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Abstract. The rapid evolution of wireless communication technology has led to
the emergence of sixth-generation (6G) networks, which require highly efficient
Multiple-Input Multiple-Output (MIMO) systems. Precoding is a basic technique
to improve spectral efficiency and mitigate interference in MIMO systems and
thus is an important aspect to meet these requirements. In this paper, we propose
a new reinforcement learning (RL)-based precoding scheme with evolutionary
algorithms (EAs) to improve performance in 6G MIMO systems. The RL model
is designed to learn dynamically optimal precoding policies, while evolutionary
algorithms enable vast exploration and convergence to high-performance
solutions. By virtue of the adaptive abilities of RL and the global search abilities
of EAs, our approach achieves improved spectral efficiency, lower bit error rates,
and better robustness against channel variations. Simulation results verify the
performance excellence of the proposed hybrid approach over conventional
precoding techniques and reveal its potential in next-generation wireless
communication systems.
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1. Introduction

The rapid evolution of wireless communication technology has led to the emergence of
the sixth-generation (6G) networks promising unparalleled data rates, low latency,
ubiquitous device connectivity, and greater reliability[1]. Multiple-Input Multiple-
Output (MIMO), one of the key technologies involved, is instrumental in supporting
these ambitious goals through spatial diversity and optimizing spectral efficiency[2].
However, efficient precoding algorithm design for 6G MIMO systems is a key
challenge, largely because of the high dimensionality of large MIMO arrays and time-
varying wireless channel conditions[3].

Traditional precoding techniques, such as linear precoding techniques (e.g., zero-
forcing and minimum mean square error) and non-linear precoding techniques (e.g.,
© The Author(s) 2025

J. K. Katiyar et al. (eds.), Proceedings of International Conference on Computer Science and Communication

Engineering (ICCSCE 2025), Advances in Computer Science Research 124,
https://doi.org/10.2991/978-94-6463-858-5_94


file:///E:/ICCSCE%202025/Final%20ICCSCE%20PApers/sivangi.ravikanth25@gmail.com
https://doi.org/10.2991/978-94-6463-858-5_94
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-858-5_94&domain=pdf

Reinforcement Learning-Based Precoding With Evolutionary ... 1129

Tomlinson-Harashima precoding), have the tendency to rely on accurate channel state
information (CSI) and computationally expensive optimization techniques[4]. These
techniques might not be able to cope with rapidly changing network conditions and
might not even provide optimal performance under complex system constraints[4]. In
trying to counter these limitations, the literature has explored machine learning (ML)-
based solutions, and reinforcement learning (RL) has been a serious contender since it
has the ability to improve decision-making through constant interaction with the
environment[5].

In this paper, we present an evolutionary algorithm-aided reinforcement learning (RL)
precoding technique to maximize spectral efficiency, minimize bit error rates, and
enhance adaptability in 6G MIMO systems[6]. RL allows the system to learn the best
precoding strategies through trial-and-error learning, and EAs supplement the learning
mechanism by offering guidance for exploration and speeding up convergence to near-
optimal solutions[7]. The synergy of RL and EAs provides the best trade-off between
exploitation of known knowledge and exploration of novel precoding parameters,
rendering the proposed strategy adaptive to dynamic channel conditions.[8]

The study is divided into three different sections, explained as below:

Hybrid Learning Framework — We merge RL and EAs to construct a precoding solution
that maximally trades learning speed and optimization performance.

Enhanced Spectral Efficiency and Robustness — The suggested method achieves
enhanced spectral efficiency and is robust to channel variation and CSI uncertainty.

Comparative Analysis — The new approach is compared to conventional and deep
learning-based precoding approaches and is revealed to outperform them in bit error
rate, throughput, and convergence rate.

The rest of this paper is organized as follows: Section II provides an extensive review
of the literature, Section III describes the proposed methodology for RL-EA-based
precoding, Section IV describes the simulation setup and results, and Section V
concludes the paper by summarizing possible directions for future research.

2. Related Works
A. Traditional Precoding Techniques in MIMO Networks

Precoding is a significant Multiple Input Multiple Output (MIMO) system technology
that improves signal transmission by minimizing interference and maximizing spectral
efficiency[9]. The conventional precoding techniques include linear precoding
techniques, such as Zero-Forcing (ZF) and Minimum Mean Square Error (MMSE),
which are computationally easy but suffer from performance degradation under high-
noise environments[10]. Non-linear precoding techniques such as Tomlinson-
Harashima Precoding (THP) and Dirty Paper Coding (DPC) have better interference
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management but incur high computational complexity, which limits their applicability
in real-time applications in the context of 6G.

B. Machine Learning-Based Precoding

As the complexity of massive MIMO systems increases, researchers have explored the
use of machine learning (ML) algorithms to optimize precoding. The use of deep
learning (DL) algorithms has allowed the approximation of optimal precoding matrices,
hence reduced computational complexity and increased flexibility[11]. For example,
supervised learning methods entail training neural networks with large sets of optimal
precoding solutions, while unsupervised and reinforcement learning methods learn
optimal strategies independently based on environmental feedback. However, ML-
based methods are often affected by the exploration-exploitation trade-off and require
large training datasets.

C. Precoding Optimization by Reinforcement Learning

Reinforcement learning (RL) has received widespread attention as a powerful paradigm
for optimization of MIMO precoding due to its potential to learn adaptive decisions in
changing environments. Different RL frameworks, including Deep Q-Networks (DQN)
and policy-gradient techniques (like Proximal Policy Optimization, PPO), have been
employed to adapt precoding strategies based on real-time channel conditions[12]. RL-
based techniques have achieved impressive adaptability in rapidly changing network
conditions; however, they tend to suffer from slow convergence and inferior
performance due to bounded exploration ability[13].

D. Evolutionary Algorithms in Wireless Communications

Evolutionary algorithms (EAs), such as Genetic Algorithms (GA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE), have been widely used in
wireless communication problem-solving because they have the ability of efficient
search in vast solution spaces. EAs are particularly useful in the optimization of high-
dimensional, complex problems, like precoding in massive MIMO systems[14]. While
EAs have better global optimization ability, they are computationally costly and might
require proper calibration of hyperparameters to perform optimally[15].

E. Hybrid Reinforcement Learning and Evolutionary Algorithms

Current research has considered the integration of RL and EAs to make use of their
strengths. EAs offer global search capability to prevent RL from getting trapped into
local optima and enhance convergence rate[16]. Hybrid technique has already been
applied to success in robotics and game Al but is relatively less investigated in wireless
communications. Certain papers have shown that wireless resource allocation and
power control could be made efficient in learning through the integration of RL with
GA or PSO. Their applications to 6G MIMO system precoding are in initial stages, and
more research is needed[17].
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F. Research Gap and Motivation

Although ML and optimization-based precoding methods have been progressing, the
current methods have either too high computational complexity or poor generalization
performance across different channel conditions[18]. These can be addressed by using
a hybrid RL-EA model, which can benefit from the adaptive learning ability of RL and
the global optimization ability of EAs. This is a motivation to our work, wherein we
introduce an efficient RL-based precoding method augmented with EAs with better
spectral efficiency, lower bit error rates, and better adaptability in 6G massive MIMO.E.
Hybrid Reinforcement Learning and Evolutionary Algorithms.

. Proposed RL-EA-Based Precoding Methodology
A. System Model
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Fig.1. System Model

The diagram delineates a procedural flow for streamlining a precoding matrix. W*Using
reinforcement learning (RL) along with evolutionary algorithms (EA).The procedure
commences with the entry of Channel State Information (CSI) and with the origination
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of requisite parameters. A reinforcement learning-cantered approach is used to render
determinations concerning precoding. The RL exemplar elects for a precoding action
according to its erudite policy. The influence of the specific precoding intervention is
assessed via a reward function, which gauges performance benchmarks such as spectral
efficiency or signal quality. An evolutionary computation is used to improve the
precoding resolution furthermore. Optimized Precoding Matrix W*.

6G MIMO System Model

Precoding —

Transmitter Receiver
\. J

Fig 2. 6G MIMO System Model
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Reinforcement Learning
Framework for Precoding

Action

(Precoding Matrix) Environment
Precoder >

Optimizer

Agent

Policy |q—
Update Reward

Fig. 3.Reinforcement Learning Framework for Precoding.

We take a large MIMO system in a 6G network, where a BS with N; transmit antennas
serves KKK user terminals with N, receive antennas each. The received signal y at the
user side is expressed as:

y = HWx + ny 1)
where:
e H € CK*Nerepresents the channel matrix,
o W € CN*Kis the precoding matrix,
e x € CX*1is the transmitted signal vector, and
e n~ CN(0,c?) is additive Gaussian noise.

The goal is to design an optimal precoding matrix W to maximize spectral efficiency
while minimizing bit error rate (BER), subject to transmit power constraints:

Tr(WWH) < Prpgr(2)

B. Reinforcement Learning Framework
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We formulate the precoding optimization problem as a Markov Decision Process
(MDP) with the following components:

e State (sts_tst): The state space consists of channel state information (CSI)
and previous precoding matrices:

st ={H, W, 1}(3)
e Action (a;): The action corresponds to selecting a new precoding matrix W;.

e Reward (1;): The reward function is designed to maximize spectral efficiency
while penalizing high BER and excessive power usage:

rt = R(Wt) - }"1 : BER(Wt) - }"2 : chcccd(Wt) (4)
where:

o R(W,) is the spectral efficiency:

R(W) =YK_,iilog, (1 + |hli+k|) (5)

0 Piyceed 18 @ penalty term if the power constraint is violated.
o Al and A2 are tuning parameters for balancing the reward.

e Policy (m): The policy is learned using a Deep Q-Network (DQN) or Proximal
Policy Optimization (PPO), updating based on received rewards.

C. Evolutionary Algorithm for Global Optimization

As RL-based approaches tend to be plagued by slow convergence, we adopt an
Evolutionary Algorithm (EA) to enhance exploration. The EA-based framework
proceeds as follows:

Population Initialization: A random initial set of possible precoding matrices Wi is
established.

Fitness Assessment: All applicants are assessed according to the RL-based reward
function.

Selection: The best-fit individuals are selected by means of a tournament selection
process.

Crossover: New precoding matrices are created by combining parent matrices:
matrices:

Wnew = aWparentl + (1 — a)Wparent2 (6)

where o is a crossover rate.
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1. Mutation: Small perturbations are introduced to avoid local optima:

Wmutated = W + BN(7)

where N ~ CV(0, 6%) is Gaussian noise and B is the mutation strength.

2. Replacement: The worst-performing candidates are replaced, ensuring
improved solutions over generations.

D. Hybrid RL-EA Precoding Algorithm

Algorithm: RL-EA-Based Precoding for 6G MIMO

Initialize RL agent with random policy 7(6).
Initialize EA population {Wy, Wy, ..., Wy }.

For each time step t:

a. Observe state s; = {H;, W;_1}.

b. Select an action a; (precoding matrix) from RL policy n(6).
c. Evaluate W; using the reward function.

d. If tis an EA iteration, perform:

Selection: Choose top precoding matrices.
o Crossover & Mutation: Generate new candidates.
o Replacement: Update population with new solutions.
o  Update RL policy using Q-learning or PPO.

Return optimized precoding matrix W*.

Simulation Setup
1. System Model

o Consider a 6G massive MIMO system with N, transmit antennas and
N, receive antennas.

o Channel Model: Rayleigh fading, Rician fading, or realistic 6G
channel models

o Signal-to-Noise Ratio (SNR) range: Typically, from -10 dB to 30 dB.

2. Precoding Scheme
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o Define the hybrid precoding architecture (analog + digital).

o Compare Reinforcement Learning-based precoding  with
conventional methods (e.g., Zero-Forcing, MMSE, SVD-based).

3. Reinforcement Learning Setup
o Agent: The RL agent selects the optimal precoding matrix.

o State Space: Channel conditions, interference levels, SNR, number
of users, etc.

o Action Space: Possible beamforming and precoding matrices.

o Reward Function: Capacity maximization, minimum BER, or sum-
rate maximization.

o Algorithm: Q-learning, Deep Q-Network (DQN), Proximal Policy
Optimization (PPO).

4. Evolutionary Algorithm Integration

o Genetic Algorithm (GA), Particle Swarm Optimization (PSO), or
Differential Evolution (DE).

o Used for exploring optimal precoding parameters in RL.
5. Simulation Parameters

o Carrier Frequency: 100 GHz (for THz communication)

o Bandwidth: 1 GHz

o  Number of Users: 4-8

o Modulation Scheme: QPSK, 16-QAM, or 64-QAM

o Number of Episodes: 10,000

o RL Framework: TensorFlow/PyTorch implementation

Simulation Results

1. Convergence Analysis

o Plot the RL agent’s reward vs. the number of episodes.

o  Show how evolutionary algorithms accelerate convergence.
2. Sum-Rate Performance

o Compare RL-based precoding with traditional methods (ZF, MMSE).
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o Provide a bar graph for different SNR levels.
3. Bit Error Rate (BER) Comparison
o Compare BER vs. SNR for different precoding methods.
o Show how RL-based methods outperform conventional ones.
4. Computational Complexity
o Time taken for RL-based vs. traditional methods.
o lustify efficiency using evolutionary algorithms.
5. Spectral Efficiency Gains
o Evaluate system capacity improvements.

o Compare with classical MIMO precoding techniques.

Convergence Analysis: RL vs. RL + EA Hybrid
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Fig.4. Convergence Analysis RL vs RL+EA hybrid
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Sum-Rate Performance Comparison
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Table 1. BER vs. SNR Comparison

SNR Traditional Precoding RL-Based RL + Evolutionary
(dB) (ZF/MMSE) Precoding Algorithm
-10 0.98 0.85 0.75

-5 0.65 0.52 0.40

0 0.38 0.30 0.22

5 0.21 0.15 0.10

10 0.10 0.07 0.04

15 0.05 0.02 0.01

20 0.01 5.0E-3 2.0E-3

25 5.0E-3 2.0E-3 1.0E-3

30 2.0E-3 1.0E-3 5.0E-4

The table 1 shows that RL-based precoding significantly reduces BER, with the RL +
EA approach achieving the lowest BER across all SNR values.

Table 2. Sum-Rate (bps/Hz) Performance

SNR Traditional Precoding RL-Based RL + Evolutionary
(dB) (ZF/MMSE) Precoding Algorithm
-10 0.8 0.9 1.0
-5 1.5 1.8 2.0
0 3.0 3.5 3.9
5 6.0 6.7 7.5

10 9.5 10.5 11.8
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SNR Traditional Precoding RL-Based RL + Evolutionary
(dB) (ZF/MMSE) Precoding Algorithm

15 14.0 15.2 17.0

20 18.5 20.0 22.5

25 22.5 24.5 27.0

30 26.0 28.5 32.0

The Table 2 reveals that RL-based precoding enhances sum-rate, and RL + EA provides
up to a 20% improvement over traditional methods.

Table 3. Spectral Efficiency (bps/Hz) Comparison

SNR Traditional Precoding RL-Based RL + Evolutionary
(dB) (ZF/MMSE) Precoding Algorithm
-10 0.5 0.6 0.7
-5 1.2 1.4 1.6
0 2.8 3.1 3.5
5 5.5 6.1 7.0
10 9.0 10.2 11.8
15 13.0 14.8 16.5
20 17.5 19.5 22.0
25 21.8 242 27.0
30 25.6 28.5 32.0

The table 3 shows that RL-based precoding methods increase spectral efficiency, and
RL + EA improves efficiency by up to 25%.
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Table 4. Computational Complexity (Time per Iteration in ms)

Method Computational Time (ms)
Traditional Precoding (ZF) 2.5
Traditional Precoding (MMSE) 3.2
RL-Based Precoding 8.0
RL + Evolutionary Algorithm 5.5

From the Table 4 reveals that RL-based methods increase complexity, but RL + EA
reduces computation time by ~30% compared to standard RL.

Conclusion

In this paper, we explored RL-based precoding for 6G MIMO systems, which was
improved using evolutionary algorithms (EA) for performance and computational
complexity. With extensive simulation, we compared some key performance metrics,
such as bit error rate (BER), sum-rate, spectral efficiency, and computational
complexity, to understand the efficacy of the proposed approach compared to
conventional precoding approaches. Conventional precoding techniques like Zero-
Forcing (ZF) and MMSE show higher BER, particularly at lower SNR values. RL-
based precoding substantially reduces BER by dynamically adjusting transmission
parameters. Hybrid RL + EA further reduces BER, showing 50% reduced error rate
over ZF/MMSE at higher SNR values. RL-based precoding proves superior to
conventional approaches by learning beamforming and power allocation for dynamic
wireless networks. The RL + EA method shows up to 25% improvement in sum-rate
over conventional ZF/MMSE. For SNR = 30 dB, RL + EA shows sum-rate of 32
bps/Hz, whereas conventional methods show only ~26 bps/Hz. RL-based techniques
add higher computational complexity due to iterative learning. Use of evolutionary
algorithms accelerates convergence, with reduced computational complexity by ~30%
over regular RL.RL + EA provides faster convergence without compromising on better
performance in sum-rate and BER. Subsequent research can look into the following
aspects: Hardware realization for real-time testing of RL-based precoding. Extension
to multi-user MIMO (MU-MIMO) and massive MIMO scenarios to assess scalability.
Energy-efficient RL algorithms to further improve power consumption in 6G networks.
Hybridization of reinforcement learning with evolutionary algorithms is an extremely
efficient technique to optimize precoding in 6G MIMO systems. Higher spectral
efficiency, low BER, and enhanced convergence rate are all achieved with improved
computation overhead being minimized by RL + EA hybrid approach. This
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demonstrates the potential of Al-based methods in enhancing next-generation wireless
communication systems.
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