeniz et al., 2014; Wang et al.,, 2019). A key advantage of
mmWave is its bandwidth compared to sub-6 GHz frequencies, which can greatly enhance
network capacity. Operating within the 30 to 300 GHz range mmWave is positioned to play
arole as a technology of choice. However, these frequencies have a limited range (Dehos et
al,, 2014). May experience performance issues due to obstacles and significant signal losses
(Fang et al.,, 2021; Banar et al., 2022). In this context, cloud radio access network (C-RAN)
(Luo etal., 2020; Kai etal., 2021) appears as a favorable new infrastructure that objectives
to enhance the use of mmWave spectrums and improve performance in 5G networks and
future wireless systems (Pompili et al., 2015; Hajisami and Pompili, 2018). BBU and RRH
are the two main components that make up a CRAN. BBUs are placed in the cloud as clusters
in the BBU Pool, which has all information about the network, whereas all RRHs are
distributed in the network over multiple sites, which are connected to the BBUs through
wireless links or fiber optic cables based on the network requirements (Kolawole et al.,
2018; Obi et al., 2023). Periodically, based on reports received from users through
associated RRHs network information is updated to the controller in the BBU pool, including
location coordinates and coverage areas of all known RRHs to the controller, who then runs
algorithms for handover and engagement decisions, which are then transmitted to the RRHs.
As aresult, C-RAN is considered a cost-effective solution for network densification, reducing
resource consumption, and managing future communication network interruptions (Taleb
et al,, 2018). In the initial deployment of mmWave cellular communications, especially in
dense urban environments, Heterogeneous Cloud Radio Access Networks (HC-RANSs) prove
highly effective in enhancing network performance. This is achieved through the
deployment of ultra-dense mmWave small base stations (SBSs) coexisting with conventional
macro base stations (MBSs) within a multi-band heterogeneous network architecture
(Fakhri et al., 2019). Despite these advantages, HC-RN switching is expensive and presents
serious challenges. These include the integration of technology models and the gradual
implementation of heterogeneous network architecture. Furthermore, the high frequency
and the unique propagation characteristics of mmWave signals result in unprecedentedly
large intercellular interference (Noor and Omran, 2018), especially at the cell edges.
Therefore, developing effective interference management strategies is crucial and remains
a hot research topic (Trabelsi et al., 2024). The rapid development of technology in recent
years has been accompanied by a rapid expansion of machine learning (ML) applications in
numerous studies in all fields (Al-Araji and Al-Zangana, 2019; Mohammed and Hussein,
2022; Abdulrezzak and Sabir, 2023) especially in wireless networks. This growth has
been mainly driven by ML (Haidine et al., 2021). Machine learning has become an integral
part of 5G networks and is expected to be a key driver of future mobile and 6G technologies
(Nguyen et al., 2021).
The contributions of this paper are outlined as follows:
e Representation and Evaluation: present, verify, and evaluate a two-tier HC-RAN system
based on various performance criteria, considering actual network load and deployment
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scenarios. By using different frequency ranges for each tier, aiming to mitigate
interference and improve rate and coverage, not only at the cell edges but throughout the
entire cell area.
¢ Interference Mitigation: address inter-RRHs interference for the association between User
and RRH. Specifically, by employing an online Multi-Agent-Q-Learning (MAQL) algorithm
to improve network throughput, thereby improving the Quality of Service (QoS) for end
users and boosting overall network performance.
In communication networks, researchers have explored interference mitigation strategies
and the application of machine learning techniques, some of which are highlighted. In (Wang
et al., 2019), the authors studied coverage in multi-tier downlink mmWave HC-RAN with
user-centric smallcell deployments, in order to enhance user connectivity and its
performance by focusing on techniques of interference mitigation, as well as taking into
consideration user and base station location associations, and mmWave communication
characteristics. Their results refer that when set the transmitted power of macro base
stations (MBSs) whereas the transmitted power of small cell base stations increases,
improving coverage probability. To improve data rates in large cell areas leverage mmWave
spectrum the authors (Fakhri et al., 2019) proposed approach based on soft frequency
reuse (SFR) for the interference mitigation between MBSs, the cellular service region is
divided into two sub-regions, each of tier is operated by distinct frequency range in order to
prevent cross-tier interference. The center region is served by conventional MBSs which
operate in the sub-6 GHz frequency band, while the edge area is served by Remote Radio
Heads (RRH), which operate in the millimeter-wave frequency band. Thus, this model
targets the entire cell area. Using stochastic geometry techniques in 5G, the authors (Fang
et al,, 2021) assessed the performance of two-tier heterogeneous networks by taking into
account various biases, which can help in improving load distribution across tiers; they get
a formula for cell association probabilities. In addition to mitigating interference and
forming an association with users, they proposed a method based on the least path loss as
criteria. Based on machine learning, the authors (Elsayed et al., 2020), mitigate
interference in mmWave 5G networks. The aim of their approach is optimizing resource
allocation and user-cell association to enhance the network's overall sum rate by
implementing an algorithm designed to manage power distribution between packets and
user-cell associations by generating a priority list of 5G-NodeBs, often referred to as gNBs in
5G networks, are the next generation of base stations in the 5G architecture, organized
according to average SINR.
In (Chengetal., 2021) they propose a learning-based interference management mechanism
for smallcells, combining hybrid affinity propagation clustering and reinforcement learning
in power control. by identifying and deactivating the most interfering aerial small cells,
simplifying the interference structure and accelerating the learning process. A proposal for
a mmWave C-RAN for 5G was introduced by (Banar et al., 2022), the study evaluated the
performance of mmWave by comparing RRH association methods for half-duplex and full-
duplex configurations, with a focus on the interference. The evaluation took into
consideration factors such as path loss, obstructions, directivity of fronthaul and access
links, and the characteristics of the mmWave channel. Within the framework of interference
mitigation between dense small cells and to minimize call blocking and solve load balancing
issues, optimizing performance for each user, the authors (Suresh et al., 2022) suggested
a cat swarm optimization algorithm to find the optimal RRH configuration across the
network. A novel strategy called Multi-Agent Context Learning addressed by the authors
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(Kose et al., 2024) to manage interference and allocate mmWave beams, maintain low
interference levels even during heavy traffic by utilizing Contextual Bandit techniques, the
agent of machine learning could identify and avoid interference with other transmissions
based on understanding the status of neighboring beams as criteria. For the purpose of
interference mitigation in this paper, we adopted a strategy that improves user-RRH
association to maximize network throughput for mmWave RRH by applying an online
(MAQL) algorithm to form associations with users in mmWave communications in 5G
networks.

2. SYSTEM MODEL

2.1 Network Deployment

The proposed model is a two-tier HC-RAN deployed in ultra-dense networks. The first tier
consists of high-power macrocells arranged in a hexagonal grid and served by MBS, which
provide good coverage and support for high mobility and a responsible for ensuring
essential connectivity over a wide area as well as serving users at greater distances, which
are positioned at higher altitudes and supplied with greater transmission power. The second
tier is comprised of low-power small cells served by mmWave RRHs to enhance capacity and
coverage in smaller, densely populated regions, enhancing network performance in hotspots
with high user density. Typically, RRHs are deployed at lower altitudes, such as rooftops or
street elements, and have lower transmission capacities compared to MBSs, RRHs are
organized into clusters, where each cluster consists of several geographically adjacent
RRHs. Typically, RRHs are distributed within macrocells to cover the whole cell region
(Fakhri et al,, 2019). To avoid the frequent handovers and mmWave channel blockages
in C-RAN, the BBUs are separated from the RRHs, which are consolidated into a centralized
BBU pool controller. The management and coordination are designed between tiers to
efficiently spread network traffic between MBSs and RRHs to prevent congestion and
optimize resource utilization. This involves the challenge of choosing which users should
be served by MBSs or RRHs depending on factors such as capacity, user demand, and signal
quality. These procedures are handled within the BBU pool, where smallcells (RRHs) of
mmWave HC-RANs are accessed via fronthaul links. In addition, by using backhaul links
and control interfaces, MBSs associated with BBU pool, according to 3GPP specifications
(Khan et al., 2018; Rodoshi et al.,, 2020). The complication of the proposed model
produces several types of interference, including interference between MBSs, interference
between MBSs and smallcell RRHs, and interference among the smallcell RRHs themselves.
The suggested paradigm uses the SFR method (Fakhri et al., 2019; yagcioglu, 2022) to
mitigate interference between MBSs. The cellular serving area is divided into two regions,
each operating on a distinct frequency spectrum to avoid cross-tier interference. The
center region is served by MBSs operating in the sub-6 GHz frequency spectrum, while the
edge area is served by RRHs operating in the mmWave frequency spectrum (Fang et al.,
2021). This method improves overall cell coverage, interference mitigation, and user
throughput, the suggested network architecture illustrated in Fig. 1. On the other hand,
the Inter-RRH interference among mmWave smallcells will be addressed in the proposed
algorithm.
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Figure 1. The proposed HC-RAN Network.

2.2 Channel and Path Loss Model

This paper takes into consideration a channel model appropriate for a two-tier downlink
heterogeneous wireless network. This model considers the characteristics of mmWave
frequencies, making it multilateral for use in various 5G network scenarios, which is
essential for enhancing the capacity and coverage of mmWave systems. It includes two
sub-models (TSGR, 2022): an Urban Macro (UMa) channel model for an MBS hexagonal
grid with an antenna in the center of each MBS that operates in sub-6 GHz, which
represents the first tier of the network. The second type of channel is an Urban Micro Street
Canyon (UMi) for mmWave RRHs, which represents the second tier of network that
overlaid each MBS to cover the cellular edge area. While users are distributed using
uniform random distribution across the network. Users close to cell boundaries experience
boundary effects, represented by interference between mmWave smallcells (Mohammed
and Almamori, 2024). In the first tier of the network, which is represented by macrocells,
there is interference power received by the user k from all other macrocells, except the
macrocells that served the same user k, and the equation of signal-to-interference plus
noise ratio (SINR) is formulated as follows (Fakhri et al., 2019; Fang et al.,, 2021):

Pmi .kai

INR, = 1
S km YjeM,j=i Pm; -ka]."' O ( )

Where pointing out the usage of "i" indicates the serving MBS for user k, while "j" indicates
to other MBSs, g2 is the noise power, Py, is the downlink transmited powers of MBS, and

Gy, is a combination channel gain, which composed of channel fading and path loss, which
J

is given as follows:
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kai = Im; Sm; lmi PL;nl (dm) (2)

Where g, is the antenna gain of MBS, s,,, represents small scale fading channel, which is
supposed as Rayleigh random variable, l,, the large scale channel fading, which is

supposed as lognormal shadowing (Andrews et al., 2016), and PL,, (d,,) denote the UMa
path loss for k user linking to a MBS from 3GPP TR 38.901(Zhu et al., 2021; TSGR, 2022),
given for LOS and NLOS cases as follow:

Plosos(@n) = (g7 o7 < o < o ®
PLunzos(dm) = M (PLunsos(dm), PLy(dny) ), fOr10m < dom, < 5k (4)
Where:

PLyy =284 2010g,o(fem) + 22 10g10(dm) (5
PL, =284 2010g,o(fem) +401l0gq10(dy) — 0.6log,9(h, — 1.5) (6)
PL,,(d,) = 13.54 4+ 2010g,o(fem) + 39.08 log,0(d,,) — 0.6 logo(hy — 1.5) (7
i = [ + (hyps—i)? (8)

where d,,, and d,,,, are the 3 slope distance and Euclidian distance between a MBS and user,
respectively. dgp,, is Breakpoint distance, given as:

— 4h;\lBS h’k fem (9)

d
BPmM p

wheref,, is the carrier frequency of MBSs and c is the speed of light, hy;zs = hyps—hg, and
h, = h, — hg, are the effective heights of the antenna at the MBS and user, respectively,
hygs and h;, are the actual heights of the antenna, and hy is the effective height of the
environment.

Yjem,j=i Pm; - kajindicates the interference power received from other MBSs.

In the second tier of network which is represented by RRHs. The dense deployment of
RRHs may result in an inter-RRH interference power received by the user k from all other
RRHs, with the exception of the RRH that served the user k, therefore SINR formulates as
follows (Fakhri et al., 2019; Fang et al., 2021):
Pr; - Gy,

SINR,, =

(10)

2
YjeR,j#i Pr]- . Gkr]."' Or

where pointing out the usage of "i" indicates the serving RRH for user k, while "j" indicates
other RRHs, 62 is the noise power, P. is the downlink transmit powers of RRHs and Gy, is
i

a combination channel gain, which is composed of channel fading and path loss, which is
given as follows:

Gkri = 9r;Sr; lri PL7'(d,) (11)
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where g, is the antenna gain of RRH, s, represents small scale fading channel, which is
supposed as a Nakagami with normalized gamma distribution (Simon and Alouini, 2005),
L, is large-scale fading channel, which is supposed to lognormal shadowing (Andrews et
al., 2016), andPL,(d,) denote the UMi path loss for user k linking to an RRH from 3GPP
TR 38.901 (TSGR, 2022), given for LOS and NLOS cases as follows:

PLuos(@) = o1 for dume < o & S 12)

PLenios(dy) = max (PLyos(dy), PLy(d,) ), for10m < de, < Skm (13)
where:

PL,.; =324+ 20log,0(f.) +31.910og,0(d;,) (14)

PLy, = 32.4 +201log1o(fer) + 40log1o(d;) — 9.5logso(dipy + (hrru—hi)?) (15)

PL.(d,) = 22.4 + 21.3log,(f+) + 35.3log,0(d,) — 0.3 log,o(hy — 1.5) (16)

dy = \Jd% + (hgry — hy)? (17)

where d, and d,, are the 3 slope distance and Euclidian distance between RRH and user,
respectively. dgp, is Breakpoint distance, given as:

_ 4h;2RH h}c fer (18)

d
BPr c

wheref,, is the carrier frequency of RRHs and c is the speed of light, hppy = Arry—hg, and

h, = hy — hg, represent effective heights of antenna at RRH and user, respectively, hggy

represents the actual heights of antenna. . jcg = Prj . Gy, indicates the interference power
J

received from all other RRHs.

3. FORMULATION THE PROPOSED MACHINE LEARNING
3.1 Overview on Q-learning

Q-learning is a form of reinforcement learning where an agent interacts with an
environment in order to achieve a specific objective. The agent learns about the
environment's dynamics through trial and error. It receives feedback in the form of
rewards or penalties as it acts, which also results in changes to the environment's state, as
shown in Fig. 2. This interaction may be formalized like the Markov Decision Process
(MDP) (Watkins and Dayan, 1992; Elsayed et al., 2020), characterized by a group
consisting of reward function, actions, states, and agents. The main goal of the agent is to
optimize the overall projected rewards over time, adjusted for future discounting.

To accomplish this, the agent discovers an optimal policy that dictates the best action to
take in each state, which is achieved through an action-value function that assesses the
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potential value of different actions (Jang et al., 2019). This is achieved through the
application function of action-value, which is expressed as:

Q(s,a) = E[R +ymax,Q(s',a')l|s, a] (19)

Agent

Reinforcement Learning

3 Feedback Action execution

7 . o 0]
aciion; actiol actiony Environment
state, L —

state,

The function Q(s, a) is the action-value function, i.e. Q-value, representing the expected
return or utility of taking action in state s and adopting the optimal policy afterwards, R
denotes to reward value obtained after taking action an in-state s, while y represents the
factor of discount, which influences the significance of future rewards (0 <y < 1), whereas
max, Q(s',a") represents the highest expected future reward for the next state s" across
all feasible actions a’. In practice, the Q-learning algorithm updates the Q-values using the
following update rule:

Q(s,a) « Q(s,a) + a [R +ymax,Q(s',a") — Q(s,a)] (20)

where a is the learning rate (0 < a < 1), controlling how much new information overrides
the old value. In this work we introduced the proposed Q-learning algorithm designed to
optimize user-RRH association in order to maximize the network's throughput.

3.2 Optimization Problem Formulation

Since each tier works at a distinct frequency band, as explained in the above Eq. (1) and
Eqg. (10), the proposed network does not suffer cross-tier interference, and it also does not
suffer inter-cell interference between macrocells in the first tier because the use of the SFR
method. In this case, the interference is only between the mmWave RRHs. The BBU pool
controller maintains network comprehensive information. This information is updated
regularly using reports from users across the associated RRHs. The controller has access
to the position coordinates and coverage region of all RRHs. It is responsible for
implementing the algorithms that manage handover and link decisions, which are
subsequently communicated to the RRHs. Assume there are K number of users and R
number of RRHs. The average throughput of a user, denoted by Thy,, is dependent on
resource availability and, as a result, is dependent on resource allocation among users
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attached to the same BBU in the network. Hence, assuming a full traffic model and a fair
model of resource sharing, the average throughput attained by user k, who is associated
with RRH r and allocated to BBU s, is expressed as follows (Taleb et al., 2020):

Thy, = 21)

r

where Ty, is the peak throughput which is calculated by the Shannon formula:
Tir = Wi logo(1+ SINRy,) (22)

where k, indicates the number of users that sharing the RRH r radio resource, as follows:
kr = 2rer Xir (23)

The optimization problem (TH) aims to mitigate interference by finding the user k
associated with suitable RRH r to maximize the total user throughputin the network which
depends on Eq. (21) and Eq. (22), is expressed as follows:

max (TH) = ZreR ZkEK Xk,r Thk,r (24’)

whereX) ;. is the complexity solution matrix to make the decision about which User-RRH
association solution is the best, and subject to the following constraints:

YrerXer <1,k €K (25)
Xer <t,Vr €KXR (26)
Xty € {0,1},V(k,T) (27)

The constraintin Eq. (25) refers that every user k in the network can at most be associated
to a single RRH r. The constraint in Eq. (26) illustrates that each RRH r is activated only
when it is connected with one user k at least. The constraint in Eq. (27) show that the
variables Xj ,,t,. are binary decisions. We adopted a User-RRH association strategy
suitable for mmWave communications in 5G HC-RAN network to eliminate inter-RRH
interference in a way that maximizes the overall throughput of the network achieved by
the user. In order to solve the problem, the User-RRH association is solved by using the
Proposed Q-learning algorithm.

3.3 The Proposed Q-Learning

The proposed online MAQL algorithm for is described as follows:

e The Agents: RRHs

e The Actions: The actions available to each RRH (agent) are the different users they can
choose to associate with. The action vector ai represents the choice of RRH for user i.

e States: the state for each RRH (agent) is the context or situation in which the RRH is
making its decision. In this case, the state for each RRH can be represented by the path
loss values to all Users. Specifically, for each RRHi, the state is a vector of path losses from
that RRH with each user. Therefore, the state vector Statei for RRH i is represented by the
vector:
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Si = [51,52,S3, e enrereeeeen Sk (28)

This vector directly represents the state of the agent environment and is used to
determine the RRH to associate with the user based on the current policy (exploration or
exploitation).

e Reward: the reward is a measure of how good or bad an action (associating with a
particular RRH) is. In this case, the reward is based on the path loss; specifically, the
reward is the negative of the path loss to maximize SINR (which corresponds to
minimizing path loss). Therefore, the reward function R is formulated based on the least
path loss as follows:

R; = —PL(RRH;) (29)

Furthermore, the user-RRH association procedure includes the learning part within RRH's
side by generating a list of priority for RRHs ranked according to the least path loss path
loss (Lee et al.,, 2015; Fang et al., 2021) to create association with users, then users are
associated with the RRH with a preferred value in the list of priorities. To demonstrate the
effectiveness of the proposed algorithm, it was compared with another online MAQL
algorithm in a previous study (Elsayed et al., 2020) that associates a user to the cell by
generating a list of priorities for 5G-NodeBs ranked depending on average SINR. Then,
users are associated with 5G-NodeBs with preferred value in the list of priorities; this was
applied for two types of deployment scenarios for mmWave RRHs in the proposed system
under NLOS conditions, for simplicity and understanding, the Q-Learning algorithm
steps illustrated in pseudo-code in Algorithm 1.

Algorithm 1: MAQL Algorithm For User-RRH Association

Input: Q (s, a) =0, a, v, €, Users' positions, RRHs' positions, Path loss estimations between users and RRHs
Output: Final user-RRH association decisions

Begin

1: Initialize Parameters: Q(s,a) = 0, a, y, €, Set positions of users and RRHs, Estimate path loss between
users and RRHs

2: For scheduling simulation SIM=1 to No. of Simulation do

: Perform MAQL algorithm for User-RRH association for each state s do

: Compute least path loss for each state s

: Exploration Vs Exploitation Decision If rand < € then

: Action: The decision to associate a user with a best RRH based on exploration or exploitation.
:else

: Exploitation - Choose the action with the highest Q-value (Next action: max,/Q(s’,a"))

9: End if

10: Calculate reward R as negative path loss for the chosen RRH as in Eq. (29).

11: Update Q-value for the best User-RRH using Q-learning update rule as in Eq. (20).

12: Transition to the next state s’

13: Transmit User-RRH association decisions to each user.

14: The user performs the final User-RRH association decisions

15: End for

16: End for

End

O 3O Ul A W
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4. PERFORMANCE METRICS
4.1 The Coverage Probability

This network assumed open access, which is unconstrained, meaning that user can
associate with any tier of MBS or RRH without any constraints (Hassan and Fernando,
2020). Hence, Positive power biasing and least path loss are used to switch more edge
users from the MBS tier to the RRH since MBS transmit at a higher power than RRHs. For
example, a user would associate with a RRH if:

PT' gT'BT PL—l (dT) > Pm gm BmPL;nl (dm)

min,r in,m

Moreover, if not, a user would associate to an MBS, where PL.}, ..(d), PL;, - (d) refer to

the minimum path loss of user connecting to the MBS, and RRH respectively, and B,,, B,
work as a user association biasing factor with MBS, and RRH respectively. Depend on
maximum received biased power, user linked to the MBS in the center area have B,, =0dB,
while B, >0 is for user linked to a RRH and situated in the cellular edge area. The coverage
probability is introduced in a scenario where users are located in network coverage, where
each user associates to a defined cell, if their SINR is above a predefined threshold SINR

(72).
Psing(T2) = P(SINR > T¢) (30)

The coverage probability (Psiyg, ) of the suggested network can be introduced by the
following (Fakhri et al,, 2019; Hassan and Fernando, 2020):

PSINRk(Tc) = c’quSINka(Tc) + C’quSINer(Tc) = (Uje{m,r} c/l]- P(SINRkj > Tc)) (31)

where A, and A,: represent association probabilities for sub-6Ghz and mmWave,
respectively, Ajeqm,r is the association probability, which is based on users’ association to

the MBS or mmWave RRH.
4.2 Rate Coverage Probability

The rate achieved for the user can be given as follows:
R(K;) = log, (1+SINRy,),j € {m, 7} (32)

The rate coverage probability in an open access network is introduced when users are
considered to be within rate coverage in the network, if their downlink rate is above a
predefined threshold rate (p;.). Therefore, Rate Coverage Probability:

R(pr) = P(R > py) (33)

Thus, the rate coverage probability R(p,) of the suggested network is presented by the
following expression (Fakhri et al., 2019) as follows:
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R(pr) = Ujemn A P (1og, (1+ SINR,) > pr) = Ujeqmny A P (SINR, > (27 — 1)) (34)

5. SIMULATION IMPLEMENTATION SCENARIO

Simulation results for the proposed system's architecture are obtained using MATLAB, while
the analysis with 100 iterations is conducted to evaluate the proposed system performance
based on the general simulation parameters outlined in Table 1. The proposed online MAQL
algorithm associates the user with RRH by generating a priority list of RRHs ranked
according to the least path loss. Then, users are associated with the RRH with a preferred
value in the list of priorities. To demonstrate the effectiveness of the proposed algorithm
during simulation, it was compared with another online MAQL algorithm that associates a
user to the cell by generating a list of priorities for 5G-NodeBs ranked depending on average
SINR. Then, users are associated with 5G-NodeBs with preferred values in the list of
priorities; this was applied for two types of deployment scenarios for mmWave RRHs in the
proposed system under NLOS conditions.

Table 1. Simulation Parameters

Parameter Value Parameter Value
No. of Users 70 - 1000 | Sub-6 GHz noise power (62,) -174dBm/Hz
No. of macrocells (MBSs) 7 mmWave noise power (62) -174dBm/Hz
No. of smallcells (RRHs) 84 Uma Shadow fading for NLOS 6dB
Radius of macrocells 500m UMi Shadow fading for NLOS 7.82dB
Radius of smallcells 100m Transmit powers of RRH (B,) 30 dBm
Sub-6 GHz carrier frequency 2GHz Transmit powers of MBS (Py,) 44 dBm
mmWave carrier frequency 28GHz Learning rate (a) 0.1
Sub-6 GHz bandwidth (W,,,) 20MHz Discount factor (y) 0.9
mmWave bandwidth (W) 1GHz Exploration probability (€) 0.1

6. RESULTS AND DISCUSSION

Fig. 2 shows the simulation result of a two-tier HC-RAN network deployment model
proposed, Fig. 2(a) represents the simulation result of the network deployment model for
mmWave smallcells, using uniform random distribution within the macrocells, while Fig.
2(b) represents the simulation result of arranging mmWave smallcells on the edges. The
reason for this comes against the backdrop of obtaining different results proving the
effectiveness and performance of the proposed system.

Fig. 3 shows the effectiveness of user-RRH association solution in inter-RRH interference
mitigation for both deployment scenarios, as each user is associated with at most one RRH
according to the first constraint in Eq. (25) which states “that every user k can at most be
associated to a single RRH r". Any RRH that is associated with at least one user is activated
and appears in red, while an inactive RRH appears in green indicating that it is inactive and
in sleep mode because it is not associated with any user. Fig. 4 displays the average network
throughput versus the number of iterations under the same network conditions and with the
same number of RRHs while serving 500 users for both random and on-edge deployment. It
was observed from the general trends that the proposed online MAQL (UA EQ) solution
outperforms the other online MAQL (UA Q) solution when applied to both deployment
strategies by 13.9% and 9.57%, respectively.
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This is due to following the optimal resource utilization policy. Using the best selection policy
during exploration leads to more efficient signal routing and reduced signal loss. In addition
to effective load distribution of users across RRHs with the best signal strength despite
obstacles, which reduces congestion on specific units and leads to improved overall
performance, reducing interference between different users contributes to increasing the
maximum productivity that can be achieved. These findings confirm the effects of the
suggested UA EQ algorithm in enhancing wireless communication systems, contributing to
improved quality of service and reduced interference in both random and edge network
deployments in the proposed system.
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Figure 5. Average Network Throughput per user for User-RRH association.

Fig. 5 shows the average network throughput as a function of the number of users under the
same network conditions and with the same number of RRHs for both random and on edge
deployment, given as the total throughput achieved within the network over total users
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connected to the network. which offers a user-centric perspective, reflecting the experience
of individual users within the system. The general trend in both scenarios of deployment is
that average throughput decreases as the number of users increases. The reasons for this
fact are: resource allocation: when there are fewer users, each user can have more of the
network's resources allocated to them, such as bandwidth and processing power.

Reduced Congestion: With fewer users, there's less competition for network resources,
leading to reduced congestion and faster data transmission.

Improved Efficiency: When network resources are not heavily utilized, they can be used
more efficiently, resulting in higher throughput.

However, it's important to note that this relationship is not always linear. As the number of
users increases, the network may be able to utilize its resources more efficiently through
techniques like load balancing and resource allocation optimization. Beyond a certain point,
though, increasing the number of users can lead to diminishing returns and even decreased
throughput this behavior is consistent with the principles of network congestion and
interference, where more users share the available bandwidth, reducing individual
throughput.

The highest user throughput was obtained with the proposed problem online MAQL (UA EQ)
solution compared to the other online MAQL (UA Q) solution when applied to both random
and on-edge deployment strategies by 66.4% and 21%, respectively, at the lowest number
of users. The difference gradually decreases with increasing user numbers until it reaches
8.7% and 9.8%), respectively, but the difference remains noticeable even with increasing
user numbers. In random deployment of RRHs, it generally achieves the highest throughput
for each user, indicating that specific UA EQ might be more effective than applied on edge
deployments. This might be due to better management of the higher user density and
specific geographical challenges over the whole cell area. The proposed problem online
MAQL (UA EQ) solution distributes the load more effectively, leading to higher overall
throughput per user. This indicates better utilization of available resources and more
efficient interference reduction. Provides a more consistent and higher quality of service for
individual users due to better load distribution and interference management. Users
experience higher throughput, leading to better overall performance and user satisfaction.
Even though the gap between throughput performance narrows as user density increases,
the proposed method consistently outperforms the alternative strategy, indicating its ability
to adapt and manage network resources more effectively even under higher traffic loads.
Fig. 6 shows the numerical simulation results of SINR coverage probability performance for
various scenarios with the same number of mmWave RRHs and users under the same
network conditions where mmWave RRHs are either randomly deployed or placed at the
edges of the macrocells. The general trends in each deployment scenario indicate that the
probabilities of coverage are high and convergent at the lowest SINR threshold values (from
-10 to 0) for all scenarios. As the SINR threshold increases from 0dB to 30dB, there is a
steeper decline in coverage probability, this gradual decline is attributed to obstacles and
multipath fading in environments. At higher SINR thresholds, notable differences emerge
between scenarios. Specifically, random deployments tend to outperform edge deployments
at higher SINR thresholds by approximately 26.7% and 27.81%, respectively. The results
emphasize the significance of strategic deployment of cell sites (RRHs) deployment, whether
at the edge or randomly distributed in network design. This is vital for network planning to
improve SINR coverage probabilities, especially when aiming to meet high quality of service
standards. Also, the proposed online MAQL (UA EQ) solution tends to outperform the other
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online MAQL (UA Q) solution when applied to both deployment strategies at higher SINR
thresholds by approximately 8.8% and 9.9%, respectively. Generally, random RRHs
deployments provide better coverage probability across all SINR thresholds compared to
RRHs on Edge. The proposed online MAQL (UA EQ) shows an overall improvement in
coverage probability over the other online MAQL (UA Q), regardless of the RRHs deployment

type.
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Figure 6. Coverage Probability Performance.

Fig. 7 shows a rate coverage probability comparison for HC-RAN across different
deployment scenarios, random and on edge deployment, which was also conducted under
the same network conditions and with the same number of RRHs and users. At the outset,
scenarios exhibit high coverage probabilities near or at 1 when the rate threshold is zero,
indicating that nearly all cells can provide minimal rates. However, as the rate threshold
increases, the probability that a cell can meet this rate declines. This is expected since
sustaining higher data rates is more challenging across various locations and conditions
within the network. Random RRH deployments are more effective at meeting higher rate
demands, with average gains of 28.52% and 26% in rate coverage probability compared to
on-edge RRH deployments. This suggests that on-edge RRHs deployment generally provides
the lowest coverage across various rate thresholds. The proposed online MAQL (UA EQ)
solution is more effective at meeting higher rate demands, with average gains of 9.3% and
7.1% in rate coverage probability compared to the other online MAQL (UA Q) solution,
regardless of the RRHs deployment type. The observations underscore that using the
proposed online MAQL (UA EQ) approach with different cell deployment strategies
significantly influences network performance. Random RRH deployments prove more
effective than edge deployments, offering better rate coverage probability and adapting
more adeptly to real-world challenges such as obstacles, user distribution, and interference.
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7. CONCLUSIONS

This paper presents an online MAQL algorithm to handle User-RRH association problem for
mmWave HC-RAN in 5G systems for interference mitigation and to maximize total
throughput in the network. The suggested algorithm associates the user with the RRH having
each agent generate a priority list of RRHs ranked according to the least path loss between
itand all users in its environment for two types of deployment scenarios and compared with
another online MAQL algorithm in a previous study that associates the user with the cell by
having each agent associate the user with the cell by generating a priority list of 5G-NodeBs
ranked according to the average SINR between it and all users in its environment.
Additionally, the strategic deployment of mmWave cell sites within the coverage area of the
MBS cells plays a crucial role in enhancing network coverage, rate, and throughput, as well
as mitigating interference based on User-RRH association and the prudent use of machine
learning techniques, where the simulation results of Q-learning strategies of implementation
User-RRH association strategies have proven effective in enhancing network performance
and quickly adapting to varying traffic loads.

NOMENCLATURE
Symbol Description Symbol | Description
dm 3D distance between serving MBS hy, Effective antenna height for user
and user
d, 3D distance between serving RRH Rgri Effective antenna heights for RRH
and user
Q(s,a) | action-value hg Effective environment height
. Euclidian distance between serving
hys Actual antenna height for MBS dem MBS and user
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. Euclidian distance between serving
hy Actual antenna height for user der RRH and user
hrru Actual antenna heights of RRH L, Large scale channel fading for MBS
n(t) Actual load in the system Ly, Large scale channel fading for RRH
Im; Antenna gain for MBS a Learning rate
Ir; Antenna gain for RRH o2 Noise power for MBS
Association probabilities for MBS 2 .
Am work in sub-6Ghz o7 Noise power for RRH
Association probabilities for RRH
A, work in mmWave Tk rs Peak user throughput
dgpm Breakpoint distance for MBS R(p,) | Rate coverage probability
dgpy Breakpoint distance for RRH Dr Rate threshold
fem Carrier frequency for MBS T SINR threshold
fer Carrier frequency for RRHs Sm; Small scale channel fading for MBS
Xer Complex1ty for User-RRH association s, Small scale channel fading for RRH
' solution :
Ps;nr(T%) | Coverage probability kai Total channel gain for MBS
y Discount factor kai Total channel gain for RRH
p Down link transmitting powers for N Total number of Physical Resource
r RRH PRB | Blocks
P, Downlink transmit powers for MBS PL,, &I\I;Ig path loss for user connecting to
Ryps Effective antenna height for MBS PL, ggdépath loss for user connecting to
Acknowledgements

The authors are grateful for the academic support and resources provided by the
Department of Electronics and Communication Engineering, College of Engineering,
University of Baghdad.

Credit Authorship Contribution Statement

Najwan M. Swadi: writing - review & editing, Writing - original draft, Validation, Software,
Methodology. Firas A. Sabir: writing - review & editing, Validation.

Declaration of Competing Interest

The authors declare that they have no known competing financial interests or personal
relationships that could have appeared to influence the work reported in this paper.

REFERENCES

Abdulrezzak, S. and Sabir, F.,, 2023. An empirical investigation on snort nids versus supervised
machine learning classifiers. Journal of Engineering, 29, pp-164-178.
https://doi.org/10.31026/j.eng.2023.02.11.

Akdeniz, M.R,, Liuy, Y., Samimi, M.K,, Sun, S., Rangan, S., Rappaport, T.S. and Erkip, E., 2014. Millimeter
wave channel modeling and cellular capacity evaluation. IEEE journal on selected areas in
communications, 32(6), pp.1164-1179. https://doi.org/10.1109/JSAC.2014.2328154.

148


https://doi.org/10.31026/j.eng.2023.02.11
https://doi.org/10.1109/JSAC.2014.2328154

N. M. Swadi and F. A. Sabir Journal of Engineering, 2025, 31(3)

Al-Araji, A. and Al-Zangana, S., 2019. Design of new hybrid neural structure for modeling and
controlling nonlinear systems. Journal of Engineering, 25, pp.-116-135.
https://doi.org/10.31026/j.eng.2019.02.08.

Andrews, ].G., Bai, T., Kulkarni, M.N., Alkhateeb, A., Gupta, A.K. and Heath, R.W., 2016. Modeling and
analyzing millimeter wave cellular systems. IEEE Transactions on Communications, 65(1), pp.403-
430. https://doi.org/10.1109/TCOMM.2016.2618794.

Banar, M., Mohammadi, A. and Kazemi, M., 2022. Characterization of mmwave full-duplex cloud-radio
access network (C-RAN) with RRH selection for 5G and beyond. Physical Communication, 52,
p.101693. https://doi.org/10.1016/].PHYCOM.2022.101693.

Checko, A., Christiansen, H., Yan, Y., Scolari, L., Kardaras, G., Berger, M. and Dittmann, L., 2015. Cloud
RAN for mobile networks—A technology overview. communications surveys and tutorials, IEEE, 17,
pp.405-426. https://doi.org/10.1109/COMST.2014.2355255.

Cheng, S.-H., Liu, J.-L. and Wang, L.-C., 2021. Controlling interference structure and transmit power
of aerial small cells by hybrid affinity propagation clustering and reinforcement learning. IEEE Open
Journal of Vehicular Technology, 2, pp.412-418. https://doi.org/10.1109/0]JVT.2021.3112468.

Dehos, C., Gonzalez, ].L., De Domenico, A., Kténas, D. and Dussopt, L., 2014. Millimeter-wave access
and backhauling: The solution to the exponential data traffic increase in 5G mobile communications
systems? IEEE Communications Magazine, 52(9), pp.88-95.
https://doi.org/10.1109/MCOM.2014.6894457.

Elsayed, M., Shimotakahara, K. and Erol-Kantarci, M., 2020. Machine learning-based inter-beam inter-
cell interference mitigation in mmwave. In: ICC 2020 - 2020 IEEE International Conference on
Communications (ICC). pp.1-6. https://doi.org/10.1109/1CC40277.2020.9148711.

Fakhri, Z.H., Sabir, F. and Al-Raweshidy, H.S., 2019. An interference mitigation scheme for millimetre
wave heterogeneous cloud radio access network with dynamic RRH clustering. In: 2019 International
Symposium on Networks, Computers and Communications (ISNCC). pp-1-8.
https://doi.org/10.1109/ISNCC.2019.8909135

Fang, S., Chen, G., Xu, X,, Han, S. and Tang, J., 2021. Millimeter-wave coordinated beamforming
enabled cooperative network: A stochastic geometry approach. IEEE Transactions on
Communications, 69(2), pp.1068-1079. https://doi.org/10.1109/TCOMM.2020.3035387.

Haidine, A., Salmam, F.Z., Aqqal, A. and Dahbi, A., 2021. Artificial intelligence and machine learning in
5g and beyond: Asurvey and perspectives. In: A. Haidine, ed. Moving Broadband Mobile
Communications Forward. [online] Rijeka: IntechOpen. https://doi.org/10.5772 /intechopen.98517.

Hajisami, A. and Pompili, D., 2018. Joint virtual edge-clustering and spectrum allocation scheme for
uplink interference mitigation in C-RAN. Ad Hoc Networks, 72.
https://doi.org/10.1016/j.adhoc.2018.01.010.

Hassan, N. and Fernando, X., 2020. An optimum user association algorithm in heterogeneous 5G
networks using standard deviation of the load. Electronics, [online] 9(9).
https://doi.org/10.3390/electronics9091495.

Jang, B., Kim, M., Harerimana, G. and Kim, ], 2019. Q-Learning algorithms: A comprehensive
classification and applications. IEEE Access, P.1. https://doi.org/10.1109/ACCESS.2019.2941229.

Kai, C, Yi, Y., Peng, M. and Huang, W., 2021. An amplify-and-forward full-duplex cooperative relay
149


https://doi.org/10.31026/j.eng.2019.02.08
https://doi.org/10.1109/TCOMM.2016.2618794
https://doi.org/10.1016/J.PHYCOM.2022.101693
https://doi.org/10.1109/COMST.2014.2355255
https://doi.org/10.1109/OJVT.2021.3112468
https://doi.org/10.1109/MCOM.2014.6894457
https://doi.org/10.1109/ICC40277.2020.9148711
https://doi.org/10.1109/ISNCC.2019.8909135
https://doi.org/10.1109/TCOMM.2020.3035387
https://doi.org/10.5772/intechopen.98517
https://doi.org/10.1016/j.adhoc.2018.01.010
https://doi.org/10.3390/electronics9091495
https://doi.org/10.1109/ACCESS.2019.2941229

N. M. Swadi and F. A. Sabir Journal of Engineering, 2025, 31(3)

scheme for low-latency downlink transmission in CRAN. [EEE Communications Letters, 25(4),
pp.1259-1263. https://doi.org/10.1109/LCOMM.2020.3047628.

Kareem Noor, M. and Mosa Omran, B., 2018. BER performance for joint transmission CoMP with SFBC
algorithm. International Journal of Innovations in Engineering and Technology, 11(1), P.5.
https://doi.org/10.21172 /ijiet.111.09.

Khan, M., Fakhri, Z.H. and Al-Raweshidy, H.S., 2018. Semistatic cell differentiation and integration
with dynamic BBU-RRH mapping in cloud radio access network. IEEE Transactions on Network and
Service Management, 15(1), pp.289-303. https://doi.org/10.1109/TNSM.2017.2771622.

Kolawole, 0.Y., Vuppala, S. and Ratnarajah, T., 2018. Multiuser millimeter wave cloud radio access
networks with hybrid precoding. I[EEE Systems Journal, 12(4), pp.3661-3672.
https://doi.org/10.1109/]SYST.2017.2713463.

Kose, A. Lee, H, Foh, C.H. and Shojafar, M. 2024. Multi-agent context learning strategy for
interference-aware beam allocation in mmwave vehicular communications. IEEE Transactions on
Intelligent Transportation Systems, pp.1-17. https://doi.org/10.1109/TITS.2024.3351488.

Lee, N., Morales-Jimenez, D., Lozano, A. and Heath, RW., 2015. Spectral efficiency of dynamic
coordinated beamforming: A stochastic geometry approach. [EEE Transactions on Wireless
Communications, 14(1), pp.230-241. https://doi.org/10.1109/TWC.2014.2337305.

Luo, S., Yang, P, Che, Y.L. and Wu, K., 2020. Space-domain index modulation for mmwave cloud radio
access networks. [EEE Transactions on Vehicular Technology, 69(6), pp.6215-6229.
https://doi.org/10.1109/TVT.2020.2982700.

Mohammed Sara and Almamori Aqiel, 2024. Cell-free massive MIMO energy efficiency improvement
by access points iterative selection. Journal of Engineering, [online] 30(03), pp.129-142.
https://doi.org/10.31026/j.eng.2024.03.09.

Mohammed, S. and Hussein, M., 2022. Performance analysis of different machine learning models for
intrusion detection systems. Journal of Engineering, 28, pp.61-91.
https://doi.org/10.31026/j.eng.2022.05.05.

Nguyen, C., Huynh, N., Chu, N,, Saputra, Y., Dinh Thai, H., Nguyen, D., Pham, V., Niyato, T., Dutkiewicz,
E. and Hwang, won-].,, 2021. Transfer learning for future wireless networks: A comprehensive
survey. https://doi.org/10.13140/RG.2.2.10691.53281.

Obi, L., Nche, C., DEUSSOM, E. and Bety, E., 2023. Review of 5G C-RAN resource allocation. EAI
Endorsed Transactions on Cognitive Communications, 7, pp-1-28.
https://doi.org/10.4108/eetmca.v7i4.3263.

Pompili, D., Hajisami, A. and Viswanathan, H., 2015. Dynamic provisioning and allocation in cloud
radio access networks (C-RANS). Ad Hoc Networks, 30.
https://doi.org/10.1016/j.adhoc.2015.02.006.

Rodoshi, R.T., Kim, T. and Choi, W., 2020. Resource management in cloud radio access network:
Conventional and new approaches. Sensors, [online] 20(9). https://doi.org/10.3390/s20092708.

Simon, M. and Alouini, M., 2005. Digital Communication over Fading Channels. John Wiley & Sons,
Inc. https://doi.org/10.1002/0471715220.

Suresh, K., Algahtani, A., Rajasekaran, T., Kumar, M.S., Ranjith, V., Kannadasan, R., Algahtani, N. and

150


https://doi.org/10.1109/LCOMM.2020.3047628
https://doi.org/10.21172/ijiet.111.09
https://doi.org/10.1109/TNSM.2017.2771622
https://doi.org/10.1109/JSYST.2017.2713463
https://doi.org/10.1109/TITS.2024.3351488
https://doi.org/10.1109/TWC.2014.2337305
https://doi.org/10.1109/TVT.2020.2982700
https://doi.org/10.31026/j.eng.2024.03.09
https://doi.org/10.31026/j.eng.2022.05.05
https://doi.org/10.13140/RG.2.2.10691.53281
https://doi.org/10.4108/eetmca.v7i4.3263
https://doi.org/10.1016/j.adhoc.2015.02.006
https://doi.org/10.3390/s20092708
https://doi.org/10.1002/0471715220

N. M. Swadi and F. A. Sabir Journal of Engineering, 2025, 31(3)

Khan, A.A., 2022. Enhanced metaheuristic algorithm-based load balancing in a 5G cloud radio access
network. Electronics, [online] 11(21). https://doi.org/10.3390/electronics11213611.

Taleb, H., Helou, M. El, Lahoud, S., Khawam, K. and Martin, S., 2018. An efficient heuristic for joint user
association and RRH clustering in cloud radio access networks. In: 2018 25th International
Conference on Telecommunications (ICT). pp.8-14. https://doi.org/10.1109/1CT.2018.8464852.

Taleb, H., Khawam, K., Lahoud, S., Helou, M. El and Martin, S., 2020. A fully distributed approach for
joint user association and RRH clustering in cloud radio access networks. Computer Networks, 182,
p.107445. https://doi.org/10.1016/].COMNET.2020.107445.

Trabelsi, N., Chaari Fourati, L. and Chen, C.S., 2024. Interference management in 5G and beyond
networks: A comprehensive survey. Computer Networks,
https://doi.org/10.1016/j.comnet.2023.110159.

TSGR, 2022. TR 138 901 - V17.0.0 - 5G; Study on channel model for frequencies from 0.5 to 100 GHz
(3GPP TR 38.901 version 17.0.0 Release 17). [online] Available at:
https://portal.etsi.org/TB/ETSIDeliverableStatus.aspx.

Wang, X., Turgut, E. and Gursoy, M.C., 2019. Coverage in downlink heterogeneous mmwave cellular
networks with user-centric small cell deployment. IEEE Transactions on Vehicular Technology, 68(4),
pp-3513-3533. https://doi.org/10.1109/TVT.2019.2895816.

Watkins, C. and Dayan, P. 1992. Q-Learning. Machine Learning, 8, pp.279-292.
https://doi.org/10.1007 /BF00992698.

yagcioglu, M., 2022. Dynamic resource allocation and interference coordination for millimeter wave
communications in dense urban environment. Transactions on Emerging Telecommunications
Technologies, https://doi.org/10.1002 /ett.4442.

Zhu, Q., Wang, C.-X., Hua, B, Kai, M,, Jiang, S. and Yao, M., 2021. 3GPP TR 38.901 channel model. pp.1-
35. https://doi.org/10.1002/9781119471509.w5gref048.

151


https://doi.org/10.3390/electronics11213611
https://doi.org/10.1109/ICT.2018.8464852
https://doi.org/10.1016/J.COMNET.2020.107445
https://doi.org/10.1016/j.comnet.2023.110159
https://portal.etsi.org/TB/ETSIDeliverableStatus.aspx
https://doi.org/10.1109/TVT.2019.2895816
https://doi.org/10.1007/BF00992698
https://doi.org/10.1002/ett.4442
https://doi.org/10.1002/9781119471509.w5gref048

N. M. Swadi and F. A. Sabir Journal of Engineering, 2025, 31(3)

alsiiuly Gualall Jaal) lSud b & siarlall cilagal) LA b JAISI (e Cigiadl
(Q-Learning) jjzal) ¥} alal)

? e o G F g sana Glsad

alall e2)ai 2ok daals cdonigh AIS (Y Lai¥ )y dig ASIY) Auarigl) pod!
Ghall e 2aiy ¢ 2ais daals cdaoigh S claalall davia o

LAl

By WA 8 layds o clawVly el lsall (28 e 835300 (MmWave) Ljiaal) cilasall Lais oY s
il sl ga Jalall o Gl (I L € JAIs ) Jgeasll Jaliig saclall cillaaad CaSH a1 o
ASA] Zagad ad i A8 )6ll oda (B L ) Geeldd) diall allas Jd sanal) L jielddl Glagall @Y Lt Gl aaad
(Soft) 23l alasiad sale) (he lagine 4 (5250 Ay ¢ magiaall b (HC-RAN) duilaia s alsas g5y Jgemrs
Lg2is Al 43Sl dadaial) ¢ (yiie b idaia ) Aoglal) Aeodl) dadaia audii . Ja)all e cipédill Frequency Reuse
b Gagy Alal) dalaiall ands cpm B ¢ Sipalann 6 (e JB 2358 Ut B Jand s cBaadil) (6 5o ) il
Cillal) Aaa) s o 3 laadal) cpy JaN il A iadal) clagall 235 Ut 8 Jass Al (RRHS) 52
Lol aadaady Spall samdl bl Gagsy Glasg G JAll (e Castdill Bawd) gl ags) Clasgy (peddiiead)
d))lsdll da @sin .Online Multi-Agent Q-Learning (MAQL) S5l axaie V) aladll aladicly 4040)
Band) gl Gugsy Clangs ardieaal) Jalsy¥ eled HlaaS laadl 8 Bled Ji e aaias 63 ¢ da el MAQL
SINR) sbaseally dalaill ) 5LEY) st Jame ) 2mied Aol Ay Ao padins ISV ASA) dali) lawgie
sk dlaial) e AGEN A sl il ags) Sl A gyl (e el LoD ulid LaaS (average
deay in Gperdieaall slae] 80l ae sy (Al Gl .« cperdicaal) (pe 230 Ji vie (sl e 721 5 766.4
anhall 1Y) ¢ peatinnall BES 5215 pe Gaad Al elal oy sadl) o e a2 e L sl e 79.8 5787 )
i Allad ST (S0 Sl 3lge Blaly Sl e L8 ) s Lee bl sl ) e ey (3si da sikall

sl dygre Jlaal b

Clangy (ppeadioadl lalil ¢ Auilaiall e Aulandl (gpbl) Joeasll 3<E i jiadall clagall sduabidal) clalsl)

) s0bll ()

152



