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Abstract—Reconfigurable Intelligent Surfaces (RIS) are expected to play a critical role in future 6G wireless
networks by enabling adaptive and intelligent signal propagation. This study presents a deep reinforcement
learning (DRL)-based simulation framework for beamforming optimization in RIS-assisted wireless
communication systems. Two continuous-control DRL algorithms, namely Twin Delayed Deep Deterministic
Policy Gradient (TD3) and Deep Deterministic Policy Gradient (DDPG), were evaluated under 30 independent
wireless channel scenarios. The experimental results demonstrate that TD3 achieves a higher average episodic
return (13.34 + 0.73) than DDPG (11.13 £+ 0.87), representing an improvement of approximately 19.86%.
Statistical analysis further confirms that this improvement is significant (t = 3.99, p < 0.001) with a large effect
size (Cohen’s d = 1.03). The 95% confidence interval of the mean difference ranges from 1.10 to 3.32. In addition
to better average performance, TD3 exhibits steadier convergence and reduced reward variability. This means that
learning is more robust under dynamic wireless channel conditions. The results suggest that TD3 provides a robust
and statistically reliable method for optimizing intelligent beamforming in RIS-assisted 6G IoT communication
scenarios, thereby improving wireless connectivity performance and system stability.

Keywords: Reconfigurable Intelligent Surfaces (RIS), Coverage Enhancement,6G Internet of Things
(6G I0T), Deep Deterministic Policy Gradient (DDPG), Deep Reinforcement Learning (DRL)

1. INTRODUCTION

A low-latency, comprehensive, fast, and reliable connection is now more important than ever, thanks to
advances in wireless communication technology [1][2][3]. To meet these critical needs, the International
Telecommunication Union (ITU) and other interested parties have developed a plan and primary goals for sixth-
generation (6G) networks. Most people think that the most important thing is to strengthen the network, integrate
the complete Internet of Things (IoT), and improve services [4] [5].

Included in the many traditional means of human-to-human contact are base stations [6][7][8]. Base stations
have difficulty handling dense, broad IoT deployments due to transmission issues such as fluctuating interference
[9][10], multipath fading, substantial obstruction, and instances of undetected signals (NLoS) [11][12]. To
enhance wireless communication while reducing prices and energy usage, researchers have investigated novel
methods. Researchers found that intelligent reflecting surfaces (IRS) and reconfigurable intelligent surfaces (RIS)
can enhance wireless networks [ 13]. Researchers can construct a spectrum of RIS-based passive reflective devices
to respond to various phases [14]. This implies the ability to instantly alter electromagnetic waves [15]. Reducing
noise while increasing signal length and intensity is the goal of this function. Because it requires little power, no
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costly equipment [16], and no complex installations, RIS is a crucial technology for 6G IoT communications [17].

With a small number of Internet of Things (IoT) devices and multiple low-power devices operating
simultaneously [17] [18], traditional beamforming methods may rely on coverage or fail to meet quality-of-service
(QoS) standards [19]. Not only is space navigation severely lacking, but the tube itself is woefully inadequate. By
increasing the number of signal segments, decreasing interference, and creating links that appear to be in line of
sight, RIS can overcome these issues. When it comes to improving and expanding the network, the invention is
the way to go. We are still in the early stages of developing RIS beamforming for 6G IoT networks. Despite RIS’s
many obvious advantages [20], determining the optimal beamforming and phase-shift configurations for a large-
scale Internet of Things system [21] can be difficult. The RIS provides a multilevel setting for continuous activity
by allowing each reflecting element to select its phase from the range [0, 27t] [22]. The base station broadcasts a
non-linear RIS-IoT channel that is highly linked. It changes over time, especially in busy or noisy environments
[23]. Methods require substantial processing power, making immediate enhancement difficult. People rarely use
heuristics such as semidefinite relaxation, alternating optimization, and search strategies [24]. These processes
can be time-consuming, expensive, and inefficient. Furthermore, in real-world IoT applications, it can be difficult
to generate highly accurate channel models or precise channel state information (CSI) that these methods often
require [25]. When dealing with several variables, changing conditions, and ongoing supervision, intelligent
optimization frameworks become indispensable. Deep Reinforcement Learning (DRL) offers a significant
advantage for making complex decisions in unpredictable, rapidly changing environments [26]. Instead of relying
on explicit channel models or trial and error, DRL automatically learns the best rules. Rather, it engages with its
surroundings instantly. Deep Deterministic Policy Gradient (DDPG) and Twin Delayed Deep Deterministic Policy
Gradient (TD3) are two actor-critic approaches that could improve systems requiring ongoing refinement.
Beamforming and RIS can now work together.

Recent research has focused on specific areas such as security, anti-jamming, and UAV communication, as
well as optimal network topologies and discrete or quantized action spaces. However, several RIS-based wireless
systems have incorporated Deep Reinforcement Learning (DRL) [27]. Research on modern continuous-control
deep reinforcement learning methods used in common RIS-IoT applications is lacking. Despite the importance of
these challenges to the successful implementation of 6G, problems with training stability, convergence
characteristics, and resilience to inaccurate or misleading Channel State Information (CSI) persist.

A continuous-control deep reinforcement learning strategy may enhance RIS-assisted beamforming in 6G IoT
networks, according to the study’s findings. The Markov Decision Process (MDP) allows beamforming and phase
shifting in the RIS. Our empirical evaluations focused on DDPG and TD3, two of the most prominent actor-critic
systems. To improve the signal-to-interference-plus-noise ratio (SINR) and network coverage, the suggested
approach uses realistic 3D topology modeling and various IoT scenarios. Its size will have no effect on its
effectiveness.

The main contributions of this work can be summarized as follows:

1. Asingle, continuous-action deep reinforcement learning system for optimizing beamforming in large 6G
IoT networks with reconfigurable intelligent surface integration.

2. A complete MDP formulation that covers the state space, action space, reward function, and system
dynamics of RIS-IoT communications .
A detailed comparison of DDPG and TD3 in the same RIS-IoT setups, looking at how fast they converge,
how stable they are, and how strong they are.

3. A method for making datasets that show 3D topology, describe the properties of wireless channels, set
up BS-RIS-IoT, and spread users out.

4. A comprehensive performance evaluation that validates the effectiveness of the proposed strategy
through convergence analysis, SINR distributions, and coverage maps.

Key Contributions and Novelty of the Proposed Framework

This work is novel in that it provides a comprehensive comparative study of the continuous-control DRL
algorithms for RIS-assisted beamforming optimizations under the same wireless communication settings.
Compared with traditional studies that mainly focus on reward convergence, the proposed approach provides a
multi-dimensional evaluation, including reward stability, statistical distribution analysis, SINR performance, sum-
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rate analysis, and convergence robustness.
More specifically, the present study contributes to the following:

* A unified RIS-assisted DRL evaluation framework for fair comparison between DDPG and TD3 under
identical wireless channel conditions.

* A detailed statistical performance analysis including confidence intervals, variance analysis, boxplot
evaluation, and effect-size interpretation.

» Communication-level performance evaluation using SINR and achievable sum-rate metrics in addition
to reward-based learning analysis.

* A practical discussion on real-world RIS deployment challenges and future integration with realistic
wireless propagation environments such as DeepMIMO and ray-tracing models.

The results obtained demonstrate that TD3 provides significantly improved convergence stability, reward
consistency, and communication reliability compared to DDPG in dynamic RIS-assisted 6G loT environments.

Recently, reinforcement learning algorithms, such as Soft Actor—Critic (SAC) and Proximal Policy
Optimization (PPO), have shown strong performance in continuous control tasks. In this work, we focus on
deterministic policy-gradient methods. We select DDPG and TD3 because TD3 was initially proposed as a direct
improvement over DDPG, enabling a controlled, systematic comparison under the same RIS-assisted wireless
communication conditions. We restrict the analysis to closely related deterministic actor-critic algorithms to
isolate the effect of TD3’s architectural enhancements: twin critics, delayed policy updates, and target-policy
smoothing. This avoids introducing additional algorithmic differences related to entropy-based or policy-gradient
approaches.

2. RELATED WORK

Recent research has increasingly explored deep reinforcement learning (DRL) techniques for reconfigurable
intelligent surface (RIS)-assisted wireless systems. In [28], a DRL-based joint beamforming design was
investigated for RIS-assisted wireless networks; however, the study relies on a single learning paradigm and
focuses mainly on rate optimization rather than coverage enhancement. The work in [29] extended DRL to joint
deployment and passive beamforming optimization in RIS-assisted networks, yet it did not examine algorithmic
comparisons under a unified environment. A broader DRL-oriented perspective on RIS-assisted communications
was presented in [30], which outlined key challenges and opportunities but lacked a concrete MDP formulation
and comparative performance analysis. More recent studies, such as [31], addressed DRL-based beamforming
optimization in RIS-assisted multi-user MISO systems, primarily targeting spectral efficiency and robustness
under specific channel conditions. Additionally, TD3-based joint beamforming frameworks have been proposed
for RIS-assisted systems with imperfect CSI in [32]. Still, these works employ a single DRL algorithm and do not
focus on IoT-centric coverage metrics. Unlike the aforementioned studies, the present work formulates a complete
MDP. It provides a unified comparative evaluation of DDPG and TD3 for coverage enhancement in dense RIS-
assisted 6G IoT networks, thereby constituting a clear methodological and performance-driven advancement over
existing literature.

Existing research on RIS-assisted DRL is largely limited to single-metric optimization or reward-convergence
behaviors in constrained simulation environments. Furthermore, few previous studies have provided extensive
statistical analysis, communication-level performance analysis, and comparative stability assessment of
continuous-control DRL algorithms under the same wireless channel conditions. Moreover, the throughput-
oriented evaluation and SINR-based coverage analysis have received less consideration in the context of RIS-
assisted [oT communication. To address these limitations, the proposed work offers a comprehensive comparative
approach to assess DDPG and TD3 by considering statistical analysis, reward-distribution interpretation, SINR
evaluation, and achievable sum-rate performance under the same RIS-assisted wireless settings.
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3. SYSTEM OVERVIEW AND PROBLEM FORMULATION
3.1 Network Model

As depicted in Fig. 1, we examine a three-dimensional (3D) RIS-assisted multi-user IoT downlink system
functioning within a 6G framework. A base station (BS) with N_t antennas serves K single-antenna IoT users via
a reconfigurable intelligent surface (RIS) comprising M passive reflecting elements.

Two links establish communication between the BS and IoT users: a direct link from the BS to the user and an
indirect, reflected link via the RIS. The RIS facilitates coherent signal combining at the receivers by dynamically
adjusting its phase shifts, which improves coverage and signal quality in dense IoT environments.

3D Multi-User RIS-Assisted loT Topology
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Fig.1 illustrates the 3D multi-user RIS-assisted IoT topology used in this study

3.2 Channel Model
The direct channel between the BS and the k-th user is denoted by

hy j € COMe, 1)

The channel from the BS to the RIS and from the RIS to the k-th user are denoted by

Gpr € CM*Ne b, € CVM, (2)
respectively.

The RIS reflection matrix is defined as

0 =diag(e’%,e/%, ..., e/%),  (3)
where 0, € [0, 21)represents the phase shift of the m-th RIS element.

Accordingly, the effective channel for the k-th user is given by
h™ =h,, +h,,0G,,. (4)
3.3 Signal Model

The transmitted signal from the base station (BS) is given by

K
X = Z Wy Sk, &)
k=1
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where w), € CNt*1denotes the beamforming vector associated with the k-th IoT user, and sjrepresents the
corresponding information symbol satisfying E[| s 2] = 1.

The received signal at the k- The user can be expressed as
Vi = heffwys, + Z hefw;s; + ny, (6)
izk
where h¢ffdenotes the effective BS—RIS—user channel, and n, ~ CN' (0, 0%)represents additive white Gaussian

noise (AWGN) with variance o2.

Accordingly, the signal-to-interference-plus-noise ratio (SINR) at the k- The user is defined as

| hiffwk |2

SINR,, = .
YL T 12 4 o2

(7

3.4 Problem Formulation

The objective of this work is to jointly optimize the BS beamforming vectors. {wj}and the RIS phase shift
matrix ®To enhance coverage and communication quality in dense IoT deployments. The optimization problem
is formulated as

K
max Z log 2 (1+SINRR)
{wg}, © =

X (®)
s.t. Z Wi 12< Prax
k=1

6, €10,2m),Vm,

where P xdenotes the maximum transmit power at the BS. This optimization problem is highly non-convex
due to the coupling between beamforming vectors and continuous RIS phase shifts. Therefore, it is reformulated
as a Markov decision process (MDP) and solved using continuous-control deep reinforcement learning, as
described in the following section.

The first constraint ensures practical, energy-efficient operation by limiting the base station’s total transmit
power to the maximum allowable value Pmax. The second limitation restricts each RIS phase-shifting element to
the physical range $[0,2\pi)$, which represents the achievable phase adjustment capability of the RIS hardware

The optimization problem is non-convex because the beamforming vectors and RIS phase-shift variables are
jointly coupled in the SINR expression. Consequently, obtaining a globally optimal solution through conventional
optimization techniques is computationally challenging, particularly in dynamic multi-user wireless
environments. Therefore, the problem is reformulated as a Markov Decision Process (MDP) and solved using
continuous-control deep reinforcement learning.

3.5 Motivation for DRL-Based Design

The problem of configuring RIS and joint beamforming involves high dimensionality, strong nonlinearity, and
continuous control variables, which render traditional model-based optimization methods impractical in dynamic
6G IoT environments. By allowing the learning agent to engage directly with the wireless environment, deep
reinforcement learning (DRL) offers an effective solution for learning optimal control policies without
dependence on explicit channel models or convex reformulations.

Note that the channel model described in this section is used to build the theoretical framework for
RIS-assisted communications and to specify the underlying communication relationships. In contrast,
the DRL environment used in this study is based on dataset-derived communication-performance

29



ASIAN JOURNAL OF ELECTRICAL AND ELECTRONIC ENGINEERING Mohomad et. al.
Vol. 6 No. 1 2026
E-ISSN: 2785-8189

Electrical
and
Electronic
Engineering,

&)

features that are used for practical training, state representation, and performance evaluation.

4. DRL-BASED JOINT BEAMFORMING AND RIS OPTIMIZATION
4.1 DRL Framework Overview

A deep reinforcement learning framework is adopted to address the non-convex joint beamforming and RIS
optimization problem in RIS-assisted multi-user loT networks. The BS is modeled as the learning agent, while
the RIS-assisted wireless system represents the environment. At each decision step, the agent observes the current
network state and selects continuous control actions to improve coverage and signal quality.

4.2 Markov Decision Process Formulation
The RIS-assisted beamforming problem is formulated as an MDP defined by the tuple. (S’ A» P’ R):
State: The state at time step tcaptures the essential channel and configuration information and is defined as

st = {xt, Tt, Lt, Et, yt}, )

where Xt denotes the normalized dataset-derived network features at time step t, Tt represents the normalized

throughput, Lt represents the normalized latency, Et denotes the normalized energy-consumption value, and yt
denotes the SINR-related performance indicator when available.

The state representation is constructed from processed communication-performance features extracted from the
dataset rather than explicit raw channel-state information (CSI). Consequently, the DRL agent observes a compact
representation of the wireless communication environment that captures throughput, latency, energy efficiency,
SINR-related indicators, and other relevant network-performance characteristics required for optimization.

Action: The action selected by the agent jointly controls the BS beamforming and RIS configuration and is defined
as
at = {Wt, et}, em S [0,21-[), m, (10)
where w,denotes the BS beamforming vector and 8,represents the continuous RIS phase-shift vector.
4.3 Action Space Limitations

We restrict the action space to the range [—1, 1] across all action dimensions, which enables stable learning and
valid control decisions. When interacting with the environment, the actor network’s output actions are clipped to
fall within predefined limits before being applied.

The bounded continuous-action representation improves training stability and prevents the generation of very
large control values that could negatively impact the optimization process. This constraint also ensures a consistent
exploration strategy during training and evaluation while maintaining feasible actions throughout the learning
process.

The reward function is defined to maximize communication performance by improving throughput while
minimizing latency and energy consumption, and is expressed as

rt = wthrTt — wlatLt — wenEt a1n

where Tt, Lt, Et are the normalised throughput, latency and energy-consumption values at time step t,
respectively. The contribution of each performance metric is controlled by the weights w_thr, w_lat, and w_en. In
this study, w_thr=1.0, w_lat=0.3, and w_en=0.2.

This reward formulation encourages the agent to perform actions that increase throughput while decreasing
latency and energy consumption. The reward value is clipped to [-1, 1] to ensure stable learning during training.

In real-world 6G IoT dynamics, continuous control optimization is possible because the environment
transitions to a new state s_(t+1) due to changes in the channel and the chosen action.

This multi-objective reward design enables the agent to balance spectral efficiency, delay performance, and
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energy efficiency while optimizing its policy.

Actor-critic deep reinforcement learning (DRL) algorithms are used to address continuous action spaces and
sequential decision-making. In this study, DDPG and TD3 are selected because they are specifically designed for
continuous control optimization problems and have shown strong performance in high-dimensional wireless
communication environments.

DDPG learns deterministic policies using an actor—critic architecture, which improves training stability. But it
can lead to value overestimation during training. TD3 mitigates this limitation by using twin critic networks,
delayed policy updates and target-policy smoothing. Such improvements alleviate overestimation bias and
improve the robustness of the policy, making TD3 especially suitable for continuous-control optimisation
problems.

4.4 DDPG and TD3-Based Learning

Actor—critic DRL techniques manage the continuous action space associated with RIS phase shifts and
beamforming vectors. Specifically, the Deep Deterministic Policy Gradient (DDPG) and Twin Delayed Deep
Deterministic Policy Gradient (TD3) are investigated.

DDPG directly learns deterministic policies for continuous control, whereas TD3 mitigates overestimation bias
by enhancing training stability through twin critic networks and delayed policy updates. In high-dimensional
optimization scenarios, both methods rely on experience replay buffers and target networks to provide consistent
convergence.

4.5 . Methodology Workflow

The full deep reinforcement learning pipeline used in this study is shown in Figure 2. The workflow shows the
interaction between the wireless communication environment and the DRL agent, including state observation,
action selection, reward generation, experience replay, policy updating, convergence verification and final
performance evaluation.

5. SIMULATION SETUP

5.1 Data Source and Preprocessing

The Kaggle platform [33], which provides a vast collection of wireless communication and beamforming
performance samples, provided the dataset used in the simulation study. Numerous transmission samples with
various system settings, including variations in transmission power, carrier frequency, number of antennas,
mobility circumstances, and optimization state, are included in the original dataset. Several procedures were
followed to ensure that the data were reliable and appropriate for learning-based optimization. The initial step in
eliminating poor samples was to eliminate duplicate and incomplete entries. Second, we ensured that all deep
reinforcement learning (DRL) agents had the same numerical feature ranges, so each agent underwent the same
training procedure. Additionally, category environmental features and optimization flags were quantified. Each
simulation, training, and evaluation experiment uses the cleaned dataset. It is important to note that the processed
dataset is not used as a static lookup table during training. Instead, each dataset row represents a distinct wireless
communication state characterized by throughput, latency, energy efficiency and other network-related
parameters. The DRL environment is initialized from these states, while state transitions and reward evolution are
generated dynamically through the interaction between the agent and the environment. Therefore, the dataset
serves as a source of realistic wireless communication conditions rather than a fixed sequence of observations.

5.2 Dynamic Environment Interaction

The processed dataset is not a static lookup table used during training. Instead, each sample in the dataset
corresponds to a different wireless communication state, with parameters such as throughput, latency, energy
efficiency and other network-related metrics. In each interaction step, the DRL agent observes the current state,
selects a continuous action, and receives a reward based on the resulting communication performance metrics.
This, in turn, causes the environment to apply the chosen action to determine the next state transition. Therefore,
the next state depends not only on the original data sample, but also on the current state and the action taken by
the agent. Such an interaction mechanism allows the agent to explore different network conditions and learn
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adaptive decision-making policies through continuous trial and error.

Therefore, the environment-agent interaction determines the state transition process. The action affects future
observations and reward generation during training.

Therefore, the dataset is only used to initialise the realistic states of wireless communication. In contrast, the
subsequent state transitions, reward evolution, and policy updates are generated online through the continuous
interaction between the DRL agent and the environment.

In the current implementation, channel evolution is characterised by communication performance features
extracted from the processed dataset, rather than by explicit physical-layer channel reconstruction. Therefore, the
environment assesses the effect of each action on the observed performance metrics during interaction.
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Fig. 2. The detailed DRL-based workflow of the proposed DDPG and TD3 framework includes dataset
preparation, environment initialization, state observation, action selection, reward computation,
experience replay, policy learning, convergence assessment, and performance evaluation. The processed
dataset is then used to initialise realistic wireless communication scenarios as shown in Figure 2. The
DRL agent then interacts with the environment through a sequential decision-making process, in which
actions influence state transitions and yield rewards based on throughput, latency, and energy
consumption. The collected experiences are stored in a replay buffer and used to iteratively update the
actor-critic networks until training converges. Finally, the trained DDPG and TD3 models are evaluated
and compared based on communication levels and statistical performance metrics.

The state-transition process follows.

s(t+1)={x(t+1),T_(t+1),L(t+1),E_(t+1),y_(t+ 1)} (12)

where s_t is the current state and s_(t+1) is the next state resulting from the interaction between the DRL agent
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and the environment. The performance indicator related to the updated network features, throughput, latency,
energy-consumption, and SINR are denoted by $x {t+1}$, $T {t+1}$, SL {t+1}$, $E {t+1}$ and
$\gamma_{t+1}$ respectively. Therefore, the selected action affects future observations, reward generation and
decision-making dynamics in subsequent training steps.

5.3 Network and Learning Configuration

A reconfigurable intelligent surface (RIS) enhances beamforming techniques used by a base station in a
downlink RIS-assisted communication framework. It is believed that the RIS functions as a passive helping
element that enhances signal propagation and lessens adverse channel conditions. Adapting beamforming-related
parameters in response to observed system performance metrics is the main goal of the optimization procedure.
Deep reinforcement learning methods for continuous control are used to maximize system behavior. In particular,
to ensure a fair and repeatable comparison, Deep Deterministic Policy Gradient (DDPG) and Twin Delayed Deep
Deterministic Policy Gradient (TD3) are trained and evaluated on the same processed dataset. Through state
observations obtained from dataset features, both algorithms engage with the environment and modify their
policies in response to reward feedback calculated from performance measures.

5.4 Hyperparameter Configuration

The selection of hyperparameters strongly influences the training performance of deep reinforcement learning
algorithms. To improve reproducibility and provide a transparent comparison framework, the main training
hyperparameters used for DDPG and TD3 are summarized in Table 1

Table 1. DRL Hyperparameter Configuration Used for DDPG and TD3 Training

| Parameter “ DDPG H TD3 |
Policy Network MipPolicy MlpPolicy
| Learning Rate “ 3x10™* H 1x10* |
| Batch Size | 256 | 256 |
| Replay Buffer Size | 150,000 | 200,000 |
| Discount Factor (y) “ 0.99 H 0.99 |
| Soft Update Coefficient (1) | 0.005 | 0.005 |
| Train Frequency “ 4 H 4 |
| Gradient Steps || 2 | | 4 |
| Action Noise Standard Deviation || 0.15 H 0.10 |
| Policy Delay || N/A || 2 |
| Target Policy Noise || N/A || 0.10 |
| Target Noise Clip || N/A || 0.20 |
| Total Training Timesteps || 120,000 || 150,000 |

The hyperparameters were selected through preliminary experimental tuning to achieve stable convergence and
ensure a fair comparison between DDPG and TD3 under identical training conditions.

To enhance reproducibility, both algorithms were trained using identical environment settings, including a
maximum episode length of 20 steps and a fixed random seed of 123. The only differences between the two
algorithms are limited to their algorithm-specific learning mechanisms and hyperparameters, as summarized in
Table 1.

5.5 Dataset-Derived Numerical Parameters

Table 2 summarizes the numerical ranges and statistical characteristics of the key performance-related
parameters directly extracted from the processed dataset. These values are computed from the dataset used in all
experiments and therefore accurately reflect the operating conditions under which the proposed framework is
evaluated.
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5.6 Reproducibility Statement

All simulation results presented in this research are produced using the same processed dataset and identical
training and evaluation conditions for both DRL algorithms. This ensures reproducibility and allows DDPG and
TD3 to be openly compared under identical operating conditions.

Table 2: Dataset-Derived Simulation Parameters

‘ Parameter H Min H Max H Mean H Std ‘
\ SNR (dB) | 500 || 1999 | 1250 | 4.30 \
\ Transmit Power (dBm) | 1000 || 3494 || 2216 | 7.22 \
\ Interference Power (dB) | -99.94 || -s001 || -7494 || 14.16 |
\ Number of Antennas | e84 || s12 || 23373 | 1e870 |
Carrier Frequency (GHz) 28 150 84.71 45.17
\ Bandwidth (MHz) | 50 | 400 || 17985 | 13128 |
\ Beamforming Gain (dB) | 1002 || 2500 || 1758 || 4.41 |
\ Throughput (Mbps) | 10098 || 999.67 | 54115 || 26105 |
\ Latency (ms) | 102 | 999 | 5.43 I 2.55 \
\ Energy Consumption (kWh/GB) | o010 || oos0 | o003 | 0.011 \

6. SIMULATION PERFORMANCE EVALUATION

This section shows how well the proposed deep reinforcement learning framework works with the same settings
as in part 5. To ensure a fair comparison, the Deep Deterministic Policy Gradient (DDPG) and Twin Delayed
Deep Deterministic Policy Gradient (TD3) algorithms are evaluated under identical conditions. When using RIS
to enable 6G IoT, the most important considerations are improving coverage, making learning more stable, using
performance metrics tied to incentives, and ensuring interoperability.

6.1 Training Convergence Analysis

6.1.1 Moving-Average Reward Convergence

The training convergence behaviour of the proposed DRL agents is shown in Fig. 3 using moving-average
episodic rewards. In the early stages of training, DDPG and TD3 both achieve increasing reward, demonstrating
that they can interact with the RIS-assisted wireless environment. Yet, there are some differences in the
convergence stability between the two algorithms. TD3 achieves faster convergence and much lower reward
fluctuations than DDPG, indicating improved training stability and more reliable policy learning under dynamic
wireless channel conditions.

The improved convergence stability of TD3 mainly stems from its twin-critic structure and delayed policy
update strategy, which alleviates overestimation bias and stabilises the learning process. In contrast, DDPG
exhibits greater reward fluctuations and slower convergence, indicating greater sensitivity to environmental noise
and channel randomness during RIS beamforming optimisation.

The analysis in Fig. 3 shows that the episodic rewards of both algorithms increase rapidly at the start, indicating
good interaction with the RIS-aided environment, followed by a slow improvement in the beamforming policy.
However, the TD3 algorithm shows a much smoother and more stable convergence trend throughout the training
phase than the DDPG algorithm, which exhibits greater fluctuations and slower stabilisation. The lower
oscillations in rewards observed for TD3 in the lower is indicative of better performance in value estimation and
policy learning. The results show that TD3 is more effective for optimising continuous-control RIS beamforming
in dynamic wireless environments with channel uncertainty and stochastic fluctuations.
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Fig. 3. Training reward convergence comparison between DDPG and TD3 using moving-average episodic
rewards.

6.1.2 Statistical Boxplot Stability Analysis

In addition, we performed a statistical boxplot analysis to evaluate training stability and reward consistency, as
shown in Fig. 4. The boxplot comparison allows us to interpret the distributions of episodic rewards achieved by
both DRL algorithms.

Results show that TD3 achieves a higher median reward and a smaller interquartile range than DDPG,
indicating greater reward stability and reduced performance fluctuations. In contrast, DDPG shows a broader
distribution of rewards with some significant negative outliers, suggesting unstable convergence behaviour and a
greater sensitivity to channel estimation uncertainty.

The enhanced stability of TD3 is mainly due to its delayed policy updates and dual-critic learning mechanism,
which yield more stable value estimates during continuous RIS phase optimisation. Finally, the statistical analysis
verifies that TD3 offers more robust and stable learning performance in the context of RIS-assisted IoT
communication.

Raward Distribution Companson: DDPG vs TDE

— i o

[T FE

Fig. 4. Statistical boxplot comparison between DDPG and TD3.

The reward distribution of TD3 is more concentrated around higher reward values, as shown in Fig. 4, indicating
more consistent learning and lower variance. TD3 achieves a higher median reward than DDPG, while the smaller
interquartile range indicates more stable training. In contrast, DDPG has a broader reward distribution with fewer
low-reward observations, which leads to greater sensitivity to environmental dynamics and less consistent policy
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convergence. These results further confirm TD3’s superiority for continuous-control RIS beamforming
optimisation.

6.2 Evaluation Reward Analysis

The evaluation reward curves provide further insight into the stability and consistency of the learned DRL
policies in RIS-assisted wireless communication environments.

6.2.1 DDPG Episode Rewards

Figure 5 shows the reward behaviour of the DDPG agent for the evaluation phase in 2500 episodes. The light
blue curve shows episodic rewards, and the red curve shows the moving-average reward with a smoothing window
of 83 episodes.

The results show significant variability in rewards during the evaluation process, with episodic rewards ranging
from ~-22 to +18. The moving-average curve is relatively close to zero, and the long-term convergence stability
is weak. However, the reward can be improved temporarily.

This behaviour highlights the difficulties DDPG policies face in maintaining stable performance in dynamic
RIS-IoT channels with nonlinear wireless interactions and environmental uncertainty. The observed instability is
primarily due to overestimation and insufficient policy smoothing in DDPG-based learning.

The overall evaluation results reveal that DDPG converges more slowly and is less stable than TD3 in
continuous RIS-assisted beamforming optimisation tasks.

Reward Curve

20 A

10 4

Reward

—10 4

—20 4 Episode Reward

Moving Average (w=83)

o 500 1000 1500 2000 2500
Episode

Fig. 5. DDPG evaluation episodic reward performance over 2500 episodes.

The DDPG evaluation rewards, as shown in Fig. 5, exhibit large fluctuations during the evaluation period,
indicating that the policy’s

performance is unstable under dynamic wireless channel conditions. Some episodes yield relatively high
rewards, but these gains are not sustained over time, and the moving-average curve remains unstable. The high
frequency of the reward oscillations is due to the learned policy’s sensitivity to channel variations and
environmental uncertainty. These observations show that DDPG has problems with reliable long-term
performance for RIS-assisted beamforming optimisation and suggest that more stable continuous-control
algorithms, such as TD3, should be used.

6.2.2 TD3 Evaluation Episode Rewards

The assessment reward behaviour of the TD3 agent is shown in Figure 6 over approximately 2500 evaluation
sessions. The red curve is the moving-average reward trend with a smoothing window of about 83 episodes, and
the light blue curve is the episodic rewards. We observe that TD3 has a significantly lower reward volatility than
DDPG, and the reward transition is smoother during the evaluation. While reward changes are perceptible in the
initial and middle phases of training, the moving-average trend exhibits robust long-term convergence behaviour.
The episodic rewards, which are approximately in the range of —20 to +20, account for the stochasticity of the
RIS-assisted wireless environments and dynamic channel variations. However, the smoothed reward curve
remains in a stable positive range, suggesting that TD3 might still achieve reliable beamforming optimisation
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performance under varying wireless conditions. The improved stability of TD3 is mainly due to its twin-critic
design, target policy smoothing method and delayed policy update mechanism that together alleviate Q-value
overestimation and enhance learning robustness in continuous RIS phase optimisation. All in all, the results
indicate that TD3 provides more stable and reliable learning behaviour.

TD3 - Reward Curve

Episode Reward
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Fig. 6. TD3 evaluation episodic reward performance over 2500 episodes

6.3 Reward Distribution Analysis

Histograms provide a statistical interpretation of reward distributions and are useful for analyzing policy
variability, operating ranges, and reward consistency during DRL evaluation.

6.3.1 Variability and Outlier Behavior in DDPG Rewards

Figure 7. Histogram of the reward distribution from DDPG evaluation episodes. The histogram illustrates a
wide distribution of rewards, characterised by numerous negative values and a few low-value outliers. This
extensive spread of rewards suggests unstable learning behaviour and inconsistent policy performance under RIS-
assisted wireless channel conditions. The significant variance observed in the DDPG rewards further highlights
the algorithm’s sensitivity to environmental randomness and the nonlinearity of wireless interactions. Overall, the
histogram analysis indicates that DDPG exhibits relatively unstable reward behaviour and diminished robustness
in RIS-assisted beamforming optimisation tasks.

As shown in Fig. 7, the reward distribution of DDPG spans a wide range, with several episodes yielding
negative rewards and a noticeable concentration in the lower-reward region. The wide distribution indicates
uneven performance on several evaluation scenarios and validates the significant variability of the learned policy.
Furthermore, the low-reward observations show that DDPG is not always able to maintain efficient RIS
beamforming decisions under difficult channel conditions. The above results further demonstrate the limited
robustness and stability of DDPG in wireless environments with continuous-control RIS assistance.

DDPG - Reward Distnibution
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Fig. 7. DDPG reward distribution histogram.
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6.3.2 Stability and Concentration of TD3 Rewards

Figure 8 presents the histogram of reward distribution for the evaluation episodes of TD3. TD3’s reward
distribution has fewer outliers, lower dispersion and a narrower reward range than DDPG’s. Most rewards are
concentrated in the positive reward region. This indicates more uniform rewards and a more stable policy. The
lower variance of TD3 also indicates its effectiveness in achieving stable beamforming optimisation performance
under varying wireless channel conditions. Thus, the histogram analysis confirms that TD3 achieves more robust
and predictable learning performance than DDPG in RIS-assisted 6G IoT environments.

TD3 - Reward Distribution

Count

Fig. 8. TD3 reward distribution histogram.

As shown in Fig. 8, the reward distribution generated by TD3 is more concentrated within a smaller range and
mostly in the positive reward region. The histogram shows fewer extreme observations and lower reward
variability than DDPG, indicating more consistent policy behaviour during evaluation. Higher reward
concentrations indicate TD3’s ability to maintain good RIS beamforming decisions across different channel
realisations. This work further confirms the robustness, stability and reliability of TD3 for continuous-control
optimisation in RIS-assisted 6G IoT communication systems.

6.4 Reward Distribution and Stability Analysis
6.4.1 TD3 Reward Distribution Box Plot

Figure 9 illustrates the statistical distribution of TD3’s evaluation rewards using a boxplot. The median reward
remains slightly above zero, indicating that most TD3 episodes achieve positive or near-positive reward values
during the RIS beamforming optimisation. The relatively small interquartile range indicates less variability in
reward and more stable training. Moreover, the absence of extreme outliers beyond the whiskers’ limits indicates
stable learning behaviour across most evaluation episodes. There are still some fluctuations in the reward due to
the stochastic wireless environment. However, the overall distribution shows that TD3 maintains stable and
reliable optimisation performance throughout the evaluation process.

Reward Distribution - Box Plot

Rewiard

Figure 9. TD3 reward distribution box plot
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Fig. 9 shows the reward distribution for TD3, which is centred on positive reward values with a relatively
compact interquartile range. The data further show that there are no extreme outliers and that the spread is limited,
indicating stable policy behaviour and consistent learning performance during the evaluation phase. Compared
with the reward distributions observed for DDPG, TD3 is more robust to channel variations and exhibits less
reward volatility. These observations further demonstrate the effectiveness of TD3 in maintaining reliable RIS
beamforming optimisation under dynamic wireless communication conditions.

6.4.2 DDPG Reward Distribution Box Plot

Figure 10 shows the statistical boxplot distribution of DDPG evaluation rewards. Compared to TD3, DDPG
has a wider interquartile range and a larger overall reward spread, indicating higher performance variability and
lower convergence stability. The distribution contains several low-reward episodes and wider whisker boundaries,
which reflect DDPG’s sensitivity to environmental noise and the randomness of the RIS channel. The observed
instability is mainly due to overestimation and less stable policy-learning behaviour during continuous
beamforming optimisation. The boxplot analysis shows that DDPG exhibits lower reward consistency and
robustness than TD3 in RIS-assisted wireless communication scenarios.

Reward Distribution - Box Plot
20
10

—10 4

Reward

—20 4

Fig. 10. DDPG reward distribution box plot.

As shown in Fig. 10, DDPG has a wider, more variable reward distribution than TD3. The larger interquartile
range and the lower reward observations show that the policy performance is inconsistent across evaluation
episodes. And longer whiskers imply greater sensitivity to channel uncertainty and environmental variability. The
results indicate that DDPG exhibits less stable learning behaviours and less robustness, thus being less performant
than TD3 in continuous RIS-assisted beamforming optimisation in dynamic wireless environments.

6.5 Statistical Performance Comparison Between DDPG and TD3

In Figure 11, we compare DDPG and TD3 using several reward-related performance metrics, including mean
reward, variance, standard deviation, coefficient of variation and stability-related indicators. The results show that
TD3 outperforms DDPG across all statistical metrics we evaluated. In particular, TD3 achieves higher mean
rewards with lower variance and deviation, indicating better convergence stability and more reliable policy
learning. Although TD3’s computational complexity per update step is slightly higher than that of other algorithms
due to its twin-critic architecture, it achieves faster convergence and better sample efficiency, thereby reducing
overall training instability during RIS-assisted beamforming optimisation.

As shown in Fig. 11, TD3 outperforms DDPG across all performance metrics considered. TD3 has a higher
average reward but lower variance and standard deviation, indicating greater learning stability and reduced
performance fluctuations. Moreover, the smaller coefficient of variation indicates greater consistency of the
learned policy throughout the evaluation process. TD3 relies on a more complex twin-critic structure; the
increased computational cost is offset by improved convergence reliability and reward stability. The obtained
results further demonstrate the effectiveness of using TD3 for continuous-control RIS beamforming optimisation
in dynamic 6G IoT communication environments.

39



ASIAN JOURNAL OF ELECTRICAL AND ELECTRONIC ENGINEERING Mohomad et. al.
Vol. 6 No. 1 2026
E-ISSN: 2785-8189

Electrical
and
Electronic
Engineering,

&)

DDPG vs TD3 - Reward Statistics Comparison

804 == DDPG
D3

N N

218 e oY suo™ ey
can®et e oo o e
cot™ o =

Fig. 11. Statistical metrics comparison between DDPG and TD3.
6.5.1 Statistical Performance Comparison

To provide a quantitative comparison between DDPG and TD3, Table 2 summarizes the key statistical
performance metrics from the evaluation.

Table 3 summarizes the statistical comparison results between the two DRL algorithms.

The statistical analysis further confirms the superiority of TD3 over DDPG in terms of convergence consistency,
learning robustness, and reward stability under RIS-assisted 6G [oT communication conditions.

Table 3: The statistical analysis in Fig. 11 reveals the following:

| Mewic | ppPG | TD3 | winner |
l Mean Reward H Lower H Higher H TD3 |
lReward VarianceH Higher ” Lower H TD3 |
‘ Std. Deviation H Higher H Lower H TD3 ‘
Coefficient of Worse
L. Better (stable) TD3
Variation (unstable)
Tail Std.
- Poor Strong TD3
(Stability)

TD3 demonstrates significantly stronger stability and generalisation.

Overall, the results in Figs. 11-12—13 clearly show that TD3 is more robust, more stable, and better suited for
continuous RIS phase-shift optimization in dynamic 6G IoT environments than DDPG.

6. 5.2 Statistical Performance Comparison

The 95% confidence interval for the mean difference does not include zero, confirming a statistically significant
improvement of TD3 over DDPG. The large effect size (d = 1.03) further indicates substantial practical relevance
in RIS-assisted beamforming optimization.

The statistical analysis also confirms the superiority of TD3 over DDPG in terms of convergence consistency,
learning robustness and reward stability in RIS-assisted 6G IoT communication environments. DDPG and TD3
are selected because of their suitability for continuous-action optimisation problems in RIS-assisted wireless
environments. In the present work, we deliberately focus on deterministic continuous-control DRL algorithms
because RIS phase optimisation is, by nature, a continuous decision-making problem. Other DRL variants, such
as PPO and SAC, could contribute more to the comparative analysis, and their study is seen as an important avenue
for future research.
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Table 4. Statistical Performance Comparison Between TD3 and DDPG

Metric Value
Mean Difference 221
95% CI [1.10, 3.32]
t-value 3.99
p-value <0.001
Cohen’s d 1.03
Relative Improvement +19.86%

6.6 Coverage and Throughput Performance Evaluation

6.6.1 Coverage and SINR Performance

The spatial distribution of the Signal-to-Interference-plus-Noise Ratio (SINR) was investigated to analyse the
effect of RIS-assisted beamforming optimisation on wireless coverage performance. Fig. 12 shows the optimised
RIS configuration from the proposed DRL framework, which provides much better coverage than conventional
approaches such as random phase shifts or non-optimised RIS operation. The proposed DRL-based optimisation
methods effectively enhance the desired signal components while mitigating interference and noise. Consequently,
the wireless coverage becomes more spatially uniform and covers a larger service area.
Moreover, TD3 can achieve a higher average SINR than DDPG in the same wireless channel conditions. This
behaviour illustrates that TD3 yields more robust beamforming decisions and greater adaptability to dynamic
channel variations during continuous RIS phase optimisation.

Spatial SINR. Distribution (TD3 vs DDPG)

DOPG (Mean SINR = 11.07 dB) TD3 (Mean SINR = 13.04 dB)
& 14
2 = = e
= 10 :nt. = E
8
8 &
& 4
E=ais

Fig. 12: Average SINR Performance Comparison Between TD3 and DDPG

As shown in Fig. 12, the coverage area of TD3 is larger than that of DDPG, and its signal quality is
uniformly better. The improved SINR levels indicate better RIS phase adjustment and enhanced beamforming
optimisation under the dynamic wireless channel conditions. Moreover, TD3 appears to exhibit a more spatially
uniform coverage pattern, indicating better adaptation to channel variation and interference conditions. The results
show that TD3 is more robust for signal enhancement and has better coverage performance than DDPG in RIS-
assisted 6G IoT communication scenarios.
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6.6.2  SINR Performance Evaluation

In addition to reward convergence analysis, communication-level performance was further evaluated using the
Signal-to-Interference-plus-Noise Ratio (SINR). SINR is considered one of the most important performance
indicators in RIS-assisted wireless communication systems because it directly reflects signal quality and
interference mitigation capability.

Average SINR Performance Comparison
17.6
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Fig. 13: Average SINR Performance Comparison

Figure 13 presents the average SINR performance achieved by DDPG and TD3 under the same RIS-assisted
wireless channel conditions. The results indicate that TD3 is consistently better than DDPG in terms of SINR,
suggesting that TD3 can achieve better beamforming optimisation and more reliable RIS phase adaptation in
dynamic wireless environments. The SINR values were obtained from the observed beamforming optimisation
behaviour and communication performance trends during the DRL training process. The better SINR performance
of TD3 further demonstrates its improved convergence stability and higher reliability in wireless communication,

6.6.3 Sum-Rate Performance

Fig. 14 compares the achievable sum-rate obtained by TD3 and DDPG under the same RIS-assisted wireless
communication conditions. The sum-rate performance is computed using the Shannon spectral-efficiency
formulation, where the achievable data rate for each user is expressed as:

log , (1 + y;)(bps/Hz)
Accordingly, the total system throughput is calculated as:
K
Rum=) log;(1+7)  (12)
k=1

where y;, denotes the SINR value of the user k in a linear scale.

Fig. 14 shows that TD3 achieves a higher sum rate than DDPG, indicating higher beamforming efficiency and
more robust RIS phase adaptation in a dynamic wireless channel environment. The results obtained further verify
the superiority of TD3 in continuous-control beamforming optimisation for RIS-assisted 6G IoT communication
systems.

The results in Fig. 14 clearly show that TD3 achieves better throughput performance than DDPG under the
same RIS-assisted wireless communication conditions. The improved sum-rate of TD3 is attributed to the more
efficient RIS phase optimisation and better beamforming adaptation during the continuous wireless control.
In addition, TD3's higher spectral efficiency enables it to maintain more reliable communication links and better
signal propagation quality in dynamic wireless environments. Overall, the sum-rate analysis further validates the
effectiveness of TD3 for intelligent beamforming optimization in RIS-assisted 6G.
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Sum-Rate Comparison (TD3 vs DDPG) at a Fixed Power
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Figure 14: Sum-Rate Comparison (TD3 vs DDPQG) at a fixed power setting

6.6.4 Throughput Performance Evaluation

Furthermore, throughput performance was evaluated to assess the communication efficiency achieved by the
DRL-based RIS optimisation framework, in addition to the SINR and sum-rate analyses. Throughput is one of the
most important performance measures in wireless communication systems, and it is defined as the number of
successfully transmitted data units under dynamic channel conditions. The difference in the throughput
distributions obtained by DDPG and TD3 during the evaluation phase can be used to assess average
communication performance, as well as the stability and consistency of the learned beamforming policies. A
statistical comparison of the throughput values obtained by the two algorithms over the evaluation episodes is
shown in Figure 15.

- Throughput distribution (eval episodes): TD3 vs DDPG

12 4

10 4

Throughput (Mbps)

DDPG D3
Fig. 15. Throughput Distribution Comparison Between TD3 and DDPG During Evaluation Episodes.

As shown in Fig. 15, TD3's throughput performance is consistently better than DDPG across all evaluation
episodes. TD3 features a median throughput 3.55 times higher, better wireless channel utilisation and improved
RIS phase optimisation. In addition, the small interquartile range for TD3 indicates more stable performance and
less variability. On the other hand, DDPG shows lower throughput and more scattered performance, indicating
greater sensitivity to channel variations and less stable beamforming adaptation. TD3 has better throughput due
to its twin-critic architecture and delayed policy updates, which reduce Q-value overestimation and improve
learning stability. In summary, the results also show that TD3 is a more robust and efficient solution to the
continuous-control beamforming optimisations in the RIS-assisted 6G IoT communication environment. The
throughput analysis further complements the reward, SINR and sum-rate evaluations above. Overall, the results
show that TD3 learns not only from larger rewards but also from concrete communication-level benefits, including
higher data transmission capability, improved spectral efficiency, and more robust wireless connectivity. Such
results further confirm TD3's suitability for future RIS-aided 6G IoT deployments requiring adaptive and robust
beamforming optimisation.
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7. DISCUSSION

This section provides an in-depth discussion of the simulation results presented in the previous section. The
objective is to interpret the observed performance trends, analyze the robustness and stability of the proposed
DRL-based RIS-assisted beamforming framework, and highlight its practical implications for dense 6G IoT
deployments. The discussion explains the performance differences between DDPG and TD3, links the results to
their algorithmic characteristics, and identifies limitations and future research directions.

7.1  Learning Stability and Convergence Behavior

The reward convergence and distribution results in Figs. 3 and 4 indicate that TD3 achieves more stable learning
and tighter reward variance than DDPG. Similar observations have been reported in recent studies comparing
machine learning—based approaches to optimization in RIS-aided multi-user systems, where learning mechanisms
demonstrate enhanced robustness in high-dimensional control tasks[34]

7.2 Coverage Enhancement and SINR Improvement

Figure 12 illustrates that DRL-optimized RIS designs markedly enhance SINR uniformity and coverage compared
with non-optimized systems. Specifically, TD3 achieves higher and more consistent SINR levels than DDPG,
owing to its improved continuous-control stability. These data align with recent urban SINR and coverage
assessments of multi-antenna systems, which illustrate the influence of intelligent control on network
performance.[35]

7.3 Sum-Rate and Throughput Performance

Figure 13 illustrates that TD3 consistently achieves a higher sum rate than DDPG under equivalent power and
SINR settings, indicating more efficient RIS phase control and beamforming. This enhanced throughput
corresponds with recent research indicating that learning-based optimization surpasses traditional methods in RIS-
assisted multi-user systems .[36] .

7.4  Coverage and SINR Performance

Fig. 12 .13 shows that TD3-based DRL optimization achieves higher and more uniform SINR than DDPG,
indicating superior continuous control of RIS phase shifts under dynamic channels; this improvement in coverage
and SINR is consistent with recent comparative analyses of RIS-assisted networks reported in.[37]

7.5  Sum-Rate Performance

Figure 14 shows that TD3 consistently achieves a higher sum rate than DDPG under equivalent transmission
power and channel conditions, owing to its more efficient joint management of RIS phase shifts and beamforming
vectors. The enhanced SINR distribution achieved by TD3 immediately increases spectral efficiency, whereas
DDPG learns more slowly and is more sensitive to channel fluctuations. These observations align with current
research on sum-rate optimization in RIS-assisted wireless systems.[38]

7.6  Statistical Performance Analysis

Figs. 7-10 and Fig. 11 show that TD3 achieves a more concentrated reward distribution, a higher median, and
a lower variance than DDPG, indicating superior stability and consistency. In contrast, DDPG exhibits wider
dispersion and more severe outliers, reflecting sensitivity to policy fluctuations. These statistical trends are
consistent with recent analyses of RIS-assisted systems, which report that learning-based strategies with improved
stability outperform conventional approaches under dynamic conditions [39].

7.7  Limitations and Outlook

This study examines a fixed operating point and employs a centralized learning strategy, despite the promising
results. The proposed method could be expanded to include various transmission power levels, mobility-friendly
environments, distributed and federated learning frameworks, and multi-cell and multi-RIS scenarios. Future
research should concentrate on how to combine real-time adaptation with online learning.
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7.8  Summary of Findings

The simulation results show that continuous-control DRL with RIS solves the high-dimensional beamforming
optimization problem.

In busy IoT scenarios, RIS-assisted DRL optimization significantly improves coverage homogeneity, SINR,
and sum-rate performance.

TD3 is always faster, more stable, more robust, and has better potential performance than DDPG.

The suggested DRL-based RIS optimization technique makes it possible and practical to increase coverage in
the next 6G IoT networks.

7.9 Practical Implications for 6G IoT Systems

The improved convergence stability and communication performance of TD3 make it a promising candidate
for real-world RIS-assisted 6G IoT communication systems. In particular, TD3's ability to perform stable
beamforming optimisation under dynamic wireless channel conditions makes it a promising candidate for
adoption in dense IoT deployments that require adaptive and reliable wireless connectivity.
Potential applications include smart city infrastructures, industrial IoT systems, intelligent transportation networks
and next-generation wireless communication environments where real-time RIS adaptation and robust signal
optimisation are critical.

7.10 Dataset Limitation and Future Extension

Although the adopted Kaggle-based dataset provides a reproducible and controlled evaluation environment for
DRL-based RIS optimization, it may not fully capture all practical wireless propagation characteristics observed
in real-world 6G communication systems. In particular, real deployment environments may exhibit more complex
channel dynamics, hardware impairments, mobility effects, and environmental interference conditions.

To improve practical applicability, future work may incorporate realistic wireless channel generation
frameworks, such as DeepMIMO and ray-tracing-based propagation models, as well as real-world channel
measurements from RIS-assisted communication testbeds. Such extensions may further validate the robustness

and scalability of the proposed DRL framework under practical deployment conditions.

7.11  Real-World Deployment Considerations

Although the proposed TD3 and DDPG evaluation framework was developed in a simulation-based RIS-
assisted wireless environment, the results demonstrate promising applicability to future 6G IoT communication
systems. In practical deployment scenarios, the proposed optimization framework may be integrated with realistic
wireless channel generation platforms such as DeepMIMO and ray-tracing-based propagation models to better
capture spatial propagation characteristics and environmental dynamics. Furthermore, incorporating real-world
wireless channel measurements and hardware-aware RIS configurations may further improve the robustness and
scalability of intelligent beamforming optimization under practical communication conditions.

8. CONCLUSION

This study explores the potential of deep reinforcement learning (DRL) and reconfigurable intelligent surfaces
(RIS) to improve coverage and communication stability in future 6G IoT networks. The same RIS-assisted
beamforming environment is used to evaluate two continuous-control DRL algorithms, DDPG and TD3, under
the same simulation conditions. The results show that TD3 consistently outperforms DDPG in reward
convergence, robustness to channel variations, training stability, throughput, SINR improvement and variance
reduction. Both algorithms can learn effective RIS control policies, but TD3 exhibits more stable learning
behaviour, greater communication efficiency and higher reliability. The superiority of TD3 for continuous-control
beamforming optimisation is confirmed by joint analysis of reward curves, boxplots, statistical metrics, SINR
distribution, sum-rate performance, and throughput evaluation. Overall, the results highlight the promising
capability of combining advanced DRL techniques with RIS technology to enable intelligent and adaptive 6G IoT
communication systems. The proposed framework improves coverage performance, signal quality and learning
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reliability under dynamic wireless channel conditions. In future work, we plan to study multi-RIS deployments,
mobility-aware agents, hybrid learning frameworks including TD3-XGboost, latency-aware optimisation
strategies, end-to-end communication delay, quality-of-service (QoS) constraints, and experimental validation
based on real-world wireless platforms.
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