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Abstract

With the proliferation of the fifth generation (5G) wireless communica-
tions, adaptive resource allocation in various deployment scenarios remains
a significant research topic. In this paper we propose a genetic algorithm
(GA) based optimization of network-link layer parameters to improve the
throughput in 5G New Radio (NR) networks. For achieving optimal system
throughput while maintaining stringent quality of service (QoS) requirements
for the block error rates (BLER) and signal-to-noise ratio (SNR), this work
develops a mathematical model that incorporates the SNR, modulation and
coding schemes (MCS), and hybrid automatic repeat request (HARQ) pro-
cesses. This solution provides a robust foundation for the implementation of
5G NR networks in dynamic environments and arbitrary channel conditions.
As a result, throughput of up to 240 Mbps is achieved. Multi-objective
optimization, including energy efficiency and latency parameters, may be
considered as future directions for exploration.
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1 Introduction

The 5G New Radio (NR) being the global standard for fifth generation wire-
less communications and is the backbone of the transformative applications
in the contemporary cyber ecosystem [1]. Designed to support wide range of
various quality of service (QoS) requirements, 5G enables enhanced Mobile
Broadband (eMBB) for high-speed internet, Ultra-Reliable Low-Latency
Communication (URLLC) for critical tasks like autonomous vehicles, and
massive Machine-Type Communication (mMTC) for IoT devices. Among
the 5G NR’s key technologies are millimeter-wave (mm-Wave) and sub-6
GHz bands, flexible numerology, multi-tier networks, advanced beamform-
ing, etc [2,3]. The combination of the physical layer and the medium access
control (MAC) layer comprises network-link layer in 5G-NR protocol stack
that plays an important role in providing reliable communication between
the user equipment (UE) and base stations (denoted as gNodeB in the 5G-
NR standard). This layer is responsible for high-speed data transmission,
high-reliability, and low-latency communications to support diverse services
and applications [4]. The key functions integrated with the link layer that
enable 5G NR to deliver high-speed, reliable communication are Hybrid
Automatic Repeat Request (HARQ), dynamic resource allocation, and adap-
tive modulation and coding schemes (MCS) [5]. HARQ process ensures
reliable transmission over challenging channel conditions by combining error
correction and retransmission processes [6]. To optimize the bandwidth usage
while meeting the QoS requirements, the network-link layer dynamically
allocates the resource blocks (RBs) to UEs in order to adjust the data rate
for the particular use case and channel conditions [7, 8]. Some traditional
optimization techniques used in 4G-LTE and 5G-NR are given hereby. The
Water-Filling Algorithm is one of the traditional approaches for maximizing
system throughput by allocating power across subcarriers in the orthogonal
frequency division multiple access (OFDMA) systems based on channel
quality [9]. Kwan et. al. [10] have proposed a proportional fair scheduling
technique that allocates resources based on the ratio of instantaneous to
average data rates for each user to maintain balance between throughput max-
imization and fairness among users. In [11] the authors discuss round-robin
scheduling that allocates resources equally among users in a cyclic man-
ner irrespective of their channel conditions. Though this technique ensures
fairness, it does not improve the throughput significantly. In high-traffic
conditions, low latency for delay-sensitive applications is ensured while
maintaining the throughput requirements through a max-weight scheduling
method [12]. The resource allocation is based on the highest product of
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achievable data rate and queue backlog. A greedy approach is proposed in
[13], which assigns resources iteratively to maximize the system throughput
at each step. This approach fails to reach global optimality despite being
computationally efficient. Zheng et al. have explored a frequency-domain
packet scheduling, widely used in LTE systems to improve spectral efficiency,
which allocates resources based on frequency domain information, consid-
ering channel conditions and user QoS requirements [14]. Game theoretic
approaches are also used for optimizing resource allocation by modeling user
interactions as a game, ensuring fair sharing, and maximizing utility through
techniques like Nash equilibrium [15]. The recent advancement of deep
learning-based optimization approaches has proven highly effective within
complex wireless architectures, such as 5G. Due to its dynamic adaptability
and faster convergence, Al-based approaches are preferred for exploration
of large solution spaces, outperforming the traditional optimization methods
for complex, non-linear, and multi-objective problems such as throughput
and BLER optimization in diverse 5SG NR scenarios [16]. A comprehensive
overview, including various challenges and technological advancements in
resource management within 5G networks, is discussed in [17, 18] and the
references therein. In [19] to enhance the network performance, an DL frame-
work is proposed for resource utilization in an Open Radio Access Network
(O-RAN). The authors of [20] optimize resource utilization while meeting the
strict latency requirements for eMBB and URLLC use cases through a deep
reinforcement learning (DRL) method. Predictive analytics in optimizing
resource distribution based on historical network data has been introduced in
[21] to enhance resource allocation in 5G networks based on ML models like
linear regression, support vector machines (SVM), and k-nearest neighbor
(KNN). To ensure robust performance across heterogeneous slices in 5G
networks, a genetic algorithm-based optimizer is introduced in [22] for inter-
slice resource management. A significant improvement in system throughput
and spectral efficiency is registered in dense 5G environments by using traffic
pattern prediction by combining Graph Convolution Networks (GCN) and
Long Short-Term Memory (LSTM) models [23]. For 5G multi-tier radio
access network planning, the authors of [24] discuss applications of various
evolutionary algorithms. A genetic algorithm-based resource allocation and
user association scheme presented in [25] for 5G integrated terrestrial and
non-terrestrial networks, achieving up to 10% higher throughput. Further,
GA is also used for frequency allocation between a macro and a femto
cell within a heterogeneous terrestrial network [26]. Up to 42% increase
in throughput compared to a heuristic algorithm is obtained. The authors
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of [27] apply GA for channel allocation in the context of a terrestrial cognitive
radio network. Through varying the number of generations, the method’s
robustness to interference is retained, while up to 40% improvement in
throughput is delivered. The study in [28] extends this work in the scenario of
cognitive sensor networks for Internet of Things, achieving up to 10% higher
throughput (up to 70 Mbps for 10 UEs) than the ant colony algorithm.

In multi-carrier wireless systems, there are some traditional resource allo-
cation schemes discussed in literature that served as fundamental baselines in
wireless communication systems for resource allocation and user scheduling
[29, 30]. Round-Robin technique is the most fair resource allocation tech-
nique allocating equal time and frequency resources to all users in a cyclic
fashion, independent of their channel conditions. It does not exploit multi-
user diversity or prioritize users with better instantaneous channel gains,
which results in suboptimal throughput in realistic wireless environment. In
water filling scheme, to maximize total capacity under a power constraint,
the transmission power is optimally distributed across sub-channels favor-
ing channels with higher gains. Though simplistic approach, this technique
depends heavily on the assumption of perfect channel state information in
the transmitter side and due to its static allocation nature, it underperforms in
fast-fading or dynamic environments.

Due to their faster convergence and adaptability to dynamic conditions,
the Al-based optimization approaches like evolutionary algorithms, ML, deep
learning and reinforcement algorithms are considered as potential candidates
for implementing complex networks, such as 5G. In the dynamic radio
environment, it is critical to optimize the system throughput and block error
rate (BLER) to achieve the QoS requirements for diverse use cases. This
paper addresses the challenge by building an adaptive resource allocation
mechanism for maximizing network performance while maintaining stringent
QoS requirements. The contribution is summarized as follows:

* We define an optimization problem that maximizes the network through-
put while adhering to quality-of-service (QoS) requirements for diverse
5G use cases by using a mathematical model for evaluating the network
throughput by incorporating the SNR, MCS and HARQ processes. The
genetic algorithm (GA) uses the RB allocation, modulation order, cod-
ing rate, and the desirable SNR threshold to maximize the throughput
under dynamic network conditions. Throughput of up to 240 Mbps is
achieved.

The proposed solution provides a robust operation of the SG-NR network
in dynamic environment. The organization of the paper is as following: the



Genetic Algorithm Optimization of the Link Layer 3477

mathematical modeling for throughput evaluation and formulation of the
optimization problem is given in Section 2, the proposed GA solution is given
in Section 3, the simulation results and discussion presented in Section 4, and
Section 5 concludes the paper.

2 System Model

This Section presents the theoretical foundation for analyzing the perfor-
mance of the 5G New Radio (5G-NR) network link layer. The mathematical
model is developed for the transmission-reception system, incorporating the
resource allocation based on modulation type and coding rate, to improve
the throughput and BLER, while ensuring reliability through the derived
optimization problem.

2.1 Mathematical modeling of the network throughput

Consider a 5G-NR network that schedules a UE to be served by a gNodeB.
The amount of successfully transmitted data per unit time is referred by the
system’s throughput that is influenced by spectral efficiency allocated band-
width and the BLER. The spectral efficiency refers to the data transmitted per
unit bandwidth, expressed as:

n = LR¢logy M, (D

where M = 2K, with K representing the number of bits in a symbol of
the modulation scheme (2 for QPSK, 4 for 16 QAM), R is the coding
rate (ratio of information bits and total transmitted bits), L is the number
independent layers (spatial streams) in the multiple-input multiple-output
(MIMO) system. The bandwidth allocated by the network scheduler to the
UE is expressed as [2,31]:

B = NrgNscrcAf ()

where Ngp is the number of RBs allocated to the UE, Ngc/rc is the number
of subcarriers per RB, which is fixed as 12 for 5G-NR, and A f is the sub-
carrier spacing (SCS) in a single orthogonal frequency division multiplexing
(OFDM) symbol, the values of which are standardized.

The BLER is another important parameter that adversely affect the net-
work throughput, defined as the probability that a transmitted block would
not be correctly decoded. The key aspects that determine the BLER are
the SNR and the MCS, which define the modulation order and the coding
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rate. SNR = % is the signal (Pg) to noise power (Py = NyB) ratio,
with Ny denoting the noise power spectral density (%). For a given SNR,
the probability of bit error is given as P. = exp(—k x SNR), where k
is proportionality constant depending on MCS [32, 33]. The BLER can be
approximated as function of the block length (L gjcx) and P in the follow-
ing way BLER = 1 — (1 — P,)"Block Assuming small error probability
(P, < 1), BLER = P, X Lpjoer = exp (—k x SNR). By encapsulating
the effects of k, L .- and channel conditions into a single proportionality
constant v, determined by the MCS, we obtain BLER = exp(—a X SNR).
The minimum SNR required for achieving meaningful reduction in BLER,
i.e. below which BLER approaches to 1, is denoted as the threshold value of
SNR (SN Rrpg) [34]:

BLER = exp[—a.(SNR — SNRry)] . 3)

With implementation of hybrid automatic repeat request (HARQ) process,
the effective BLER considering maximum n retransmissions, is given by:

BLER.s; = (BLER)" = exp|—a xn(SNR— SNRry)]. (4)

The block error reduces the throughput due to retransmission or packet loss
for given BLER. The expression for throughput for system with HARQ
process considering spectral efficiency, bandwidth and block error rate is
given as [5,35]:

T =n.B1—-BLER.;. (5)

Substituting equation (1), (2) and (3) in (6),
T = L.Rc. log2 M. NRB.N% Afl - exp[—oz.n. (SNR - SNRth)].
(6)

2.2 Optimization problem formulation
The aim of this optimization problem to maximize the system throughput (1)
while ensuring reliability and resource constraints [31]:

— _ —an(SNR—SNRyp)
Rér}ﬂa/[}fj\g;,g L. Rc.logy M. NRB.N%.Af{l exp }

s.t. BLER < BLERyrget
B = NRB.N% Af < Bavailable

SNR, < SNR.
W
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3 Proposed Solution

In this Section the GA that maximizes the throughput in a 5G NR system
considering the constraints of BLER, bandwidth, QoS, and SNR, is detailed.
The process aims to find the best configuration of system parameters to
maximize the throughput and reliability across diverse environments and
use cases. This optimization is performed via GA, which is a heuristic, the
workflow of which is given below:

» Step 1: Population Initialization: The initial population of a candidate
solution is created in a chromosome form set of random values for
decision variables: number of RBs: Nrp € [1,...,275]; modulation
order: M € 4,16, 64, 256; coding rate: R¢ € {%, %, %}

* Step 2: Fitness Evolution: For a candidate solution, the fitness function
is evaluated as:

F(x) =T =n.B.(1 - BLER). (8)

If the result is below the optimization constraint, it is considered as an
infeasible solution. A penalty function is applied with such solution to
reduce the function’s fitness score, making it less likely to be selected
for reproduction in the next generation of the GA. The penalty function
P () is evaluated based on the amount of its constraint violation,

P (x) = a;.max (0, BLER — BLERtarget)

+ a2 . max (0, B — Bavialiable) + a3. max (0, Trin — T)(,g)
where a1, a2, ag are penalty coefficients for BLER violation, bandwidth
violation and minimum throughput violation, respectively. They control
the seventy of the penalty based on how significant the constraints vio-
lations are. If a solution x does not violate any constraints, P (x) = 0.
The adjusted fitness score used for selection in the GA, is given by,

F (x) if feasible

Fugj (x) = { F (x) — P (x) if infeasible (1o

» Step 3: Selection: The probability of selecting a chromosome x for
reproduction is given by:

Flagj(x)

Poetect (X) = =y —
selec Zj\le Fadj(Xj)

) 1D
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where, N is the total number of chromosomes present in the population
and x; represents j-th chromosome in the population.

* Step 4: Crossover: In this step the genetic material of two-parent chro-
mosomes (x; and x9) are combined to produce one or more offspring
(y1 and y») with the inherent characteristics from both parents. Let the
parent individuals are denoted with xq; = (Ngrp1, M1, Rc1,SNR;) and
X 2 = (Ngrpa, Ma, Rco, SN Ry). A random crossover point P € 1,2, 3
is chosen, and offspring are created by swapping the genetic material
after point P. For P = 1, the new offspring is:

y1 = (NgB1, M2, Roa SN Rz) and y2 = (Nrp2, M1, Rc1 , SN Ry).

12)
This operation is used to increase the population diversity, exploring new
solutions by combining features of useful individuals.

» Step 5: Mutation: To prevent premature convergence to sub-optimal
solution, the mutation process is executed that introduces random
changes to a chromosome’s genetic materials that introduce additional
diversity. For a chromosome x; = (Ngp;, M;, Rc;i, SN R;), this process
randomly alters one or more of its decision variables within their allowed
ranges producing mutated individuals.

X" = (N M{", RE;, SNR]"), (13)
Now, the old population is replaced by the new generation of the off-
spring that includes the results obtained from both crossover and the
mutation processes.

» Step 6: Convergence of the GA: Let I}y, is the optimum threshold of
the desired fitness function 7' (the fitness function being the system’s
throughput). Best fitness at generation g is given as:

Fyest (9) = max (F (x;)) for all x; € Population (g) , (14)

where ¢ is the current generation’s number. The algorithm averages or
terminates by meeting given condition:

Fbest(g) Z Fth Vv g S Gmaxy (15)

where G4, is the maximum number of generations allowed. The
pseudocode for the proposed optimization procedure is provided in
Algorithm 1.
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Algorithm 1 Algorithm for the proposed optimization procedure

Input: P(g), Nrp, M, Rc, Gmax, Fin, a1, a2, a3, Bavaitable, Tmin,
Output: Fbest (g)

1:
2
3
4.
5:
6.
7
8

9:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

while Convergence is reached or g < Gmqq generations do
for x in Population P(g) do

Calculate Spectral Efficiency: equation (1)
Calculate Bandwidth: equation (2)
Calculate BLER: equation (4)
Calculate the fitness score F'(z): equation (8)
Calculate penalty function P(z): equation (9)
Adjust fitness: equation (10)
Calculate selection probability: equation (11)
Select pairs of parents from population P(g) based on Psciect()
for Each pair (21, z2) in Pseject(x) do
Randomly select crossover point P € {1, 2,3}
Create offspring y1 and y2 by swapping genetic material after point P
end for
for Each offspring y1, y2 in new population do
Randomly alter one or more decision variables within allowed ranges
end for

Replace old population with new generation of offspring and mutated individuals

Find best fitness Fycs:(g) in generation g: equation (14)
if the condition (15) is met then

Terminate optimization process

Increment generation number: g =g + 1
end if

end for

25: end while

Table 1 Simulation parameters

Parameter Value

Network Parameters

Subcarrier spacing 30 kHz
Number of Subcarriers per RB 12
Maximum number of retransmissions in HARQ 4
Constrained parameters

Target BLER 0.1
Threshold SNR 10dB
Available bandwidth 20 MHz

Number of RBs 55
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4 Simulation Results and Discussions

The evaluation of the proposed method is performed via a simulation envi-
ronment for the 5G NR network. We analyze the relationship between the
modulation schemes, coding rates, SNR, and resource allocation in achieving
optimal throughput while maintaining reliability. In the simulation, different
MCS are considered with modulation schemes like QPSK, 16-QAM, 64-
QAM, 256-QAM and coding rates of 1/2, 3/4 or 5/6. The values of all
parameters used in simulation are tabulated in Table 2. The value of «
for different modulation and coding schemes used in the simulation for
evaluating BLER (3) are summarized in Table 3 [34].

To ensure throughput improvement, the GA selects combinations of
parameters that satisfy the constraints of BLER, QoS, and bandwidth. GA is
initialized with a random population. Then it follows the steps of evaluating
the fitness functions for throughput, penalizing infeasible solutions, followed
by selection, crossover, and mutation. The process iterates until reaching a
maximum generation limit (set as 10 in the simulation). The SNR value
ranges from 5 to 30 dB. For all combinations of MCS, the throughput and
BLER are evaluated. The GA exhibits rapid improvement in the throughput
(fitness) reaching maximum within 10 generations, as exhibited in Figure 1.
An improved performance is realized across the population as both average
and minimum fitness values are also consistently increasing.

In Figure 2, throughput vs. SNR for various configurations of MCS (i.e.
R) and RB allocation, is provided. Improvement in throughput is observed as
the SNR increases due to reduced BLER and higher spectral efficiency. For

Table 2 Value of « for different modulation and coding schemes [34]

Modulation  Coding Rate  Value of «

QPSK 12 0.9
QPSK 3/4 1.2
QPSK 5/6 1.5
16QAM 12 1.0
16QAM 3/4 1.4
16QAM 516 1.7
64QAM 12 13
64QAM 3/4 1.7
64QAM 5/6 2.0
256QAM 12 1.6
256QAM 3/4 2.0

256QAM 5/6 24
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Figure 1 Throughput results across the GA generations.
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Figure 2 Throughput vs. SNR for various configurations of modulation, coding rates, and
RB allocation.

SNR higher than 11 dB, the best throughput is obtained with 256-QAM and
5/6 coding rate as the amount of information bits in a block is high and there
is less repetition of transmissions due to loss of data, i.e. « has a high value.
In lower SNR, due its robustness against noise, the lower order modulations
such as QPSK with low R ensures that the BLER will be maintained. With the
increase in the number of RBs, the throughput increases proportionally until
the bandwidth constraint is reached. It is also to be noted that the constraints
cannot be satisfied in SN R < 11 dB.

The total computational cost of the proposed GA based method may
be approximated as O (P x G x F'). Here, P is the population size, G
is the number of generations and F' is the cost to evaluate the fitness
per chromosome given as O (U x RB x MIMO _layers), where U, RB,
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Table 3 Comparative analysis of proposed GA based methods with traditional base line
techniques.

Average Spectral BLER

Method Throughput  Efficiency (%) Fairness  Complexity
Round-Robin [29] Low Low Medium High Low
Water-Filling [30] Medium High Low Low Medium
GA-Based High Very High  Very Low  Medium High

and MIMO_layers are the number of UEs, number of resource block
allocated per UE, and number of layers for MIMO, respectively. Hence,
the overall complexity of the proposed GA based method is approxi-
mately O (P x G x U x RB x MIMO _layers). It is compared with other
traditional base line techniques for a realistic wireless channel in Table 3.

5 Conclusion

This paper has proposed a GA-based optimization of 5G NR network-link
layer parameters for throughput improvement in dynamic environments. A
mathematical model describes the relationship between the network through-
put and the modulation schemes and coding rates for the allocation of
resources. Afterwards, a throughput optimization problem is formulated,
which is constrained to the following QoS requirements: BLER, minimum
SNR, and minimum throughput within the available bandwidth. The GA
is utilized to optimize the network parameters on a real-time basis under
dynamic network conditions. The modulation schemes like 64-QAM and
256-QAM offer superior throughput but require high SNR levels to maintain
acceptable BLER. On the other hand, in low SNR conditions, the system
naturally reduces the throughput by employing QPSK with lower coding
rates. The system throughput and reliability are also greatly affected by
the choice of coding rate, with higher coding rates improving throughput
but are only viable in high SNR levels to avoid compromising transmission
robustness. While the simulation results demonstrate the robust applicability
of the proposed solution, its real-time deployment may face significant scal-
ability problems with increasing the UE count, allocated recourse blocks and
number of MIMO layers, and the computational overhead rises linearly with
population size and generations. For practical deployment in 5G networks,
real-time adaptation can be achieved through parallelized fitness evaluation,
pre-trained GA configurations, or hybrid GA and machine learning methods.
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These steps may result in significant speeding up in convergence while retain-
ing optimization flexibility. Investigation with multi-objective optimization,
incorporating energy efficiency and latency constraints may be considered as
future direction of research. This research may be extended for transmission
in integrated space terrestrial network scenarios.
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