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Abstract—A  comprehensive model and simulation
framework for an adaptive wireless communication system
aided by Intelligent Reflecting Surfaces (IRS) are presented
in this research. A feedback-driven learning technique based
on neural network back propagation is used to dynamically
optimize the IRS system. The behavior of the system is
described by a number of equations, such as gradient-based
IRS updates, power modelling, Signal-to-Interference-Plus-
Noise Ratio (SINR), and Resulting Bit Error Rate (BER). The
performance gains in SINR and BER under various power,
Reflection Coefficient (Rc), and IRS panel count
circumstances are shown. The presented learning model
iteratively updates IRS reflection settings until convergence
by adjusting in real-time based on measured system
performance. This work integrates theoretical modelling,
simulation data. IRS-assisted wireless communication system
presented in this paper is driven by a Stochastic Gradient
Descent (SGD) adaptive learning algorithm, without
requiring explicit channel state information, the suggested
model dynamically adjusts the IRS phase shifts to maximize
the SINR in real time, while the BER is evaluated as a
performance indicator. The obtained results show that the
presented approach performs better than current methods in
terms of spectrum efficiency, SINR gain, and convergence
rate.
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gradient descent, Signal-to-Interference-Plus-Noise Ratio
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I. INTRODUCTION

The recent high growth in mobile data traffic and
connected devices necessitates scalable, energy-efficient,
and reconfigurable wireless communication architectures.
IRSs have emerged as a transformative solution for the
future generation networks due to their ability to
reconfigure radio propagation environments without
requiring active transmission [1].

The increasing demand for ultra-reliable, low-latency
communication and high data throughput in future
generation wireless networks, resulted in notable
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developments in physical-layer technology. Intelligent
Reflecting Surfaces (IRS) has demonstrated significant
potential as a programmable wireless environment. IRS is
composed of several programmable, nearly passive parts
that may alter phase shifts to control incident
electromagnetic waves in real time.

Increased coverage, spectrum efficiency, and signal
strength are made possible by this technology’s unique
ability to dynamically alter the propagation environment
to suit communication requirements [2, 3].

The low cost, scalable deployment potential, and energy
efficiency of IRS technology make it particularly
attractive. Because IRSs reflect signals rather than
regenerate them, they require less power for signal
handling than active components or conventional relays.
This qualifies IRSs for communication scenarios in dense
urban, indoor, and rural areas where scalability and energy
limits are critical.

Additionally, IRS has special features like multi-user
beamforming, interference mitigation, and blockage
circumvention, which make it ideal for the developing 5G
and 6G network designs. Notwithstanding these benefits,
there are a number of significant obstacles to the effective
implementation of IRS. First, a huge number of passive
elements often hundreds or thousands must be precisely
configured for IRS to be successful. In real-time settings,
it is not possible to manually adjust these components.
Second, traditional optimization models are complicated
by the IRS-induced channel’s inherent coupling to the base
station and user equipment. Furthermore, if left
unchecked, environmental variability, channel estimate
mistakes, and hardware flaws severely impair
performance. An IRS consists of a planar surface
embedded with a large number of low-cost reflecting
elements capable of independently altering the phase of
incident electromagnetic waves. By tuning these elements
intelligently, IRS can reshape the wireless channel to
improve received signal strength, suppress interference,
and enhance overall system throughput [4—6].

Conventional  optimization-based IRS  control
approaches rely heavily on accurate Channel State
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Information (CSI), which is impractical in rapidly varying
environments, as acquiring CSI for IRS with hundreds or
thousands of elements introduces significant overhead and
latency [7, 8]. Thus, the focus has shifted towards machine
learning-based IRS control, were IRS configurations.

Researchers are increasingly implementing
learning-based and data driven optimization techniques to
get over these obstacles. Real-time, adaptive control of
IRSs in dynamic wireless environments is made possible
by Machine Learning (ML), namely Deep Learning (DL)
and Reinforcement Learning (RL). With the use of
ambient observations or signal feedback, these techniques
enable the learning of the ideal reflection configuration
without the need for explicit channel state information.

Due to their inherent scalability and flexibility, these
learning models are ideal for a wide range of deployment
scenarios and large IRS arrays [9, 10].

This paper introduces a gradient-based learning
approach inspired by Stochastic Gradient Descent (SGD)
that continuously adapts IRS configurations based on
real-time performance feedback. Unlike reinforcement
learning methods, which require complex
state-action modeling, the proposed solution relies on
direct performance-driven optimization, offering better
convergence and lower computational
complexity [11, 12].

This work contributions are:

Development of IRS channel model.

Feedback-driven learning algorithm that iteratively
updates IRS reflection coefficients using a
Signal-to-Interference-Plus-Noise Ratio (SINR)-based
loss function, while Resulting Bit Error Rate (BER) is
used only as an evaluation metric.

Simulations comparing the model in this work with
benchmark algorithms are provided.

Algorithm’s theoretical properties and convergence
conditions are discussed.

The impact of IRS elements, learning rate, and
environmental dynamics on system performance is
analyzed.

The presented work advances IRS-assisted wireless
communication with a feedback-driven, Stochastic
Gradient Descent (SGD)-style controller that optimizes
IRS phases using measured performance (SINR/BER)
instead of explicit CSI. The approach of IRS phase
optimization as a function of intelligent learning through
updating phases, employing lightweight gradient steps
estimated from measurements (SINR/BER), proves to be
an efficient technique.

Compared with CSI-dependent, the proposed SGD
based feedback offers low-complexity, fast-adapting
controller that captures most of the performance gains
while remaining simple enough for real-time use. This
practicality is key for dynamic or resource-constrained
deployments.

The rest of this paper is divided as follows: Related
Works, Material and Methods, Mathematical Modeling,
Results and Discussion, Future Work, Conclusion,
References.
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II. RELATED WORKS

Single and multi-IRS systems, including spectrum
sensing, beamforming, and interference mitigation, have
been studied in the literature. Nevertheless, not much is
known about feedback-driven learning models that
maximize IRS patterns. In this paper, absence of
integration between current deep learning and intelligent

feedback loop advancements and realistic IRS
convergence models is discussed.
Research on IRS-assisted systems has increased

recently, encompassing deep learning, signal processing,
and optimization theory. A number of studies use semi
definite relaxation or alternating optimization to optimize
beam forming and IRS reflection coefficients at the base
station simultaneously [13, 14]. Although these
approaches have theoretical potential, they are not
appropriate for large-scale or dynamic deployments and
frequently have substantial processing costs. Learning-
based approaches have been developed to overcome these
constraints. IRS controllers have been trained using RL
frameworks based on reward feedback; however, these
approaches have convergence delays and necessitate
intricate environment modelling [15, 16]. Although
generalization is still limited, supervised learning
techniques have also been employed to discover the best
IRS settings using labelled CSI datasets [17].

In large, time-varying deployments, data-driven
schemes such as Deep Reinforcement Learning (DRL) or
supervised models often run into practical limits, as they
rely on high-quality CSI, leading to significant
per-iteration solve and training cost, and can struggle with
stability or out-of-distribution generalization. These
constraints motivate the use of measurement-driven,
gradient-based control that updates an IRS directly from
critical parameters, such as SINR or BER, by obtaining
feedback data and applying SGD style phase updates
without explicit CSI. Such controllers keep compute and
reaction times low while accommodating hardware
realities (quantized phases, finite update latency).

A lightweight substitute is provided by gradient-based
techniques, especially those influenced by stochastic
optimization. By applying a performance-driven loss
function, these techniques can immediately modify IRS
settings without requiring full channel estimation. Recent
research has demonstrated that in these adaptive IRS
systems, performance measurements such as SINR or
BER can be utilized as indicators for effective
performance [18—20].

Additionally, IRS applications have expanded into new
fields including intelligent vehicle systems and Unmanned
Aerial Vehicles (UAV)-based relays as a result of
integration with edge computing and mobile
robotics [21, 22] energy-efficient 6G architectures are
made possible by IRS, which is also essential to green
communications.

IRS wuses have expanded beyond conventional
single-cell settings thanks to recent research initiatives.
IRS has becoming more popular, especially in multi-hop
and multi-cell wireless networks. According to
Refs. [23, 24], multi-hop IRS systems provide for better
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connectivity and longer communication ranges in areas
that are shaded or obstructed. In order to align phases
across hops, these networks frequently use cooperative
beamforming in conjunction with cascaded IRS panels for
signal relaying.

IRS in aerial networks is another important field of
research. IRS panels have been used with Unmanned
Aerial Vehicles (UAVs) to act as dynamic airborne
reflectors. Mobility-aware IRS designs can enable UAV
base stations, allow Line-of-Sight (LOS) continuity and
improve coverage in rural or disaster recovery scenarios,
as shown in studies like Refs. [25—27]. Static IRS is not as
flexible as IRS-equipped UAVs, which may
self-reposition to maintain beam alignment.

IRS control paradigms are also being shaped by
Federated Learning (FL) and Reinforcement Learning
(RL). Federated learning reduces backhaul strain and
protects privacy by allowing remote IRS systems to jointly
train beamforming models without central data pooling. In
contrast, RL gives IRS nodes the ability to modify phase
shifts in response to input from the environment. Methods
in Refs. [28, 29] demonstrate how Q-learning and
policy-gradient tactics aid IRSs in learning the best
configurations under unpredictable or changing
circumstances.

In addition to algorithmic innovation, academics are
tackling hardware and energy limitations in practical
implementations. Scalability problems are introduced by
IRS arrays’ static control models as they get bigger.
IRS states are optimized while power drain is minimized
via energy-conscious control algorithms such as those in
Refs. [30—32]. IRS test beds with wake-up radio circuits
or energy harvesting are being considered for industrial
applications in order to increase sustainability without
compromising performance [33, 34].

Additionally, test environments and benchmark datasets
for evaluating IRS protocols have surfaced. Open IRS
measurement data obtained in both indoor and outdoor
trials has been published in practical research [35-37].
Future IRS modelling initiatives are informed by these
benchmarks, which direct simulation assumptions. The
IRS research ecosystem is further enhanced by the variety
of frequency ranges (sub-6GHz, mmWave, and THz). IRS
has also shown promise for integration with edge
computing [38, 39]. Here, IRS nodes and edge servers
collaborate to perform signal processing and data
inference. With the help of this hybrid control, IRS can
affect cache and compute offloading tactics in addition to
influencing wireless propagation.

The expectations for handheld devices are being
redefined by the quick development of communication
technologies and the emergence of the Internet of Things.
Modern gadgets must effectively integrate many features
due to the growing reliance on wireless networks for
continuous connection and data transfer. As essential parts
of wireless devices, antennas must adjust to these changing
requirements. This is caused by the growing complexity of
wireless devices, which need to serve a wide range of
applications, function over several bands, and be flexible
enough to adjust to changing conditions [40—44].
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Although reconfigurable surfaces are showing promise
as a remedy for the above-described issues, there are still
issues that need to be resolved, including their size, biasing
complexity, and power requirements. Re-configurability,
or n the capacity to dynamically modify operating
characteristics to satisfy particular system requirements,
has emerged as a possible solution to these problems in
antenna designs. In order to retain optimal performance
under various circumstances, reconfigurable antennas can
modify  their frequency, emission pattern, or
polarization [45, 46].

In this work, adaptive optimization and analytical
modelling is used to improve conventional Intelligent
Reflecting Surface (IRS)-assisted communication. In order
to maximize beamforming performance, a unique
multi-hop IRS system is suggested and assessed using
gradient-based learning, exponential energy connections,
and stochastic SINR modelling. This paper presents a
novel gradient-driven adaptive IRS control strategy
inspired by the principles of SGD. IRS optimization
problem is formulated as a performance feedback-driven
learning task, allowing the system to iteratively refine its
IRS configurations based on real-time SINR and BER
metrics. This approach facilitates continuous adaptation to
environmental changes while maintaining low
computational complexity. By leveraging a scalar loss
function derived from system performance metrics, the
model autonomously updates IRS parameters toward
convergence without requiring explicit channel modeling.

There are three things this work contributes. First, a
thorough mathematical model that takes phase shifts and
environmental variability into consideration while
capturing the impact of IRS on the wireless channel is
discussed. Second, a feedback-driven learning approach
that uses system loss gradients to adaptively update IRS
coefficients is analyzed. Third, utilizing simulations and
empirical evaluation measures, the presented model is
benchmarked and compared with other works, showing
gains in SINR, BER reduction, and convergence time.

It is important to look at the role of IRS controllers. An
IRS, an intelligent reconfigurable surface that reflects
radio waves with per-element, typically quantized phase
control relies on an IRS controller, as the
software/firmware that interfaces with the Base Station
(BS) over a control link, computes the phase-shift vector
under hardware limits.

III. MATERIALS AND METHODS

The thorough process for modelling, configuring, and
optimizing the IRS-assisted wireless communication
system is described. To guarantee practical applicability,
the methodology combines simulation-based validation,
adaptive learning control, and theoretical modelling, with
Table I presenting the used simulation parameters.

The research-based system consists of a Base Station
(BS), an Intelligent Reflecting Surface (IRS), and User
Equipment (UE), where the IRS is positioned to
intelligently control signal propagation between the BS
and the UE. The BS transmits signals, which are partially
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reflected by the IRS before being received by the UE. The
IRS consists of N passive reflecting elements that adjust
their phase shifts to control the direction of the reflected
signals. The wireless channel is modelled by considering
both the direct BS-UE path and the reflected BS-IRS-UE
path. The signal received at the UE is mathematically
represented as the superposition of these two components
using matrix operations that incorporate the IRS phase-
shift vector. The reflected IRS channel is modelled by
separating it into the BS-IRS and IRS-UE links, while the
direct BS-UE channel is modelled using a typical Rayleigh
fading channel. Rather than relying on full CSI, the IRS
elements are configured using a feedback-based learning
technique.

TABLE I. SIMULATION PARAMETERS

Parameter Value/Setting
Carrier frequency 28 GHz
System bandwidth 100 MHz
BS-IRS distance 50 m
IRS-UE distance 20 m
Reference distance (path loss) Im
Path-loss exponent 3.5
Noise PSD —174 dBm/Hz
Transmit power range 10-30 dBm
Reflection coefficient range 0.1-1.0
Number of IRS elements {32, 64, 128}
Learning rates examined {0.01, 0.05, 0.10}
Modulation scheme BPSK

Monte Carlo realizations per point (10%)

Iterative updates are made to the phase shift
configuration vector using a scalar loss function L(6)
derived from the SINR. In all simulations, the primary loss
is defined by Eq. (1).

L(8) = SINR¢grget — SINR(6)? (1)
where 8 = [0, ..., 0y]" denotes the IRS phase vector and
SINRg4rget s a design parameter, and this loss function is
adopted for all Stochastic Gradient Descent (SGD) updates
in the implementation.

This method allows for real-time flexibility while
cutting down on overhead.

SGD is employed for intelligence implementation. The
IRS reflection coefficients are updated via the formula in

Eq. (2):

6 =6-—-—nxVL() 2)
where 0 stands for the phase shifts, L(#) is the loss
function, and # is the learning rate. Performance feedback
from the UE is used to compute the instantaneous loss
L(6), while the gradient VL(8) is obtained analytically
from the model as detailed in the Gradient Computation
paragraph.

MATLAB is used for simulations. IRS surfaces are
modeled with different element densities (N =32, 64, 128),
and it is assumed that a multipath fading urban
communication scenario is considered. SINR and Bit Error
Rate (BER) are computed under various mobility
conditions. The work considers a single BS-IRS-UE link
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with small-scale fading, log-distance path loss, and
Additive White Gaussian Noise (AWGN). Key simulation
parameters include IRS size (N), Reflection Coefficient
(R¢), and transmit power (P;). Table I shows the detailed
parameters used in the simulation.

Fig. 1 show IRS Schematic illustrating the Base Station
(BS), IRS panel, and User Equipment (UE), with Fig. 2
showing the IRS structure with the implemented learning
algorithm.

y IRS
A EEEEN
EEEEN
mEEEER
h
," Reflected
," Direct
(g)"' " .'
Base User
station equipment
> X

Fig. 1. Schematic showing an IRS-assisted wireless link.

Learning
Algorithm

f

Fig. 2. System architecture of an IRS-assisted wireless communication
network with a learning-based phase control mechanism.

Fig. 1 illustrates a BS-IRS-UE link within a dynamic,
blockage-prone environment (e.g., mmWave, indoor
scenarios, or dense-urban settings), where channel
propagation evolves faster than conventional controllers
are able to track. Composed of numerous passive elements
capable of reshaping the wireless channel, an IRS renders
manual tuning of hundreds of elements impractical.
Furthermore, classical optimization approaches require
accurate Channel-State Information (CSI); acquiring CSI
for large-scale IRS systems incurs substantial overhead
and latency. In addition, cross-coupling across BS-IRS-UE
channels together with hardware and estimation errors
further complicates static optimization designs.

To address these constraints, the architecture in Fig. 2
integrates learning algorithm controller that closes a
feedback loop using measured indicators, such as SINR
and BER to learn IRS phase shifts in real time. Concretely,
a gradient-based (SGD-style) update is employed to adapt
the reflection vector directly from performance feedback,
without explicit CSI achieving faster convergence and
lower computational complexity, which is essential for
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real-time  operation near the network edge.
This learning-driven control paradigm is consistent with
recent IRS literature that motivates ML for scalable, low-
overhead adaptation of phase configurations in dynamic
deployments (mmWave/THz, mobility, and multi-panel
scenarios).

The BS transmits to the UE via an IRS, where the IRS
is controlled by a learning algorithm. The IRS elements
apply phase shifts ; to optimize the received signal.

The proposed learning algorithm adjusts IRS reflection
weights using a feedback loop inspired by
backpropagation. A performance loss function (L(8)) is
minimized using a learning rate (), and IRS weight
parameters (w;) are updated iteratively. The IRS serves as
the main link, and it is expected that the channel between
the BS and UE is highly obstructed.

The Rayleigh distribution for small-scale fading and log
distance path loss for large-scale attenuation are used to
construct random channel realizations. To maximize the
received SINR, the IRS phase shifts are iteratively adjusted
using the SGD-based learning algorithm. The phase vector
is updated at each iteration by computing the gradient of
the SINR-based loss function. Over the course of multiple
iterations, convergence behavior is observed.

The loss function L(8), is minimized through iterative
updates. Reflection weights w; are adjusted using gradient
descent. The system observes the error between measured
performance (4, and target output (D), computes
gradients, and applies weight corrections. Learning rate #
controls the pace of adaptation. Higher # accelerates
training but risks oscillation, while lower # improves
stability. The used algorithm is as below Algorithm 1:

Algorithm 1. SGD-Based IRS Phase Adaptation

Initialize phase vector 6(0), learning rate #, and SINRarger.
For each iteration = 0,1,...,7-1:

Transmit pilot symbols from the BS.

Measure instantaneous SINR(") at the UE.

Compute the loss L(8(¢)) = (SINRrget—SINR((£)))>.
Evaluate the gradient I L(6(t)).

Update phases 8“1 = 0(t)—n 7 L(6(?)).

Stop when || /9 L|| or |L(t+1)—L(#)| falls below a tolerance, or

when t=T

Initialize IRS phase
shifts 8;,..6,

!

Estimate channel
gains

Converged?

Apply SGD
update rule

Fig. 3. IRS adaptive control.
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The flowchart in Fig. 3 illustrates this control loop: This
approach is consistent with recent models in Refs. [47-49].

IV. MATHEMATICAL MODELING

This section derives the analytical expressions of the
SNR, SINR, and BER for the IRS-assisted wireless
communication system. Additionally, it illustrates how the
employed learning algorithm, SGD, adaptively optimizes
IRS phase shifts to enhance these metrics.

The system consists of a BS, an IRS, and a UE. The IRS
reflects signals from the BS towards the UE by applying
phase shifts to the incident waves.

Let the received baseband signal at the User Equipment
(UE) be expressed and modeled as in Eq. (3):

y=(hg + GPH)x +n 3)
where:

hq € C”!is the direct BS-UE channel if exists.

H € CM! is the BS-IRS channel Matrix.

G € C"Vis the IRS-UE channel Matrix.

@ = diag (eY,...,e{™): Diagonal matrix of IRS
element phase shifts.

n: Complex Gaussian (normal) random variable with
mean = 0 and variance = 6%, CN (0, 6*), AWGN noise with
power .

x: Transmitted symbol.

The effective channel can be computed using Eq. (4).
where Ay is considered if there’s a clear or weak path
directly from BS to UE (no obstruction), then it contributes
significantly. In purely Non-Line-of-Sight (NLOS) or
blocked scenarios, it can be negligible or even zero.

Thus, SNR at UE can be computed using Eq. (5).

Pex|hess|”
0—2

SNR(6) = (%)

Eq. (6) shows how strong the received signal is, relative
to the background noise, given the transmit power, channel
conditions, and noise level. The IRS contributes to
boosting |%.41%, thereby improving SNR. However, in a
multi-user environment with interference power I, the
SINR, thus it is essential to take interference into account,
resulting in Eq. (6).

2
Ptx|heff|
o2+1

SINR = (6)

Assuming BPSK modulation, to establish systems
effectiveness and communication channel reliability the
Bit Error Rate (BER) is approximated as Eq. (7):

)

2
BER=Q| [2x (—’*X"leff|

o2+1

(7
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where @ (.) is the tail probability of the standard Gaussian
distribution.
The loss function can be related to SINR as shown
in Eq. (8).
L(6) = —SINR(O) ®)
The key contributions of SGD can be summarized as
follows:
It adaptively optimizes the IRS phase shifts.
It relies on scalar SINR feedback rather than requiring
full Channel State Information (CSI).
It updates the IRS configuration to maximize SINR
with low complexity and high adaptability.
Eq. (8) is adopted as the only loss function used in the
SGD loop; alternative BER-based formulations are

discussed in Nomenclature for completeness.
The SGD update can be described as in Eq. (9).

Oes1 = 0, —nVo(=SINR(6,)) ©)
where:

n: learning rate.

V2 Gradient of the loss function with respect to phase
vector 6.

To maximize SINR and minimize BER, @ is optimized
such that /.y is maximized, using the function in Eq. (8)
and the SGD update rule in Eq. (9). The system adaptively
learns the optimal configuration to maximize received
signal quality. At each iteration, the SINR and BER are
recalculated, guiding the gradient update toward
convergence.

The SINR at a target wireless node is described by
Eq. (10).

12
N 0;
Pt|2i=1 aihirs;e’ ‘|

02421 Ik

SINR = (10)

where:
P,: Transmit power.
a;: Reflection amplitude Coefficient of hyg,

hygs;: Channel response from BS to IRS then to user.

6;: Tunable phase shift of IRS element i.

o2: Noise variance.

I, interference from other source.

The expression in Eq. (10) is optimized by adjusting «;
and 0; , leading to an adaptive reflection profile.

Each IRS element is modeled by a complex weight
w; = a;e/%, where a; € [0,1] is the reflection amplitude
and 01 is the programmable phase. In the optimization, § =
[01,..., On]" is treated as the parameter vector, while w;is a
deterministic function of 6.

Eq. (10) is derived from the received signal power over
total interference plus noise. The summation represents the
coherent superposition of signals reflected by IRS
elements. Each ¢; is a tunable reflection amplitude, and
6; is the phase shift applied. IRS optimizes these
parameters to maximize the signal term in the numerator.
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SINR improves with increased alignment between
reflected paths and desired signal.

The backpropagation inspired IRS update mechanism is
based on the model in Egs. (11)—(14), by defining an
objective loss function L. This is a standard Mean Squared
Error (MSE) loss function used in machine learning. In
IRS optimization, the target value represents the desired
SINR, while the observed value is the instantaneous SINR
after IRS adjustment; BER is computed from SINR only
for performance evaluation, while A; is the observed
metric after IRS adjustment. The loss drives the feedback
mechanism that updates IRS weights toward optimal
settings.

L(6) = 5 21, (D, — A,)? (11)
where;

D, : Desired output SINR or BER target

A;: Actual output after ¢-th iteration

T: Number of iterations

The weight update for the IRS reflection pattern is given
by Eq. (12). This expression uses gradient descent to
minimize the loss. # is the learning rate, controlling update
magnitude. The derivative term reflects how sensitive the
performance metric is to a small change in IRS weight w;.
By updating in the direction of steepest descent, the system
converges toward optimal IRS configuration.

oL

86,(t) = = 5o (12)
The learning rule is given by Eq. (13):
oL _ (oL _ dw;\ _ _ 0A;
a0(t) (6wi X aei) = (A= D) x a0(t) (13)

The SGD technique is adopted to realize intelligence.
The IRS reflection coefficients are updated with the
learning rule shown in Eq. (14):

L

d
it +1) =0:(6) =1 355

(14)

where:

6;(t): IRS phase or amplitude for element i.

n: Learning rate (adaptive or fixed).

This formulation applies gradient descent and enables
the closed loop update of IRS elements to minimize SINR
loss and BER cost. Simulation and curve-fitting of
empirical data show that the transmit power is
exponentially correlated with Reflection Coefficient (Rc)
and number of IRSs (Nzs).

This relationship is given by Eq. (15):

P, = Py x exp(y1R; + V2Nigs) (15)

Its linearized logarithmic form is presented in Eq. (16):

log.P, = log.Py + y1Rc + V2Nigs (16)
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wherePydenotes the baseline transmit power (i.e., when
R, = 0 and N;zg = 0), and y; and y, are empirical slope
coefficients obtained from simulation.

This formulation captures the relationship between the
IRS configuration and power efficiency. Larger values of
the reflection coefficient R, and the number of active
panels N;s increase the gain, yet they also affect overall
power consumption—an effect empirically modeled by y;
and y,.

To minimize the BER, we adopt a heuristic
learning-based approach, which relies on the following
standard relation (see Egs. (17)—(18)):

BER = Q(V2SINR) (17
where Q(.) is the tail probability of the standard Gaussian
distribution. Applying chain rule results in Eq. (18).

( )

Eq. (17) approximates BER for binary modulation
schemes. The Q-function reflects the tail probability of
Gaussian noise exceeding a SINR threshold. As IRS
improves signal alignment, SINR increases and BER drops
exponentially, confirming the impact of intelligent surface
tuning. Eq. (18) ties the BER minimization to IRS weights,
creating a unified optimization function.

To formalize the learning process applied in this work,
its resemblance to the classical SGD algorithm is
compared. SGD is widely used for iterative optimization
in machine learning, where model parameters are updated
based on the gradient of a loss function evaluated over data
samples. In the presented IRS system, the weights
corresponding to phase shifts or reflection coefficients are
adjusted similarly in response to real-time SINR and BER
measurements. This method employing SGD does not
require batch data or reward modeling, which
distinguishes it from supervised learning or reinforcement
learning. Instead, it focuses on minimizing a scalar loss
function defined over SINR or BER feedback.

dBER __
ae; -

dBER
dSINR

dSINR
do;

(18)

V. RESULT AND DISCUSSION

This section presents the simulation results obtained
from the IRS-assisted communication system optimized
via SGD. The performance metrics evaluated include
SINR, Bit Error Rate (BER), and learning convergence
behavior over iterations. The results demonstrate how
adaptive IRS control significantly improves SINR and
BER performance while achieving rapid convergence.

Fig. 4 represents SINR versus learning rate and Rc.
From the figure, we can observe that SINR rises as both
the learning rate and Rc increase.

A. Monotonic Increase in SINR

The surface rises smoothly in both Rc and learning rate
directions.

This indicates a positive correlation, as either the
learning rate or Rc increases, SINR also increases.
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Fig. 4. SINR behavior as function of R¢ and learning rate.

B.  Effect of Reflection Coefficient (RC)

Higher Rc means IRS reflects more signal energy rather
than absorbing or scattering it.

As Rc approaches 1.0 (perfect reflection), SINR
improves significantly.

C. Effect of Learning Rate

A higher learning rate improves the convergence
behavior of the SGD algorithm, as seen by better SINR at
higher values.

In real scenarios, excessively high learning rates can
lead to instability or divergence.

The top-right corner of the surface corresponds to high
RC and high learning rate values and yields the best SINR
performance. This observation suggests that SGD
optimization achieves the most favorable outcomes under
high IRS reflectivity with an aggressive yet stable SGD
learning rate.

For instance, at Rc = 0.8 and # = 0.05, the proposed
controller increases the average SINR from approximately
8 dB with a static IRS configuration to about 17 dB under
SGD-based adaptation, corresponding to a gain of roughly
9 dB.

This result supports the design of IRS-assisted systems
where higher reflection and well-tuned SGD parameters
can be leveraged to maximize SINR. Highlights the
importance of choosing the right learning rate, where too
small rate leads to slow convergence, too large could be
unstable. It also supports high-quality IRS panels (high R¢)
to achieve better performance in SGD-optimized
configurations.

Fig. 5 represents SINR versus transmitter power and Rc.
From Fig. 5, it is seen that increasing the transmission (Tx)
power generally improves signal strength, which
consequently enhances the SINR. The R¢ models how
effectively the IRS reflects the incident wave, where a
higher Rc¢ indicates that more energy is directed toward the
receiver. The SINR represents the quality of the received
signal after optimization through the IRS and is therefore
a crucial metric for evaluating communication reliability.
As both Tx power and Rc increase, the SINR improves;
however, this relationship is nonlinear. The improvement
in SINR begins to show diminishing returns beyond
certain Tx power levels, reflecting practical limitations
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caused by factors such as interference and path loss.
Furthermore, higher IRS reflection efficiency significantly
enhances the SINR, particularly at moderate transmission
power levels. The curvature and gradient pattern of the
resulting surface demonstrate the sensitivity of SINR to
simultaneous changes in Tx power and Rc¢, which is
particularly important for Stochastic Gradient Descent
(SGD)-based learning and optimization adjustments.

SINR

Fig. 5. SINR behavior as a function of transmit power and R,

At P,=20 dBm and R¢ = 0.9, the SINR improves from
around 7 dB without IRS phase optimization to
approximately 19 dB with the proposed SGD-based phase
control, yielding an SINR gain of about 12 dB.

Figs. 4 and 5 reveal that the optimal SINR is obtained
by combining a highR.with a carefully tuned learning
raten. This observation is supported by previous IRS
learning-efficiency studies, such as Refs. [S0-52].

The simulation results demonstrate that increasing the
number of IRS elements significantly improves the SINR.
For instance, an IRS with 128 elements achieves a 12 dB
gain in SINR over a 32-element configuration.
Specifically, for N= 32, 64, 128, the average SINR values
are approximately 8 dB, 14 dB, and 20 dB, respectively,
confirming an SINR improvement of about 12 dB when
scaling the IRS from 32 to 128 elements and around 6 dB
when doubling from 32 to 64 elements. This shows that
larger IRS arrays provide finer control over signal
reflection and constructive interference. This is also
supported by IRS benchmarking studies in Refs. [53—55]
Implementation, techniques and directions are explored in
many research works [56—58].

14

SINR (dB)
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Fig. 6. SINR as a function of number of IRS elements.
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Fig. 6 shows the response curve for SINR as a function
of Number of IRS elements. Fig. 6 shows that as the
number of IRS elements increases, the SINR improves
substantially. This is supported by Fig. 7, which shows
increasing transmit power. The adaptive IRS configured
using SGD consistently outperforms static IRS due to
better phase alignment.

SINR (dB)
[0} ) ~N )

»

w

10 11 12 13

Transmit Power (dBm)

14 15 16

Fig. 7. SINR as a function of transmit power.

The indication that increasing the IRS scale improves

SINR holds under the following modeling assumptions:

e The IRS contributions are phase-aligned (via the
controller) so that reflected paths combine coherently
at the UE.

Channels on the BS—IRS and IRS—UE legs are
sufficiently uncorrelated (or at least not adversarial
correlated) so that adding elements/panels increases
the effective aperture rather than canceling energy.
Hardware constraints (reflection coefficient R¢, phase
quantization, update latency) do not materially degrade
alignment i.e., Rc is high and quantization is fine
enough.

IRS panels are well-placed (favorable geometry and
LoS) and time-synchronized, avoiding path-length
offsets that would decorrelate the sum.

The system is noise-limited or moderately
interference-limited, and transmit power, bandwidth,
and interference statistics are held fixed across the
sweep.

Mutual  coupling and  scattering  between
panels/elements are negligible in the operating band.
Under these conditions, the effective channel
amplitude grows roughly o N (number of coherently
controlled contributions—either elements or panels),
so received power (and hence SINR) grows roughly
o N? before diminishing returns appear due to
correlation, geometry, or interference saturation.

In practice, the trend can flatten or break if any

assumption fails (strong element/panel correlation, poor

placement, low Rc, coarse quantization, or heavy
interference); our figure is generated in the regime where
those effects are bounded, which is the standard setup in

IRS scaling studies and in our simulation framework

(single BS-IRS-UE link with long-distance path loss,

small-scale fading, AWGN, fixed transmitter power, and

controller-driven phase alignment).
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Fig. 8 shows a clear downward trend as Rc increases.
The following can be observed in Fig. 8.

0.4

0.3

BER
o
N

0.1

01 02 03 04 05 06 07 08 09 1.0
Reflection Coefficient

Fig. 8. BER as a function of Reflection Coefficient (Rc).

e The plot illustrates a monotonically decreasing trend,
which confirms a negative correlation between Rc and
BER.

e As the IRS reflects more of the incident signal (i.e.,
higher R¢), the effective signal strength at the receiver
increases, thereby reducing the bit error rate.

o Atlow Rcvalues (Rc=0.1to 0.3), the BER is relatively
high (above 0.3), indicating poor signal reflectivity and
weak signal delivery to the receiver.

e As Rcapproaches 1, the IRS operates with near-perfect
reflectivity, sharply reducing BER to values below 0.1,
indicating higher communication reliability.

e The curve is non-linear and concave, meaning the
marginal reduction in BER decreases as R¢ increases.
This suggests diminishing returns the benefit of
increasing Rc from 0.1 to 0.4 is much greater than
increasing it from 0.7 to 1.0.

e For practical system design, pushing R¢ values toward
0.8 or higher is beneficial, especially in applications
requiring ultra-low BER. It also implies that
optimizing Rc¢ in the range of 0.4—0.8 gives significant
BER improvements without requiring ideal
reflectivity.

e The observed learning behavior can also be leveraged
during SGD optimization weighting higher Rc
elements more aggressively in early iterations
improves convergence and lowers BER faster.

At Rc = 0.3, the BER is approximately 3 x 107!, while
at Rc= 0.9 it drops to about 2 x 1072 corresponding to more
than an order-of-magnitude reduction in error probability
as IRS reflectivity increases.

The plot in Fig. 8 reinforces the critical role of IRS
reflectivity in enhancing communication performance.
The BER reduction as Rc increases highlights the
importance of accurately tuning or learning IRS phase
shifts and reflection coefficients using algorithms like
SGD. The diminishing returns also suggest a trade-off
zone where acceptable BER can be achieved without
necessitating ideal hardware.

Fig. 9 shows R¢ convergence as a function of iterations,
which will implicitly affect BER and SINR. From Fig. 9,
it is observed that:
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e Rc increases from a low initial value (0.05) to above
0.9 within the first 50 iterations. This demonstrates
efficient convergence of the SGD algorithm.

e After 80 iterations, the curve starts to saturate,
indicating the algorithm is reaching stability. Beyond
120 iterations, the Rc value stays near 1.0, suggesting
that the IRS is optimally tuned.

e The smooth curve confirms gradual and stable learning
without oscillations or divergence. This indicates a
well-chosen learning rate and initialization approach.

e A higher Rc enhances IRS effectiveness in signal
reflection, leading to better performance metrics like
higher SINR, lower BER, and reduced latency.

1.0

RC Value
e o @
2 o

o
N

o
°

20 40 60 80 100 120 140
Iterations

(-]

Fig. 9. Rc convergence over iterations.

This plot confirms that the SGD-based optimization
strategy used in the IRS system is both efficient and stable.
It reliably tunes the reflection coefficient toward its
maximum effective value with minimal iterations,
ensuring real-time adaptability for dynamic wireless
environments.

In the simulation framework, the gradient of the loss
with respect to the IRS phases is computed analytically
from the closed-form SINR expressions in Eq. (6) and
Eq. (10); the resulting gradient is given in Eq. (19).
Using the chain rule:

oL ASINR(6)
20 = 2(SINR(8) — SINRarget) 2, (19)
ASINR(O) . . .
where ————is obtained from the effective channel /.y

by differentiating the numerator and denominator of
Eq. (10) with respect to 6. These expressions are
implemented symbolically and evaluated numerically in
MATLAB for each channel realization. In a practical
deployment without explicit channel knowledge, the same
update could be approximated using finite-difference
perturbations of 6, but such numerical estimation is
beyond the scope of this simulation study. Fig. 10 shows
learning rate sensitivity effect on convergence, where the
figure compares how different learning rates 7 affect the
convergence behavior of a learning algorithm (SGD)
applied to optimize the reflection coefficient in an IRS.
From Fig. 10, the convergence behavior varies
significantly with the learning rate n, as summarized
below:
e For n =0.01 , the system yields the slowest
convergence, requiring 130 or more iterations to
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approach convergence. This setting is useful for high-
stability scenarios but inefficient for time-sensitive
applications.

e Forn =0.05, the system achieves medium-speed
convergence, reaching a high convergence level within
approximately 60 iterations. It provides a balanced
trade-off between speed and stability.

oscillation.

100—150 iterations. Fig.

10 confirms that moderate
learning rates (7 = 0.05) achieve fast convergence without

Table II shows a detailed key performance metrics
obtained through simulation.

TABLE II. KEY PERFORMANCE INDICATORS

e Forn=0.1, the system demonstrates the fastest

. . . . Metric
convergence (around 20 iterations or more), making it !

Scenario/Reference
Point

Value/Observation

suitable for applications requiring fast adaptation.

However, caution is needed as it may risk instability in SINR gain vs static

Re=0.8, =005

Static IRS: = 8 dB;
proposed SGD-based

.. IRS (Fig. 4) IRS:~17dB —> =9
noisier systems. dB SINR gain
_ No IRS: =7 dB;
SINR gain vs no- (P'R_ iOOd;S)m, proposed SGD-based
1.01 IRS baseline e IRS: =19dB - =12
5 (Figs. 5 and 7) dB SINR gain
> =
] o8 SINR vs number of f(“ll)\:ed ?;’)6g’ tlirzngi)z:(ti y32 = 8 dB, y64 =14
o IRS elements > op dB, y128 = 20 dB
J 0.6 phases (Fig. 6)
5 BER drops from =
o -1 ~
il BER reduction Rc=03-0.9, G ><1072) to
o . . 2x10?2->>1
: with increasing Rc¢ BPSK (Fig. 8) .
8 o3 — n=0.01 order-of-magnitude
S o — =005 gain
— n=01 =
0.0 ! : | ; Convergence tole(:it;lceo;o;;, £ ~ 120-130 iterations
0 20 40 60 80 100 120 140 iterations stead ;tateo © to converge (very
Iterations (slow learning) (Figy 10) stable, slow)
Fig. 10. Convergence sensitivity across learning rates. _ ~ 60 iterations to
Convergence n =0.05, tolerance ~
. . P iterations (balanced 5% of steady state converge (good
Thus, a higher learning rate significantly accelerates Jearning) (Fig. 10) trade-off between
convergence, but too high may risk overshooting or = 0700 szeo‘f‘g@ stability)
: : : onvergence 7 =0.10, tolerance = iterations
divergence. Also, a learning rate of 0.05 appears optimal ‘terations ~ 5% of steady state (fast but with mild

in balancing convergence speed and algorithm robustness (fast learning)

(Fig. 10)

overshoot/oscillation)

in this setting. The convergence is monotonic and smooth,
indicating well-behaved learning dynamics.

The results confirm the theoretical behavior of IRS
assisted systems. SINR grows exponentially with transmit
power and logarithmically with reflection coefficient.
Rc convergence in Fig. 9 shows learning stability within

TABLE III. COMPARISON WITH OTHER ALGORITHMS

To validate the effectiveness of the proposed adaptive
IRS framework using SGD, key performance indicators
including SINR enhancement, BER, and convergence
speed are presented in Table III.

Algorithm SINR BER Reduction Convergence Time Energy Efficiency Classification
Stochastic Gradient Descent (SGD) High High Moderate High High
Genetic Algorithm (GA) Moderate Moderate Low Moderate Moderate
Reinforcement Learning (RL) High Moderate Low Moderate Moderate
ADMM Moderate Moderate High Low Moderate
Deep Q Network (DQN) High High Moderate Moderate High
The comparison shows that the used method and  counterparts. The lower BER achieved confirms its

algorithm achieve competitive SINR gain while also
attaining a lower BER and faster convergence than most
other reported methods. Specifically, the adaptive
gradient-based loop requires fewer iterations while
maintaining a high level of performance. The BER
reduction and convergence time obtained in this work are
improved, with comparable SINR performance. These
results suggest that proposed system is suitable for
real-time deployment scenarios requiring low-latency
adaptation. Higher SINR gain and BER reduction, Lower
iteration counts for convergence, which collectively
validate the efficiency of the proposed approach.

The proposed SGD-based optimization framework
delivers superior SINR performance and faster
convergence than the reinforcement learning and heuristic

at Rc =
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suitability for reliable.

Overall, the numerical results demonstrate that the
proposed  feedback-driven
substantial performance gains over static or non-optimized
IRS configurations. For typical operating points, the
adaptive IRS provides SINR improvements of about 9 dB
when tuning the reflection coefficient and learning rate
(e.g., from 8 dB to 17 dB at Re=0.8, = 0.05), and around
12 dB when jointly optimizing the IRS phases and
increasing the number of elements from 32 to 128 (from
roughly 8 dB to 20 dB). These SINR gains translate into
pronounced reliability benefits, with the BER decreasing
from approximately 3 x 107" at Rc = 0.3 to about 2 x 1072
0.9. Taken together, the SINR, BER, and
convergence results confirm that the proposed SGD-based

SGD

controller yields
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IRS control offers an effective and computationally light
mechanism for enhancing link quality and energy
efficiency in IRS-assisted wireless systems.

VI. FUTURE WORK

There is a need to generalize the single-objective update
to a joint objective that balances several performance axes,
such as SINR maximization (or BER minimization),
spectral and or energy-efficiency. The plan is to optimize
L(0) =Y L,,(0)w,, with adaptive task weights w,, (e.g.,
uncertainty-based weighting, gradient-norm balancing, or
Multiple Gradient Descent Algorithm (MGDA)). This
allows trading off reliability (BER/SINR) against energy
and throughput under explicit constraints. In addition, the
adaptive system should be extended beyond a single
passive panel to heterogencous deployments, such as
multi-IRS and multi-hop topologies with asynchronous,
panel-local updates coordinated by an outer loop for power
and beamforming selection. In addition, consideration
could be given to hybrid active—passive IRS.

VII. CONCLUSION

A thorough analysis of a wireless communication
system aided by Intelligent Reflecting Surfaces (IRS) and
optimized with a Stochastic Gradient Descent (SGD)
learning method was reported in this paper. The
requirement for intelligent passive surface control to
improve signal quality, spectrum efficiency, and energy
saving in next 5G and beyond networks is the driving
force.

This work introduces a feedback driven learning
algorithm for adaptive IRS systems, with a complete
mathematical model and simulation analysis. Results
verify the efficiency of the presented approach across
SINR, BER, and convergence rate. As seen in recent
implementations, learning-aided IRS systems show
scalable efficiency in real-world scenarios.

This work technique provides a better trade-off between
complexity and performance when compared to recent
works that use heuristic, Reinforcement Learning (RL), or
gradient-based hybrid tactics. The SGD learning method is
a viable option for scaled IRS deployment since it
guarantees low computing overhead, quick convergence,
and adaptability for distributed and real-time situations.
SGD optimization provides a fair compromise between
ease of implementation and performance.

For Future work, it is recommended that the following
is carried out:

e Extend the loss to multi-task optimization (jointly
maximizing SINR and spectral-/energy-efficiency with
task-weighted objectives)

e Support heterogeneous IRS (mixed active/passive
elements and discrete-phase hardware), and scale to
multi-user MIMO with multi-IRS topologies using
block-coordinate SGD with proximal updates.

o Investigate federated/on-device learning so panels can
adapt with no raw data sharing, and study robust
updates  under  hardware  impairments and
partial/quantized feedback.
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e Explore transfer learning to assist in new deployments
from previously converged sites.

NOMENCLATURE
Symbol Definition
Transmit Power of the base station or transmitter
P, typically measured in watts or dBm
o; Reflection amplitude Coefficient of hgs,
Channel response from BS to IRS then to user
hygs, (Channel gain)

Effective channel gain (magnitude squared),

[hed? considering both the direct and IRS-reflected paths.
0. Tunable phase shift of IRS element 7, (primary
' optimization variable)

Noise Variance: Noise power (variance of the

complex AWGN noise).
I Interference from other sources
R, Reflection coefficient of IRS
Nigs Number of IRS elements
w; Complex reflection weight of IRS _elernent i,
parametrized as w; = o;e’/%
n Learning rate in gradient descent

L(6) Loss function dependent on IRS phase configuration

BER Bit Error Rate
SINR Signal-to-Interference—plus Noise Ratio
SNR Signal-to-Noise Ratio
BS Base Station
UE User Equipment
IRS Intelligent Reflecting Surface
SGD Stochastic Gradient Descent
CsI Channel State Information
Vel Gradient of the loss function with respect to phase
vector 0
N Number of IRS elements
Channel between BS and IRS: Channel matrix from
H the Base Station (BS) to the IRS, representing the

propagation environment from BS to IRS
Channel between IRS and UE: Channel matrix from
G the IRS to the User Equipment (UE), representing the
propagation environment from IRS to receiver.
Diagonal phase shift matrix of IRS

Hr IRS reflection coefficient matrix (or effective channel
gain)
h_i Channel Gain
Power model constants: System performance metric
e (e.g., SINR)
Rc Reflection Coefficient
oL/ow Gradient of loss function with respect to IRS weight

CONFLICT OF INTEREST

The author declares no conflict of interest.

REFERENCES

[11 Q. Wu and R. Zhang, “Towards smart and reconfigurable
environment: Intelligent reflecting surface aided wireless network,”
IEEE Commun. Mag., vol. 58, no. 1, pp. 106-112, 2020.
doi: 10.1109/MCOM.001.1900107

[2] F. A. Felipe, “Unlocking the power of reconfigurable intelligent
surfaces: From wireless communication to energy efficiency and
beyond,” Appl. Sci, vol. 13, no. 21, 11750, 2023.
doi: 10.3390/app132111750



(3]

[10]

[12

—

[13

—

[15]

[16]

[17]

[20

=

(21]

Journal of Communications, vol. 21, no. 5, 2026

M. S. Cognitive, “Intelligent reflecting surface-assisted secure
multi-input single-output cognitive radio transmission,” Sensors,
vol. 20, no. 2, 3480, 2020. doi: 10.3390/s20123480

X. Pang, N. Zhao, J. Tang, C. Wu, D. Niyato, and K. K. Wong,
“IRS-assisted secure UAV transmission via joint trajectory and
beamforming design,” [EEE Trans. Commun., vol. 70, no. 2,
pp. 1140-1152, 2022. doi: 10.1109/TCOMM.2021.3136563

S. C. Yang, K. Huang, H. H. Niu, Y. Wang, and Z. Chu, “Weighted
sum secrecy rate maximization FOR Joint ITS and IRS-empowered
system,”  Entropy, vol. 25, mno. 7, 1102, 2023.
doi: 10.3390/e25071102

S. U. Hassan, Z. Ye, N. A. Khan, and H. Dong, “Sparse channel
estimation and passive beamforming for element-wise IRS assisted
OFDM system based on discrete phase shifts,” Phys. Commun., vol.
68, 102569, 2025. doi: 10.1016/j.phycom.2024.102569

S. Javadi, H. Shafiei, M. Forouzanmehr, A. Khalili, and H. H.
Nguyen, “Resource allocation for IRS-assisted MC MISO-NOMA
system,” [ET Commun., vol. 16, no. 13, pp. 1617-1627, 2022.
doi: 10.1049/cmu2.12431

W. Huang, Z. Han, L. Zhao, H. Xu, Z. Li, and Z. Wang, “Resource
allocation for intelligent reflecting surfaces assisted federated
learning system with imperfect csi,” Algorithms, vol. 14, no. 12,363,
2021. doi: 10.3390/a14120363

Q. Gu, D. Wu, X. Su, J. Jin, Y. Yuan, and J. Wang, “Performance
comparisons between reconfigurable intelligent surface and
full/half-duplex relays,” in Porc. IEEE Veh. Technol. Conf., 2021,
pp. 1-2. doi: 10.1109/VTC2021-Fall52928.2021.9625201

M. D. Renzo et al., “Reconfigurable intelligent surfaces vs. relaying:
Differences, similarities, and performance comparison,” /EEE
Open J. Commun. Soc., vol. 1, pp. 798-807, 2020.
doi: 10.1109/0JCOMS.2020.3002955

C. H. Pan et al., “Multicell MIMO communications relying on
intelligent reflecting surfaces,” IEEE Trans. Wirel. Commun.,
vol. 19, no. 8, Pp- 5218-5233, 2020. doi:
10.1109/TWC.2020.2990766

L. Cantos, J. Choi, and Y. H. Kim, “Active intelligent reflecting
surface for MISO wireless powered communication: NOMA or
TDMA?” IEEE Trans. Wirel. Commun., vol. 23, no. 11, pp. 17698—
17713, 2024. doi: 10.1109/TWC.2024.3456243

H. Yang, Z. Xiong, J. Zhao, D. Niyato, L. Xiao, and Q. Wu, “Deep
reinforcement learning-based intelligent reflecting surface for
secure wireless communications,” IEEE Trans. Wirel. Commun.,
vol. 20, no. 1, pp- 375-388, 2021.
doi: 10.1109/TWC.2020.3024860

E. A. Zaoutis, G. S. Liodakis, A. T. Baklezos, C. D. Nikolopoulos,
M. P. loannidou, and I. O. Vardiambasis, “6G wireless
communications and artificial intelligence-controlled
reconfigurable intelligent surfaces: From supervised to federated
learning,” Appl. Sci., vol. 15, no. 6, 3252, 2025. doi:
10.3390/app15063252

M. Shehab et al., “Terahertz multiple access: A deep reinforcement
learning controlled multihop IRS topology,” IEEE Open J.
Commun. Soc., vol. 5, pp. 1072-1087, 2024. doi:
10.1109/0JCOMS.2024.3357701

S. S. Omar, A. M. A. El-Haleem, 1. I. Ibrahim, and A. M. Saleh,
“Capacity enhancement of flying-IRS assisted 6G THz network
using deep reinforcement learning,” /EEE Access, vol. 11, pp.
101616101629, 2023. doi: 10.1109/ACCESS.2023.3315660

L. Zhang, S. Lai, J. Xia, C. Gao, D. Fan, and J. Ou, “Deep
reinforcement learning based IRS-assisted mobile edge computing
under physical-layer security,” Phys. Commun., vol. 55, 101896,
2022. doi: 10.1016/j.phycom.2022.101896

M. Shahwar et al., “Terahertz-based IRS-assisted secure symbiotic
radio communication: A DRL approach,” IEEE Access, vol. 13,
pp. 24014-24027, 2025. doi: 10.1109/ACCESS.2025.3539088

F. Tan, S. Pang, Y. Cao, H. Chen, and T. Lv, “Energy-efficient
device-to-device communications for green internet of things using
unmanned aerial vehicle-mounted intelligent reflecting surface,”
Drones, vol. 8, no. 4, 122, 2024. doi: 10.3390/drones8040122
A.Thsan, W. Chen, M. Asif, W. U. Khan, Q. Wu, and J. Li, “Energy-
efficient IRS-aided NOMA beamforming for 6G wireless
communications,” [EEE Trans. Green Commun. Netw., vol. 6,
no. 4, pp. 1945-1956, 2022. doi: 10.1109/TGCN.2022.3209617

Y. Yang, Y. Hong, X. Fan, D. Li, and Z. Chen, “Joint optimization
of data collection for multi-UAV-and-IRS-assisted IoT in urban

doi:10.12720/jcm.21.5.593-605

604

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

scenarios,”  Drones, vol. 9, 2, 121, 2025.
doi: 10.3390/drones9020121

L. I. Yang et al., “Real-world wireless network modeling and
optimization: From model/data-driven perspective,” Chinese J.
Electron.,, vol. 31, mno. 6, pp. 991-1012, 2022.
doi: 10.1049/cje.2022.00.191

Z. U. A. Tariq, E. Baccour, A. Erbad, and M. Hamdi,
“Reinforcement learning for resilient aerial-IRS assisted wireless
communications networks in the presence of multiple jammers,”
IEEE Open J. Commun. Soc., vol. 5, pp. 15-37, 2024.
doi: 10.1109/0JCOMS.2023.3334489

S. Amin, J. A. Sheikh, M. Amin, and B. A. Malik, “A deep
reinforcement learning for energy efficient resource allocation
Intelligent Reflecting Surface (IRS) driven Non-Orthogonal
Multiple Access Beamforming (NOMA-BF),” Phys. Commun.,
vol. 60, 102148, 2023. doi: 10.1016/j.phycom.2023.102148

A. M. Saleh, S. S. Omar, A. M. A. E. Haleem, I. I. Ibrahim, and M.
M. Abdelhakam, “Trajectory optimization of UAV-IRS assisted 6G
THz network using deep reinforcement learning approach,” Sci.
Rep., vol. 14, 18501, 2024. doi: 10.1038/s41598-024-68459-8

H. Shakhatreh, A. Sawalmeh, A. H. Alenezi, S. Abdel-Razeq, and
A. Al-Fuqaha, “Mobile-IRS assisted next generation UAV
communication networks,” Comput. Commun., vol. 215, pp. 51-61,
2024. doi: 10.1016/j.comcom.2023.12.025

J. Miao, T. Li, S. Bai, S. Yan, and Y. Zhao, “Secrecy capacity
enhancement in active IRS-assisted UAV communication system,”
Sensors, vol. 23, no. 9, 4377, 2023. doi: 10.3390/s23094377

K. K. Nguyen, A. Masaracchia, and C. Yin, “Deep reinforcement
learning for intelligent reflecting surface-assisted D2D
communications,” EAIl Endorsed Trans. Ind. Networks Intell. Syst.,
vol. 10, no. 1, pp. 1-8, 2023. doi: 10.4108/EETINIS.V10I1.2864
M. Fathy, Z. Fei, J. Guo, and M. S. Abood, “Sum rate optimization
for multi-IRS-aided multi-BS communication system based on

no.

multi-agent,”  Electron., vol. 13, no. 4, 735, 2024.
doi: 10.3390/electronics13040735

H. Salem et al, “Data-driven integrated sensing and
communication: Recent advances, challenges, and future

prospects,” ICT Express, vol. 11, no. 4, pp. 790-808, 2025.
doi: 10.1016/j.icte.2025.06.010

H. Pennanen, T. Hanninen, O. Tervo, A. Tolli, and M. L. Aho, “6G:
The intelligent network of everything,” IEEE Access, vol. 13,
pp. 13191421, 2025. doi: 10.1109/ACCESS.2024.3521579

P. Putranto, A. A. Hamza, S. Mabrouki, N. Armi, and 1. Dayoub,
“Reconfigurable intelligent surfaces for 6G and beyond: A
comprehensive survey from theory to deployment,” arXiv preprint,
arXiv:2506.19526, 2025.

A. Algahtani, A. Taneja, J. Alqahtani, and N. Alqgahtani,
“06G-powered efficient resource control through IRS-UE
association,” Sensors (Basel)., vol. 23, no. 21, 8713, 2023.
doi: 10.3390/s23218713

A. K. Singh, A. K. Maurya, R. Prakash, P. Thakur, and B. B. Tiwari,
“Reconfigurable intelligent surface with 6G for industrial
revolution: Potential applications and research challenges,”
Paladyn, vol. 14, no. 1,20114, 2023. doi: 10.1515/pjbr-2022-0114
X. Yue and Y. Liu, “Performance analysis of intelligent reflecting
surface assisted NOMA networks,” IEEE Trans. Wirel. Commun.,
vol. 21, no. 4, pp. 2623-2636, 2022.
doi: 10.1109/TWC.2021.3114221
K. Yang et al., “IRS-user matching and beamforming design for
multi-active-IRS-and-UAV-aided secure directional modulation
networks,” Chinese J. Aeronaut., vol. 38, no. 10, 103422, 2025.
doi: 10.1016/j.cja.2025.103422

A. Munira, J. Muguro, and W. Njeri, “A comprehensive review of
intelligent reflecting surfaces from hardware to industrial
integration and future directions,” Andalas J. Electr. Electron. Eng.
Technol., vol. 4, no. 1, Pp- 15-31, 2024.
doi: 10.25077/ajeeet.v4i1.100

X. Li, Z. Liu, X. Dong, X. Yue, and W. Tang, “Performance
analysis of IRS-aided cooperative NOMA-MEC system,” [ET
Commun., vol. 16, mno. 16, pp. 1934-1945, 2022.
doi: 10.1049/cmu2.12449

X. Tian, J. Guo, and Z. Ren, “Performance analysis of an IRS-
assisted SWIPT system with phase error and interference,” Sensors,
vol. 25, no. 12, 3756, 2025. doi: 10.3390/s25123756

J. Singh, S. Srivastava, S. P. Yadav, A. K. Jagannatham, and L.
Hanzo, “Energy efficiency optimization in reconfigurable



[41]

[42

—

[43]

[44

=

[45]

[46]

[47]

(48]

[49

[}

Journal of Communications, vol. 21, no. 5, 2026

intelligent surface aided hybrid multiuser mmWave MIMO
systems,” [EEE Open J. Veh. Technol., vol. 4, pp. 581-589, 2023.
doi: 10.1109/0JVT.2023.3307309

R. S. Valle, A. Kose, and H. Lee, “Context-aware beam selection
for IRS-assisted mmWave V21 communications,” Sensors, vol. 25,
no. 13, 3924, 2025. doi: 10.3390/s25133924

Z. Huang, L. Yang, W. Tan, and H. Wang, “Adaptable hybrid
beamforming with subset optimization algorithm for multi-user
massive MIMO systems,” Sensors, vol. 24, no. 13, 4189, 2024.
doi: 10.3390/s24134189

L. Wang et al., “Joint phase shift design and resource management
for a non-orthogonal multiple access-enhanced internet of vehicle
assisted by an intelligent reflecting surface-equipped unmanned
aerial vehicle,” Drones, vol. 8, no. 5, 188, 2024. doi:
10.3390/drones8050188

W. Liang, A. Abdrabou, E. F. Orumwense, and D. @. Madsen, “An
efficient algorithm for resource optimization in IRS-mmWave-
NOMA B5G wireless networks,” Heliyon, vol. 10, no. 3, €25107,
2024. doi: 10.1016/j.heliyon.2024.¢25107

E. M. Ali, W. A. Awan, A. Abbas, S. M. Abbas, and H. G.
Mohamed, “Compact frequency-agile and mode-reconfigurable
antenna for C-band, sub-6-GHz-5G, and ISM applications,”
Micromachines, vol. 16, no. 6, 724, 2025. doi:
10.3390/mi16060724

E. M. Ali, S. L. Gunamony, M. A. Alawad, and T. E. Alharbi,
“Compact, broadband, and high-gain four-port MIMO antenna for
future millimeter wave applications,” Micromachines, vol. 16, no.
5, 558, 2025. doi: 10.3390/Mi16050558

P. Freire et al., “Computational complexity optimization of neural
network-based equalizers in digital signal processing: A
comprehensive approach,” J. Light. Technol., vol. 42, no. 12,
pp. 4177-4201, 2024. doi: 10.1109/JLT.2024.3386886

W. Liu, X. He, H. Xu, Z. Wang, and A. Zhou, “Online deep learning
based energy efficient optimization for IRS-assisted eMBB and
URLLC services,” Phys. Commun., vol. 61, 102193, 2023.
doi: 10.1016/j.phycom.2023.102193

S. Sibio, C. Sestito, S. Ben Smida, Y. Ding, and G. Goussetis,
“Low-complexity convolutional neural network for channel
estimation,” Electron., vol. 13, no. 22, 4537, 2024. doi:
10.3390/electronics13224537

A. Khan, S. A. H. Mohsan, A. Elfikky, A. I. Boghdady, S. Ahmad,
and N. Innab, “A survey of intelligent reflecting surfaces:

doi:10.12720/jcm.21.5.593-605

605

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

Performance analysis, extensions, potential challenges, and open
research issues,” Veh. Commun., vol. 51, 100859, 2025.
doi: 10.1016/j.vehcom.2024.100859

M. Shi, X. Li, T. Fan, J. Liu, and S. Lv, “Multiuser beamforming
optimization for IRS-aided systems with discrete phase shifts,” /ET
Commun., vol. 16, mno. 13, pp. 1523-1530, 2022. doi:
10.1049/cmu2.12412

M. A. S. Sejan, M. H. Rahman, B. S. Shin, J. H. Oh, Y. H. You, and
H. K. Song, “Machine learning for intelligent-reflecting-surface-
based wireless communication towards 6G: A review,” Sensors, vol.
22, no. 14, 5405, 2022. doi: 10.3390/s22145405

A. Taneja, S. Rani, and W. Boulila, “Resource Control in IRS
Assisted Multi-Access Edge Computing for Sustainable 6G IloT
Networks,” IEEE Open J. Commun. Soc., vol. 6, pp. 2757-2765,
2025. doi: 10.1109/0JCOMS.2025.3547011

P. K. Gkonis, A. Giannopoulos, N. Nomikos, P. Trakadas, L.
Sarakis, and X. Masip-Bruin, “A survey on architectural approaches
for 6G networks: Implementation challenges, current trends, and
future directions,” Telecom, vol. 6, no. 2, 27, 2025.
doi: 10.3390/telecom6020027

P. Varga, AL Jaszberényi, D. Pasztor, B. Nagy, and M. Nasar,
“How beyond-5G and 6G makes IlIoT and the smart grid green—A
survey,” Sensors, vol. 25, no. 13, 4222, 2025.

J. S. Sheu and C. Y. Ho, “Optimising energy harvesting and
throughput for UAV-assisted IRS systems with adaptive energy
harvesting,” [ET Commun., vol. 19, no. 1, €70045, 2025.
doi: 10.1049/cmu2.70045

W. M. Othman et al., “Key enabling technologies for 6G: The role
of UAVs, terahertz communication, and intelligent reconfigurable
surfaces in shaping the future of wireless networks,” J. Sens.
Actuator  Networks,  vol. 14, no. 2, 30, 2025.
doi: 10.3390/jsan14020030

M. Shafi, R. K. Jha, and S. Jain, “6G: Technology evolution in
future wireless networks,” IEEE Access, vol. 12, pp. 57548-57573,
2024. doi: 10.1109/ACCESS.2024.3385230

Copyright © 2026 by the authors. This is an open access article
distributed under the Creative Commons Attribution License which
permits unrestricted use, distribution, and reproduction in any medium,

provided the original work is properly cited (CC BY 4.0).


https://creativecommons.org/licenses/by/4.0/



