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A B S T R A C T

The rapid development of reconfigurable intelligent surfaces (RISs) has sparked transformative advance-
ments in wireless communication systems. These intelligent metasurfaces, adept at dynamically manipulating
electromagnetic (EM) waves, hold vast potential for enhancing network capacity, coverage, and efficiency.
However, to fully unleash the capabilities of RIS-aided communication systems, effective optimization is
crucial. This article provides a recent development of RIS-assisted communication from the viewpoint of
physically-consistent EM models. We delve into the realm of physically-consistent EM models, highlighting
their pivotal role in achieving robust and efficient RIS designs. Furthermore, this paper offers a survey of the
different optimization models utilized for RIS-assisted wireless communication systems, which consider various
EM and physical aspects of RIS. We explore solution approaches aimed at optimizing different objectives
like sum-rate/spectral efficiency and energy efficiency, spanning traditional optimization models to machine
learning-based methods. Additionally, we discuss some open research issues in this field.
1. Introduction

Existing cellular generations will not be able to meet the extraor-
dinary performance requirements needed by innovative applications
anticipated in 2030, which will lead to a need for new technologies to
nable 6G systems. 6G is expected to outperform 5G in various aspects,
ncluding ultra-high data rates, energy efficiency (EE), global cover-
ge, connectivity, high reliability, and low latency, as illustrated in
ig. 1 [1–4]. While technologies like massive multiple-input multiple-
utput (MIMO), mmWave communication, and network densification
ave significantly advanced 5G performance, they face challenges such
s increased hardware costs and energy consumption. These limitations
ighlight the need for new wireless technologies to efficiently achieve
he key performance indicators (KPIs) of 6G, as listed in Fig. 2.

In this context, reconfigurable intelligent surfaces (RIS) have
merged as a promising solution, offering dynamic control over wire-
ess environments and enhancing overall network performance for 6G.
IS are a natural evolution of earlier intelligent surface (IS) technolo-
ies [5]. The evolution of ISs can be traced back to reflectarrays, which
sed passive antennas for basic wave control. Metamaterials, with
heir ability to manipulate wave properties, further advanced the field.
he concept of RIS emerged, enabling dynamic, programmable control
f signal propagation. Subsequent innovations like large intelligent

∗ Corresponding author.
E-mail address: samaneh.bidabadi@uqtr.ca (S. Bidabadi).

surfaces (LIS) and hybrid architectures expanded IS capabilities. More
recently, the beyond-diagonal RIS (BD-RIS) architecture has emerged,
offering even more sophisticated signal processing capabilities by en-
compassing previous IS architectures as special cases. This allows for
enhanced control over signal propagation across IS elements. These
advancements collectively pave the way for smarter, energy-efficient
wireless networks [5–11].

Metasurfaces and patch-array designs represent two key approaches
for implementing RIS technology. Metasurfaces consist of continu-
ous, ultra-thin layers with sub-wavelength inclusions that manipulate
electromagnetic (EM) waves in ways that natural surfaces cannot.
They serve as two-dimensional equivalents of bulky metamaterials,
providing similar capabilities to shape wave propagation while being
more compact, easier to fabricate, and less lossy. This makes metasur-
faces particularly effective for applications in wireless communications,
where precise control of wave reflection, refraction, and scattering is
crucial for optimizing signal transmission [12–18]. In contrast, many
practical implementations of RISs use discrete components, such as
patch antennas or PIN diodes, arranged in a grid-like structure. These
elements can adjust the phase of impinging EM waves, similar to
how reflectarrays operate. However, unlike conventional reflectarrays,
which are typically static, RISs are equipped with tunable components
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Table 1
List of abbreviations.

Abbreviation Description Abbreviation Description

ADC Analog-to-Digital Converters AI Artificial Intelligence
ACO Ant Colony Optimization ANN Artificial Neural Networks
AO Alternating optimization BC Block Coordinate Descent
BPSO Binary Particle Swarm Optimization CCP Convex-concave Procedure
CNNs Convolutional Neural Networks CR Cutoff Rate
CSI Channel State Information cDC-GAN Conditional Deep Convolutional Generative Adversarial Network
cDC-VAE Conditional Deep Convolution Variational Autoencoder DMT Diversity-multiplexing tradeoff
DOA Direction of Arrival DRL Deep Reinforcement Learning
DGMs Deep Generative Models DOFs Degrees-of-Freedom
EHU Energy Harvester User EH Energy Harvesting
EMI Electromagnetic Interference EMF Electromagnetic Field Exposure
EM Electromagnetic EMOs EM objects
FDTD Finite-difference time-domain method FEM Finite Element Method
FL Federated Learning GA Genetic Algorithm
IDBP Information-Directed Branch-and-Prune IDU Information Decoder User
LHCP Left-Handed Circular Polarization LISs Large Intelligent Surfaces
MAE Mean Absolute Error MEM Mismatch Environment Model
MIMO Massive Multiple-Input Multiple-Output MI Mutual Information
MISO Multiple-input Single-output ML Machine Learning
MOLACO Multi-Objective Lazy Ant Colony Optimization MM Majorization-Minimization Techniques
MTS Metamaterial Surface NOMA Non-orthogonal Multiple Access
NNs Neural Networks OAM Orbital Angular Momentum
OMA Orthogonal Multiple Access OP Outage Probability
PIDL Physics Informed Deep Learning PINNs Physics Informed Neural Networks
PGM Projected Gradient Method PSO Particle Swarm Optimization
RL Reinforcement Learning SCA Successive Convex Optimization
SAR Specific Absorption Rate SDR Semidefinite Relaxation
SE Spectral Efficiency SIMO Single-input Multiple-output
SISO Single-input Single-output SRR Split-ring Resonator
SVM Support Vector Machine STAR Simultaneous Transmission and Reflection
TEM True Environment Model ISAC Integrated sensing and communication
SIMs Stacked intelligent metasurfaces
c

such as PIN diodes or varactors, enabling dynamic control of EM wave
eflection. This software-defined control allows RISs to adapt in real-

time to changing network conditions, providing flexibility in signal
odulation and improving overall communication performance.

Despite the differences in hardware, both metasurface-based and
atch-array-based RISs serve the same overarching purpose: they dy-
amically control the propagation of EM waves to optimize wireless
ommunication environments. By adapting to varying network con-
itions and offering real-time configurability, RISs enable efficient
ignal management in next-generation communication systems, playing
 critical role in the evolution toward 6G networks [12,13,19–25].

As the field of RIS-assisted communication systems rapidly evolves,
t is essential to address the existing limitations and assumptions that
ave been prevalent in previous research efforts. For instance, the
utual coupling effects between adjacent RIS elements have been

cknowledged as a critical consideration in the accurate modeling of
IS behavior. Likewise, the traditional phase shift resolution models,
hile providing valuable insights, often fail to capture the intricate
uances of real-world RIS scenarios [26]. Furthermore, the uncontrol-
able electromagnetic interference in dynamic environments introduces
omplexities that can significantly impact the performance of RIS-
ased communication systems. These challenges underscore the need
or innovative solutions that can handle these practical constraints and
ush the boundaries of RIS deployment. Another instance of an often
verlooked EM occurrence observed in intelligent surfaces involves
hat are known as Floquet modes. These are unintended reflections

rom surfaces that possess a periodic impedance, potentially causing
nterference at undesired angles and thus undermining system perfor-
ance [27]. Furthermore, the quest to determine the ultimate theoret-

cal boundaries cannot disregard the need for a precise understanding
f the fundamental EM phenomena [28,29].

This comprehensive survey aims to provide an in-depth exploration
f the various research dimensions concerning EM-based models of RIS
n the context of wireless communication systems. Our focus centers
n reviewing the formulation of optimization problems from EM per-
pectives. We also focus on investigating optimization techniques and
2 
EM-aware solution methodologies tailored to effectively harness the
apabilities of RIS-assisted networks. By doing so, we strive to bridge

the gap between theoretical insights and practical implementations and
bring forward insights on EM model-aware RIS assisted communication.

In the pursuit of a comprehensive understanding, this survey draws
from a wide range of literature sources and research contributions. It
aims to provide researchers, practitioners, and decision-makers with
valuable insights into the current state of EM-based RIS models and
their implications for optimizing RIS-assisted communication systems.

Motivated by the importance of optimization techniques, in this
paper we provide a comprehensive overview of optimization techniques
for optimizing RIS-aided wireless communications from EM perspec-
tives, including physics informed neural networks (PINN) approaches.
There are several surveys devoted to the theory, design, analyses, and
applications of RISs [26,31–38]. However, this work is different from
existing surveys and tutorials since it systematically summarizes and
analyzes EM-based models of RIS for optimizing RIS-aided communi-
cation systems. Specifically, as shown in Fig. 3, this paper focuses on
the following aspects:

• First, the paper delves into the EM models of RIS employed in
the literature to formulate and optimize EM-aware RIS-assisted
communication problems.

• Second, the paper provides an extensive exploration of the various
problem formulations related to optimizing RIS-enhanced wire-
less networks, all examined from the unique perspective of EM
models. These formulations cover a wide range of objectives, in-
cluding the maximization of sum-rate/capacity, energy efficiency,
and the minimization of power consumption.

• Third, the paper presents a comprehensive review of model-
centric, heuristic, and machine learning (ML) approaches used
to optimize RIS-enhanced wireless networks from an EM perspec-
tive. The survey emphasizes the need for efficient

optimization methods for solving the EM-based problems, notably
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Fig. 1. Specifications for 6G wireless communication (© The Author(s) 2021, [1]).
Fig. 2. 6G enablers (© 2021 IEEE, [30]).
highlighting PINN, which combines data-driven insights with
governing differential equations to provide more realistic RIS
behavior models.

Generally, the survey covers various aspects, including problem
ormulations, characteristics, and applications of different approaches,
iming to serve as a roadmap for researchers in this field. The paper
s structured as follows: Section 2 reviews related work; Section 3
escribes EM-based models of RIS; Section 4 presents EM model-aware
roblem formulations; and Section 5 reviews model-based, heuristic,

and ML optimization algorithms used for optimizing RIS-assisted com-
unications using physically consistent EM models of RIS. Section 6
iscusses research gaps and identifies future challenges, and finally,
ection 7 concludes the survey. The key themes of this paper are de-

picted in Fig. 3, and a comprehensive compilation of all abbreviations
used in this survey can be found in Table 1.
3 
2. Previous survey works and motivations

Numerous surveys have been dedicated to exploring the theory,
design, analysis, optimization and practical applications of RISs and in
particular meta-surfaces [26,31–34,34,34,36–41] as listed in Table 2.
Some surveys delve into the exploration of physically-consistent EM
models of RIS, while others examine RIS-aided communication without
taking into account the physical models of RIS. This survey considers
both perspectives, synthesizing them into a unified framework termed
physically-consistent EM models-aware RIS-aided communication. The
term ‘‘Physically-Consistent EM Models-Aware RIS-Aided Communica-
tion’’ is used to describe the integration of physically-consistent EM
models with RIS-aided communication systems. This work aims to
support researchers in wireless communication systems by offering
more realistic communication models that incorporate the physical
characteristics of RIS, which are essential for advancing future wireless



t
d
r
p
m
o
i
i
r
a
a
w

l
a
t
t
d
f
s
t
a
c
i

Computer Networks 257 (2025) 110963 
Fig. 3. The organization of this paper.
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technologies, including 6G. We also find a gap in the existing literature
that only focuses on the inverse design of metamaterials using ML and
rarely studies EM-aware RIS-aided communication system optimization
using ML techniques.

In [39], the authors investigate the potential applications of RIS
technology for 6G communications. They begin with a comprehensive
overview of RIS and then explore its various applications, including sys-
tem and path loss models, asymptotic analysis, precoding techniques,
channel state information (CSI) acquisition, prototypes, and its integra-
tion with other technologies, without focusing on EM-aware models of
RIS. The paper provides practical examples to demonstrate the trans-
formative impact of RIS on future wireless systems and highlights the
potential benefits it offers. Furthermore, it identifies key challenges in
he deployment and adoption of RIS technology and presents promising
irections for future research. Authors in [26] provide a thorough
eview of RIS-assisted wireless communication, discussing fundamental
rinciples like hardware architecture, control mechanisms, and channel
odels. They also analyze performance metrics to highlight the benefits

f RIS deployment. They mention that, despite the advantages, the
ntegration of RIS faces challenges due to its passive nature, including
ssues with channel estimation and deployment scenarios. However, the
eview does not cover physically-consistent EM models-aware RIS. The
uthors do identify mutual coupling as a significant research challenge
nd suggest it as a potential area for future exploration in RIS-aided
ireless communication systems.

The survey in [31] offers a comprehensive exploration of machine
earning algorithms applied to RIS-aided communications. It includes
 concise introduction to RISs, a summarization of machine learning
echniques used in RIS architecture, and a comparative analysis of
hese methods to elucidate their integration. The review, however,
oes not delve into physically-consistent EM Models of RIS in problem
ormulation and optimization. The authors do highlight that meta-
urfaces encounter challenges due to the absence of accurate models
hat consider their EM characteristics, which impacts their function-
lity beyond simple reflection. They identify this as a major research
hallenge and propose it as a promising avenue for future exploration
n RIS-assisted wireless communication systems.
 p

4 
The work in [32] categorizes optimization techniques into model-
ased, heuristic, and ML algorithms, covering diverse problem formu-
ations. It introduces model-based algorithms, heuristic optimization,
nd state-of-the-art ML applications, providing a comparative analysis
cross stability, robustness, and optimality. The survey also highlights
IS-aided applications in 6G networks and outlines emerging research
hallenges in this dynamic field, emphasizing RISs’ pivotal role in
haping the future of wireless communication systems.

The survey in [33] offers a thorough overview of RISs and examines
ow reinforcement learning (RL) algorithms are used to optimize RIS
arameters. This article specifically focuses on applying deep reinforce-
ent learning (DRL) to improve aspects such as passive beamforming,
hase shifting, and RIS placement. It also addresses various challenges
n implementing RL algorithms for RIS technology in wireless commu-
ications and suggests possible solutions. Nevertheless, the study does
ot explore physically-consistent EM models of RISs in the problem
ormulation and restricts the optimization techniques to RL.

The work in [34] delves into the realm of optimizing RIS-aided
ireless networks using a combination of heuristic algorithms and ML.

t investigates various heuristic techniques, such as greedy algorithms,
eta-heuristic algorithms, and matching theory, while also introducing

nnovative heuristic-ML hybrid approaches. These include heuristic
RL, heuristic-aided supervised learning, and heuristic hierarchical

earning. Notably, the study demonstrates that heuristic DRL outper-
orms conventional DRL in terms of achieving higher data rates and
aster convergence. The ultimate aim of the work is to present a novel
erspective on optimizing RIS-aided wireless networks, capitalizing on
he synergy between heuristic algorithms and ML methods.

The work in [35] discusses the combination of RISs with ML to
nhance smart IoT systems, highlighting their use in managing radio
ropagation without traditional channel data. It examines specific ML
echniques like deep reinforcement learning and federated learning,
nd their application in dynamic environments with challenges like
ser mobility and fluctuating wireless channels. The paper concludes
ith future challenges and the potential of RISs in next-generation IoT
etworks.

The work in [36] offers a comprehensive review of existing op-
imization techniques and artificial intelligence-driven methods em-
loyed to address the constraints associated with RISs. It conducts a
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Table 2
Comparison of Related Surveys and Studies. [39][26][31][32][33][34][35][36][37][40][42][41][38].
Ref Year Main contributions Physically-Consistent

EM models
RIS-aided
communication

Physically-consistent
EM models-aware
RIS-aided communication

[39] 2022 Provides an overview of RIS for 6G,
including applications, system models,
and future research directions.

#  #

[26] 2023 Comprehensive review of RIS-assisted wireless communication,
covering hardware, control mechanisms, channel models,
and highlighting challenges like channel estimation and
deployment.

# G# #

[31] 2022 Comprehensive review of machine learning in RIS-aided
communications,
highlighting challenges with meta-surfaces due to the lack of
accurate
EM models and suggesting this as a key area for future
research.

G#  #

[32] 2023 Explores model-based, heuristic, and ML optimization
techniques for RIS-aided communication, provides a
comparative analysis, and emphasizes emerging
challenges and the critical role of RIS in future 6G networks.

#  #

[33] 2023 Examines deep reinforcement learning for
optimizing RIS parameters and addresses implementation
challenges.

# G# #

[34] 2023 Explores optimization of RIS-aided networks using heuristic
and ML algorithms, highlighting the advantages
of heuristic deep reinforcement learning over conventional
DRL,
and presents a novel approach combining heuristic and ML
methods.

# G# #

[35] 2023 Explores RIS and ML integration for smart IoT systems,
focusing on techniques like deep reinforcement learning and
federated learning
, and addresses future challenges in next-generation IoT
networks.

G# G# #

[36] 2022 Reviews optimization and AI methods for RISs,
compares solution quality and complexity,
and addresses phase-shift optimization challenges.

#  #

[37] 2022 Examines state-of-the-art ML and DL techniques
for RIS-enhanced communication, covering operational
principles,
channel estimation, and various ML applications
in RIS-enhanced networks.

# G# #

[40] 2023 Provides a comprehensive review of STAR-RIS for 6G networks,

covering fundamentals, protocols, applications,
and performance metrics.

#  #

[42] 2024 Analyzes RIS control mechanisms and their optimization using
AI,
reviewing current methods, AI enhancements, and the
challenges in meeting future network demands.

# G# #

[41] 2024 Comprehensive Review on advanced reconfigurable intelligent
surfaces (ARIS),
focusing on their advancements and applications in 6G
networks.
Examines various RIS technologies, their benefits, practical
implementations,
and identifies key research challenges and future directions.

# G# #

[38] 2022 Introduces a parametric model and optimization framework
for RIS-assisted communications focusing on
power maximization and surface impedance.

G# G# #

Current Survey 2024 Explores recent advancements in RIS-assisted communication
through physically-consistent EM models, reviews optimization
models
for EM-aware RIS systems, including both traditional and
ML-based approaches, and addresses open research issues in
the field.

   

# Not discussed in the paper.
G# Mentioned in the paper, but not in detail.
 Discussed in detail in the paper.
(
w
i
c
s
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l

omparative analysis, considering factors such as solution quality and
omputational complexity. Additionally, the paper outlines forthcom-
ng challenges related to phase-shift optimization in the context of RISs
nd explores potential avenues for resolving these challenges.

Meanwhile, the survey in [37] offers a thorough examination of the
urrent state-of-the-art in ML, with a particular emphasis on DL, within
he context of RIS-enhanced communication. The review covers their
perational principles, channel estimation (CE) techniques, and the
iverse range of ML applications in RIS-enhanced wireless networks.
urthermore, it conducts a systematic survey of existing designs for
IS-enhanced wireless networks.

In [40], the authors deliver a comprehensive review of simulta-
eously transmitting and reflecting reconfigurable intelligent surface
5 
STAR-RIS), with a particular emphasis on its applications in 6G net-
orks. The paper begins by detailing the fundamentals of STAR-RIS,

ncluding its protocols, benefits, and various applications. The review
ategorizes STAR-RIS techniques across different use case scenarios,
uch as enhancing network coverage, improving physical layer security
PLS), maximizing sum rate, boosting EE, and reducing interference.
t also explores various resource allocation strategies and performance

evaluation metrics pertinent to STAR-RIS. However, the focus of this
review is primarily on STAR-RIS. While it extensively surveys existing
iterature in this area, the paper does not delve into specific formula-

tions or detailed solution approaches. Additionally, it does not address
the EM-aware aspects of RIS, which is a key focus of our own work.
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Another survey in [42] provides an in-depth analysis of RIS, fo-
cusing on the technology’s control mechanisms and their optimization
using artificial intelligence (AI). The paper reviews current RIS control
methods, explores how AI can enhance performance, and highlights
the limitations of AI-powered RIS control, as well as the significant
challenges that must be addressed to meet future network demands.

A thorough examination of active RIS (ARIS) is given in [41], which
highlights recent developments and their revolutionary effects on 6G
networks. It provides a comparative examination of various schemes
and solutions, covers numerous types and modes of RIS, and assesses
ARIS applications for network parameter optimization. Additionally, it
identifies key research challenges and future directions, highlighting
ARIS’s crucial role in advancing wireless communication, with a focus
way from the physical aspects of RIS modeling and optimization.

Despite the extensive review of the works [26,31–34,34,34,36–
41], there remains a gap in addressing the optimization of RIS-aided
communications with an emphasis on EM-model-awareness. The work
n [38] provides a thorough exploration of three pivotal communi-
ation models applied to RISs within wireless communication sys-

tems. These models are particularly relevant in scenarios involving
in-homogeneous surface impedance boundaries, benefiting from their
alignment with Maxwell’s equations and consistent electromagnetic be-
havior, especially under practical approximations like physical optics.
Delving deeper, the study navigates the intricacies of designing effec-
tive RISs, guided by local and global optimal criteria, and introduces an
innovative approximate framework yielding reactive impedance bound-
aries. Supported by numerical examples, mathematical analysis, and
simulations, the study offers a nuanced understanding of the models’
strengths and limitations. A significant contribution lies in the intro-
duction of a parametric model and optimization framework tailored for

IS-assisted communications, accommodating scenarios with gradually
arying surface impedance while retaining the validity of the physical

optics approximation. This model balances solution quality and imple-
mentation complexity through electromagnetic-consistent constraints.
The study also emphasizes optimization scenarios where surface power
efficiency is the objective, capturing optimal designs, corroborated by
the power flux as a demonstrative measure of RIS steering capabilities.
Placing findings within the context of wireless communications, the
study paves the way for future research with streamlined numerical
algorithms for electromagnetically consistent optimization problems
and considerations for practical constraints in manufacturing-oriented
applications. Ultimately, the study bridges theoretical models with
tangible wireless communication systems, laying the groundwork for
advancements that harmonize theory and application.

While the work in [38] presented a parametric model and an
optimization framework for RIS-assisted communications, under the
assumptions that the surface impedance changes slowly at the wave-
length scale, and the physical optics approximation is valid, it did not
extensively explore physically-consistent EM models-aware RIS-aided
communication. The existing work focuss solely on the power maxi-
mization problem with respect to the surface impedance variable. In
contrast, our work will address and comprehensively review EM-aware
problems by taking into account both communication and physical
variables.

Designing RIS-aided wireless networks requires paying attention to
two important aspects. Firstly, it is important to consider EM-based
designs where RISs perform fundamental radio wave transformations
specified at the EM level. In this paradigm, engineers optimize RIS
parameters to enhance network performance. Secondly, it is important
to consider communication-based designs with focus on optimizing RISs
to achieve specific communication goals, which must necessarily align
with EM-based manipulations. In this paradigm, optimization is used
to make RISs versatile for various performance metrics such as channel
capacity and modulation schemes [12]. Compared to the surveys in
Table 2, this comprehensive survey is dedicated to conducting a de-

tailed exploration of the multifaceted research dimensions associated

6 
with RIS-aided networks while taking into account both aforemen-
tioned considerations. Our primary focus revolves around formulating
ptimization challenges concerning various objectives and constraints,

including sum rate, received power, spectral efficiency (SE), and EE,
all from an EM perspective. We also delve into the examination of the
optimization techniques and methodologies applied to address these
optimization challenges.

The exploration of RISs in wireless networks encompasses a diverse
research landscape, spanning disciplines like communication theory,
computer science, and electromagnetism. However, a significant draw-
ack in the current state of RIS research lies in the absence of accurate

models that effectively encapsulate the intricate EM characteristics of
these adaptive meta-surfaces [43]. In the upcoming era, defined by
he existence of reconfigurable EM environments, the primary goal

will be to enhance system performance, potentially in real-time. This
enhancement will be achieved by adjusting the parameters of EM
objects (EMOs), such as the reflective properties of metasurface-based
RISs. To achieve this goal, a holistic strategy is required, integrat-
ing physically-consistent models and design utilities that amalgamate
signal processing with electromagnetic theory [44].

While existing studies often adopt a simplistic view of RISs as
perfect reflectors, this oversimplification sidesteps crucial factors, such
as incident angles, polarization, and material properties. To address
these limitations and cultivate more realistic performance predictions,
it is imperative to embrace physics and EM-compliant models [43].

In the pursuit of an accurate portrayal and optimization of RIS
behavior, the incorporation of EM models proves indispensable. These
models furnish a mathematical framework to decipher the intricate
interplay between electromagnetic waves and the reconfigurable el-
ements constituting the RIS. Physically-consistent EM models-aware
RIS-aided communication approach, particularly demonstrated in the
formulation of RIS-aided communication systems, offers significant ad-
vantages. These EM-aware models provide an accurate representation
of the electromagnetic interactions between RIS elements and incoming
waves, enabling more realistic predictions of RIS effects on signal
propagation, reflection, and refraction, which is crucial for optimizing
network performance. By incorporating these detailed aspects, the
models enable precise tuning of RIS parameters, such as phase shifts
and beamforming settings, resulting in improved performance metrics.
This approach minimizes discrepancies between theoretical predictions
and actual performance by accounting for real-world complexities.
Additionally, EM models that integrate these concepts facilitate sim-
ulations of RIS-aided networks under realistic conditions, including
environmental variations and complex wave interactions, which aids
in assessing the feasibility of proposed solutions and making informed
decisions about network deployment and configuration.

3. EM-based models of RIS

RIS are frequently reduced to perfect scatterers in optimization and
signal processing designs for wireless communication systems. Never-
theless, because they ignore important details like phase–amplitude
correlation in reflection coefficients and mutual coupling between scat-
tering elements, these simplified models lack EM consistency. Incorpo-
rating realistic reradiation models that address the interaction between
element-level scattering design and surface-level optimization is cru-
cial, according to recent studies. Consequently, efforts are underway
to develop electromagnetically consistent RIS models and efficient
optimization algorithms. Traditionally, RIS behavior is analyzed using
three main EM modeling approaches:

• Scattering (S-parameter) Model: This model describes how RIS
elements scatter incoming signals, providing insights into the
reflected signal’s characteristics.

• Impedance (Z-parameter) Model: This model characterizes the
impedance of the RIS elements, allowing analysis of how the

elements interact with the incident signal in terms of impedance.
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Fig. 4. Multiport representation of an RIS-assisted communication system (© 2024 IEEE, [46]).
w

𝐯

t
m

t

𝐯

w

r

𝐯

• Admittance (Y-parameter) Model: This model describes the admit-
tance characteristics of the RIS elements, offering an alternative
perspective on how the elements interact with the incident signal.

ll three models are ultimately derived from Maxwell’s equations and
rovide equivalent descriptions of the RIS system.

Recently, another approach based on the polarizabilities of RIS
lements has been proposed. The polarizability-based model offers sim-
ler and more intuitive mathematical expressions, aligning better with
he localized nature of RIS element reconfigurability. This approach
omplements the traditional models by providing a more flexible frame-
ork for RIS system analysis and design, particularly in capturing the

nteraction between RIS elements and electromagnetic waves.

.1. Multiport network theory

Multiport network theory is emerging as a promising approach
or modeling and optimizing RIS-aided channels due to its ability
o capture electromagnetic coupling between closely spaced radiating
lements, which is crucial for achieving advanced wave transformations
ith high power efficiency [45,46].

Consider a MIMO communication setup enhanced by an RIS, featur-
ng 𝑁𝑇 antennas at the transmitter, 𝑁𝑅 antennas at the receiver, and
𝐼 antennas at the RIS, as depicted in Fig. 4. The wireless channel is
odeled as an 𝑁-port network, where 𝑁 = 𝑁𝑇 +𝑁𝐼 +𝑁𝑅.

.1.1. Modeling based on the impedance parameters
The wireless channel can be characterized by its impedance matrix

∈ C𝑁×𝑁 , with the relationship:
= 𝐙𝐢, (1)
w

7 
here 𝐯 ∈ C𝑁×1 and 𝐢 ∈ C𝑁×1 are the voltages and currents at the 𝑁
ports, respectively. We partition 𝐯, 𝐢, and 𝐙 as:

=
⎡

⎢

⎢

⎣

𝐯𝑇
𝐯𝐼
𝐯𝑅

⎤

⎥

⎥

⎦

, 𝐢 =
⎡

⎢

⎢

⎣

𝐢𝑇
𝐢𝐼
𝐢𝑅

⎤

⎥

⎥

⎦

, 𝐙 =
⎡

⎢

⎢

⎣

𝐙𝑇 𝑇 𝐙𝑇 𝐼 𝐙𝑇 𝑅
𝐙𝐼 𝑇 𝐙𝐼 𝐼 𝐙𝐼 𝑅
𝐙𝑅𝑇 𝐙𝑅𝐼 𝐙𝑅𝑅

⎤

⎥

⎥

⎦

, (2)

where 𝐯𝑖 ∈ C𝑁𝑖×1 and 𝐢𝑖 ∈ C𝑁𝑖×1 for 𝑖 ∈ {𝑇 , 𝐼 , 𝑅} denote the
voltages and currents at the antennas of the transmitter, RIS, and
receiver, respectively. Besides, 𝐙𝑇 𝑇 ∈ C𝑁𝑇 ×𝑁𝑇 is the impedance ma-
rix for the transmitting antennas, with off-diagonal entries indicating
utual coupling among the antennas. 𝐙𝐼 𝐼 ∈ C𝑁𝐼×𝑁𝐼 represents the

impedance matrix for the RIS elements, where the off-diagonal terms
reflect mutual coupling between different RIS elements. 𝐙𝑅𝑅 ∈ C𝑁𝑅×𝑁𝑅

denotes the impedance matrix for the receiving antennas, capturing
mutual coupling among these antennas. The transmission impedance
matrices include 𝐙𝑇 𝐼 ∈ C𝑁𝐼×𝑁𝑇 , which describes the interaction from
ransmitting antennas to the RIS; 𝐙𝐼 𝑅 ∈ C𝑁𝑅×𝑁𝐼 , representing the

interaction from the RIS to the receiving antennas; and 𝐙𝑅𝑇 ∈ C𝑁𝑅×𝑁𝑇 ,
which covers the interaction from receiving antennas to transmitting
antennas. For a reciprocal wireless channel:

𝐙𝑇 𝑅 = 𝐙𝑇
𝑅𝑇 , 𝐙𝑇 𝐼 = 𝐙𝑇

𝐼 𝑇 , 𝐙𝐼 𝑅 = 𝐙𝑇
𝑅𝐼 . (3)

At the transmitter, each antenna 𝑛𝑇 is connected in series with a
source voltage 𝐯𝑠,𝑛𝑇 and a source impedance 𝐙𝑇 ,𝑛𝑇 , where:

𝑇 = 𝐯𝑠,𝑇 − 𝐙𝑇 𝐢𝑇 , (4)

ith 𝐯𝑠,𝑇 as the source voltage vector and 𝐙𝑇 as a diagonal matrix.
At the RIS, the 𝑁𝐼 scattering elements are connected to an 𝑁𝐼 -port

econfigurable impedance network, related by:

𝐼 = −𝐙𝐼 𝐢𝐼 , (5)
here 𝐙𝐼 is the impedance matrix of the reconfigurable network.
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At the receiver, each antenna 𝑛𝑅 is connected in series with a load
mpedance 𝐙𝑅,𝑛𝑅 , related by:

𝑅 = −𝐙𝑅𝐢𝑅, (6)

where 𝐙𝑅 is a diagonal matrix.

3.1.2. Modeling based on the admittance parameters
The channel can also be characterized by its admittance matrix

𝐘 ∈ C𝑁×𝑁 , where:

𝐢 = 𝐘𝐯. (7)

The admittance matrix 𝐘 is the inverse of 𝐙:

𝐘 = 𝐙−1. (8)

Similar to 𝐙, 𝐘 can be partitioned as:

𝐘 =
⎡

⎢

⎢

⎣

𝐘𝑇 𝑇 𝐘𝑇 𝐼 𝐘𝑇 𝑅
𝐘𝐼 𝑇 𝐘𝐼 𝐼 𝐘𝐼 𝑅
𝐘𝑅𝑇 𝐘𝑅𝐼 𝐘𝑅𝑅

⎤

⎥

⎥

⎦

, (9)

where 𝐘𝑖𝑗 ∈ C𝑁𝑖×𝑁𝑗 for 𝑖, 𝑗 ∈ {𝑇 , 𝐼 , 𝑅}.
At the transmitter, receiver, and RIS, the currents 𝐢𝑇 , 𝐢𝐼 , and 𝐢𝑅 and

oltages 𝐯𝑇 , 𝐯𝐼 , and 𝐯𝑅 are related by:

𝑇 = 𝐢𝑠,𝑇 − 𝐘𝑇 𝐯𝑇 , 𝐢𝐼 = −𝐘𝐼𝐯𝐼 , 𝐢𝑅 = −𝐘𝑅𝐯𝑅, (10)

here the source current vector 𝐢𝑠,𝑇 and diagonal matrix 𝐘𝑇 relate
currents 𝐢𝑇 and voltages 𝐯𝑇 at the transmitter; the admittance matrix
𝐘𝐼 relates currents 𝐢𝐼 and voltages 𝐯𝐼 at the RIS; and the diagonal
matrix 𝐘𝑅 relates currents 𝐢𝑅 and voltages 𝐯𝑅 at the receiver. Besides,
the diagonal admittance matrices are related to the impedance matrices
as 𝐘𝑇 = 𝐙−1

𝑇 , 𝐘𝐼 = 𝐙−1
𝐼 , and 𝐘𝑅 = 𝐙−1

𝑅 .

3.1.3. Modeling based on the scattering parameters
The channel can be characterized by its scattering matrix 𝐒 ∈ C𝑁×𝑁 ,

with the relationship:

𝐛 = 𝐒𝐚, (11)

where 𝐚 ∈ C𝑁×1 and 𝐛 ∈ C𝑁×1 are the incident and reflected waves,
respectively. The scattering matrix 𝐒 can be partitioned as:

𝐒 =
⎡

⎢

⎢

⎣

𝐒𝑇 𝑇 𝐒𝑇 𝐼 𝐒𝑇 𝑅
𝐒𝐼 𝑇 𝐒𝐼 𝐼 𝐒𝐼 𝑅
𝐒𝑅𝑇 𝐒𝑅𝐼 𝐒𝑅𝑅

⎤

⎥

⎥

⎦

, (12)

where 𝐒𝑖𝑗 ∈ C𝑁𝑖×𝑁𝑗 for 𝑖, 𝑗 ∈ {𝑇 , 𝐼 , 𝑅}.
The vectors 𝐯 and 𝐢 are related to 𝐚 and 𝐛 by:

𝐯 = 𝐚 + 𝐛, 𝐢 = 𝐚 − 𝐛
𝑍0

= 𝑌0(𝐚 − 𝐛), (13)

where 𝑍0 is the characteristic impedance, and 𝑌0 = 1
𝑍0

is the char-
acteristic admittance. The matrix 𝐒 can be expressed in terms of 𝐙
s:

𝐒 = (𝐙 +𝑍0𝐼)−1(𝐙 −𝑍0𝐼). (14)

At the transmitter, receiver, and RIS, the incident and reflected
aves are related by:

𝑇 = 𝐛𝑠,𝑇 + 𝛤𝑇 𝐛𝑇 , 𝐚𝐼 = 𝛩𝐛𝐼 , 𝐚𝑅 = 𝛤𝑅𝐛𝑅, (15)

here 𝐛𝑠,𝑇 represents the source wave vector, 𝛤𝑇 denotes the reflection
oefficient matrix at the transmitter, 𝛩 is the scattering matrix of the
econfigurable network at the RIS, and 𝛤𝑅 is the reflection coefficient
atrix at the receiver.

The summary of each model is presented in Table 3[45–49]. In the
nalysis of channel models utilizing Z, Y, and S parameters, several
implifications are applied under the assumptions of perfect matching
nd the absence of mutual coupling. Specifically, for the Z-parameters,
he channel model simplifies to:

ℎ = 1 [

𝑍 −𝑍 (𝑍 +𝑍 𝐼)−1𝑍
]

. (16)

2𝑍0

𝑅𝑇 𝑅𝐼 𝐼 0 𝐼 𝑇
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For the Y-parameters, the model simplifies to:

ℎ = 1
2𝑌0

[

−𝑌𝑅𝑇 + 𝑌𝑅𝐼 (𝑌𝐼 + 𝑌0𝐼)−1𝑌𝐼 𝑇
]

. (17)

For the S-parameters, the model is given by:

ℎ = 𝑆𝑅𝑇 + 𝑆𝑅𝐼 (𝐼 − 𝛩 𝑆𝐼 𝐼 )−1𝛩 𝑆𝐼 𝑇 , (18)

with further simplifications under the assumption of perfect matching
at the RIS. The mappings between these parameter sets demonstrate
that the simplified models are equivalent, confirming consistency across
different parameter analyses [46,50].

3.1.4. Modeling based on the polarizability parameters
The majority of current signal-processing work makes the assump-

tion that wireless channels and RIS configuration follow a linear re-
lationship. But Maxwell’s equations are frequently in conflict with
this premise. A recently proposed physics-compliant model for RIS-
parametrized channels focuses on expressing the reconfigurability of
RIS elements through adjustable polarizability [51]. In this model, RIS
elements and antennas are modeled as dipoles with tunable polariz-
abilities. An interaction matrix 𝐌 ∈ C𝑁×𝑁 captures the local scattering
characteristics of these dipoles along its diagonal and their interactions
off-diagonal:

𝑀𝑖,𝑗 =

{

𝛼−1𝑖 if 𝑖 = 𝑗
−𝐺𝑖𝑗 if 𝑖 ≠ 𝑗 , (19)

where 𝑁 = 𝑁𝑇 +𝑁𝑅+𝑁𝑆 , with 𝑁𝑇 transmitting antennas, 𝑁𝑅 receiving
antennas, and 𝑁𝑆 RIS elements in the considered system model. Here,
𝛼𝑖 denotes the polarizability of the 𝑖th dipole and 𝐺𝑖𝑗 is the Green’s
function, representing the electric field at the 𝑖th dipole due to a unit
dipole moment at the 𝑗th dipole. The sub-indices 𝑇 , 𝑅, 𝐴, and 𝑆 denote
the sets of indices associated with transmitting antennas, receiving
antennas, all antennas, and RIS elements, respectively [52–56].

The vector 𝐝 is defined as the vector of inverse polarizabilities for
the RIS dipoles:

𝐝 = diag(𝑀𝑆 𝑆 ), (20)

where 𝐝 includes the diagonal elements of the matrix 𝑀𝑆 𝑆 .
Assuming identical transmitting and receiving antennas, the channel

matrix 𝐡 is proportional to the 𝑅𝑇 block of the inverse of the interaction
matrix:

𝐡 ∝ [𝐌]−1𝑅𝑇 . (21)

To compute this efficiently, the reduced interaction matrix 𝐌̃ is
efined as:
̃ = 𝐌𝐴𝐴 −𝐌𝐴𝑆

(

𝐌𝑆 𝑆
)−1 𝐌𝑆 𝐴. (22)

Then, the 𝑅𝑇 block of the inverse of 𝐌̃ is given by:

𝐇 ∝
[

𝐌̃−1]
𝑅𝑇 = − [

𝐌̃𝑅𝑅 − 𝐌̃𝑅𝑇 𝐌̃−1
𝑇 𝑇 𝐌̃𝑇 𝑅

]−1 𝐌̃𝑅𝑇 𝐌̃−1
𝑇 𝑇 . (23)

3.2. Beyond diagonal RIS

Traditionally, RISs have been implemented by adjusting each RIS
element through a tunable load, resulting in a diagonal phase shift
matrix with limited flexibility. To address this constraint, the concept
of BD-RIS has recently emerged [57]. The key innovation of BD-RIS lies
in the integration of tunable impedance components that interconnect
the RIS elements, enhancing its flexibility.

The classification of existing BD-RIS systems, which focuses on the
characteristics of the BD-RIS matrix, the supported modes, and the
architectural designs, has been extensively explored in various studies

conducted by Hongyu et al. [46,57–59].
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Fig. 5. RIS classification tree (© 2023 IEEE, [58]).
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The three-layer classification scheme for BD-RIS systems, as de-
scribed in [57], is depicted in Fig. 5. Each layer is explained in detail
below.

First Layer: Characteristics of the Scattering Matrix 𝛷

1. Diagonal Matrix-Single-Connected The single connected RIS
architecture, commonly found in the literature [13,60,61], fol-
lows a conventional approach. In this setup, each port of the
reconfigurable impedance network connects to ground through
a reconfigurable impedance and remains disconnected from the
other ports.

2. Block Diagonal Matrix: This category involves dividing M an-
tennas into G groups. Antennas within the same group are
interconnected, but those across groups are not. This setup,
known as group-connected RIS [57], employs a scattering matrix
𝛷 structured as a block diagonal matrix. Each block is unitary,
allowing manipulation of both phase and magnitude of incident
waves. This configuration outperforms conventional RIS 1.0.
When all antennas are connected (G = 1), it is termed fully
connected RIS [57], resulting in a unitary scattering matrix.
Single-connected RIS is a special case with M groups, having a
diagonal scattering matrix [62].

3. Permuted Block Diagonal Matrix: Here, the grouping strat-
egy adapts to channel state information (CSI), creating a per-
muted block diagonal matrix [59]. This flexibility enhances
beam control compared to fixed group-connected RIS [63].

4. Non-Diagonal Matrix: Antennas are paired via phase shifters,
causing signals on one antenna to purely reflect from another.
This yields an asymmetric non-diagonal scattering matrix [46],
offering higher power gain than conventional RIS 1.0 [64].

econd Layer: Supported Modes

1. Reflective Mode: Signals on one side of the RIS reflect to-
ward the same side, covering half-space. Mathematically, it is
characterized by a unitary constraint matrix 𝛷.

2. Hybrid Mode: In hybrid mode, the RIS allows signals to be
partially reflected and transmitted to opposite sides, providing
full-space coverage. This configuration, known as STAR-RIS or
intelligent omni-surface (IOS), uses back-to-back antennas with
unidirectional patterns, connected to a 2-port reconfigurable
impedance network, to cover the entire space. Mathematically,
the RIS operating in hybrid mode is described by two matrices,
Φref ∈ C𝑀∕2×𝑀∕2 and Φtrns ∈ C𝑀∕2×𝑀∕2, satisfying the condition

ref trns
Φ𝐻 Φref +Φ𝐻 Φtrns = 𝐼𝑀∕2 [59,65–69].
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3. Multi-Sector Mode: This mode divides the full space into 𝐾
sectors (𝐾 ≥ 2), allowing signals impinging on one sector of the
RIS to be partially reflected toward the same sector and partially
scattered toward the other 𝐾 − 1 sectors . Each cell contains 𝐾
antennas placed at each edge of an 𝐾-sided polygon, with each
antenna having a unidirectional radiation pattern covering 1∕𝐾
to avoid overlap among sectors. The 𝐾 antennas are connected
to an 𝐾-port fully-connected reconfigurable impedance network,
resulting in coverage of the full space while providing higher
performance gains than the hybrid mode. Mathematically, the
RIS with multi-sector mode is characterized by 𝐾 matrices,
Φ𝑘 ∈ C𝑀∕𝐾×𝑀∕𝐾 , for 𝑘 = 1,… , 𝐾, which satisfy ∑𝐾

𝑘=1 Φ
𝐻
𝑘 Φ𝑘 =

𝐼𝑀 [57,66,70].

hird Layer: Inter-Cell Architecture
This layer considers how cells are connected in BD-RIS with hybrid/

ulti-sector modes, resulting in single/group/fully connected architec-
ures, affecting the resulting scattering matrices [57].

The authors in [58] also explored designs of single, group, and
ully-connected RIS with discrete values. Their findings indicate that
hile four resolution bits are required in single-connected RIS, only
ne resolution bit suffices in fully-connected RIS. This simplification
ignificantly streamlines the future development of these promising RIS
rchitectures.

.3. Mutual coupling

Mutual coupling-aware models are crucial for accurately simulating
nd understanding the interactions between elements in a RIS. These
odels enable precise predictions and optimizations of RIS system
erformance across different communication scenarios [71]. The pri-
ary models for considering mutual coupling in communications are

enerally split into two types: those that use impedance matrices and
hose that rely on scattering matrices.

The study in [72] examines a mutual coupling-aware communi-
ation model assisted by BD-RIS, utilizing analyses of scattering and
mpedance parameters. The proposed general RIS-aided channel, de-
oted as 𝐡TR ∈ C𝐾×𝑁 , which describes the relationship between the
oltage at receiver ports and transmitter ports, is expressed as follows:

TR = (Γ𝑅 + 𝐈𝐾 )−1𝐓RT(𝐈𝑁 + Γ𝑇𝐓TT + 𝐓TT)−1 (24)

here 𝐓TT ∈ C𝑁×𝑁 and 𝐓RT ∈ C𝐾×𝑁 are submatrices of 𝐓 =
𝐒(𝐈𝐿 − Γ𝐒)−1 ∈ C𝐿×𝐿 with Γ = blkdiag(Γ𝑇 ,Θ,Γ𝑅). Specifically,
𝐓TT = [𝐓]1∶𝑁 ,1∶𝑁 and 𝐓RT = [𝐓]𝑁+𝑀+1∶𝐿,1∶𝑁 . Besides, Γ𝑇 and Γ𝑅
represents reflection coefficient matrix at the transmitter and receiver
respectively.
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Table 3
N-port network RIS-aided MIMO Communications using impedance, admittance, or scattering matrix [46].

Impedance parameters-based
model

Scattering parameters-based
model

Admittance parameters-based
model

⎡

⎢

⎢

⎣

𝐯𝑇
𝐯𝐼
𝐯𝑅

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

𝐙𝑇 𝑇 𝐙𝑇 𝐼 𝐙𝑇 𝑅
𝐙𝐼 𝑇 𝐙𝐼 𝐼 𝐙𝐼 𝑅
𝐙𝑅𝑇 𝐙𝑅𝐼 𝐙𝑅𝑅

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝐢𝑇
𝐢𝐼
𝐢𝑅

⎤

⎥

⎥

⎦

𝐯𝑇 = 𝐯𝑠,𝑡 − 𝐙𝑇 𝐢𝑇
𝐯𝐼 = −𝐙𝐼 𝐢𝐼
𝐯𝑅 = −𝐙𝑅𝐢𝑅
𝐙𝑇 = diag(𝑍𝑇 ,1 ,… , 𝑍𝑇 ,𝑁 𝑇 )
𝐙𝑅 = diag(𝑍𝑅,1 ,… , 𝑍𝑅,𝑁 𝑅)

⎡

⎢

⎢

⎣

𝐛𝑇
𝐛𝐼
𝐛𝑅

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

𝐒𝑇 𝑇 𝐒𝑇 𝐼 𝐒𝑇 𝑅
𝐒𝐼 𝑇 𝐒𝐼 𝐼 𝐒𝐼 𝑅
𝐒𝑅𝑇 𝐒𝑅𝐼 𝐒𝑅𝑅

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝐚𝑇
𝐚𝐼
𝐚𝑅

⎤

⎥

⎥

⎦

𝐚𝑇 = 𝐛𝑠,𝑡 + 𝚪𝑇 𝐛𝑇
𝐚𝐼 = 𝚯𝐛𝐼
𝐚𝑅 = 𝚪𝑅𝐛𝑅
𝐒 = (𝐙 + 𝐙0𝐈)−1(𝐙 − 𝐙0𝐈)
𝚪𝑇 = (𝐙𝑇 + 𝐙0𝐈)−1(𝐙𝑇 − 𝐙0𝐈)
𝚯 = (𝐙𝐼 + 𝐙0𝐈)−1(𝐙𝐼 − 𝐙0𝐈)
𝚪𝑅 = (𝐙𝑅 + 𝐙0𝐈)−1(𝐙𝑅 − 𝐙0𝐈)

⎡

⎢

⎢

⎣

𝐘𝑇 𝑇 𝐘𝑇 𝐼 𝐘𝑇 𝑅
𝐘𝐼 𝑇 𝐘𝐼 𝐼 𝐘𝐼 𝑅
𝐘𝑅𝑇 𝐘𝑅𝐼 𝐘𝑅𝑅

⎤

⎥

⎥

⎦

𝐢𝑇 = 𝐢𝑠,𝑇 − 𝐘𝑇 𝐯𝑇
𝐢𝐼 = −𝐘𝐼𝐯𝐼
𝐢𝑅 = −𝐘𝑅𝐯𝑅
c

s
p
w
i
t
s
p

The proposed channel model, outlined in Eq. (24), effectively en-
compasses the impacts of antenna mismatching and mutual coupling
at the transmitter, BD-RIS, and receiver. Nonetheless, its complexity
makes it challenging to clearly understand the function of BD-RIS.
Then, to streamline the overall communication model, they introduce
a simplifying set of assumptions. Firstly, they assume equal source and
load impedances (𝐙𝑇 = 𝑍0𝐈𝑁 ,𝐙𝑅 = 𝑍0𝐈𝐾 ), ensuring optimal power
matching at the transmitter and receiver. Secondly, they make the uni-
lateral approximation, assuming negligible links between devices due
to sufficiently large distances (𝐙𝑇 𝐼 ≈ 0, 𝐙𝑇 𝑅 ≈ 0, 𝐙𝐼 𝑅 ≈ 0). Thirdly,
they posit perfectly matched antennas at both ends, minimizing mutual
coupling effects (𝐙𝑇 𝑇 = 𝑍0𝐈𝑁 and 𝐙𝑅𝑅 = 𝑍0𝐈𝐾 )[72].

Based on the above assumptions, and the relationship 𝐒 = (𝐙 +
𝑍0𝐈𝐿)−1(𝐙 − 𝑍0𝐈𝐿), the transmission scattering matrices from the re-
ceiver to the transmitter approach zero, i.e., 𝐒TI ≈ 0, 𝐒TR ≈ 0, 𝐒𝐼 𝑅 ≈
0. Additionally, the scattering matrices at the antenna arrays of the
transmitter and receiver also approach zero, i.e., (𝐒TT ≈ 0, 𝐒RR ≈ 0)
Consequently, the following simplified channel is resulted:

TR ≈ 𝐒RT + 𝐒RI(𝐈𝑀 −Θ𝐒II)−1Θ𝐒IT (25)

s the matrix Θ of reflection coefficients introduces complexity by
ppearing both inside and outside the inverse, further simplifications
y leveraging the relationship between nonzero sub-matrices of 𝐒 and
hose of 𝐙 are introduced. So, a more tractable and convenient expres-
ion equivalent to is suggested as:

𝐡TR ≈ 1
2𝑍0

(𝐙RT − 𝐙RI(𝐙II + 𝐙I)−1𝐙IT) (26)

The matrices 𝐙RT, 𝐙RI, and 𝐙IT describe the channels from the
transmitter to the receiver, from the BD-RIS to the receiver, and from
the transmitter to the BD-RIS, respectively. The matrix 𝐙II addresses the
mismatching and mutual coupling effects at the RIS elements, where
its diagonal entries represent the self-impedance of the elements and
the off-diagonal entries account for mutual coupling. This coupling is
influenced by the spacing between the elements, with wider separations
typically leading to less mutual coupling.

Several other researchers have investigated mutual coupling-aware
RIS-aided communications [48,73].

3.4. Lessons learned

• The EM effects are commonly characterized using S parameters
and/or Z parameters in communication systems.

• The introduction of BD-RIS has transformed the conventional
approach to RIS implementation by incorporating tunable
impedance components for interconnecting RIS elements. This
innovation enhances the flexibility of RIS configurations beyond
the limitations imposed by diagonal phase shift matrices, marking
a significant departure from traditional RIS setups.

• Understanding and modeling mutual coupling effects between RIS
elements is crucial in optimizing RIS performance and overall sys-
tem efficiency, especially in scenarios where the proximity of ele-
ments leads to mutual interference and complex electromagnetic

interactions.

10 
4. EM model-aware problem formulation

This section delves into diverse problem formulations pertaining to
the optimization of RIS-enhanced wireless networks. The emphasis is
distinctly on EM factors and considerations. These formulations cover
a broad spectrum of objectives, including the improvement of channel
gain and capacity, enhancement of SINR and maximization of sum
rate, enhancement of energy efficiency, and minimization of power
consumption.

4.1. Channel gain

Maximization of channel gain in BD-RIS aided communications
with considering the mutual coupling effects between RIS elements is
studied in [72]. A SISO system with focuses on the optimization of
block diagonal impedance matrix 𝐙𝐼 of group-connected architecture
is considered. The channel gain maximization problem considering the
channel model in Eq. (26) is formulated as follows:

max
𝐙𝐼

|

|

|

𝐙RT − 𝐙RI(𝐙II + 𝐙𝐼 )−1𝐙IT
|

|

|

2
(27a)

subject to
𝐙𝐼 = blkdiag(𝐙𝐼 ,1,… ,𝐙𝐼 ,𝐺), (27b)

𝐙𝐼 ,𝑔 = 𝐙𝑇
𝐼 ,𝑔 , ℜ{𝐙𝐼 ,𝑔} = 0, ∀𝑔 ∈ . (27c)

In this context, each block 𝐙𝐼 ,𝑔 ∈ C𝑀 ′×𝑀 ′ , for all 𝑔 ∈  =
{1,… , 𝐺}, is characterized by being symmetric and purely imaginary
in the context of reciprocal and lossless reconfigurable impedance
networks . In particular, when 𝐺 = 1 and 𝐺 = 𝑀 , it corresponds
to the fully-connected and single-connected architectures of BD-RIS,
respectively [72]. An iterative optimization technique, incorporating
the Neumann series approximation is employed to tackle the com-
putational hurdle arising from matrix inversion within the objective
function mentioned in Eq. (27a).

4.2. Capacity

RIS’s dynamic control over the propagation environment enables it
to improve link quality, extend coverage, and ultimately enhance the
overall capacity of wireless communication systems.

The research presented in [74] addresses the gap concerning wide-
band communications with BD-RIS, a topic previously explored only
in [75]. Prior studies assumed linear variations of RIS phase-shifts
across subcarriers and proposed a quasi-Newton method to optimize
hannel capacity, lacking a derived system model and a problem-

specific algorithm. This paper fills these gaps by deriving the OFDM
ystem model from fundamental principles, resulting in a unique ex-
ression. Additionally, it introduces a specialized algorithm to optimize
ideband capacity under specific constraints. The resulting capac-

ty expression provides detailed insights into the impact of propaga-
ion paths on cascaded channel expressions. Simulation results demon-
trate that employing BD-RIS significantly enhances wideband capacity,
articularly in non-line-of-sight (NLOS) channels.
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The capacity of the BD-RIS-assisted SISO OFDM system, given a
reflection matrix Ψ, is expressed as:

𝐶 = 𝐵
𝑁𝑐 + 𝑇

𝑁𝑐−1
∑

𝜈=0
log2

(

1 + 𝑝opt
𝜈 |ℎ̄𝜈 + tr(Ψ𝐇𝜈)|

2

𝑁0

)

bit/s (28)

where 𝐵 denotes the bandwidth. Besides,

𝑝opt
𝜈 = max

(

𝜇 −
𝑁0

|ℎ̄𝜈 + tr(Ψ𝐇𝜈 )|
2
, 0

)

, 𝜈 = 0,… , 𝑁𝑐 − 1 (29)

Here, 𝑝opt
𝜈 denotes the power allocated to subcarrier 𝜈 using the

water-filling method, and 𝜇 is chosen to meet the total power constraint
∑𝑁𝑐−1

𝜈=0 𝑝opt
𝜈 = 𝑃𝑡𝑁𝑐 . Moreover, 𝑃𝑡 represents the total power available.

Considering the time and frequency domain representations of chan-
nels as follows:

𝑐𝑠[𝓁] =
𝐿𝑠
∑

𝑖=1
𝑎𝑠,𝑖𝑒

−𝑗2𝜋 𝑓𝑐 (𝜏𝑠,𝑖−𝜂)sinc
(

𝓁 + 𝐵(𝜂 − 𝜏𝑠,𝑖)
)

, (30)

𝑐𝑖,𝑗 [𝓁] = 𝑎𝑟,1,𝑗𝑎𝑡,1,𝑖𝑒
−𝑗2𝜋 𝑓𝑐 (𝜏𝑟,1,𝑗+𝜏𝑡,1,𝑖−𝜂)

× sinc
(

𝓁 + 𝐵(𝜂 − 𝜏𝑟,1,𝑗 − 𝜏𝑡,1,𝑖)
)

, (31)

𝑐𝑠[𝜈] =
𝑇
∑

𝓁=0
𝑐𝑠[𝓁]𝑒−𝑗2𝜋𝓁𝜈∕𝑁𝑐 , 𝜈 = 0,… , 𝑁𝑐 − 1, (32)

𝑖̄,𝑗 [𝜈] =
𝑇
∑

𝓁=0
𝑐𝑖,𝑗 [𝓁]𝑒−𝑗2𝜋𝓁𝜈∕𝑁𝑐 , 𝜈 = 0,… , 𝑁𝑐 − 1, (33)

here 𝑎𝑟,1,𝑗 , 𝑎𝑡,1,𝑖 ∈ [0, 1] represent the attenuations, and 𝜏𝑡,1,𝑖, 𝜏𝑟,1,𝑗 ≥ 0
epresent the propagation delays of the impulse responses to and from
IS element 1. The following channel formulation is obtained:

̄ 𝝍 [𝜈] = 𝑐𝑠[𝜈] + tr(Ψ
𝐿𝑟
∑

𝑗=1

𝐿𝑡
∑

𝑖=1
𝑐𝑖,𝑗 [𝜈]𝐚(𝜙𝑖,𝑖, 𝜃𝑖,𝑖)𝐚𝑇 (𝜙𝑜,𝑗 , 𝜃𝑜,𝑗 )) (34)

here

ℎ̄𝜈 = 𝑐𝑠[𝜈], (35)

𝜈 =
𝐿𝑟
∑

𝑗=1

𝐿𝑡
∑

𝑖=1
𝑐𝑖,𝑗 [𝜈]𝐚(𝜙𝑖,𝑖, 𝜃𝑖,𝑖)𝐚𝑇 (𝜙𝑜,𝑗 , 𝜃𝑜,𝑗 ), (36)

The channel model includes several parameters: 𝐿𝑡 and 𝐿𝑟 denote
he number of propagation paths from the transmitter to the RIS and
rom the RIS to the receiver, respectively. 𝑇 represents the length
etermined by the delay spread and PAM pulse, crucial for OFDM
odulation. 𝜈 and 𝓁 are indices representing frequency and time,

ssential for analyzing temporal and spectral dynamics. The angles
𝜙𝑖,𝑖, 𝜃𝑖,𝑖) and (𝜙𝑜,𝑗 , 𝜃𝑜,𝑗 ) describe incident and outgoing paths relative to
he RIS’s broadside direction. Finally, 𝑁 represents the number of phase
hifts associated with each path, influencing the interactions within the
IS-assisted communication system. Besides, the vectors 𝐚(𝜙𝑖,𝑖, 𝜃𝑖,𝑖) and
(𝜙𝑜,𝑗 , 𝜃𝑜,𝑗 ) are the array response vectors for the incident and outgoing
aths at the RIS, respectively, capturing the phase shifts across array
lements due to path differences for the specified angles. Then, the
apacity in Eq. (28) is maximized respect to a fully connected BD-RIS
hase shift constraint as follows:

= Ψ𝑇 , (37)

Ψ𝐻 = 𝐈𝑁 (38)

Due to the complexity arising from the reflection matrix Ψ impact-
ing all subcarriers, they adopt a novel divide-and-conquer approach to
ddress the maximization problem [74].
 𝑃
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4.3. Received power

The minimization of transmit power or the maximization of received
power is another widely investigated topic in RIS-aided wireless com-

unications. Transmission power reduction not only saves the power
onsumption of wireless networks but also reduces the interference
n adjacent cells. Several papers on maximizaing received power are
isted in Table 4. The authors in [76] consider a multiple-input single-
utput (MISO) system in which a RIS is deployed to enhance wireless
ommunication from the transmitter to the receiver, as depicted in
ig. 6. It is assumed that the direct link between the transmitter and the
E is blocked. The transmitter is equipped with 𝑀 antennas, forming
niform linear array (ULA) while the user is equipped with a single
ntenna.

The channel between the transmitter (T) and the receiver (R) to
IS (I) is presented as 𝐡𝐻𝑇 𝐼 ∈ C𝑁×𝑀 and 𝐡𝐻𝐼 𝑅 ∈ C1×𝑁 respectively and

ormulated as follows:

𝐻
𝑇 𝐼 =

⎡

⎢

⎢

⎣

𝑎𝑇 𝐼 ,1,1𝑒𝜃𝑇 𝐼 ,1,1 ⋯ 𝑎𝑇 𝐼 ,1,𝑁𝑒𝜃𝑇 𝐼 ,1,𝑁
⋮ ⋱ ⋮

𝑎𝑇 𝐼 ,𝐿,1𝑒𝜃𝑇 𝐼 ,𝐿,1 ⋯ 𝑎𝑇 𝐼 ,𝐿,𝑁𝑒𝜃𝑇 𝐼 ,𝐿,𝑁

⎤

⎥

⎥

⎦

(39)

𝐡𝐻𝑅𝐼 =
[

𝑎𝐼 𝑅,1𝑒𝜃𝐼 𝑅,1 ⋯ 𝑎𝐼 𝑅,1,𝐿𝑒𝜃𝐼 𝑅,𝐿
]

(40)

Where 𝑎𝑇𝐼 ,𝑝,𝑞 , and 𝜃𝑇𝐼 ,𝑝,𝑞 denotes the gain and phase of channel from
𝑝th antenna of transmitter and the 𝑞th reflective element of RIS. In
the context of far-field operation, it is reasonable to assume that the
amplitude gains from various antenna elements to distinct RIS elements
are equal. Thus, the following assumption holds true:

𝑎TI,p,q ≃ 𝑎TI, 𝑎IR,q ≃ 𝑎IR, 𝑝 = 1,… , 𝑀 , 𝑞 = 1,… , 𝑁 . (41)

and the final amplitude gain from the transmitter to the receiver
through individual reflective element of the RIS is 𝑎TI𝑎IR ≜ 𝑎TIR.
The values of 𝑎𝑇 𝐼 𝑅 from physical and electromagnetic perspectives is
formulated as follows:

𝑎TIR =

√

‖𝐸𝑟
‖

2

2𝑍air
𝐴𝑟

=

√

√

√

√

𝑍air𝐺𝑡𝐺 𝑑𝑥𝑑𝑦𝐹 (𝜃𝑡, 𝜙𝑡)𝐹 (𝜃𝑟, 𝜙𝑟)𝛤 2𝑑−2TI 𝑑
−2
IR

16𝜋2𝑍air

𝐺𝑟𝜆2

4𝜋

≅ 𝛿TIR𝑑
−1
TI 𝑑

−1
IR .

(42)

where 𝐹 (𝜃𝑡, 𝜙𝑡)𝐹 (𝜃𝑟, 𝜙𝑟) is the normalized power radiation pattern of the
IS, 𝑍air is the characteristic impedance of the air, 𝐺𝑡 is the transmitter
ntenna gains, 𝛤 is the RIS gain, (𝜃 , 𝜙) are the elevation and azimuth
ngles from the reference point of the RIS to the transmitter and

receiver, 𝐹 is the normalized power radiation pattern, and 𝜇𝑇 𝐼 is the
complement angle of the direction of arrival (DOA) of the RIS at the
transmitter. Then, the phase changes in the channel 𝒉𝐻TI are equivalently
written as:

𝜃TI,𝑞 ,𝑝 = 2𝜋 𝑑TI,𝑞 ,𝑝
𝜆

≅ 2𝜋 𝑑TI + 𝛥𝑑TI,𝑞 ,𝑝
𝜆

, (43)

𝜃IR,𝑞 = 2𝜋 𝑑IR,𝑝
𝜆

≅ 2𝜋 𝑑IR + 𝛥𝑑IR,𝑞
𝜆

, (44)

where 𝜆 is the carrier wavelength, 𝛥𝑑𝑇 𝐼 ,𝑞 ,𝑝, 𝑑𝑇 𝐼 , corresponds to the
istance between the 𝑝th antenna and the reference point of the trans-

mitter and the distance from the 𝑝th antenna element to the 𝑞th RIS
eflective element, and 𝑎𝑇 𝐼 ,𝑝,𝑞 , 𝑎𝐼 𝑅,𝑞 , stands for the amplitude gains from

various antenna elements to different RIS elements.
The received power and its maximization problem respect to trans-

it and passive beam forming vectors 𝐯 and Θ, the position of the RIS
𝐼 ,𝑝𝑜𝑠, and the orientation of the RIS, 𝐫𝐼 ,𝑜𝑟𝑖, is formulated as follows:

2

𝑟 = |𝐡𝐻𝐼 𝑅Θ𝐡𝐻𝑇 𝐼𝐯| . (45)



𝐯
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Fig. 6. Diagram of RIS-aided MISO communication system.
Table 4
Transmit power minimization or Received power maximization for EM-based models of RIS-assisted communications.

Ref. Scenario Objective Design variables Algorithms

[77] BD-RIS aided MU-MISO network Transmit power
minimization

Transmit beamforming
Phase shifts of the BD-RIS

BCD

[78] Coordinated BD-RIS-aided SU
MISO

Received power
maximization

Transmit beamforming
Phase shifts of the RIS

AO, Closed-form solutions

[79] BD-RIS MISO Received power
maximization

Transmit beamforming
and phase shifts of the RIS

Closed-form solutions

[80] Multi-band RIS multi-BS MIMO Received power
maximization

phase shifts of the RIS Closed-form solutions

[81] Hybrid BD-RIS SU SISO,
MISO,MIMO

Received power
maximization

Phase shifts of the RIS PDD

[76] SISO Received power
maximization

Transmit beamforming
,phase shifts of the RIS,
orientation and position of the
RIS

AO, closed-form solutions

[82] SISO Received power
maximization

Transmit beamforming
and phase shifts of the RIS

AO, SOCP,
geometry-based optimal phase
control algorithm

[83] SISO Received power
maximization

Tunable impedances at the RIS Gradient-based algorithm

[84] SISO Received power
maximization

Discrete phase shifts of RIS Dynamic threshold phase
quantization (DTPQ)
and equal interval phase
quantization (EIPQ)

[85] SISO Received power
maximization

Discrete phase shifts of RIS Group-based query algorithm,
Closed-form solutions

[86] STAR-RIS Received power
maximization

Transmit beamforming
and phase shifts of the RIS

Closed-form solutions

[87] BD-RIS-assisted SISO, MISO, SIMO SNR maximization RIS phase shift matrix Closed-form solution

[88] SISO End-to-end SNR
maximization

Tunable impedances of the RIS Closed-form solution

[89] MUs SIMO End-to-end SINR
maximization

Receive BF vectors at the BS,
transmit power allocation at the
users,
and the RIS phase shift design

Projected gradient descent-based
solution
maximize
,Θ,𝐫𝐼 ,𝑝𝑜𝑠 ,𝒓𝐼 ,𝑜𝑟𝑖 𝑃𝑟

subject to 𝐯𝐻𝐯 ≤ 𝑃𝑡

Θ ∈ B

{𝐫𝐼 ,𝑝𝑜𝑠, 𝒓𝐼 ,𝑜𝑟𝑖} ∈ S0
𝐫𝐼 ,𝑝𝑜𝑠 ∈ S1 ∩ S2.

(46)

where S0 is a set that guarantees the EM to propagate from transmitter
to receiver through the RIS directly, which is specified by application
environment, S can be expressed as (𝑑 ≥ 𝑟 ) ∩ (𝑑 ≥ 𝑟 ) where 𝑟
1 TI 0 RI 1 0

12 
and 𝑟1 are the minimum distance to guarantee the far-field condition,
respectively, the region S2 defines the feasible area for fixing the RIS,
while B characterizes the feasible set of 𝛩. It is assumed that the
antennas in 𝑇 and R are omni-directional.

The recent work in [78] proposes a coordinated RIS architecture
that allows for optimized connection patterns between RIS elements
and configurable impedances based on CSI. Unlike existing architec-
tures, the coordinated RIS offers greater optimization flexibility. Sim-
ulation results show that it achieves higher power gain compared to
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group-connected RIS, approaching the performance of fully-connected
architectures while requiring fewer configurable impedances.

In [79], the authors introduces new BD-RIS models and archi-
ectures using graph theory, resulting in two efficient designs: tree-
onnected and forest-connected RIS. The tree-connected architecture,
ased on a tree graph, is the simplest yet reaches the performance
eak for MISO systems. The forest-connected architecture offers a trade-
ff, reducing complexity more than the tree-connected model. For

optimization, a closed-form solution is available for the tree-connected
IS, while the forest-connected RIS uses a simpler iterative method. Nu-

merical tests show that the tree-connected RIS matches the performance
of a fully-connected RIS and the forest-connected aligns with group-
connected RIS, but with up to 16.4 times less complexity. Another work
n [80] explores the frequency-dependent characteristics of BD-RISs,
roposing a new reflection model for multi-band MIMO networks. It
evelops optimization strategies to enhance received power at vari-
us users connected to different base stations operating on separate
requencies. By leveraging matrix theory, the study derives simplified
olutions for complex optimization challenges and implements these
sing codebook-based configurations. Simulation results demonstrate
he effectiveness of BD-RISs over traditional models, particularly in
heir robustness to frequency variations, while also highlighting poten-
ial interference issues without proper synchronization between RISs
nd base stations. In [81], the authors present a closed-form solution
or optimizing the scattering matrix in BD-RIS architectures, achieving
heoretical performance limits across various channel setups. Initially
eveloped for single-user SISO systems, the solution extends to MIMO
nd MISO configurations. The proposed algorithm simplifies and re-
uces the complexity compared to previous methods, scaling linearly
ith RIS elements in group connected architectures and cubically in

ully connected ones.
The received power maximization is also studied in [83] [84,85].

he authors in [83] explore RISs using an EM-compliant model. Focus-
ng on a SISO system with an RIS, the RIS is modeled as a collection
f tunable load impedances controlling thin wire dipoles. A gradient-
ased algorithm is introduced to optimize the impedance of scattering
lements in the presence of mutual coupling. The algorithm’s con-
ergence and computational complexity are analyzed, with numerical
esults demonstrating its superiority over a benchmark algorithm in
erms of performance and convergence time.

The authors in [84] examine phase alignment and quantization for
IS in SISO systems. Their work uncovers phase distribution patterns

hat inform the discretization of phase shifts in the RIS. The study
ntroduces dynamic threshold and equal interval phase quantization
ethods, demonstrating marked improvements in power gain, sta-

ility, and robustness over conventional methods. Additionally, the
aper presents the first path loss scaling law under discrete phase
hifts and validates these results through field trials. This research
nhances RIS performance optimization and supports practical imple-
entations in communication systems. In [85], the authors present a
ractical reflection coefficient model for RIS, departing from idealized
ssumptions. The model considers non-uniform amplitudes and limited
hase shifts based on measurements. An algorithm is proposed to
alculate the coefficients while accommodating these constraints, with
nalytical performance analysis. Simulation and experimental results
alidate the effectiveness of the algorithm, enhancing our understand-
ng of RIS behavior and deployment possibilities. The work in [86]
ocus on metasurface-based RISs designed for simultaneous transmis-
ion and reflection (STAR). These structures, with tiny elements, differ
rom traditional patch-array RISs and are particularly suited for near-
ield scenarios. A continuous electric current distribution approach is
mployed for modeling their electromagnetic response. The research
rovides analytical insights for both single-user and multi-user settings.
otably, near-field channels offer higher degrees-of-freedom (DoFs)

han far-field channels. STAR-RIS strategies are proposed and evalu-

ted, showing the superiority of metasurface-based RISs and providing

13 
aluable insights into power scaling laws and optimal strategies for
ifferent scenarios. In [87], the authors discuss the use of BD-RIS
rchitectures, which utilize unitary and symmetric RIS matrices to
nhance wireless channel flexibility. The focus is on maximizing the
NR for single and multiple antenna systems using a BD-RIS. The
roblem of maximizing SNR is tackled by providing a solution in
losed-form, achieved through the Takagi factorization of a complex
ymmetric matrix. This approach facilitates efficient resolution for
ISO, SIMO, and MISO channel configurations. Besides, in [89], the
uthors presents a novel method for optimizing RIS in advanced com-
unication systems. It uses channel statistics instead of instantaneous

hannel data, enhancing beamforming, user power allocation, and RIS
hase adjustments to maximize the minimum SINR and ensure fairness
mong users. The problem is also formulated including electromagnetic
ield exposure (EMF)-aware constraints. The specific absorption rate
SAR), expressed in watts per kilogram of body weight (W/kg), gauges
MF in the immediate vicinity. It assesses how quickly the body absorbs
nergy when subjected to electromagnetic radiation.

The work in [88] introduces an optimization algorithm for RIS-
ssisted communications that maximizes end-to-end SNR by consider-
ng RIS tunable impedances and accounting for mutual coupling. The
esults show that this approach significantly improves SNR, primarily
or single-antenna transceivers in the far-field.

.4. Sum rate

Enhancing the sum-rate and channel capacity stands out as a promi-
ent benefit of RIS. In contrast to direct transmission from the BS to
he user, RISs offer an indirect line, potentially line-of-sight, resulting
n reduced path loss and increased SINR [32].

In [90], the authors consider a MIMO interference channel that com-
rises 𝑁𝑇 transmitter–receiver pairs. They adopt an electromagnetic-
ompliant communication model based on mutual impedances, partic-
larly suited for RISs comprising thin wire dipoles made of perfectly
onducting material. These dipoles are controllable through tunable
oad impedances, offering the flexibility to program and shape the
cattered field within the RIS-assisted channel. The system model is
hown in Fig. 7.

Under the following assumptions:
- The channel matrix between the 𝑗th transmitter and the 𝑘th

eceiver is determined by the internal impedances of the transmit
ntennas, the load impedances of the receive antennas, and the tunable
mpedances of the RIS.

- Denoting 𝐙(𝑖)
𝐼 = 𝐙(𝑖)

tun as a 𝑃 × 𝑃 diagonal matrix representing the
unable impedances of the 𝑖th RIS, where 𝑩𝑖 = diag(𝒃𝑖) is a diagonal
atrix containing the adjustable impedances of all 𝐼 RISs.

The following notation for channel matrices is derived:

TR,𝑘,𝑗 = (𝑰𝐿 +𝒁𝑘,𝑘𝒁−1
𝑘 )−1𝒁𝑘,𝑗 (𝒁𝑗 ,𝑗 +𝒁𝑗 )−1 ∈ C𝐿×𝑀 , (47a)

̄ 𝑖 = 𝒁 𝑖,𝑖 ∈ C𝑃×𝑃 , 𝑩𝑖 = 𝒁𝑃×𝑃
𝐼 , (47b)

TR,𝑘,𝑖,𝑗 = −𝑻 𝑘,𝑖(𝑩̄𝑖 + 𝑩𝑖)−1𝑺 𝑖,𝑗 ∈ C𝐿×𝑀 , (47c)

TR,𝑘,𝑗 () ∼ 𝒉̄TR,𝑘,𝑗 +
𝐼
∑

𝑖=1
𝐡̄TR,𝑘,𝑖,𝑗 () ∈ C𝐿×𝑀 . (47d)

here 𝐡̄TR,𝑘,𝑗 accounts for the line-of-sight link and 𝐡̃TR,𝑘,𝑖,𝑗 accounts
or the (virtual line-of-sight) link scattered by the 𝑖th RIS. To simplify
otation, we use  = {𝒃1, 𝒃2,… , 𝒃𝐼} to collectively represent the 𝐼
ectors 𝑏𝑖 that are subject to optimization. Then, an EM-aware sum-rate
aximization problem is formulated as follows:

ax
 ,

Rtot( ,) = Max
 ,

𝑁𝑇
∑

𝑘=1
𝛼𝑘𝑅𝑘( ,) (48a)

ubject to tr(𝑽 𝑘𝑽 𝐻
𝑘 ) ≤ 𝑃𝑘, ∀𝑘 = 1,… , 𝑁𝑇 (48b)

R(𝑏𝑘,𝑝) = 𝑅resistance ,0, ∀𝑖 = 1,… , 𝐼 , 𝑝 = 1,… , 𝑃 (48c)
I(𝑏𝑘,𝑝) ∈ R, ∀𝑖 = 1,… , 𝐼 , 𝑝 = 1,… , 𝑃 (48d)
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Fig. 7. Illustration of an RIS-assisted MIMO interference channel (© 2021 IEEE, [90]).
Table 5
Maximization of sum rate with physically-consistent models for the RIS in RIS-assisted communications.

Ref. Scenario Objective Design variables Algorithms

[63] Hybrid BD-RIS-aided
MUs-MISO

Sum rate maximization Transmit beamforming , and
BD-RIS matrix

Iterative algorithm,
Closed form solution

[77] BD-RIS aided SU-MISO
network

Sum rate maximization Transmit beamforming
Phase shifts of the BD-RIS

block ascent (BCA) method

[90] MIMO Sum rate maximization Active and passive beamforming BCD, wMMSE

[91] BD-RIS Aided SU/MUs-MISO Sum rate maximization Tunable impedance components
of the BD-RIS

closed-form solution

[92] BD-RIS RSMA Aided
MUs-MISO

Sum rate maximization Transmit beamforming
and multi-sector BD-RIS
configuration

Majorization-minimization
(MM)
and penalty-dual
decomposition (PDD) method

[93] FC BD-RIS MUs MISO ISAC
system

Sum rate maximization linear filter,
transmit beamforming,
and the BD-RIS configuration

RCG(Riemannian Conjugate
Gradient),
Manifold Based Solution

[94] MU-MIMO Sum rate maximization SAR constraints Iterative waterfilling algorithm

[95] MISO Sum rate maximization Tunable impedances of the unit
cells of
the RIS, Passive beamforming

Iterative algorithm

[96] RIS-aided MUs-MISO
SDMA/NOMA

Weighted sum rate
maximization

Multiple access precoding at the
BS,
and RIS configuration

AO, WMMSE precoding,
Unsupervised ML
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where

𝑅𝑘( ,) = log det (𝐈𝐿 + 𝐕𝐻
𝑘 𝐡𝐻TR,𝑘,𝑘()𝐉̄

−1
𝑘 𝐡TR,𝑘,𝑘()𝐕𝑘) (49)

and the interference-plus-noise covariance matrix is formulated as:

̄𝑘 =
𝑁𝑢
∑

𝑗=1,𝑗≠𝑘
𝐡𝐻TR,𝑘,𝑗 ()𝐕𝑗𝐕𝑗

𝐻𝐡𝐻TR,𝑘,𝑗 () + 𝜎2𝑘𝐈𝐿 (50)

here  = {𝑽 1,𝑽 2,… ,𝑽 𝑁𝑇
} denotes the set of 𝑁𝑇 precoding matrices.

Besides, 𝑅resistance,0 ≥ 0 represents a resistance value that charac-
erizes the losses within the tunable impedances of the RIS elements.
onstraint (48c) is in place to guarantee that the RIS does not act as

an amplifier for the incoming signal.
Table 5 summarizes sum-rate/channel capacity maximization works

n RIS-aided wireless communications from EM perspectives, including
cenario, objective, design variables, and algorithms.

The work in [91] explores optimizing the performance of group-
connected BD-RIS. It introduces a static grouping strategy based on
hannel statistics to enhance performance while maintaining low cir-
uit complexity. By solving optimization problems, the study demon-
trates substantial performance improvements, particularly in scenarios
ith highly correlated channels, with up to a 60% increase in sum

ate. On the other hand, the work in [63] introduces a new approach
 m

14 
o enhance the performance of BD-RIS by dynamically adjusting an-
enna groupings based on CSI. Unlike existing static configurations,
his dynamic grouping strategy optimizes the BD-RIS setup by adapting
ntenna subsets to variations in CSI, resulting in a more flexible and
fficient system. The proposed method is evaluated using simulations,
emonstrating its superiority over fixed group-connected architectures
n multi-user multiple-input single-output systems.

In [93], the authors explore the use of fully-connected beyond-
iagonal RIS (FC BD-RIS) to enhance the performance of integrated
ensing and communication (ISAC) systems. The paper emphasizes the
uperior beamforming capabilities of BD-RIS compared to traditional
iagonal RIS architectures. By applying the majorization-minimization
MM) and penalty-dual-decomposition (PDD) methods, the study devel-
ps an effective algorithm to address the challenges posed by orthog-
nality conditions and non-convex inequalities involving BD-RIS. The
umerical results confirm the efficiency of the proposed solution and
he advantages of incorporating BD-RIS in ISAC networks. The work
n [92] investigates the combination of rate-splitting multiple access
RSMA) with a BD-RIS to enhance network performance and reduce
ntenna usage. Using a prism-shaped multi-sector BD-RIS in a mul-
iuser system, the research develops joint transmit precoder and BD-RIS
atrix designs under imperfect channel conditions. By transforming a
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stochastic maximization problem into a deterministic one, the approach
optimizes system performance iteratively. Simulations show that this
integration outperforms traditional access methods and reduces the
number of antennas needed.

In [94], the authors underscore the importance of incorporating user
exposure constraints into the design of uplink transmission covariance

atrices for advanced cellular systems such as 5G and beyond. The
tudy emphasizes that ensuring near-field user exposure limitations
mpact the potential far-field data rates achievable by devices with mul-
iple transmit antennas. The paper focuses on specific absorption rate
SAR) as a well-recognized metric for user exposure. It investigates a
ulti-user MIMO system, considering SAR restrictions at each user. The

esearch analyzes the maximum achievable sum rates under different
ransmitter channel state information scenarios. The proposed SAR-
ware MIMO transmission techniques, based on a modified waterfilling
lgorithm, are demonstrated to outperform conventional strategies for
cenarios involving two users.

In [95], the authors focus on developing electromagnetic models
or RISs, building upon a recent model involving mutually coupled
oaded wire dipoles. The authors introduce an RIS-aided channel model
uitable for more realistic scenarios. In this model, they represent scat-
ering objects as loaded wire dipoles, allowing them to characterize the
ehavior of various natural and engineered materials by adjusting the
ipole parameters. They also present an iterative algorithm that jointly
ptimizes RIS and transmitter configurations, aiming to maximize the
ystem’s overall data rate. Extensive numerical experiments confirm
he considerable performance enhancements offered by their approach
hen compared to existing optimization methods.

In [96], Peng et al. employed ML techniques to WSR optimization
f RIS-assisted communication systems, considering mutual coupling
etween RIS elements for the first time. The research begins by deriv-

ing an RIS-assisted channel model that incorporates mutual coupling
effects. Subsequently, an unsupervised ML approach is proposed to op-
timize the RIS, utilizing a dedicated neural network architecture called
RISnet with good scalability and desired symmetry. Furthermore, the
study integrates ML-enabled RIS configuration with analytical precod-
ing at the base station and introduces a variant of RISnet that requires
partial channel state information from a subset of RIS elements [96].

.5. Spectral efficiency

RISs are regarded as a promising technology for extending coverage
nd improving the spectral efficiency of wireless systems [97]. In a
tudy by [98], the authors explore the design of SE maximization
onsidering EM effects in multiuser MIMO uplink transmission assisted
y RISs and digital metasurface antennas (DMAs). They propose a joint
ptimization of transmit precoding, RIS phases, and DMA weights to
nhance SE while adhering to power and specific absorption rate (SAR)
onstraints at users. The system model is depicted in Fig. 8. The SE
aximization problem concerning the transmission covariance matrix
and EM exposure level is formulated as follows:

aximize
𝐐,Φ,Ξ

𝜂SE(𝑸,Φ,Ξ) (51a)

ubject to tr(𝐐𝑘) ≤ 𝑃max,𝑘, 𝐐𝑘 ⪰ 𝟎 (51b)

tr(𝐑𝑘,𝑖𝐐𝑘) ≤ 𝐷𝑘,𝑖, ∀𝑘, 𝑖, (51c)

𝜙𝑛 ∈ 1, ∀𝑛; (51d)

Ξ ∈ 𝑆×𝑀
3 . (51e)

here 𝜑𝑛 ∈ 1 = {𝜑 = 𝑒𝑗 𝜃 , 𝜃 ∈ [0, 2𝜋)}. The DMA array is equipped at
he BS consisting of 𝑀 metamaterial units. These DMAs are composed
f 𝑆 microstrips, each of which contains 𝐿 metamaterial units, i.e., 𝑀 =
 𝐿. In practice, the DMA array can be regarded as a two-dimensional
ntenna array composed of a set of one-dimensional microstrips, and
ts configurable weight matrix Ξ ∈ C𝑆×𝑀 can be written as

𝑠1,(𝑠2−1)𝐿+𝑙 =

{

𝝃𝑠1,𝑙 ∈ 2 for 𝑠1 = 𝑠2 ∈ 𝑆×𝑀
3 (52)
𝟎 otherwise

15 
here 𝑠1, 𝑠2 ∈ {1,… , 𝑆}, 𝑙 ∈ {1,… , 𝐿}, and {𝜉𝑠1 ,𝑙}∀𝑠1 ,𝑙 are the weights
of the DMA elements, and the feasible set of weight matrices is denoted
as 3

𝑆×𝑀 . 𝜉𝑠1 ,𝑙 often satisfies certain constraints, e.g., its feasible set
represented by 2. The input–output relationship of the system between
the transmit signals and DMA’s output can be written as:

𝐳 = 1
𝐾

𝐾
∑

𝑘=1
Ξ𝐡𝑇 𝐼Φ𝐡𝐼 𝑅,𝑘𝐱𝑘 + 𝐧̃ ∈ C𝑆×1, (53)

where the channel matrix from user 𝑘 to the RIS is denoted as 𝐡𝐼 𝑅,𝑘 ∈
C𝑁𝑅×𝑁𝑘 , and the channel matrix from the RIS to the BS as 𝐡𝑇 𝐼 ∈
C𝑀×𝑁𝑅 . 𝐧̃ = 1

𝐾Ξ𝐧 is the equivalent channel noise. The constraints (51b)
and (51c) keep the transmission power and EM exposure level below
some specified values, and (51d) and (51e) prescribe the formats of RIS
hase shift matrix Φ and DMA weight matrix Ξ, respectively.

.6. Energy efficiency

Energy efficiency is a critical metric for green 5G and 6G networks.
ifferent with power minimization problems, the objective of energy
fficiency maximization includes both transmission rate and energy
onsumption metrics, which can better evaluate the power utilization

efficiency. The main benefit of RISs lies in the capability of reshaping
the signal propagation path with extremely low power consumption,
making RISs a promising technique to improve energy efficiency. En-
ergy efficiency maximization-related works are summarized in Table 6.
In [99], a comprehensive model for MISO transmission with RIS as-
sistance, incorporating both the end-to-end electromagnetic transfer
model and the non-linear rectifier model is presented. The approach
considers the hardware-related implications on EE, encompassing fac-
tors such as the radiation patterns of transmit antennas, the reflective
properties of the RIS, and particularly the mutual coupling effects
influenced by the arrangement of antenna arrays. The adopted model
mploys circuit impedances as optimization variables for configuring
he RIS, making it more practical than ideal assumptions. The system
odel is shown in Fig. 9 and includes several separate information
ecoder user (IDU) and energy harvester user (EHU). Two kinds of
sers, IDUs and EHUs, are belong to the set  = {1,… , 𝑀𝐼} and
 = {1,… , 𝑀𝐸}, respectively. For the RIS-enhanced SWIPT network,

he problem formulated to maximize the EE subject to the maximal
ransmitting power, the minimal rate of the IDU, the minimal DC output
ower of the EHU, and the hardware restrictions of the control circuit
t the RIS. The formulated optimization problem is as follows:

aximize
𝐰𝑗 ,𝐯𝑙 ,Ω

𝜂EE(𝝎𝑗 , 𝐯𝑙 ,Ω) (54a)

ubject to 𝑅𝑗 (𝝎𝑗 ,Ω) ≥ 𝑅(𝐷)
𝑗 , ∀𝑗 (54b)

𝑃𝑡(𝝎𝑗 , 𝐯𝑙) ≤ 𝑃max, (54c)

𝑃RF,𝑛(𝝎𝑗 , 𝐯𝑙 ,Ω) ≥ 𝑔𝑛(𝐸(𝐷)
𝑛 ), ∀𝑛; (54d)

ℜ(Ω𝑞) = 𝑅0 ≥ 0, ∀𝑞 (54e)

ℑ(Ω𝑞) ∈ R, ∀𝑞 . (54f)

where 𝜂𝐸 𝐸 (𝝎𝑗 , 𝐯𝑙 ,Ω) =
∑𝑀𝐼

𝑗=1 𝑅𝑗 (𝝎𝑗 ,Ω)

𝑃 (𝝎𝑗 ,𝐯𝑙)
, 𝝎𝑗 ∈ C𝑁T×1 and 𝐯𝑙 ∈ C𝑁T×1

enote the transmitting beamforming vectors for the 𝑗th IDU and
he 𝑙th EHU,(54), 𝑅(𝐷)

𝑗 refers to the rate condition for the 𝑗th IDU.
egarding Eq. (54b), 𝑃max represents the upper limit on the power

budget for transmission. The value 𝐸(𝐷)
𝑛 within Eq. (54c) signifies the

inimum DC power output requirement for the 𝑛th EHU. Eq. (54c)
nd (54d) outline the constraints of the control circuit. In Eq. (54e),
0 indicates the circuit’s loss, with the requirement 𝑅0 ≥ 0 ensuring

that the RIS functions in passive mode rather than active mode. Within
the context of this paper, the reactances of the circuits mentioned in
q. (54f) can be reconfigured, and we presume that their adjustable

ranges encompass the real number set.
Furthermore, the total transfer model can be depicted by
𝐡(Ω) = 𝐡EM(Ω) + 𝐡Cluster ∈ C1×𝑁𝑡 (55)
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Fig. 8. Hybrid RIS and DMA assisted multiuser MIMO system (© 2022 IEEE, [98]).
Fig. 9. The RIS-enhanced-SWIPT system (© 2023 IEEE, [99]).
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here 𝐡EM is the electromagnetic physical transfer model and 𝐡Cluster is
he clustered model. Regarding 𝐡EM, its behavior is influenced by the
unable component matrix Ω ∈ C𝑁𝑖×𝑁𝑖 . This matrix has a specific struc-
ure, denoted as Ω = diag(Ω1,… ,Ω𝑁𝑖

), with each entry representing
he impedance of the backend circuits of the RIS elements. The choice
f diodes or varactors allows for the configuration of Ω, with the RIS
mploying varactors to enable continuous adjustments of reactance. In
ore detail, the expression for 𝐡EM is as follows:

𝐡EM(Ω) =
𝐙L𝐒RT(Ω)

(

𝐙G + 𝐒TT(Ω)
)−1

𝐙L + 𝐒RR(Ω) − 𝐒RT(𝛺)
(

𝑍G + 𝐒TT(Ω)
)−1 𝐒TR(Ω)

∈ C1×𝑁𝑡 . (56)

where 𝐙G ∈ C𝑁𝑡×𝑁𝑡 denotes the source impedance matrix, a diagonal
matrix, 𝐙L is the load impedance, and 𝐒RT,𝐒TT,𝐒RR,𝐒TR denote the
transfer matrices between the transmitter, RIS, and receiver.

The author in [100] addresses the challenge of optimizing EE in
a RIS-assisted MIMO communications. The optimization problem in-
volves maximizing EE while adhering to power constraints and limiting
nd-users’ electromagnetic radiation exposure. The work jointly op-
imizes RIS phase shifts, transmit beamforming, receive filters, and
16 
ransmit power using two convergent and low-complexity algorithms.
ne algorithm is applicable to general scenarios but may not achieve
lobal optimality, while the other is proven optimal for cases with
sotropic EMF constraints. Numerical results demonstrate that the RIS
aintains comparable EE to scenarios without EMF constraints.

The work in [101] investigates the impact of LISs in millimeter-
ave networks, demonstrating their potential to boost capacity and
nergy efficiency. However, it also highlights limitations when the base
tation density exceeds that of the LISs, particularly due to reflected
nterference and phase-shift energy consumption, suggesting that LIS
eployment may not be necessary in such cases.

In the following section, we provide an extensive overview of
odel-based, heuristic, and ML methodologies employed in the opti-
ization of RIS-enhanced wireless networks, with a specific focus on
M considerations.

.7. Lessons learned

• Various problem formulations have been explored in the con-
text of EM-aware RIS-aided communications, aiming to achieve
different objectives such as increasing channel gain, enhancing
SINR, maximizing sum rate, improving energy efficiency, and
minimizing power consumption.
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Table 6
EE Maximization in RIS-assisted communications from EM perspective.

Ref. Scenario Objective Design variables Algorithms

[77] BD-RIS aided MU-MISO
network

EE maximization Transmit beamforming
Phase shifts of the BD-RIS

block ascent (BCA)
method

[99] RIS-aided-SWIPT MISO EE maximization Impedance parameters of the RIS
elements,
Active beamforming vectors

AO, SDR, SCA, and
Dinkelbach’s algorithm

[100] MIMO EE maximization RIS phase shifts, the transmit
beamforming,
the linear receive filter, and the
transmit power

AO, Closed form
solutions

[101] LIS-assisted mmWave
cellular network

EE maximization Number of LIS elements Stochastic geometry
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• Literature has employed various optimization methods to tackle
these problems, including traditional optimization techniques and
heuristic algorithms.

• Machine learning and deep learning methods have been rela-
tively underutilized for solving EM-aware RIS-aided communica-
tions problems, with few studies exploring their potential in this
domain.

. EM model-aware problem solution

.1. Model-based optimization

Within the context of this study, model-based approaches refer to
lgorithms grounded in specific optimization models, underpinned by a
omprehensive grasp of the defined problem. Such algorithms often re-
uire stringent prerequisites in terms of problem formulation character-
stics like convexity, continuity, and differentiability. Among the high-

lighted model-based algorithms for optimizing physically-consistent EM
models-aware RIS-aided communication are methodologies such as
alternating optimization (AO), majorization-minimization (MM) tech-
niques, successive convex optimization (SCA), semidefinite relaxation
(SDR), Block Coordinate Descent (BCD) as listed in Tables 4, 5, 6.

5.2. Heuristic strategies

These strategies rely on heuristic rules to expedite problem-solving,
offering efficient alternatives to conventional model-based methods. Al-
hough they may sacrifice optimality and precision in favor of reduced
omplexity and rapid solutions, heuristic algorithms prove instrumen-
al, especially for tackling NP-hard problems or complementing other
lgorithms. Heuristic algorithms such as the convex-concave procedure
CCP) algorithm, various meta-heuristic algorithms, greedy algorithms,
nd the application of matching theory can all be employed to en-
ance the optimization of wireless networks that incorporate RIS. The
ork in [102] used heuristic method to solve physically-consistent EM
odels-aware RIS-aided communication.

• Genetic Algorithm (GA): GA is a versatile optimization method in-
spired by the principles of natural selection. It uses a population-
based approach and evolves solutions over generations to find
optimal or near-optimal solutions to complex problems in various
domains. GA has been widely applied in the creation of pixelated
coded MTS designs [103].

• Particle Swarm Optimization (PSO): PSO is a nature-inspired opti-
mization algorithm that simulates the behavior of a flock of birds
or a swarm of particles. In PSO, individual solutions, represented
as particles, move through a search space to find the best solution
by adjusting their positions based on their own experience and
the collective knowledge of the swarm. PSO has been utilized
to model EM waves with pixelized coded MTSs [103], while
in [104], binary particle swarm optimization (BPSO) was applied
 l

17 
to achieve a reflecting MTS featuring both left-handed circular po-
larization (LHCP) and right-handed circular polarization (RHCP)
beams.

• Ant Colony Optimization (ACO): ACO is a metaheuristic algo-
rithm inspired by the foraging behavior of ants. It models the way
ants find the shortest path between their nest and food source by
simulating the pheromone-based communication and exploration
of multiple paths, leading to the discovery of optimal solutions
in complex optimization problems. In [103], an inverse design
approach for MTS is executed utilizing multi-objective lazy ant
colony optimization (MOLACO) to create 3-D nano-antenna con-
figurations. These designs aim to achieve low-loss transmission
performance and extensive phase tunability.

5.3. Machine learning-based optimization

The complexity of optimization models in RIS-assisted communica-
tion systems stems from various factors such as the large number of
reconfigurable elements, mutual coupling effects, and dynamic envi-
ronmental conditions. Model-based approaches, while accurate, often
face challenges due to the high dimensionality of the optimization
space and the need for computationally intensive simulations. Heuristic
lgorithms offer alternative strategies for tackling these complex opti-
ization problems. These methods provide efficient search mechanisms

o explore the solution space and can often find near-optimal solutions
n a reasonable amount of time. However, heuristic algorithms may
truggle with scalability and may not always guarantee convergence
o the global optimum.

In contrast, ML/DL techniques offer promising avenues for opti-
ization in RIS-assisted communication systems. ML/DL methods can

ffectively handle the high-dimensional and nonlinear nature of the
ptimization problems. By learning patterns and relationships from
ata, these techniques can provide insights into the underlying struc-
ure of the optimization space, enabling more efficient exploration and
xploitation of solutions. Additionally, ML/DL approaches can adapt
o dynamic environments and incorporate real-time feedback, allowing
or continual improvement and optimization.

In the context of RIS-empowered wireless networks, advanced ML
echniques encompass supervised and unsupervised learning, RL, fed-
rated learning (FL), graph learning, transfer learning, and hierarchical
earning that widely used by the researchers for optimizing RIS-aided
ommunications. To the best of our knowledge, and as indicated in
ables 4, 5, 6, limited work like [96] have explored the application
f machine learning for the optimization of physically-consistent EM
odel-aware RIS-assisted communication systems. When optimizing

n RIS for wireless communications, certain parameters, like circuit
arameters, require long-term optimization, typically during the fab-
ication process. This means that these optimizations can be conducted
ffline. However, other optimizations, such as passive beamforming
ptimization, need to be performed dynamically, on the fly. In the
pcoming sections, we will delve into recent literature concerning on
pplying ML/DL methods for the RIS design and optimization and shed

ight on these two distinct time scales of optimization.
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5.3.1. Long-term optimization: Fabrication-based parameter tuning
Some literatures investigate using inverse design and PINN for

etamaterial design generally not RIS. Metamaterials are artificially
engineered materials designed to exhibit properties that are not found
in naturally occurring materials. These materials are composed of sub-
wavelength structures (often referred to as meta-atoms) that interact
with electromagnetic waves in ways that lead to unique properties,
such as negative refractive indices or extreme wave manipulation.
Metamaterials can be designed to control the propagation, absorption,
reflection, and transmission of electromagnetic waves across different
requency ranges. They find applications in various fields, including
ptics, antennas, cloaking devices, and imaging systems.

Metamaterials and RISs share some similarities in their ability to
ontrol electromagnetic waves, but they serve different purposes. Meta-
aterials focus on altering the inherent properties of materials to

chieve specific electromagnetic behaviors, while RISs aim to actively
ontrol the propagation of existing electromagnetic signals. In some
ases, metamaterials can be integrated into the design of RIS elements
o enhance their performance, such as achieving more precise control
ver phase and amplitude adjustments.

.3.2. Dynamic optimization: Real-time beamforming adaptation
To the best of our knowledge, the optimization of EM-model aware

IS-aided communication systems using ML/DL techniques has only
een explored in the work by [96].

Peng et al. introduce a specialized NN architecture called RISnet,
otable for its outstanding scalability and desired symmetry properties.
hey integrate ML-based RIS configuration with analytical precoding at
he BS, leveraging pre-existing schemes. This work represents an early
ffort in combining ML techniques with domain knowledge in commu-
ication for NN architecture design. Problem-specific ML methods are
hown to achieve higher performance, lower complexity, and enhanced
ymmetry compared to generic ML approaches. After formulating two
ptimization problem for two multiple access schemes, space-division
ultiple access (SDMA) and non-orthogonal multiple access (NOMA),
roblems optimization using proposed unsupervised ML presented.
he framework of unsupervised ML begins by defining the problem
epresentation Γ, which consists of CSI including the mutual coupling
ffect, user weights in SDMA, and rate requirements in NOMA. The
olution sought is denoted by Φ, representing the RIS phase shifts
imed at maximizing the objective function 𝑓 , expressed as 𝑓 (Γ,Φ).
his function is fully determined by Γ and Φ and can be expanded to
(Γ,Φ) = 𝑓 (Γ, 𝑁𝜃(Γ); 𝜃), indicating the dependency on the parameters
of neural network 𝑁𝜃 . The neural network maps Γ to Φ as Φ = 𝑁𝜃(Γ).

To optimize this setup, a large dataset 𝐷 of Γ is collected, and the
ptimization problem is formulated as:

ax
𝜃

𝐾 =
∑

Γ∈𝐷
𝑓 (Γ, 𝑁𝜃(Γ); 𝜃). (57)

he network 𝑁𝜃 is trained using gradient ascent, with the update
ule:

← 𝜃 + 𝜂∇𝜃𝐾 , (58)

here 𝜂 represents the learning rate. If 𝑁𝜃 is effectively trained, then
or a new Γ′ ∉ , Φ′ = 𝑁𝜃(Γ′) should also be a satisfactory solution,
imicking how humans apply experience to solve new but similar
roblems.

.4. Inverse design

Inverse design techniques are increasingly recognized as powerful
lternatives to traditional methods for developing intricate functional
etasurfaces. In this section, we review the literature on the inverse
esign of metasurfaces.
18 
.4.1. Data-driven approach
In the domain of modern nanophotonic devices, characterized by

ntricate nanostructures engineered to achieve advanced functionali-
ies, traditional design methodologies grounded in optimization face
ormidable challenges. These conventional approaches typically com-
ence with the generation of random designs, followed by resource-

ntensive electromagnetic simulations to evaluate their performance.
he iterative refinement process involves adjusting structural param-
ters, often necessitating a substantial number of simulations. This
ecomes particularly impractical for intricate and complex devices.
owever, the field is currently experiencing a transformative shift

oward data-driven methods, prominently leveraging artificial neural
etworks (NNs) as a promising alternative.

NNs offer two primary modes of operation: first, forward-modeling
etworks, which expedite the design process by predicting electromag-
etic responses from structural parameters, thereby replacing compu-
ationally expensive EM simulations; and second, inverse-design net-
orks, which directly generate structures based on desired responses,

liminating the need for iterative optimization. Both modes require
ignificant training data, which involves EM simulations and compu-
ational resources as a one-time investment. This approach offers a
istinct advantage over conventional optimization, which consumes
xtensive simulations for each design iteration. This shift toward data-
riven approaches extends to the optimization of intricate metasur-
aces, showcasing their potential to streamline design processes effi-
iently.

Within this context, inverse design techniques are emerging as
otent solutions to the challenges faced by conventional methodologies
hen crafting complex functional metasurfaces. Furthermore, emerging

esearch trends, such as scaling up inverse design methodologies for
arger aperiodic metasurfaces and exploring end-to-end inverse design
y co-optimizing photonic hardware and post-image processing, are
oised to shape the future of metasurface design. By integrating these
rends, metasurface design stands to achieve new levels of efficiency
nd effectiveness in crafting advanced nanophotonic devices [103,105–
11].

When inverse design employed in the context of metamaterial sur-
ace (MTS) design, deep learning networks offer a significant advantage
y acquiring a deep understanding of complex and unconventional con-
ections between the structure of a metamaterial surface and its EM be-
avior. This comprehension is achieved through a collection of training
xamples [112]. Leveraging these trained datasets containing transmis-
ion or reflection response information, the learning algorithms have
he capability to generate tailored, customized MTS configurations,
ncluding arbitrary wave-front MTS or metagratings [113,114].

Several more Refs. [104,115–120] have utilized various neural net-
ork architectures for MTS inverse design. These architectures encom-
ass artificial neural networks (ANN), convolutional neural networks
CNNs), conditional deep convolutional generative adversarial network
cDC-GAN), and conditional deep convolution variational autoencoder
cDC-VAE), contributing to different aspects of MTS inverse design.

.4.2. Model-aided approach
Another method, topology optimization, leverages advanced al-

orithms and physics principles to efficiently adjust and re-evaluate
arameters to achieve the desired goals. Typically applied to simple
eta-surface structures, machine learning’s precision relies on numeri-

al algorithms and data set size. However, it might lead to non-unique
olutions in inverse design scenarios. To address these challenges,
hysics-informed neural networks incorporate physical laws during
raining to predict electromagnetic responses accurately. Topology op-
imization, which considers physical laws and fabrication constraints,
an also be employed for improved precision in designing structure size
nd shape. This method yields the highest accuracy when the physical
odel is precise during optimization. The computational time required

y machine learning techniques depends largely on factors such as



t
l
t
m
f
p

u
t
a
r
r
m
d
s
p
o
o
s
i
a

t
r
f
M
a
E
i
a

t
w
e
b
l
t

f
i
i
E
t
u
a
d
i
i
o
c
d
b
n

a
o
t
m
e
s
l
e

C
q
a
T
s
T
v
s
m
a

s
o
a
d
a
t
m

e

T
u
u
g
f
d

i
i
m
p
s
t
t
g
n
t
t
n
g
b
a
t
d

5

t
b
i
n
t
t
p
a

d



s



w

Computer Networks 257 (2025) 110963 
dataset size, metasurface complexity, and the number of optimization
parameters. Strategies to reduce computational time include minimiz-
ing the training dataset size, simplifying the structure, and reducing
he number of optimized parameters. However, these approaches may
ead to a limited number of design parameters, potentially decreasing
he diversity of structure designs. In contrast, PINNs integrate mathe-
atical and physical principles, enabling more efficient training with

ewer data samples while accommodating a greater number of structure
arameters. This approach enhances both time efficiency and design

flexibility [121].
Inverse RIS design revolves around identifying the optimal config-

ration, spanning geometry and material properties, of RIS elements
o achieve specific electromagnetic behaviors or functionalities. This
pproach involves tackling design challenges by pinpointing RIS pa-
ameters that align with desired electromagnetic responses, such as
eflection, refraction, or absorption, for given input signals. As this
ethodology finds application in diverse domains, such as antenna
esign and metamaterial engineering, it aims to establish parameter
ets that align with known material and structural properties to achieve
recise and targeted outcomes. In [122], the authors offer a summary
f progress in utilizing deep learning methods for the inverse design
f metasurfaces. These advancements encompass various approaches,
uch as a target-focused deep learning inverse design method, the fuzzy
nverse design approach, the freeform inverse design technique, and the
pplication of machine learning to aid in inverse design.

The work in [123] presents a novel approach to radar-signature con-
rol using a diffusion-absorption hybrid metasurface. Unlike traditional
andom metasurfaces, this design offers flexible and precise scattering-
ield reduction by combining absorption and diffusion mechanisms.
ulti-objective optimization is used to fine-tune the design, achieving

 significant reduction in scattering-field across a wide bandwidth.
xperimental results confirm the effectiveness of the approach, making
t a promising solution for versatile wavefront manipulation in radar
pplications.

In [124], the authors introduce a method using machine learning
o design versatile elastic metasurfaces for manipulating mechanical
avefronts efficiently. This approach reduces the need for trial-and-
rror and computationally intensive methods by establishing a mapping
etween input parameters and desired properties. The trained machine
earning network accelerates the design process and can be extended
o other types of wave manipulation.

In [125], the authors presents a synopsis of deep learning techniques
or both inverse RIS design and RIS-assisted wireless systems. The work
n [126] offer an overview of deep learning methods applied to the
nverse design and optimization of RIS, aiming to achieve the desired
M response required for upcoming wireless networks. They mentioned
hat DL-based inverse design is versatile in accommodating various RIS
nit structures. Deep Generative Models (DGMs) are particularly valu-
ble due to their capacity to generate novel designs that have not been
ocumented in existing literature. In the schematic representation of an
nverse RIS design, machine learning algorithms acquire and generalize
ntricate electromagnetic relationships between the physical structure
f the RIS (left column) and its corresponding spectral response (right
olumn). This learning process is facilitated through training data, as
epicted in Fig. 10. In [127], the authors demonstrate deep learning-
ased metasurface synthesis using conditional generative adversarial
etworks for inverse design and surrogate model prediction.

A novel approach called AMID is introduced in [128], which lever-
ges artificial intelligence (AI) techniques, specifically a combination
f a CNN, autoencoder, and optimized support vector machine (SVM),
o enable inverse design of metasurface structures. Unlike traditional
ethods that require expert knowledge and simulation-based trial and

rror, AMID allows designers to input desired design targets directly,
implifying the design process. This method aims to utilize machine
earning to establish connections between metasurface structures and

lectromagnetic properties, facilitating efficient and automated design. 𝑢

19 
ompared to traditional methods, AMID reduces computational re-
uirements and eliminates the need for extensive expertise, offering
 more streamlined and accessible approach to metasurface design.
he solution in [129] introduces a fast and accurate method for de-
igning metasurfaces using transfer learning with a neural network.
his approach can predict meta-atom phases with 90% accuracy. It is
alidated for 2D focusing and abnormal reflection functions, demon-
trating high design accuracy in both simulations and experiments. This
ethod streamlines functional metasurface design and can help create
 versatile library of meta-atoms.

The approach in [130] suggests a new method for designing meta-
urfaces, which offer unique optical properties and practical advantages
ver traditional optical devices. Traditional metasurface design is slow
nd computationally intensive. The proposed approach uses deep tan-
em neural networks to speed up the design process. By connecting
 pretrained forward prediction model with an inverse design model,
his method allows for rapid creation of metasurface structures that
eet specific spectral targets. It presents a promising way to streamline

metasurface design and help researchers tailor optical properties more
fficiently.

The work in [131] employs DNN to design metasurfaces for TE and
M polarized waves up to 45 GHz. It uses a confined output config-
ration to streamline the process, reducing calculations and speeding
p learning. The DNN approach achieves a 92% accuracy and directly
enerates the desired metasurface structures, eliminating the need
or time-consuming optimization. This simplifies inverse metasurface
esign, allowing designers to focus on their goals.

The work in [121] provides an overview of recent developments
n using ML/DL for designing the physical layer of RIS. The authors
n [121] discussed the basic principle of using machine learning for
etasurface design as shown in Fig. 11. The figure outlines a two-part
rocess using neural networks. Initially, datasets representing EM re-
ponses for various parameter combinations of a basic cylindrical struc-
ure are generated through forward solver algorithms. These datasets
rain a deep neural network designed to predict the EM response from
iven inputs, known as a forward network. Simultaneously, an inverse
etwork is developed where the input is the desired EM response, and
he output is the corresponding structural parameters. Furthermore,
hey present a diagram depicting the process of using physics-informed
eural networks for metasurface design (Fig. 12). The datasets are
enerated by simulating the structure using a forward solver. However,
y integrating fundamental physical principles like Maxwell’s equations
nd electromagnetic boundary conditions into the neural networks,
hey manage to decrease the necessary dataset size. This reduction in
ataset size results in a notable reduction in computational time.

.5. Physics informed deep learning (PIDL)

Recent research has utilized deep learning to model complex rela-
ionships between metamaterials and their behaviors, often governed
y Maxwell’s equations in electromagnetics. This includes tackling
nverse problems to determine desired properties. Physics-informed
eural networks have emerged as a revolutionary approach, enabling
he incorporation of physics directly into neural networks. PINNs bridge
he gap between physics and machine learning, facilitating accurate
redictions of complex physical phenomena with limited training data,
dvancing scientific computing and data-driven modeling.

Physics-informed neural networks are capable of solving general
ifferential equations of the form:

(𝑢(𝑧); 𝛾) = 𝑓 (𝑧), 𝑧 ∈ 𝛺 , (59)

ubject to boundary conditions:

(𝑢(𝑧)) = 𝑔(𝑧), 𝑧 ∈ 𝜕 𝛺 , (60)

here 𝑧 ∶= [𝑥1,… , 𝑥𝑑−1, 𝑡] represents the space–time coordinate vector,

is the unknown solution, 𝛾 denotes parameters related to the physics,
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Fig. 10. Inverse RIS design: ML algorithms learn complex EM relationships between physical RIS structure (left) and spectral response (right) through training data (© The
Author(s) 2022, [126]).
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𝑓 is a function defining the problem’s data, and  is a nonlinear dif-
ferential operator. Besides,  represent the operator that signifies any
unspecified initial or boundary conditions associated with the problem,
nd 𝑔 denote the boundary function. In the PINN methodology, 𝑢(𝑧) is
redicted computationally by a neural network parametrized by a set
f parameters 𝜃, leading to an approximation:

̂𝜃(𝑧) ≈ 𝑢(𝑧; 𝜃), (61)

here the notation ̂(⋅)𝜃 signifies the neural network approximation
erformed using the parameters 𝜃. In this context, the NN must learn
o approximate the differential equations by determining the values of
that define the NN. This is achieved by minimizing a loss function as

ollows:

(𝜃) = 𝜔physicsphysics + 𝜔BoundaryBoundary + 𝜔datadata (62)

𝜃∗ = ar g𝜃 min(𝜃) (63)

hat includes three loss functions on:

1. Labeled Data

𝑑 𝑎𝑡𝑎(𝜃) = MSEdata = 1
𝑁data

𝑁data
∑

𝑖=1

‖

‖

𝐮̂𝜃(𝐳𝑖) − 𝐮∗(𝑖)‖
‖

2 (64)

2. Boundary/ Initial Conditions
Boundary(𝜃) = MSEBoundary

= 1
𝑁Boundary

𝑁Boundary
∑

𝑖=1

‖

‖

(𝐮̂𝜃(𝐳))‖‖
2 (65)

3. Residual on PDE Equations

physics(𝜃) = MSEphysics =
1

𝑁physics

𝑁physics
∑

𝑖=1

[

 (𝐮̂𝜃(𝐳𝑖)) − 𝐫𝑖
]2

= 1
𝑁physics

‖

‖

‖

‖

‖

‖

𝑁physics
∑

𝑖=1

[

𝐫𝜃(𝐮𝑖) − 𝐫𝑖
]

‖

‖

‖

‖

‖

‖

(66)

The PINN’s building block is shown in Fig. 13. In Eq. (62), the initial
term physics signifies the loss resulting from a discrepancy with the
governing differential equations  . It enforces the differential equation
 at the collocation points, which can be uniformly or unevenly dis-
tributed over the domain 𝛺 of Eq. (59). The remaining two losses aim
o accommodate the known data within the neural network. The loss
rising from a mismatch with the data (i.e., the measurements of 𝑢) is
20 
epresented as data(𝜃). The second term typically compels 𝑢̂𝜃 to match
he measurements of 𝑢 at provided points (𝑧, 𝑢∗), which can be either

synthetic data or actual measurements. The weight 𝜔data can adjust for
the quality of such measurements. The other term is the loss due to
a mismatch with the boundary or initial conditions, 𝐁(𝐮̂𝜃) = 𝑔 from
q. (59) [132–137].

In the context of RIS, PIDL can involve training deep neural net-
works to approximate the behavior of electromagnetic fields based
on known physics principles, such as Maxwell’s equations. By incor-
porating these physical constraints, the model can better generalize
to unseen scenarios and provide insights into the underlying physical
phenomena.

In [133], the authors employ PINNs to achieve the ‘‘homogeniza-
tion’’ of distinct meta atom designs, specifically a disc and a split-ring
resonator (SRR). The objective is to predict their effective electric
permittivity distributions inversely based on simulated scattered elec-
tric fields. Homogenization aims to ensure that the resultant electric
fields match those produced by a hypothetical continuous medium
with equivalent material properties, aligning with the well-established
‘effective medium theory’.

SRRs, which combine inductive and capacitive elements, function
as oscillators. When the split-ring resonates with incident light’s fre-
quency, significant local fields occur in the gap region. The enhance-
ment of these local fields is governed by the effective electric permittiv-
ity coefficient of these non-magnetic metamaterials. Notably, this work
marks the first instance of showcasing the impact of PINN-based inverse
model accuracy on the intricate and resonant behavior of SRRs. The
electric field is determined as a function of the metasurface’s spatial
coordinates (denoted as 𝑥 and 𝑦) by employing the Helmholtz wave
equation in the frequency domain for linear, non-magnetic, weakly
inhomogeneous materials. This equation is presented as follows:

∇ × ∇ × 𝐸(𝑥, 𝑦) − 𝑘20𝜀𝑟𝐸(𝑥, 𝑦) = 0, (67)

where, 𝐸 represents the electric field, 𝑘0 is the free space wave number,
and 𝜀𝑟 signifies the relative electric permittivity distribution. Besides,
∇ × ∇ denotes the Laplacian operator. The mean squared error loss
unction, guided by physics principles, is derived from the residue of
he Helmholtz equation and is computed as:

MSE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝐹 (𝑥𝑖, 𝑦𝑖)||2 . (68)

where, 𝐹 (𝑥𝑖, 𝑦𝑖) is defined as:

𝐹 (𝑥 , 𝑦 ) = 𝜕2𝐸(𝑥𝑖, 𝑦𝑖) + 𝜕2𝐸(𝑥𝑖, 𝑦𝑖) + 𝑘2𝜀 𝐸(𝑥 , 𝑦 ). (69)
𝑖 𝑖 𝜕 𝑥2 𝜕 𝑦2 0 𝑟 𝑖 𝑖
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Fig. 11. Basic principle of using machine learning for metasurface design. Detailed steps are shown in the flowchart, including define the problem, collect data sets, pre-process
data, train the model, validate the model, train inverse network, input desired response, iterate and optimization, and achieve desired performance (© The Author(s) 2023, [121]).
Fig. 12. Basic principle of using Physics-Informed Neural Networks for metasurface design. Detailed steps are demonstrated in the flowchart, including define the problem, create
he training data, define physics principle and loss function, define the PINN architecture, validate the network, train backpropagation networks, input desired EM response, iterate

the design process, and obtain desired metasurface designs (© The Author(s) 2023, [121]).
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Eq. (68) is utilized to train the DNN and optimize its architecture
o generate an effective spatial permittivity profile, resulting in an
lectric field that matches that of the original metasurface design. Fully
onnected feed-forward neural network, as shown in Fig. 14, with an
nput layer comprising of three neurons, namely, 𝑥, 𝑦, and normalized

relative permittivity 𝜀𝑟 is employed. This is followed by 4 hidden layers
of 250 neurons each and an output layer with a single neuron for
the predicted E-field distribution 𝐸(𝑥, 𝑦). The input–output relationship
of the network is denoted by 𝐸(𝑥, 𝑦, 𝜃) as a surrogate for the PDE
olution to the Helmholtz equation, wherein 𝜃 is a vector containing
he trainable weights and biases of the network.

One more paper [138] utilizes physical optics techniques to derive
he pathloss expression for RIS configured to reflect waves toward
 receiver in the far-field. The study highlights the limitations of
sing infinitely sized RISs and emphasizes the importance of coherent
eamforming achieved through sub-wavelength-sized elements with
nique phase shifts. The ideal phase shifts for beam creation follow the
eneralized Snell’s law.

The work in [139] demonstrates the efficacy of a physics-guided
eep learning approach with a tandem architecture (Fig. 15) for the ef-
icient and interpretable design of metasurfaces in a supervised learning
ontext. By harnessing neural networks’ capabilities, they uncover the
 t

21 
trong connection between device configuration and optical behavior.
o address challenges posed by using deep neural networks for in-
erse problems, such as non-interpretability and non-uniqueness, they
ntroduce a tandem architecture incorporating a physics-based con-
traint. Integrating both forward and inverse models in this architecture
itigates one-to-many prediction issues. By adding a physics-driven
enalty term, their model generates interpretable and physically con-
istent predictions, while also enhancing generalizability and reducing
ata requirements. The physics penalty term is derived analytically by
implifying the metamaterial structure into a stratified medium, pri-
arily applicable for sub-wavelength dimensions. To adapt the model

o larger dimensions, they adjusted the physics-based loss function or
mployed a physics-guided deep learning architecture for prediction.
he proposed model achieves high accuracy. The physics-guided DL
ramework that have developed to solve problem is shown in Fig. 16.

Tandem model structure consists of the forward EM equation ap-
roximated by a deep neural network and the inverse DL model. The
etworks are appended end-to-end so that the output of the inverse
odel is fed into the forward DL model. The inverse problem in-

olves predicting the design based on a given response. In Fig. 16,
he input of the pretrained forward DL model is connected to the
utput of the inverse model. This predicted design is then passed into
he pretrained forward model to assess how well it can reconstruct



Fig. 13. The constituents of PINNs. PINNs are composed of residual terms derived from differential equations, as well as initial and boundary conditions. The network takes
inputs, transforms them into field outputs (denoted as 𝑢), and is defined by parameters 𝜃. The second component is the physics-informed network, which computes derivatives
from the output field u based on provided equations. It also evaluates boundary and initial conditions (unless they are hardcoded in the neural network) and incorporates labeled
data observations if available. The feedback mechanism is the final step, minimizing the loss with an optimizer and a specified learning rate to determine the NN parameters 𝜃
(© The Author(s) 2023, [137]).

Fig. 14. Representative diagram of the physics-informed neural network model with 6 layers. Each hidden layer contains 250 neurons. A physics-driven loss function based on
the Helmholtz equation is used to train the model (© The Author(s) 2020, [133]).

Fig. 15. Overview of the components of the physics-guided DL model. 𝑌in is the input optical response and the design, 𝑋̂, predicted from the inverse model. The predicted design
is then fed into a pre-trained forward model to ensure proper reconstruction of the optical response, 𝑌out. The structure of 𝑋̂ is then simplified according to the homogenization
principle and the physics equations are solved to obtain 𝑌phys that ensures physics guided learning (© The Author(s) 2023, [139]).
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Fig. 16. Physics-informed DL architecture (PIA). The ‘‘Design (Physics) layer’’ includes intermediate variables that are consistent with the underlying physics. These variables are
alculated based on the design parameters that result in a certain response, as predicted by the EM equations for the simplified homogenized structure. The ‘‘Output (Design)
ayer’’ then uses these intermediate variables to predict the original complex design parameters (© The Author(s) 2023, [139]).
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he optical response. The entire structure, with the weights of the
orward model fixed, undergoes training to minimize two key errors:
he design prediction error (the deviation between the predicted design,
enoted as 𝑋̂, and the ground truth design, denoted as 𝑋) and the
econstruction error (the deviation between the response reconstructed
y the predicted design, denoted as 𝑌out, and the ground truth response,
enoted as 𝑌in).

Physics can be integrated into DL models through various ap-
roaches, including modifying the loss function, using residual model-
ng, initializing parameters, or adjusting the model architecture. In this

study, the incorporation of physics was focusd on the loss function and
L architecture. By training a physics-guided DL model, the learning
rocess adapts model parameters to align with physics principles, either
or final or intermediate layer outputs. The inclusion of physics is mani-
ested in Eq. (70) through a penalty term. This term is integrated either
s a penalty for the final output layer or for the intermediate layer in

the physics-guided loss function and the physics-guided architecture,
respectively. This penalty corresponds to the disparity between the
actual optical response, 𝑌in, and the response obtained through solving
electromagnetic equations for a simplified design structure, denoted as
𝑌phys. The equation representing this incorporation is as follows:
Objective =𝜔obs1Loss(𝑋; 𝑋̂)

+ 𝜔obs2Loss(𝑌in; 𝑌out)

+ 𝜔phys(𝑋)Loss(𝑌in; 𝑌phys),

(70)

In this context, the parameters 𝜔obs1 , 𝜔obs2 , and 𝜔phys represent the
weighting of each loss term, acting as hyperparameters. The values
for 𝜔obs1 and 𝜔obs2 are meticulously determined through grid search
hyperparameter tuning to optimize the model’s performance on the
validation set. Simultaneously, 𝜔phys is directly proportional to 𝜆0

𝑝 ,
ensuring heightened emphasis on the physics-based loss function term

hen 𝜆0 ≫ 𝑝, where the effective medium theory of homogenization
holds true. Here, 𝜆0 denotes the wavelength, and 𝑝 is a parameter as-
sociated with the metamaterial structure. The loss term in the equation
corresponds to the mean absolute error (MAE) loss.

5.6. Lessons learned

• Model-based optimization techniques and heuristic algorithms of-
ten suffer from high computational complexity, scalability issues,
 t
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and reliance on simplifying assumptions, limiting their effective-
ness in solving complex EM-aware RIS optimization problems.

• In contrast, ML/DL methods offer advantages such as adaptability
to dynamic environments, capability to handle large-scale op-
timization problems, and ability to learn complex patterns and
relationships from data, making them promising for address-
ing the challenges of EM-aware RIS optimization in real-world
communication scenarios.

• ML/DL methods has widely used for MTS design. However, dy-
namic optimization of EM-aware RIS-aided communications em-
ploying ML/DL algorithm rarely presented in the literatures.

6. Research gaps and future research

In this section, our goal is to delineate the areas of research that
require further exploration and potential avenues for future research.

6.1. Electromagnetic information theory (EIT) in RIS-aided communica-
tions

In the realm of wireless communications, electromagnetic theory
and information theory stand as fundamental principles, linked by an-
tenna theory and wireless propagation channel modeling. While these
concepts evolved separately until the era of 5G networks, the advent of
6G communication networks – spanning across space, air, ground, and
sea – necessitates seamless coverage in three-dimensional space. This
demands continuous acquisition of CSI and channel capacity calcula-
tion at any location and time. Electromagnetic theory enables precise
modeling of how signals propagate through space, while information
heory quantifies the capacity of these channels to carry information.

By integrating these two theories, EIT provides a comprehensive frame-
work that not only models the electromagnetic field distribution but
also calculates the communication performance, allowing for more
ccurate and dynamic acquisition of CSI in 6G networks. Additionally,

advanced 6G technologies like ultra-massive MIMO and holographic
MIMO call for integrated modeling of antennas and wireless prop-
gation environments. To address these challenges, the integration
f electromagnetic theory, information theory, antenna theory, and
ireless propagation channel modeling has become essential, leading

o the emergence of EIT [140].
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The classic electromagnetic theory, founded on Maxwell’s equa-
tions, operates in continuous time and space, mainly addressing macro-
scopic fields. However, at microscopic scales, local field fluctuations
become significant, especially in scenarios like high-mobility millimeter
wave-aided wideband environments. Traditional Shannon’s informa-
tion theory, tailored for simple channels, lacks accuracy in complex,
non-stationary settings demanded by emerging 6G technologies such
as integrated sensing and communication (ISAC), RIS, massive MIMO,
and holographic MIMO. Integrating electromagnetic theory with infor-
mation theory expands the latter to encompass non-stationary chan-
nels, facilitating the evolution from discrete-space single-user informa-
tion theory to continuous-space multi-user/network information the-
ory. Continuous-space electromagnetic channel models, coupled with
ptimal antenna design, enhance channel capacity. By studying the mu-
ual information between incident, reflected, transmitted, and scattered
aves, Maxwell’s equations find application in novel technologies like

RIS, enabling precise performance and capacity descriptions. The con-
ept of information metamaterials further integrates electromagnetic
heory and information theory, aiming to manipulate electromagnetic
aves within metamaterial structures for improved spectral efficiency

and reduced system costs. However, conventional signal processing
methods often fail to accurately characterize electromagnetic fields, un-
derscoring the need for innovative approaches, such as leveraging RIS
to understand electromagnetic wave interactions and realize end-to-end
electromagnetic information transmission mechanisms in communica-
ion systems [140]. In [141], the concept of the digital metasurface,

known as the information metasurface (IM), is introduced. The paper
elves into its applications in wireless communications. IMs represent a
ignificant paradigm shift, expanding the scope of metasurface research
rom the realm of physics into the realm of information.

Future research endeavors should aim to delve deeper into the
possibilities and applications of EIT in RIS scenarios. This exploration
could encompass theoretical developments, practical implementations,
and experimentation to fully harness the potential benefits of EIT [142].

6.2. Machine learning applications for optimization of EM-based RIS-aided
communications

Machine learning techniques for optimizing RIS-aided communi-
ations have been extensively examined in [32–35], all without the
nclusion of physically consistent EM models. Machine learning tech-
iques have yet to be thoroughly explored for optimizing RIS-aided
ommunications from an EM perspective. While there are massive
umber of papers focusing on the inverse design of meta-surfaces
sing machine learning techniques (as discussed in Section 5), the op-
imization of EM-based RIS-aided communication and BD-RIS-assisted
ommunication systems as a whole has been relatively untouched in
he current literature. Furthermore, the integration of machine learning
echniques into EIT-based RIS-aided communication systems is an un-
harted territory in research. This represents a significant research gap
hat holds immense potential. Machine learning algorithms can play
 pivotal role in enhancing the efficiency and accuracy of RIS-aided
ommunications using EIT.

.3. Green communications

In the evolving 5G and future 6G landscapes, the proliferation of
etwork nodes is causing a surge in energy consumption and carbon
missions. Resource allocation, network planning and deployment, en-
rgy harvesting and transmission, and hardware solutions are the four
reas under which the most popular methods for boosting the EE of
ireless networks are categorized.

Energy harvesting (EH), which includes radio frequency (RF) en-
rgy harvesting, offers the dual advantage of supporting SWIPT while
arnessing interference signals for energy collection. This concept has
een explored in [99], as detailed in Section 4. When combined with
24 
WIPT technology, RISs have the potential to enhance EH efficiency.
dditionally, when integrated with orbital angular momentum (OAM)

echnology, RIS can serve the purpose of reflecting OAM waves ob-
tructed by obstacles, establishing a direct path for OAM-based SWIPT.
s a result, RIS-assisted OAM-SWIPT emerges as a promising technol-
gy for future wireless communication, offering energy and spectrum
fficiency [143]. The works in [143–145] have delved into using OAM
or RIS-assisted communications. Nonetheless, it is clear that additional
esearch into the combined utilization of RIS and OAM technologies
ffers considerable potential for future advancements. To enable RIS
o pass OAM waves effectively, RIS should be able to manipulate the
lectromagnetic field to accommodate the unique properties of OAM
aves.

EM-aware resource allocation in RIS-assisted communications is
nother gap that should be addressed in future research. As elucidated
n Section 4, the literature has offered several EM-aware problem for-
ulations for RIS-assisted communications, addressing various aspects

f this technology. These formulations have contributed significantly
o our understanding and optimization of RIS deployments in diverse
cenarios. However, one notable research gap pertains to resource
llocation problems within the context of wideband communications.
hile existing studies have primarily focused on narrowband scenarios,

he challenges and opportunities associated with wideband commu-
ication systems have yet to receive comprehensive attention. This
epresents a crucial area for further investigation, as wideband com-
unications are increasingly prevalent in modern wireless networks,

nd tailored resource allocation strategies can significantly impact
heir performance and efficiency. In this regard, incorporating physical
odels of RIS systems into problem formulations can offer valuable

nsights and solutions.
By integrating physical models, researchers can develop resource

llocation algorithms that are not only EM-aware but also consider
he specific characteristics of RIS elements and their impact on wide-
and communication channels. This holistic approach, combining EM-
wareness with physical realism, holds the potential to yield more ro-
ust and efficient resource allocation strategies for wideband RIS-aided
ommunications.

.4. Optical communications

The integration of optical communication with RIS-assisted com-
unication presents a promising avenue for enhancing network per-

ormance and addressing modern communication challenges. Recent
dvancements, such as the introduction of optical simultaneous trans-
ission and reflection reconfigurable intelligent surface (OSTAR-RIS),
nderscore the potential of this integration [146]. Authors in [147]
eeks to bridge this gap by offering a comprehensive tutorial on indoor
isible light communication (VLC) systems leveraging RIS technology.
t delves into the fundamentals of VLC and RISs, explores the potential
pplications of optical RISs in mitigating line-of-sight blockages and
evice orientation issues, and proposes avenues for future research on
ntegrating optical RISs with emerging technologies. However, there is
urrently limited exploration of RISs in optical wireless communication
OWC) systems. Novel BD-RIS architectures can be explored using
he integration of optical communication. This integration can be as
ollows:

• Physical Consistency: Optical communication offers high-speed
data transmission using light waves, which can be leveraged to
accurately model the behavior of RIS elements. By considering
the physical properties of light propagation, such as reflection,
refraction, and diffraction, in conjunction with the characteristics
of RIS surfaces, a more accurate and physically consistent model
of RIS can be developed. This model can capture the intricate
interactions between light waves and RIS elements, leading to
improved performance predictions and optimization strategies.
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• Innovative Architectures: The integration of optical communica-
tion with RIS-assisted communication opens up new possibilities
for designing innovative RIS architectures, such as BD-RIS. By
exploring the synergy between optical components and RIS ele-
ments, novel architectures that leverage both optical and electro-
magnetic properties can be proposed. For example, incorporating
optical switches or modulators into RIS structures can enable
dynamic reconfiguration of RIS elements, leading to enhanced
flexibility and adaptability in network optimization.

6.5. Quantum communications

Quantum information science is rapidly advancing, promising en-
hanced security through quantum communication, transformative com-
putational power with quantum computing, and revolutionary sensing
capabilities. Digital metamaterials, also known as information meta-
materials, enable the manipulation of digital data carried by electro-
magnetic waves, potentially revolutionizing information processing and
high-performance wireless information systems. These metamaterials
utilize binary coding for real-time control of electromagnetic waves,
bridging the physical and digital realms. They offer significant po-
ential for both fundamental science and engineering applications in
he nonclassical electromagnetic field, closely tied to quantum infor-

mation science. Electromagnetic metamaterials can further advance
these quantum-inspired developments, giving rise to quantum meta-
materials that extend classical concepts for manipulating and detecting
nonclassical electromagnetic waves [148].

Viewing physical models of RIS from a quantum perspective intro-
duces a fascinating and innovative dimension to the understanding of
RIS. Quantum physics, with its principles of superposition, entangle-
ment, and uncertainty, can provide new insights and possibilities in the
design and operation of RIS.

To fully unlock the potential of RIS-enabled smart EM environ-
ments, it is essential to quickly identify the optimal configurations of
the RIS to achieve specific objectives. While mathematical tools like
generalized Snell’s law aid in managing anomalous reflection, there
is a lack of semi-analytical solutions for certain EM functionalities
such as multi-beamforming, energy focusing, and diffusive scattering,
as well as wireless functions like spatial diversity, data throughput,
and physical-layer security. As a result, various optimization methods
for RIS have been proposed, including genetic algorithms, impedance-
based synthesis, electromagnetic inversion, machine learning, and dy-
namic optimization. However, despite these advancements, optimizing
RIS configurations remains computationally challenging due to the vast
number of possibilities, the complexity of EM scattering environments,
and processing time constraints in wireless systems.

Recent progress in QC offers a promising solution to tackle these
computational challenges. For EM applications, quantum algorithms
like the quantum Fourier Transform have been applied to antenna
array synthesis, while the Harrow/Hassidim/Lloyd (HHL) algorithm
is used for characterizing interconnects. Variational quantum algo-
rithms utilizing the finite difference method have also been developed
for calculating waveguide modes. In the realm of wireless networks,
quantum computing facilitates tasks such as multi-user MIMO de-
tection, processing, and optimal resource allocation for 6G wireless
networks [149].

Quantum communications and quantum computing for RIS-aided
communications have been studied in some recent papers [149–152].
The possibilities of combining EM models-aware RIS-aided communica-
tion and quantum knowledge and computing is an interesting domain
to be explored.
25 
6.6. RIS-enhanced semantic communications with physically-consistent RIS
models

Semantic communication, which prioritizes conveying the meaning
f information rather than exact bit reconstruction, has garnered sig-
ificant attention in recent years [153]. This approach revolutionizes
he way we transmit and interpret data, focusing on the context and
ntent behind the information exchange. Recent studies have explored

the integration of RIS in enhancing semantic communications, aiming
to leverage their potential in shaping the electromagnetic environment
for improved data transfer [153–156].

Despite these advancements, a promising avenue that remains
largely unexplored is the incorporation of physically-consistent RIS
models. These models, grounded in the principles of electromagnetic
wave interactions, hold the key to achieving greater precision and
efficiency in the context of RIS-enhanced semantic communications.
By integrating EM models of RIS into the semantic communication
framework, we can attain a deeper understanding of how RIS elements
interact with electromagnetic waves and, in turn, impact the semantic
content of the communication.

Such an integration offers numerous opportunities. It enables us to
adapt RIS configurations dynamically, responding to real-time changes
in the electromagnetic environment. This adaptability ensures that the
conveyed meaning remains intact, even in the face of fluctuating signal
quality and interference. Furthermore, physically-consistent RIS models
facilitate the optimization of data transfer, allowing semantic content
to be communicated with greater clarity and reliability.

6.7. Multi-objective optimization with physically-consistent RIS models

Developing a multi-objective optimization framework for RIS that
integrates physically consistent models is crucial for enhancing RIS-
based communication systems. This framework must balance optimiz-
ing communication capacity, minimizing interference, and conserving
energy while adhering to the physical constraints and characteristics
of RIS technology to ensure practical feasibility. Although significant
strides have been made in multi-objective optimization for RIS, as noted
in Refs. [157–162], there remains a notable opportunity to advance
optimization strategies by incorporating EM phenomena.

In this context, recent research has expanded the scope of op-
timization by integrating RIS with ISAC systems. ISAC represents a
paradigm shift that combines communication and sensing objectives
into a unified framework through co-design approaches. This approach
introduces a new dimension to the optimization problem, making it
inherently multi-objective. Advanced signal processing techniques are
being developed to design dual-functional waveforms that optimize
both communication metrics—such as SINR and multi-user interfer-
ence (MUI) and sensing metrics such as beam-pattern mean squared
error (MSE), received echo power/signal-to-noise ratio (SNR), and
Cramér–Rao bound (CRB) [163].

Further research can explore the advantages of EM-aware opti-
mization in RIS-assisted ISAC systems. By incorporating a deeper un-
derstanding of EM phenomena into the optimization framework, this
research avenue promises to unlock the full potential of RIS. It is
likely to lead to more efficient and sophisticated applications of RIS in
future wireless communication systems, paving the way for advanced
solutions that better meet the demands of modern communication and
sensing requirements.

6.8. Stacked intelligent metasurfaces aided wireless communication

Stacked intelligent metasurfaces (SIMs) represent a significant ad-
vancement in wireless communications by leveraging multiple layers
of RIS to enhance signal processing. The study by Matteo and Cler-
ckx [164] introduces a novel model utilizing multiport network theory
to address SIM-assisted communications. Their approach provides a
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physically consistent framework for understanding the EM coupling
between transmitting antennas and metasurface layers, accurately pre-
dicting the transfer function of SIMs by considering the cascading
effects of multiple metasurface layers on EM wave propagation. Despite
this progress and some other limited recent literature [164–168], the
exploration of SIMs remains limited, indicating a need for further inves-
tigation, particularly into their physical characteristics and modeling
techniques.

7. Conclusion

In conclusion, the rapid evolution of RISs represents a remark-
able leap forward in the realm of wireless communication systems.

hese adaptive metasurfaces, equipped with the ability to dynami-
cally manipulate EM waves, hold great promise for enhancing network
capacity, coverage, and efficiency. Throughout this survey, we have
traversed the landscape of RIS-aided communication systems, exploring
the multitude of EM-aware challenges and optimization avenues they
present.

One key takeaway from our exploration is the pivotal role played by
physically-consistent EM models. These models serve as the foundation
for developing robust and efficient RIS designs, enabling precise control
over EM wave propagation. By grounding our designs in these models,
we can achieve superior performance and ensure the reliability of
RIS-aided systems.

Furthermore, we have delved into the realm of machine learning
approaches for RIS optimization. This exciting field has witnessed
significant advancements, with recent developments showcasing the
potential to simplify and expedite the design process. Machine learning
techniques have the capacity to learn intricate relationships within RIS
structures and EM responses, offering valuable tools for RIS engineers.

As we move forward, the integration of physically-consistent EM
models with machine learning approaches promises to drive innovation
in RIS-aided communications. These two paradigms, when harnessed
synergistically, enable us to tackle complex EM-aware problems and
optimize RIS performance effectively. However, it is important to re-
main cognizant of the challenges that lie ahead, including scalability,
hardware constraints, and real-world deployment issues.

In essence, this survey paper has illuminated the path toward un-
locking the full potential of RIS-aided communication systems. By
embracing physically-consistent EM models and harnessing the power
of machine learning, we can shape the future of wireless networks,
ushering in an era of unprecedented capacity, coverage, and efficiency.
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