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The important thing is not to stop questioning. Curiosity has

its own reason for existing.

Albert Einstein



Abstract

Stacked intelligent metasurfaces (SIMs) have emerged as an alternative to single-layer

reconfigurable intelligent surfaces (RISs). A SIM consists of multiple programmable

metasurface layers placed in front of the base station (BS) antennas and performs beam-

forming in the electromagnetic wave domain. Its wideband operation introduces several

challenges. Closely spaced elements and layers are coupled, the resulting response is

frequency dependent, and a common phase configuration must serve multiple users and

subbands. This thesis develops circuit-theoretic models and optimization methods for

SIM-assisted wideband and multi-band multi-user downlink transmission.

First, we develop a coupling-aware circuit-theoretic model for a SIM-assisted wide-

band multi-user multiple-input multiple-output (MIMO) system. The model accounts

for frequency-dependent mutual coupling, inter-layer reflections, and frequency-selective

channels across subbands. Based on this model, the BS precoder and SIM phase shifts

are jointly optimized, with power allocation across subbands providing carrier aggrega-

tion. We also investigate a partially reconfigurable SIM in which only the last layer is

updated while the first layer remains fixed, reducing the control overhead. For a fixed

total number of elements, the comparison between SIM and single-layer RIS shows that

their relative performance depends on the operating conditions. The RIS performs bet-

ter in narrowband and low signal-to-noise ratio (SNR) regimes, with fewer users, and

when power allocation is performed at the BS. In contrast, the SIM provides higher

spectral efficiency in wideband and high-SNR regimes with more users. Moreover, ac-

counting for mutual coupling improves the modeled spectral efficiency, while partial

reconfiguration can achieve near-optimal performance with fewer control bits.

We then consider a multi-band multi-user multiple-input single-output (MU-MISO)

downlink with inter-band carrier aggregation, where one SIM configuration serves a low



band and a high band with different bandwidths and noise levels. Since conventional

phase updates need many iterations, we propose a multi-band deep-unfolding network

(MBDU-Net), which unrolls projected-gradient phase updates into a fixed number of

stages and learns band-specific step sizes and momentum parameters. For the same

number of iterations, MBDU-Net achieves a higher sum rate than projected gradient

ascent and basic deep unfolding, and generalizes to numbers of subcarriers not seen

during training.

Keywords: Stacked intelligent metasurface (SIM), reconfigurable intelligent

surface (RIS), wideband MIMO, carrier aggregation, mutual coupling, circuit-

theoretic model, joint active and passive beamforming, deep unfolding.
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Chapter 1

Introduction

1.1 Overview

The rapid evolution of 6G networks demands high spectral efficiency, wider bandwidth

operation, and energy-efficient hardware architectures [1]. While massive multiple-input

multiple-output (MIMO) offers significant spatial multiplexing gains, its hardware cost

and radio-frequency (RF) chain complexity make it less scalable at millimeter-wave

(mmWave) and sub-terahertz (sub-THz) frequencies [2, 3]. In a fully digital massive

MIMO transmitter, every antenna element requires a dedicated RF chain, including

digital-to-analog converters, mixers, and power amplifiers, so that the power consump-

tion and cost grow with the array size. This motivates the exploration of energy-efficient

and less complex architectures, in which part of the beamforming is moved from the

digital domain to the electromagnetic (EM) wave domain.

Programmable metasurfaces enable dynamic control of EM waves by electronically

tuning the responses of densely packed sub-wavelength meta-atoms distributed over a

planar aperture [4]. This capability has stimulated substantial interest in metasurface-

assisted wireless communications, where the propagation channel and the transceiver

1



Chapter 1. Introduction

front-end can be reconfigured to improve spectral efficiency with low power consump-

tion [5]. In parallel, wideband and multi-band transmission through carrier aggregation

(CA) has become a key mechanism for improving spectral efficiency by jointly exploiting

subcarriers across multiple frequency bands [6]. In this thesis, we combine these two

directions and study stacked intelligent metasurfaces (SIMs) integrated into the base

station (BS) for wideband and multi-band multi-user downlink transmission, with a

focus on physically consistent modeling, joint optimization, and low-complexity design.

1.2 RIS and SIM Architectures

1.2.1 Conventional RIS Deployment

Reconfigurable intelligent surfaces (RISs) have emerged as a promising solution for

energy-efficient wireless communication. By intelligently tuning the EM response to

the impinging signals, RISs can enhance coverage and improve spectral efficiency with

minimal power consumption [4, 5, 7–10]. Both diagonal RIS architectures with phase-

only control and beyond-diagonal and non-local RIS architectures [11, 12] have been

extensively studied in MIMO and orthogonal frequency-division multiplexing (OFDM)

systems, investigating aspects such as joint active and passive beamforming [8], channel

estimation [9], and hardware constraints.

In the conventional RIS paradigm, illustrated in Fig. 1.1(a), the RIS is deployed in

the propagation environment, typically on a building facade or wall between the BS

and the users, and acts as a passive reflector that creates an additional, controllable

propagation path. This deployment has several practical implications. First, the signal

reflected by the RIS experiences the path loss of both the BS–RIS and RIS–user links,

so that a large surface is often required to obtain a meaningful gain over the direct link.

Second, the RIS is physically separated from the BS, which requires a dedicated control

2



Chapter 1. Introduction

link and the acquisition of the cascaded BS–RIS–user channel. Third, a single reflect-

ing layer provides only a limited number of degrees of freedom, so that conventional

single-layer RIS architectures remain limited in their ability to support complex signal

manipulation and system performance enhancement. Transmissive RIS architectures,

where the surface is placed in front of the transmitter and the signal passes through it,

have also been considered [13,14], which paved the way toward integrating metasurfaces

directly into the transceiver.

1.2.2 SIM-Integrated Base Station

A new technology has recently been introduced in the form of cascaded layers of trans-

missive RIS, also known as SIMs [15, 16]. Inspired by diffractive neural networks im-

plemented on programmable metasurfaces [17], a SIM is composed of multiple pro-

grammable metasurface layers, where each layer consists of passive meta-atoms that

apply an adjustable phase shift to the impinging wavefront. The key architectural

novelty of SIM, proposed in [15, 16], is its location: instead of being deployed in the

environment between the BS and the users, the SIM is integrated into the BS architec-

ture and placed in close proximity to the BS antenna array, as illustrated in Fig. 1.1(b).

The metasurface therefore becomes part of the transmitter itself, forming an intelligent

transceiver architecture in which the BS antennas excite the first layer and the signal

is progressively shaped as it propagates through the cascaded layers.

Unlike conventional digital or hybrid beamforming systems, SIMs process EM waves

directly in the analog domain, enabling more energy-efficient control of signal propaga-

tion. By embedding passive, phase-programmable layers into the BS architecture, SIM

implements wave-domain beamforming and can reduce the reliance on high-dimensional

digital precoding and many RF chains [16,18]. According to [15,16], this BS-integrated

architecture offers the following main advantages:

3



Chapter 1. Introduction

(a) Conventional RIS-assisted downlink (b) BS-integrated SIM architecture

Figure 1.1: Comparison between (a) the conventional deployment of a single-layer RIS

in the propagation environment between the BS and the users, and (b) the SIM archi-

tecture, in which multiple transmissive metasurface layers are integrated into the BS in

front of its antenna array to perform beamforming directly in the wave domain.

� Fewer RF chains and lower energy consumption: Since transmit precoding

is accomplished automatically as the EM waves propagate through the SIM, holo-

graphic MIMO transmission can be implemented without requiring excessive RF

chains, which effectively reduces the RF-related energy consumption and hardware

cost compared with conventional fully digital MIMO transceivers [15, 16].

� Additional degrees of freedom: The cascaded structure provides additional

spatial degrees of freedom through cascaded EM processing across multiple trans-

missive layers, so that a SIM may outperform its single-layer metasurface coun-

terparts, such as RISs and metasurface lenses [15].

� Reduced processing delay: Signal processing tasks such as MIMO precod-

ing and multi-user interference mitigation are carried out in the wave domain as

the signal propagates through the layers, rather than by high-dimensional digital

baseband processing, which reduces the processing delay [16,17].

However, whether the additional layers are beneficial depends on the operating condi-

4



Chapter 1. Introduction

tions, which we examine in Chapter 3 using a model that includes mutual coupling and

inter-layer reflections. Note that the SIM architecture itself was proposed in [15,16]; in

this thesis, we study how it should be modeled and optimized under wideband condi-

tions.

Several recent studies have explored SIMs to enhance spectral efficiency in various

communication systems. In [19], a SIM-aided integrated sensing and communication

system was proposed, jointly optimizing the SIM phase shifts and BS power to mitigate

inter-user interference. The work in [20] extended SIM applications to holographic

MIMO systems, formulating joint optimization of phase shifts and transmit covariance

matrices. SIM-assisted transceiver design [16], multi-user downlink beamforming in the

wave domain [18], holographic MIMO-aided cell-free networks [21], and low earth orbit

(LEO) satellite communications [22] have also been investigated. Other studies have

investigated channel estimation and direction-of-arrival estimation [23,24].

1.3 Open Challenges

However, several aspects of SIM design are still open when SIMs are used for wideband

and multi-band multi-user transmission. We discuss them below together with the

related work.

1.3.1 Coupling-Aware Modeling

Since the layers of a SIM are placed in close proximity and each layer consists of densely

packed meta-atoms, the elements interact electromagnetically through mutual coupling,

and part of the wave is reflected back and forth between adjacent layers. Many exist-

ing SIM works adopt idealized cascaded models that overlook mutual coupling and

inter-layer reflections [16, 20]. To accurately capture these effects, multiport network

5



Chapter 1. Introduction

theory has been widely adopted as a physically consistent modeling framework, build-

ing on the circuit theory of communication [25, 26] and on coupling-aware models of

RIS-assisted systems [12, 27–30]. For instance, [31] employed cascaded scattering (S)-

parameter representations to explicitly model wave propagation, inter-element coupling,

and inter-layer reflections. While physically accurate, cascaded S-parameter models

are often analytically intractable and computationally demanding. To address this is-

sue, [32] introduced a transmission (T )-parameter-based formulation that is mathemat-

ically equivalent to the cascaded S-parameter model but offers improved tractability.

In parallel, [33] developed a general impedance (Z)-parameter-based SIM model that

exploits structured impedance matrices to efficiently capture coupling effects. Never-

theless, these existing multiport SIM models are predominantly developed under nar-

rowband assumptions and do not explicitly account for frequency-dependent impedance

variations and coupling effects that arise in wideband systems.

1.3.2 Wideband Operation

Although [34] introduced a fully analog wideband SIM beamforming method, it did not

incorporate coupling or reflection effects. Moreover, prior SIM research has primarily

focused on spatial-domain optimization, while efficient exploitation of frequency-domain

characteristics remains largely unexplored.

Carrier aggregation, a key technique in 5G networks [6, 35, 36], enables wideband

transmission by combining multiple subband carriers to enhance throughput and spec-

tral efficiency. Compared with single-band operation, multi-band CA can better leverage

frequency-selective fading and band diversity, where lower bands typically offer more

favorable propagation and reliability, while higher bands provide wider bandwidth but

may suffer from higher noise power and less robust scattering [37]. In downlink multi-

user systems, these heterogeneous band characteristics provide additional degrees of

6
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freedom for subcarrier selection and power allocation, leading to sum-rate gains. Ex-

tending CA to metasurface-assisted systems introduces a joint spatial and frequency-

domain design problem, since a common metasurface configuration must operate over

multiple subbands. Under wideband operation, frequency-dependent impedance varia-

tions and mutual coupling make the effective phase response subband dependent, which

can lead to beam squint and phase misalignment across the aggregated carriers. While

metasurface-assisted system modeling and carrier-aggregation-aware transmission de-

sign have been studied under simplified assumptions, their joint design under physically

consistent, coupling-aware wideband metasurface models remains limited.

A related open question is whether stacking multiple layers is always beneficial. For

a fixed total number of meta-atoms, a single-layer RIS has a simpler structure, whereas a

SIM distributes the elements over several layers and introduces inter-layer coupling and

reflections. A fair comparison between the two structures under a physically consistent

wideband model is needed to identify the operating regimes in which each structure is

preferable.

1.3.3 Optimization Complexity

Integrating SIM-assisted transmission with multi-band CA is challenging because the

SIM phase configuration is effectively shared across the aggregated spectrum, whereas

the per-subcarrier operating conditions vary substantially across bands. In particu-

lar, band-dependent bandwidths and noise levels, together with subcarrier-dependent

interference shaped by multi-user scheduling and power allocation, induce gradients of

markedly different scales across the low- and high-band components. Consequently, SIM

phase design in a multi-band multi-user downlink leads to a tightly coupled optimiza-

tion problem that is non-convex and strongly frequency coupled. Classical optimization

methods for SIM-assisted multi-user transmission typically adopt alternating optimiza-
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Chapter 1. Introduction

tion (AO), where the digital precoders are updated for a fixed SIM configuration and

the SIM phases are then refined for fixed precoders. However, this approach can be

computationally demanding in practical multi-user, multi-subcarrier systems, since the

SIM phase update often requires many iterations.

Recently, data-driven methods have been introduced for physical-layer optimiza-

tion, where a neural network maps channel realizations to transceiver parameters [38],

such as beamforming weights or metasurface configurations. Deep unfolding improves

interpretability by unrolling iterative optimization algorithms into trainable architec-

tures [39]. However, most unfolding-based beamforming and phase-optimization meth-

ods are developed for conventional MIMO/RIS systems and do not explicitly address

SIM-assisted multi-band transmission.

1.3.4 Research Questions

The challenges discussed above lead to the following research questions, which are ad-

dressed in this thesis:

RQ1: How can a SIM integrated into the BS be modeled in a physically consistent and

tractable way, such that mutual coupling, inter-layer reflections, and frequency

selectivity over a wide bandwidth are captured, and how can its phase shifts be

jointly optimized with the BS precoding and power allocation across subbands?

RQ2: For the same total number of elements, under which operating conditions (band-

width, signal-to-noise ratio (SNR), number of users, and BS processing) does a

multilayer SIM outperform a single-layer RIS, and can the control overhead of

the SIM be reduced without a significant performance loss?

RQ3: How can the SIM phase configuration be optimized with low and fixed com-

plexity when a single configuration must serve heterogeneous low and high band

8



Chapter 1. Introduction

subcarriers under inter-band carrier aggregation?

1.4 Contributions

To answer these questions, we develop a coupling-aware wideband model for SIMs in-

tegrated into the BS and use it for both model-based and learning-based optimization.

The contributions are summarized below, and the detailed contributions of each tech-

nical chapter are listed at the beginning of that chapter.

1.4.1 SIM versus RIS in Wideband MU-MIMO

Chapter 3 addresses RQ1 and RQ2:

� We develop a circuit-theoretic model of a SIM-assisted downlink multi-user wide-

band MIMO system that captures mutual coupling, inter-layer reflections, and

frequency selectivity across subbands, based on the multiport and Chu-based mu-

tual coupling models of Chapter 2. We show that the conventional cascaded SIM

model is a special case obtained when these effects are neglected.

� We jointly optimize the SIM phase shifts, the BS precoders, and the power al-

location across users and subbands by alternating optimization, where iterative

water-filling performs carrier aggregation over favorable subbands.

� We propose updating only the last SIM layer, which reduces the control signaling

and part of the computational complexity by a factor equal to the number of

layers.

� We show that, for the same total number of elements, the SIM outperforms the

single-layer RIS in wideband, high-SNR, and high-user-density scenarios, whereas

the RIS is favorable in narrowband and low-SNR regimes, with few users, and
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when active beamforming with power allocation is performed at the BS. We also

show that modeling mutual coupling improves the spectral efficiency, and that the

partially reconfigurable SIM achieves near-optimal performance with the highest

goodput for a small number of users.

1.4.2 Deep Unfolding for Multi-band SIM

Chapter 4 addresses RQ3:

� We formulate the joint precoding and SIM phase design for a multi-band MU-

MISO downlink with inter-band carrier aggregation, where a common SIM con-

figuration serves a low band and a high band with different bandwidths and noise

levels.

� We propose a physically consistent multi-band deep-unfolding network that unrolls

projected-gradient phase updates into a fixed-depth architecture with analytic

gradients from the SIM model. It separates the low- and high-band gradient

contributions and learns band-aware step sizes together with Nesterov-inspired

momentum parameters, with only a small number of trainable parameters.

� We show that, for the same number of iterations, MBDU-Net achieves a higher

sum rate than classical projected gradient ascent and basic deep unfolding, that

its components must be learned jointly, and that it generalizes to numbers of

subcarriers not seen during training.

1.5 Thesis Outline

The remainder of this thesis is structured as shown in Fig. 1.2:
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� Chapter 2 reviews the background used throughout the thesis: the circuit theory

for communication, the Chu antenna model, the mutual coupling model between

two antennas and its extension to antenna arrays, wideband and multi-band trans-

mission with carrier aggregation, and deep unfolding.

� Chapter 3 presents the coupling-aware wideband SIM model, the joint precoding

and phase-shift optimization with carrier aggregation, the partially reconfigurable

SIM, and the comparison between single-layer RISs and SIMs.

� Chapter 4 presents the AO framework and MBDU-Net for SIM-assisted multi-

band MU-MISO downlink systems.

� Chapter 5 summarizes the main findings of the thesis and outlines directions for

future work.

� Appendix A provides the derivation of the gradients used for the SIM phase op-

timization in Chapters 3 and 4.

1.6 Publications

The technical chapters of this thesis are based on the journal publications listed in

Table 1.1, both of which have been published in IEEE journals.

Other publication during the MSc program:

[C1] M. Ibrahim, W. H. Raza, M. Moiz, S. A. Hassan, H. Jung, and M. Gidlund, “On

the performance of multi-IRS-assisted networks across real urban, suburban, and

rural environments,” in Proc. IEEE Wireless Communications and Networking

Conference (WCNC), 2024.
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Figure 1.2: Structure of the thesis.

1.7 Notations

For any matrix A, AT , A∗, AH , and A−1 represent its transpose, conjugate, conjugate

transpose, and inverse, respectively. Bold lowercase letters (e.g., a) denote vectors, bold

uppercase letters (e.g., A) denote matrices, and [A]i,j is the (i, j)-th entry of A. The

trace of A is denoted by Tr(A). The Kronecker product of two vectors or matrices is

represented by ⊗. Diag(a) denotes a diagonal matrix with the elements of vector a

along its diagonal, while diag(A) returns a vector containing the diagonal elements of

the matrix A. IN is the N ×N identity matrix and CN×M is the set of N ×M complex

matrices. ∥ · ∥ and ∥ · ∥F denote the Euclidean norm of a vector and the Frobenius

norm of a matrix, and | · | is the absolute value. E[·] is the expectation operator, and

CN (µ,R) is the circularly symmetric complex Gaussian distribution with mean µ and
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Table 1.1: Publications resulting from this thesis.

Publication Chapter

[J1] M. Ibrahim, A. Mezghani, and E. Hossain, “Are stacked

intelligent metasurfaces (SIMs) better than single-layer recon-

figurable intelligent surfaces (RISs) for wideband multi-user

MIMO communication systems?” IEEE Transactions on Wire-

less Communications, vol. 25, pp. 18215–18228, 2026, doi:

10.1109/TWC.2026.3696550.

Chapter 3

[J2] M. Ibrahim, A. Mezghani, and E. Hossain, “Deep unfold-

ing for SIM-assisted multiband MU-MISO downlink systems,”

IEEE Wireless Communications Letters, vol. 15, pp. 3591–3595,

2026, doi: 10.1109/LWC.2026.3701564.

Chapter 4

covariance R. ℜ{·} and ℑ{·} are the real and imaginary parts, and j =
√
−1. ∇xf

denotes the gradient of f with respect to x, [x]+ = max(x, 0), log2(·) and ln(·) are the

binary and natural logarithms, and U [a, b] denotes the uniform distribution over [a, b].

Finally, f , c, λ = c/f , and k = 2π/λ denote the frequency, the speed of light, the

wavelength, and the wavenumber, respectively. Symbols that are specific to a chapter

are defined where they are first used.
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Chapter 2

Background

This chapter introduces the fundamental concepts used throughout the thesis. We first

review the circuit-theoretic description of wireless links, in which antennas are repre-

sented as ports of a multiport network. We then present the antenna model adopted in

this thesis and the model for the mutual coupling between two antennas, illustrate it

with a two-antenna circuit, and extend it to antenna arrays. Finally, we review wide-

band and multi-band transmission with carrier aggregation, and the principle of deep

unfolding, which are used in Chapters 3 and 4.

2.1 Circuit Theory for Communication

Conventional channel models describe a wireless link through an abstract transfer ma-

trix that maps transmitted symbols to received symbols. Such models do not explicitly

contain physical quantities such as the power radiated by the antennas, the interaction

between closely spaced antennas, or the physical origin of noise. The circuit theory of

communication [25,26,40] addresses these limitations and provides a clear and physically

consistent foundation for analyzing MIMO wireless communication systems. In this ap-
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Chapter 2. Background

proach, antennas are represented as ports in a multiport network, where transmitted and

received signals are described by the corresponding port voltages and currents. Captur-

ing the relationship among these port variables is essential for accurately characterizing

the communication model.

From a circuit-theoretic perspective, a single-input single-output (SISO) link can be

viewed as a two-port network, as shown in Fig. 2.1. The port voltages (vT(f), vR(f))

and port currents (iT(f), iR(f)) at the transmit (T) and receive (R) antennas are related

by Ohm’s law through the impedance matrix ZSISO(f) [41]:⎡⎣vT(f)
vR(f)

⎤⎦ =

⎡⎣ ZT(f) ZTR(f)

ZRT(f) ZR(f)

⎤⎦
⏞ ⏟⏟ ⏞

ZSISO(f)

⎡⎣iT(f)
iR(f)

⎤⎦ . (2.1)

The diagonal entries ZT(f) and ZR(f) are the self-impedances of the transmit and re-

ceive antennas, i.e., their input impedances when each antenna is considered in isolation.

The off-diagonal entries ZRT(f) and ZTR(f) are the mutual impedances, which describe

how the current at one port induces a voltage at the other port. Since antennas are

reciprocal devices, ZRT(f) = ZTR(f).

ZSISO(f)

iT iR

vT

+

−
vR

+

−
transmit

antenna port
receive

antenna port

Figure 2.1: Two-port circuit-theoretic model of a SISO communication link.

The same description applies to multi-antenna systems. A MIMO link with NT

transmit and NR receive antennas is modeled as a multiport network with NT + NR
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ports, whose voltage and current vectors satisfy⎡⎣vT(f)

vR(f)

⎤⎦ =

⎡⎣ZTT(f) ZTR(f)

ZRT(f) ZRR(f)

⎤⎦
⏞ ⏟⏟ ⏞

ZMIMO(f)

⎡⎣iT(f)
iR(f)

⎤⎦ , (2.2)

where ZTT(f) ∈ CNT×NT and ZRR(f) ∈ CNR×NR describe the transmit and receive ar-

rays, and ZRT(f) and ZTR(f) are the transimpedance matrices between them [26].

The diagonal entries of ZTT and ZRR are the self-impedances of the ports, while

the off-diagonal entries describe the coupling between the elements of the same ar-

ray. By reciprocity, ZRT = ZTTR. When the transmitter and the receiver are in the

far field of each other, the attenuation between them is very large, i.e., ∥ZTR(f)∥ ≪

min
(︁
∥ZTT(f)∥, ∥ZRR(f)∥

)︁
. This justifies the unilateral approximation ZTR(f) ≈ 0 [25],

under which the receive antennas do not influence the transmit antennas, while the

transmit antennas still drive the receive antennas through ZRT(f).

2.2 Antenna Model

The entries of ZSISO and ZMIMO depend on the antennas used at the transmitter and

the receiver. In this thesis, all antenna elements, including the meta-atoms of the SIM,

are modeled as canonical minimum scattering (CMS) antennas based on Chu’s theory.

This choice decouples the analysis from a specific antenna design, while capturing the

frequency-dependent behavior of the broadest-band antenna that fits within a given

physical size.

2.2.1 Canonical Minimum Scattering Antennas

Minimum scattering antennas are a class of antennas that become electromagnetically

invisible, i.e., do not scatter an incident field, under a particular termination of their
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port [41]. For a CMS antenna, this termination is the open circuit. As a consequence,

the scattering behavior of a CMS antenna, and therefore its coupling with other an-

tennas, is completely determined by its radiation pattern, which makes CMS antennas

particularly convenient for modeling mutual coupling in antenna arrays. A short dipole

is a classical example of a minimum scattering antenna.

2.2.2 Chu’s Antenna Model

Chu showed that the field radiated by an arbitrary, linearly polarized antenna enclosed

in a sphere of radius a can be expressed outside the sphere as a superposition of spherical

transverse-magnetic (TMn) modes, and derived an equivalent circuit for each mode [42].

It is well established that maximum bandwidth (lowest Q factor) is obtained when an

antenna operates in the lowest order radiation mode, since the higher the radiation

mode, the larger the amount of energy stored (non-radiated) in the sphere enclosing

the antenna. Therefore, we restrict our analysis to CMS antennas operating in the

transverse-magnetic-1 (TM1) mode only, as this configuration ensures the broadest pos-

sible bandwidth [41, 43]. Notably, many common and simple antenna structures, such

as dipoles, can be effectively approximated as TM1 antennas.

For the TM1 mode, the voltage and current at the antenna port are given by [41,42]

v(f) =

√︃
8πη

3

√
RA1

k

(︃
1 +

1

jka
− 1

j(ka)2

)︃
e−jka, (2.3a)

i(f) = −
√︃

8πη

3

A1√
Rk

(︃
1 +

1

jka

)︃
e−jka, (2.3b)

where A1 denotes the complex coefficient of the TM1 mode, k = 2πf
c

is the wavenumber,

and η =
√︁
µ/ϵ is the intrinsic impedance of the medium, with µ and ϵ representing its

permeability and permittivity, respectively. Furthermore, R is the radiation resistance of

the antenna and a is the radius of the sphere enclosing the antenna. The corresponding
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equivalent circuit, often referred to as Chu’s electric antenna, is shown in Fig. 2.2, where

L = aR
c

and C = a
cR

denote the equivalent inductance and capacitance.

+

−

v(f)

i(f)

C = a
cR

L = aR
c

RZ(f)

Figure 2.2: Equivalent circuit of a CMS antenna operating in the TM1 mode (Chu’s
electric antenna) [41,42].

By applying basic circuit analysis, the corresponding self-impedance can be obtained

as

Z(f) =
v(f)

i(f)
=

[︃
c2 + j2πfca− (2πfa)2

j2πfca− (2πfa)2

]︃
R. (2.4)

Two properties of (2.4) are important for this thesis. First, the self-impedance is fre-

quency dependent, so that an antenna element presents a different impedance on each

subband of a wideband system. Second, it depends on the electrical size of the antenna.

Defining x = 2πfa/c, (2.4) can be rewritten as

Z(f) = R
x2

1 + x2
− j R 1

x(1 + x2)
. (2.5)

For an electrically small antenna (x ≪ 1), the real part vanishes while the capacitive

reactance becomes large, whereas for x≫ 1 the impedance approaches the resistance R.

This reflects the fundamental size–bandwidth trade-off of electrically small antennas [42,

43].
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2.3 Mutual Coupling

When antennas are placed in close proximity, the current flowing on one antenna induces

a field, and hence a voltage, on the neighboring antennas. As a result, the voltage at the

port of an antenna depends not only on its own current, but also on the currents of all

nearby antennas. This electromagnetic interaction is referred to as mutual coupling. In

the circuit-theoretic description, mutual coupling is captured by the off-diagonal entries

of the impedance matrix, i.e., the mutual impedances. For two antennas indexed by n

and m, the mutual impedance

Zn,m(f) =
vn(f)

im(f)

⃓⃓⃓⃓
in′=0, ∀n′ ̸=m

(2.6)

is the open-circuit voltage induced at port n per unit current at port m when all other

ports are open-circuited. Mutual coupling alters the input impedance and the radiation

pattern of each element and correlates the noise at different ports. It is therefore

particularly significant in densely packed arrays and in structures with closely spaced

layers, such as SIMs, where the inter-element spacing and the inter-layer distance are

typically a fraction of the wavelength.

2.3.1 Two-Antenna Circuit Model

To see how mutual coupling enters a communication link, consider the circuit in Fig. 2.3,

which connects two Chu antennas [41]. A generator with voltage vT and internal resis-

tance R drives the transmit antenna, and the receive antenna is terminated by a load

RL. Each antenna is represented by the circuit of Fig. 2.2 with radiation resistances R1

and R2 and sizes aT and aR, i.e., CT = aT
cR1

, LT = aTR1

c
, CR = aR

cR2
, and LR = aRR2

c
. The

two current-controlled current sources model the mutual coupling: is2 represents the

effect of the transmit antenna on the receive antenna, and is1 represents the reaction

of the receive antenna on the transmit antenna. In terms of (2.1), the self-impedances
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ZT(f) and ZR(f) are given by (2.4), while the mutual impedances ZRT(f) = ZTR(f),

which set the strength of the controlled sources, are derived in Section 2.3.2.

−
+vT

R i1

v1

CT

LT R1

iR1

is1 is2 R2

iR2

LR

CR
i2

vR RL

CMS transmit antenna CMS receive antenna

channel ZSISO with Chu antenna mutual coupling
generator load

Figure 2.3: Two-antenna circuit model with transmit and receive Chu antennas and
mutual coupling [41].

Solving the circuit, the voltage across the load is vR(f) = h(f) vT(f) with

h(f) =
RL ZRT(f)(︁

RL + ZR(f)
)︁(︁
R + ZT(f)

)︁
− ZTR(f)ZRT(f)

. (2.7)

The mutual impedance thus appears in two places: in the numerator, where ZRT(f)

carries the signal from the transmitter to the receiver, and in the denominator, where the

product ZTR(f)ZRT(f) describes how the receive antenna loads the transmit antenna.

The channel therefore depends not only on the propagation, but also on the antenna

size, the matching, and the mutual coupling. The remaining question is how to compute

ZRT(f) for two Chu antennas, which is addressed next.

2.3.2 Mutual Impedance Between Two Chu Antennas

The mutual impedance between two antennas in the near field is commonly computed

with the induced electromotive force (EMF) method. However, this method cannot

be directly applied to Chu’s antennas, since their fields are only known outside the

enclosing sphere. In [41], Akrout et al. overcame this limitation in three steps: (i)
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they showed that, with an appropriate choice of the mode coefficient A1, the TM1 field

radiated by a Chu antenna is identical to the field of a Hertz (infinitesimal) dipole and

both have the same radiation resistance; (ii) they applied the induced EMF method

to two Hertz dipoles to obtain their mutual impedance in closed form; and (iii) they

showed that the mutual impedance normalized by
√︁
ℜ{ZT}ℜ{ZR} is identical for the

Hertz and Chu pairs, which yields the mutual impedance between two Chu antennas.

Accordingly, the mutual impedance between two TM1 antennas indexed by n and

m, separated by a distance d and oriented with angles α and β with respect to the line

joining both antennas, as illustrated in Fig. 2.4, is expressed as [41,44]

Zn,m(f) =− 3
√︁
ℜ{Zn(f)}ℜ{Zm(f)}

[︄
1

2
sinα sin β

(︃
1

jkd
+

1

(jkd)2
+

1

(jkd)3

)︃

+ cosα cos β

(︃
1

(jkd)2
+

1

(jkd)3

)︃]︄
e−jkd,

(2.8)

where ℜ{Zn(f)} and ℜ{Zm(f)} are the real parts of the self-impedances of the two

antennas obtained from (2.4). Due to reciprocity, Zn,m(f) = Zm,n(f).

Figure 2.4: Two TM1 antennas arbitrarily oriented and separated by a distance d.

The mutual coupling model in (2.8) provides several insights. The term propor-

tional to 1/(jkd) decays slowly with distance and corresponds to the radiative field,

whereas the terms proportional to 1/(jkd)2 and 1/(jkd)3 decay rapidly and correspond
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to the reactive near field. Hence, for closely spaced elements with d comparable to or

smaller than the wavelength, all terms contribute and the coupling is strong. Moreover,

since k = 2πf/c, the mutual impedance depends on the electrical distance d/λ and

therefore varies with frequency. In a wideband system, the same physical array thus

exhibits a different coupling matrix on each subband. Finally, the model depends on

the relative orientation of the antennas through α and β, and on their size through the

self-impedances.

When the two antennas are in the far field of each other, ZRT(f) can instead be

obtained from the Friis transmission equation. For two Chu antennas with gains GT

and GR at distance d, the far-field mutual impedance is [41]

ZRT(f) =

(︃
j2πfaT

c+ j2πfaT

)︃
c

2πfd

√︃
GTGRR1

R2

j2πfR2

j2πf + c
aR

, (2.9)

where GT = GR = 3/2 in the equatorial plane for Chu’s CMS antennas. In this

case, |ZRT(f)| is much smaller than the self-impedances, so that the unilateral ap-

proximation ZTR(f) ≈ 0 applies, the source is1 vanishes, and (2.7) reduces to h(f) =

RLZRT(f)/
(︁
(RL + ZR(f))(R + ZT(f))

)︁
.

2.3.3 From Two Antennas to Arrays

The two-antenna model extends directly to antenna arrays. For an array of N antennas,

the impedance matrix Z(f) ∈ CN×N has the self-impedances (2.4) on its diagonal

and the mutual impedances (2.8) between every pair of elements off the diagonal, i.e.,

[Z(f)]n,n = Zn(f) and [Z(f)]n,m = Zn,m(f) for n ̸= m, where the distance d and the

angles α and β follow from the positions and orientations of elements n and m. The

resulting matrix is symmetric due to reciprocity and changes with frequency through k =

2πf/c. In this way, the blocks ZTT(f) and ZRR(f) in (2.2), as well as the transimpedance

matrices between closely spaced arrays, can be computed. Links to users in the far
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field are instead modeled with (2.9), extended to multiple antennas and multipath

propagation. This provides the impedance matrices used in the SIM model in Chapter 3,

where the geometry of planar arrays and SIM layers is specified.

2.4 Wideband and Multi-band Transmission

2.4.1 Multi-carrier Wideband Model

As shown in Sections 2.2 and 2.3, both the self-impedance and the mutual impedance

of the antenna elements vary with frequency. Consequently, a model evaluated at a

single carrier frequency cannot capture the behavior of a wideband system. In this

thesis, the wideband channel is modeled using a multi-carrier framework, where the

total bandwidth B around the center frequency fc is divided into Nf subbands with

center frequencies fn, n = 1, . . . , Nf , and the channel response within each subband

is assumed to be approximately frequency-flat. Each subband is then characterized

by its own impedance matrices, evaluated at fn. The achievable rate of the wideband

system is obtained by summing the rates of the individual subbands weighted by their

bandwidths.

2.4.2 Carrier Aggregation

Carrier aggregation (CA), a key technique in 5G networks, enables wideband trans-

mission by combining multiple component carriers to enhance throughput and spectral

efficiency [6, 35, 36]. Depending on the location of the aggregated component carriers,

CA can be classified into three types, as illustrated in Fig. 2.5: (i) intra-band contiguous

CA, where adjacent carriers within the same band are aggregated; (ii) intra-band non-

contiguous CA, where carriers within the same band are aggregated although they are

separated by a gap; and (iii) inter-band CA, where carriers located in different frequency
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bands, e.g., a low band and a high band, are aggregated.

Figure 2.5: Illustration of the three types of carrier aggregation on a common spectrum

consisting of a low band and a high band. The high band offers wider carriers but

typically suffers from higher noise power.

Compared with single-band operation, multi-band CA can better leverage frequency-

selective fading and band diversity, where lower bands typically offer more favorable

propagation and reliability, while higher bands provide wider bandwidth but may suf-

fer from higher noise power and less robust scattering [37]. In downlink multi-user

systems, these heterogeneous band characteristics provide additional degrees of free-

dom for subcarrier selection and power allocation. In Chapter 3, CA is modeled in

an abstract manner as wideband power allocation across subbands, while Chapter 4

considers inter-band CA with a low band and a high band that differ in bandwidth and

noise power.
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2.5 Deep Unfolding

2.5.1 Iterative Optimization with Projected Gradient Ascent

Many physical-layer design problems, including the SIM phase-shift design in this thesis,

are non-convex problems of the form maxx∈X f(x), where X is a feasible set. A standard

approach is projected gradient ascent:

x(t+1) = ΠX

(︂
x(t) + ηt∇xf

(︁
x(t)
)︁)︂
, (2.10)

where ηt > 0 is the step size and ΠX (·) denotes the projection onto X . For the SIM,

x collects the phase shifts of all meta-atoms and ΠX maps each phase onto [0, 2π). Al-

though (2.10) is interpretable and directly tied to the underlying objective, its conver-

gence speed is highly sensitive to the step size and it typically requires many iterations.

2.5.2 Unfolding Iterations into a Trainable Network

Data-driven methods have been introduced for physical-layer optimization, where a neu-

ral network maps channel realizations to transceiver parameters, such as beamforming

weights or metasurface configurations [38]. Such black-box networks, however, may re-

quire large training sets and offer limited interpretability. Deep unfolding combines the

two approaches by unrolling a fixed number T of iterations of an optimization algorithm

into a network with T stages [39], as illustrated in Fig. 2.6. Each stage preserves the

structure of one iteration, e.g., (2.10), while the hand-tuned parameters, such as the step

sizes {ηt}T−1
t=0 , are replaced by trainable parameters. The parameters are learned offline

by minimizing a loss function, such as the negative objective L = −f(x(T )) averaged

over a set of channel realizations, using backpropagation through all stages. Online, the

trained network is executed with a fixed and small number of stages, which leads to a

fixed and low computational complexity.
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x(0)
Stage 1

ΠX (x+ η0∇f)
Stage 2

ΠX (x+ η1∇f)
· · · Stage T

ΠX (x+ ηT−1∇f) x(T )

L = −f(x(T ))

x(1)

trainable η0 trainable η1 trainable ηT−1

backpropagation

Figure 2.6: Deep unfolding of T projected gradient ascent iterations into a T -stage
network with trainable step sizes.

2.5.3 Momentum Acceleration

The convergence of gradient methods can be accelerated by momentum. In Nesterov’s

accelerated gradient method [45], a velocity (momentum) term v(t) aggregates past

ascent directions, and the gradient is evaluated at a look-ahead point:

v(t+1) = θt v
(t) + ηt∇xf

(︁
x(t) + θtv

(t)
)︁
, (2.11a)

x(t+1) = x(t) + v(t+1), (2.11b)

where θt ∈ [0, 1) is the momentum factor. In an unfolded network, both the step sizes

ηt and the momentum factors θt can be learned. Chapter 4 builds on these ideas to

design a multi-band deep-unfolding network for the SIM phase optimization, in which

separate step sizes are learned for the low- and high-band gradient contributions.

2.6 Summary

In this chapter, we reviewed the multiport circuit model of communication links. We

then presented the Chu antenna model and the mutual coupling model between two Chu

antennas, illustrated it with a two-antenna circuit, and extended it to the impedance

matrices of antenna arrays. We also reviewed the multi-carrier wideband model, carrier

aggregation, and deep unfolding. The array impedance model is used in Chapter 3
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to build the SIM model, and deep unfolding is used in Chapter 4 for the SIM phase

optimization.
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Chapter 3

SIM versus RIS for Wideband

Multi-User MIMO

3.1 Introduction

This chapter addresses research questions RQ1 and RQ2 of Section 1.3.4, which arise

from the narrowband and coupling-unaware modeling of existing SIM works discussed

in Section 1.3. In this chapter, we develop a circuit-theory-based wideband SIM frame-

work that incorporates mutual coupling and inter-layer reflections while enabling joint

optimization of phase shifts and resource allocation across subbands. Using this frame-

work, we examine whether, and under which conditions, a multilayer SIM outperforms

a single-layer RIS with the same total number of elements. The main contributions of

this chapter are summarized as follows:

� Development of a circuit-theoretic model for a SIM-assisted downlink multi-user

wideband MIMO system that captures mutual coupling, inter-layer reflections,

and frequency selectivity across subbands, building on the multiport and mutual

coupling models reviewed in Chapter 2.
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� Joint optimization of SIM phase shifts and beamforming across users and sub-

bands, improving the achievable sum rate relative to narrowband baselines.

� A partial reconfiguration strategy for SIM that reduces computational and control

overhead while maintaining high goodput under practical constraints.

� A comparative analysis between single-layer RIS and SIM across different user,

bandwidth, and SNR scenarios, identifying operational regimes where SIM pro-

vides clear gains.

The material of this chapter has been published in [46]. The rest of the chapter is

organized as follows. Section 3.2 presents the system model. Section 3.3 develops the

circuit-theoretic model of the SIM-assisted system, including the mutual coupling among

the elements, the SIM model, and the far-field transimpedance matrix. Section 3.4

formulates the sum-rate maximization problem and presents the proposed solution,

including the partially reconfigurable SIM. Section 3.5 presents the simulation results,

and Section 3.6 summarizes the chapter.

3.2 System Model

We consider a SIM-assisted multi-user downlink MIMO system, as shown in Fig. 3.1,

where a SIM is deployed near the BS to assist communication with multiple users. The

BS is equipped with Nt antennas arranged in a uniform linear array (ULA). The SIM

consists of L cascaded transmissive metasurface layers with M meta-atoms (or antenna

elements) each, which can be reconfigured by an intelligent controller. The system serves

K single-antenna users. Throughout this chapter, the direct BS–user link is assumed

to be blocked, and communication occurs exclusively through the metasurface-assisted

path.
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Figure 3.1: SIM-assisted downlink multi-user MIMO system.

To enable a fair comparison between single-layer (RIS) and multilayer (SIM) archi-

tectures, the total number of metasurface elements is fixed and denoted by Mtotal. In

the single-layer RIS case, all Mtotal = Mx ×My elements are placed on a single planar

surface. In the multilayer case, the same total number of elements is evenly distributed

across L cascaded layers, such that each layer contains M = Mtotal/L = Mx × (My/L)

meta-atoms arranged on a planar grid with fixed inter-element spacing. Interactions

are assumed to occur only between adjacent metasurface layers, consistent with the

cascaded SIM structure. With this setup, any performance difference between the two

architectures is due to how the elements are arranged, and not to the number of ele-

ments.

The system operates over a wideband channel with center frequency fc and total

bandwidth B. Following the multi-carrier model of Section 2.4.1, the total bandwidth B

is divided into Nf subbands with center frequencies fi, i = 1, . . . , Nf , and bandwidths
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Bi, and the channel response within each subband is assumed to be approximately

frequency-flat. Carrier aggregation is modeled in an abstract manner as wideband power

allocation. Digital baseband processing is done at the BS across subbands, whereas

the SIM is modeled as a passive analog multiport network whose frequency-dependent

response is characterized by impedance parameters. The metasurface phase shifts and

the transmit power across subbands are jointly optimized to maximize the achievable

sum rate of all users. The metasurface phase shifts are assumed to be common across

all subbands, while the effective electromagnetic response varies with frequency due to

frequency-dependent self-impedance and mutual coupling. These frequency-dependent

effects are captured by the circuit-theoretic model presented next.

3.3 Circuit-Theoretic Model

3.3.1 Multiport Network Model

Following the circuit theory of communication reviewed in Section 2.1, the SIM-assisted

MIMO communication channel is modeled using multiport network theory, as shown

in Fig. 3.2, with a total of (Nt + 2Mtotal +K) ports. These correspond to Nt transmit

antenna ports, 2Mtotal SIM ports arising from the two facing sides of each transmissive

metasurface element, and K single-antenna user ports. As in (2.2), Ohm’s law relates

all port voltages and currents through a global impedance matrix Z(f), which fully

characterizes both the antenna subsystems and the wireless propagation channel.

To define the port variables explicitly, we denote the port voltage and current vectors

at the transmitter (T) by vT (f) and iT (f), both in CNt×1, those at the SIM (S) by vS(f)

and iS(f), both in C2Mtotal×1, and those at the receiver (R) by vR(f) and iR(f), both

in CK×1. For the SIM, vS(f) and iS(f) include the port voltages and currents of all

metasurface elements across all cascaded layers. We consider K independent generator
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Figure 3.2: Equivalent circuit-theoretic model for the SIM-assisted MIMO communica-

tion system.

voltages collected in vG ∈ CK×1. These generator voltages are amplified through a gain

matrix W, similar to digital beamforming, producing the effective excitation voltages

vT which serve as inputs to the transmit antenna ports. At the receiver, the load

voltages are given by vR for the K users, with matched load impedances collected in

R = Diag(R1, . . . , RK).

In this framework, the SIM is treated as a general group of 2Mtotal ports. The cor-

responding SIM-related submatrix of Z(f) captures the self-impedance of each element

as well as its coupling with neighboring elements, the transmitter, and the receiver.

Hence, the full block structure of the impedance matrix, which extends (2.2) with the
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SIM ports, can be expressed as (the frequency argument is dropped for brevity)⎡⎢⎢⎢⎣
vT

vS

vR

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎣
ZTT ZTS ZTR

ZST ZSS ZSR

ZRT ZRS ZRR

⎤⎥⎥⎥⎦
⎡⎢⎢⎢⎣
iT

iS

iR

⎤⎥⎥⎥⎦ . (3.1)

The voltages and currents at the SIM are related through vS = −ZSiS, where ZS denotes

the impedance matrix of the network to which the SIM ports are connected, i.e., the

programmable load network. As in Section 2.1, the diagonal blocks ZTT , ZSS, and

ZRR contain the self-impedances and the intra-array coupling of the transmit array,

the SIM, and the receive array, respectively, while the off-diagonal (transimpedance)

blocks ZXX′ ∈ CNX×NX′ , X ̸= X ′ ∈ {T, S,R}, describe the coupling between different

subsystems and satisfy ZXX′ = ZTX′X by reciprocity.

The input–output relationship between the transmit and receive voltages can be

expressed as vR = HZvT , where HZ denotes the transfer function. To study the effects

of the SIM, we assume that both the transmit and receive antennas are terminated at

the reference impedance Z0 = 50 Ω and that there is no mutual coupling among them.

Furthermore, we neglect mutual reflections between the transmitter and the SIM, as

well as between the SIM and the receiver. Under these assumptions, and following [30],

the transfer function is given by

HZ =
1

4Z0

[︂
ZRT − ZRS

(︁
ZSS + ZS

)︁−1
ZST

]︂
, (3.2)

where ZS defines the controllable load network that is to be optimized. The first term,

ZRT , corresponds to the direct link between the BS and the users, while the second term

describes the link through the SIM. The matrix inverse
(︁
ZSS + ZS

)︁−1
accounts for all

interactions among the SIM ports, including mutual coupling and multiple reflections

between the layers.
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3.3.2 Mutual Coupling Among Array Elements

We model all antenna elements, i.e., the BS antennas, the SIM meta-atoms, and the user

antennas, as CMS antennas operating in the TM1 mode, as described in Section 2.2.

Their self-impedance is therefore given by (2.4), which directly provides the diagonal

entries of ZTT , ZSS, and ZRR. The mutual impedance between any two elements is

computed with the Chu-based mutual coupling model in (2.8). In the following, we

describe how the distance d and the orientation angles α and β in (2.8) are obtained

for planar arrays.

Consider a rectangular planar array consisting of Nx × Ny antenna elements, as

shown in Fig. 3.3, with inter-element spacings dx along the x-axis and dy along the

y-axis. The array is assumed to lie in the xy-plane and to be centered at the origin,

such that the position vector of the element with index (nx, ny), where nx ∈ {1, . . . , Nx}

and ny ∈ {1, . . . , Ny}, is given by

rnx,ny =
[︂(︁
nx − Nx+1

2

)︁
dx

(︂
ny − Ny+1

2

)︂
dy 0

]︂T
. (3.3)

For the mutual coupling between two distinct elements (nx, ny) and (n′
x, n

′
y), we

employ the mutual impedance expression (2.8), where the inter-element distance is

d(nx,ny),(n′
x,n

′
y) =

[︂(︁
(n′

x − nx)dx
)︁2

+
(︁
(n′

y − ny)dy
)︁2

+ z2
]︂1/2

. (3.4)

Here, z represents the axial separation along the z-axis between the two arrays. For

ZTT and ZRR, i.e., the coupling within the same planar array, we set z = 0, while for

ZST , i.e., the coupling between two parallel planar arrays, we set z = dz, where dz

denotes the distance along the z-axis between the two arrays. The orientation angles

are computed from the relative geometry of the two elements along the line joining

them, and are given by

cosα(nx,ny),(n′
x,n

′
y) =

(n′
x − nx)dx

d(nx,ny),(n′
x,n

′
y)

, β(nx,ny),(n′
x,n

′
y) = π − α(nx,ny),(n′

x,n
′
y). (3.5)
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Figure 3.3: Rectangular planar array with inter-element spacings dx and dy.

By substituting these parameters into (2.8), we obtain the off-diagonal entries of ZTT .

Due to reciprocity, ZTT is symmetric. Similarly, since the BS transmit array and the

SIM array are located on two parallel planes separated by dz along the z-axis, the entries

of ZST can be obtained using the same formulation by setting z = dz in the distance

computation. The same procedure is used for the coupling blocks between adjacent SIM

layers, as described next. Since (2.4) and (2.8) are evaluated at the center frequency

fi of each subband, all impedance matrices, and therefore the effective channel, differ

from one subband to another.
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3.3.3 SIM Model

We consider a SIM implemented as an L-layer cascaded structure of transmissive RISs.

Each transmissive RIS is modeled as two facing layers with a phase shifter embedded

in between. In this configuration, the first layer receives the incident signal, the phase

shift is applied, and the second layer subsequently re-transmits the modified signal to

the next layer [12]. We assume that the number of antenna elements in each layer is the

same, so that each RIS consists of 2M ports. Consequently, the total number of ports

in the SIM is 2ML. The effect of the SIM is described by G = (ZSS+ZS)
−1 from (3.2),

where G consists of 2L× 2L submatrices Gi,j ∈ CM×M :

G =

⎡⎢⎢⎢⎢⎢⎢⎣
G1,1 G1,2 · · · G1,2L

G2,1 G2,2 · · · G2,2L

...
...

. . .
...

G2L,1 G2L,2 · · · G2L,2L

⎤⎥⎥⎥⎥⎥⎥⎦ . (3.6)

Inspired by [33], the SIM model is shown in Fig. 3.4. Both ZSS and ZS exhibit

a banded structure and can be decomposed into submatrices of size M × M . The

interconnection matrix is

ZSS(f) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Z
(0)
2,2 0 0 0 · · · 0

0 Z
(1)
1,1 Z

(1)
1,2 0 · · · 0

0 Z
(1)
2,1 Z

(1)
2,2 0 · · · 0

0 0 0 Z
(2)
1,1 · · · 0

...
...

...
...

. . .
...

0 0 0 0 · · · Z
(L)
1,1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (3.7)

The submatrices Z
(ℓ)
i,j ∈ CM×M , with ℓ = 1, 2, . . . , L−1 and i, j ∈ {1, 2}, characterize

the interconnections between consecutive layers of the SIM. In particular, Z
(ℓ)
i,j relates

the i-th facing of the 2ℓ-th layer to the j-th facing of the (2ℓ+1)-th layer. We compute
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Figure 3.4: Multiport network model of the SIM [33].

these blocks using the method described in Section 3.3.2, where the diagonal blocks

contain the self-impedances and the intra-layer coupling, and the off-diagonal blocks

contain the coupling between the two facing layers separated by the inter-layer distance.

Additionally, Z
(0)
2,2 ∈ CM×M characterizes the ports associated with the first layer of the

SIM, while Z
(L)
1,1 ∈ CM×M characterizes the ports of the last layer. Since all these blocks

are obtained from (2.4) and (2.8), ZSS(f) is frequency dependent.

The load matrix ZS(ϕ) can be decomposed into submatricesX
(ℓ)
i,j (ϕℓ) ∈ CM×M , with

ℓ = 1, 2, . . . , L and i, j ∈ {1, 2}. TheseM×M blocks describe the load-network relations

within each SIM layer. In particular, X
(ℓ)
i,j specifies the impedance block associated with

the i-th facing of the (2ℓ− 1)-th port set and the j-th facing of the 2ℓ-th port set of the

same layer, parameterized by the control vector ϕℓ. For simplicity, we omit the explicit

dependence on ϕℓ in the notation. The global load matrix can be represented by block
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submatrices as

ZS(ϕ) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

X
(1)
1,1 X

(1)
1,2 0 0 · · · 0 0

X
(1)
2,1 X

(1)
2,2 0 0 · · · 0 0

0 0 X
(2)
1,1 X

(2)
1,2 · · · 0 0

0 0 X
(2)
2,1 X

(2)
2,2 · · · 0 0

...
...

...
...

. . .
...

...

0 0 0 0 · · · X
(L)
1,1 X

(L)
1,2

0 0 0 0 · · · X
(L)
2,1 X

(L)
2,2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (3.8)

We assume that each layer of the SIM applies diagonal phase shifts. Hence, for

i, j ∈ {1, 2} and ℓ = 1, 2, . . . , L, the submatrices X
(ℓ)
i,j (ϕℓ) in (3.8) are diagonal matrices

whose entries correspond to the tunable load parameters, i.e.,

X
(ℓ)
i,j (ϕℓ) = Diag

(︂
x
(ℓ)
1 (i, j), x

(ℓ)
2 (i, j), . . . , x

(ℓ)
M (i, j)

)︂
, (3.9)

where x
(ℓ)
m (i, j) denotes the m-th diagonal entry, parameterized by the phase shift ϕℓ,m

associated with the m-th meta-atom of the ℓ-th layer. This diagonal structure cor-

responds to phase-only control, while any amplitude variations arise implicitly from

inter-layer coupling and frequency-dependent effects captured by the circuit-theoretic

formulation. By allowing X
(ℓ)
i,j to be full matrices, the proposed framework can ac-

commodate more general hardware models with joint phase–amplitude control using

non-local interactions [11, 29].

To characterize each diagonal entry x
(ℓ)
m (i, j), we model the m-th transmissive meta-

atom of the ℓ-th layer as a two-port network with the scattering parameter matrix

S(ℓ)
m =

⎡⎣ 0 ejϕℓ,m

ejϕℓ,m 0

⎤⎦ , (3.10)

which represents full transmission with a tunable phase shift ϕℓ,m. Transforming (3.10)

38



Chapter 3. SIM versus RIS for Wideband Multi-User MIMO

into the Z-parameter domain, we obtain the corresponding two-port impedance matrix

Z(ℓ)
m = jZ0

⎡⎢⎢⎣
cosϕℓ,m
sinϕℓ,m

1

sinϕℓ,m
1

sinϕℓ,m

cosϕℓ,m
sinϕℓ,m

⎤⎥⎥⎦ . (3.11)

Consequently, each diagonal block X
(ℓ)
i,j (ϕℓ) in (3.9) is obtained directly from the Z-

parameter representation in (3.11). In this formulation, each block is fully character-

ized by the set of phase shifts {ϕℓ,1, ϕℓ,2, . . . , ϕℓ,M}, which serve as the tunable load

parameters of the ℓ-th layer.

Relation to the conventional SIM model. Let us consider the case where inter-

layer reflections and mutual coupling are ignored, and all ports are matched at the

reference impedance Z0. In particular, let Z
(ℓ)
1,2 = 0 and Z

(ℓ)
1,1 = Z

(ℓ−1)
2,2 = Z0IM for all

layer indices ℓ. Under these assumptions, the SIM model reduces to the conventional

cascaded model:

G2L,1 =

(︃
− 1

2Z0

)︃L
ejϕL

1∏︂
ℓ=L−1

Z
(ℓ)
2,1 e

jϕℓ , (3.12)

where 1
2Z0

Z
(ℓ)
2,1 is modeled by the Rayleigh–Sommerfeld diffraction equation in conven-

tional models [15, 16], which is questionable as it fails when the antenna element size

is not much larger than the wavelength. The proposed model therefore generalizes the

conventional model by retaining the coupling and reflection terms that are neglected

in (3.12).

End-to-end channel. Moreover, we assume that there is no direct path between the

transmitter and the receiver, i.e., ZRT = 0. Under this condition, and absorbing the

constant factor − 1
4Z0

, the transfer function in (3.2) can be written as HZ = ZRS(ZSS +

ZS)
−1ZST . Here, ZST has only the first M nonzero rows, because only the first facing

of the first layer is excited by the transmitter, while ZRS has only the last M nonzero
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columns, since only the last facing of the last layer of the SIM is connected to the

receiver. Let H1 ∈ CM×Nt denote the matrix formed by the first M rows of ZST , and

H2 ∈ CK×M denote the matrix formed by the last M columns of ZRS. Then, the

transfer function can be expressed as

HZ = H2G2L,1H1. (3.13)

Thus, the SIM acts on the signal only through the block G2L,1, which maps the port

quantities at the first SIM face to those at the last SIM face through the stacked

structure. Note that the single-layer RIS is obtained as the special case L = 1 with

M =Mtotal.

3.3.4 Far-Field Transimpedance Matrix

The external propagation environment from the last SIM layer to the users is incor-

porated through the far-field transimpedance matrix H2(f), while H1(f) characterizes

the near-field coupling between the BS transmit array and the first SIM layer and is

computed as described in Section 3.3.2. As the users are in the far field, using circuit-

theoretic principles together with the Friis transmission equation (cf. Section 2.3.2), the

multipath transimpedance can be written as [28,44]

H2(f) =
c
√
GSGR

2πf d
αPL/2
RS

Diag
(︁
ℜ{ZRR(f)}

)︁1/2(︄ E∑︂
e=1

aR(θR,e) a
T
S (φS,e, ψS,e)

)︄
×Diag

(︁
ℜ{Z(L)

1,1 (f)}
)︁1/2

e−jϕ0 ,

(3.14)

where

ϕ0 = π − arctan

(︃
2πf aS
c

)︃
− arctan

(︃
2πf aR
c

)︃
. (3.15)

Here, αPL is the path-loss exponent and dRS denotes the distance between the SIM

and the receiver. The SIM and the receiver have gains GS and GR, respectively. For

the e-th propagation path, the angle of arrival at the receiver is θR,e, while (φS,e, ψS,e)
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denote the elevation and azimuth angles measured from the last layer of the Mx ×My

planar SIM array. These angles are defined with respect to the broadside axes of the

receive and SIM arrays, respectively. The diagonal factors Diag(ℜ{ZRR(f)})1/2 and

Diag(ℜ{Z(L)
1,1 (f)})1/2 embed the port-wise self-impedances at the receiver and at the

last layer of the SIM. The array response vectors are

aR(θR) =
[︂
1, e j

2πdR
λ

cos θR , . . . , e j
2πdR

λ
(NR−1) cos θR

]︂T
, (3.16)

aS(φ, ψ) =

⎡⎢⎢⎢⎢⎢⎢⎣
1

e j
2πdS

λ
sinφ sinψ

...

e j
2πdS

λ
(Mx−1) sinφ sinψ

⎤⎥⎥⎥⎥⎥⎥⎦⊗
⎡⎢⎢⎢⎢⎢⎢⎣

1

e j
2πdS

λ
sinφ cosψ

...

e j
2πdS

λ
(My−1) sinφ cosψ

⎤⎥⎥⎥⎥⎥⎥⎦ , (3.17)

where dS denotes the inter-element spacing of the SIM uniform planar array and dR

denotes the inter-element spacing of the receive array. The k-th row of H2(f) corre-

sponds to user k, which is at distance dRS,k and whose propagation paths have their

own angles. Note that the wavelength λ = c/f in the array responses changes across

subbands, which captures the beam squint of the wideband system.

3.3.5 Achievable Sum Rate

We consider hk,i ∈ C1×Nt , the k-th row of HZ evaluated at fi, as the effective downlink

channel between the BS and user k on subband i, and wk,i ∈ C1×Nt as the corresponding

transmit beamforming vector. The BS employs linear precoding across all users and

subbands to mitigate multi-user interference. Inter-user interference is modeled as col-

ored noise. Accordingly, the interference-plus-noise covariance matrix in the transmit

domain for user k on subband i is given by

Ck,i = σ2
i INt +

K∑︂
j=1
j ̸=k

hHj,iwj,iw
H
j,ihj,i, Ck,i ∈ CNt×Nt . (3.18)
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The achievable sum rate of the SIM-assisted system can then be written in determinant

form as

R =

Nf∑︂
i=1

K∑︂
k=1

Bi

[︂
log2

⃓⃓⃓
Ck,i + hHk,iwk,iw

H
k,i hk,i

⃓⃓⃓
− log2

⃓⃓
Ck,i

⃓⃓]︂
. (3.19)

Since Ck,i is positive semidefinite, using the eigendecomposition Ck,i = Uk,iΛk,iU
H
k,i, we

obtain the whitened channel ˜︁hk,i = hk,iUk,iΛ
−1/2
k,i . Applying the matrix determinant

lemma, the sum rate can be rewritten as

R =

Nf∑︂
i=1

K∑︂
k=1

Bi log2

⃓⃓⃓
I+ ˜︁hHk,iwk,iw

H
k,i
˜︁hk,i ⃓⃓⃓. (3.20)

3.4 Problem Formulation and Solution

3.4.1 Problem Formulation

For each subband i ∈ {1, . . . , Nf}, let H1,i ∈ CM×Nt denote the impedance matrix

from the BS with Nt antennas to the first facing of the SIM with M =MxMy antenna

elements per layer, and let H2,i ∈ CK×M denote the impedance matrix from the last

facing of the SIM to theK single-antenna users. The n-th column ofH1,i is h
(n)
1,i ∈ CM×1,

so that H1,i = [h
(1)
1,i , . . . ,h

(Nt)
1,i ]. The k-th row of H2,i is (h

(k)
2,i )

T with h
(k)
2,i ∈ CM×1, hence

H2,i = [h
(1)
2,i , . . . ,h

(K)
2,i ]T . The SIM phase vector is ϕ = [ϕ1,1, . . . , ϕL,M ]T for L layers.

Let wk,i ∈ C1×Nt be the transmit beamformer for user k on subband i. The effective

BS–user channel on subband i is

hk,i =
(︁
h
(k)
2,i

)︁T
G2L,1(ϕ, fi)H1,i ∈ C1×Nt . (3.21)

42



Chapter 3. SIM versus RIS for Wideband Multi-User MIMO

The optimization problem to maximize the wideband sum rate is formulated as

R⋆ = max
{wk,i}, {pk,i},ϕ

Nf∑︂
i=1

K∑︂
k=1

Bi log2
⃓⃓
I+ γk,i

⃓⃓
(3.22a)

s.t. pk,i = Tr
(︁
wk,iw

H
k,i

)︁
, ∀i, k, (3.22b)

Nf∑︂
i=1

K∑︂
k=1

pk,i ≤ Ptot, pk,i ≥ 0, (3.22c)

0 ≤ ϕℓ,m < 2π, ∀ℓ,m, (3.22d)

where γk,i = ˜︁hHk,iwk,iw
H
k,i
˜︁hk,i, pk,i is the power allocated to user k on subband i, and Ptot

is the total transmit power budget. Constraint (3.22d) reflects the phase-only control

of the meta-atoms.

3.4.2 Alternating Optimization

Problem (3.22) is non-convex, since the beamformers and the SIM phase shifts are

coupled through the effective channels, and the phase shifts enter the channel through

the matrix inverse in G. To obtain a solution, we adopt an alternating optimization

(AO) algorithm that decomposes the problem into the following two subproblems:

P1: max
{pk,i},{wk,i}

Nf∑︂
i=1

K∑︂
k=1

Bi log2

⃓⃓⃓
I+ ˜︁hHk,iwk,iw

H
k,i
˜︁hk,i ⃓⃓⃓

s.t. (3.22b), (3.22c),

(3.23)

P2: max
ϕ

Nf∑︂
i=1

K∑︂
k=1

Bi log2

⃓⃓⃓
I+ ˜︁hHk,iwk,iw

H
k,i
˜︁hk,i ⃓⃓⃓

s.t. (3.22d).

(3.24)

In this AO approach, the beamforming vectors and the phase shifts are optimized alter-

nately: P1 optimizes the beamformers and the power allocation for fixed SIM phases,

and P2 optimizes the SIM phases for fixed beamformers. This is a widely adopted
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strategy, since it decouples a non-convex problem into subproblems that can be solved

iteratively with reduced computational overhead. The overall procedure is summarized

in Algorithm 1.

Power Allocation and Beamforming Optimization

Subproblem P1 maximizes the wideband sum rate with fixed SIM phases ϕ. We use

the iterative water-filling approach of [47] and adapt it to the multi-band setting in [37].

For user k on subband i, all other users are treated as interference, captured by Ck,i

in (3.18). The corresponding scalar gain is

λk,i = ∥˜︁hk,i∥2 = hk,iC
−1
k,ih

H
k,i. (3.25)

Let Qk,i∆
1/2
k,i R

H
k,i and Sk,i∇1/2

k,i T
H
k,i denote the singular value decompositions of ˜︁hHk,i

and wH
k,i, respectively, where Qk,i,Rk,i,Sk,i,Tk,i are unitary matrices. The objective

is maximized by aligning the beamformer with the whitened channel, i.e., by choosing

Sk,i = Qk,i. Hence, the maximization reduces to the power allocation problem

max
{pk,i}

Nf∑︂
i=1

K∑︂
k=1

Bi log2
(︁
1 + λk,i pk,i

)︁
s.t.

Nf∑︂
i=1

K∑︂
k=1

pk,i ≤ Ptot, pk,i ≥ 0.

(3.26)

We initialize with any feasible {p(0)k,i}. At iteration t, for each user–subband pair we

construct C
(t)
k,i from the current powers, compute ˜︁h(t)

k,i, and set λ
(t)
k,i = ∥˜︁h(t)

k,i∥2. The power

is then updated by iterative water-filling as

p
(t+1)
k,i =

[︂
µ(t) − 1

λ
(t)
k,i

]︂+
, (3.27)

where the water level µ(t) enforces
∑︁Nf

i=1

∑︁K
k=1 p

(t+1)
k,i = Ptot, and the operator [x]+ =

max(x, 0) returns x if x ≥ 0 and 0 otherwise. Thus, user–subband pairs with stronger
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effective gains receive more power, while pairs with λ
(t)
k,i < 1/µ(t) are switched off. After

the power update, the optimal beamformer is obtained as

(︁
w

(t+1)
k,i

)︁T
= Qk,i

⎡⎣√︂p
(t+1)
k,i

0

⎤⎦ . (3.28)

This optimization process inherently performs carrier aggregation over the wide-

band spectrum. Through the water-filling mechanism, the transmit power is selectively

distributed across subbands according to their instantaneous channel gains and inter-

ference conditions. Consequently, only subbands that contribute meaningfully to the

overall spectral efficiency are allocated nonzero power, while those with unfavorable

propagation conditions remain inactive. This adaptive subband activation effectively

emulates the carrier aggregation behavior of practical multi-band systems, thereby en-

suring efficient utilization of the spectral resources in the SIM-assisted wideband system.

Phase Shift Optimization

With the beamformers fixed, we maximize the sum rate with respect to the SIM phases

ϕ. The objective of P2 can be written as

J (ϕ) =
Nf∑︂
i=1

K∑︂
k=1

Bi log2
(︁
1 + sk,i(ϕ)

)︁
, sk,i(ϕ) = pk,i hk,iC

−1
k,i h

H
k,i, (3.29)

where sk,i is the effective signal-to-interference-plus-noise ratio (SINR) of user k on

subband i, and the effective channel hk,i depends on ϕ through (3.21). To optimize the

phase shifts, we use gradient ascent with step size ηt > 0:

ϕ
(t+1)
ℓ,m = ϕ

(t)
ℓ,m + ηt

∂J
∂ϕℓ,m

, (3.30)

followed by mapping each phase onto [0, 2π). To obtain the gradient, let Fi
ℓ,m(ϕ) denote

the derivative of the SIM block G2L,1 with respect to the phase of the m-th element of
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the ℓ-th layer on subband i (derived in Appendix A), and define

∆k,i = −
[︂
H2,iF

i
ℓ,m(ϕ)H1,i

]︂
k,:
, vk,i = C−1

k,ih
H
k,i, (3.31)

where [·]k,: denotes the k-th row, so that ∆k,i = ∂hk,i/∂ϕℓ,m. The derivative of the

SINR sk,i with respect to ϕℓ,m is given by (see Appendix A)

∂sk,i
∂ϕℓ,m

= pk,i

[︄
2ℜ
{︁
∆k,i vk,i

}︁
− 2

∑︂
k′ ̸=k

pk′,iℜ
{︂(︁

hk′,ivk,i
)︁∗ (︁

∆k′,ivk,i
)︁}︂]︄

. (3.32)

Combining this with the derivative of (3.29) gives the gradient of the objective function:

∂J
∂ϕℓ,m

=

Nf∑︂
i=1

K∑︂
k=1

Bi

ln 2

1

1 + sk,i

∂sk,i
∂ϕℓ,m

. (3.33)

The phase shifts are then updated using (3.30). Note that the gradient accumulates the

contributions of all subbands, so that the common phase configuration is optimized for

the whole wideband spectrum rather than for a single frequency.

Algorithm 1 Alternating optimization for the SIM-assisted wideband system

Require: Ptot, {H1,i,H2,i,ZSS(fi)}
Nf

i=1, tolerance ϵ

1: Initialize ϕ and a feasible power allocation {pk,i}

2: repeat

3: Compute G2L,1(ϕ, fi) and hk,i for all i, k using (3.21)

4: P1: update {pk,i} by iterative water-filling (3.27) and {wk,i} by (3.28) until

convergence

5: P2: update ϕ by gradient ascent (3.30) using (3.33)

6: until |J (t+1) − J (t)|/|J (t)| < ϵ

Ensure: {wk,i}, {pk,i}, ϕ
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3.4.3 Convergence and Complexity

The proposed AO algorithm exhibits a monotonic behavior, where each update of

the beamforming and phase-shift variables ensures a non-decreasing objective func-

tion value. The iterations proceed until the change in the objective value between two

consecutive iterations becomes sufficiently small. Specifically, the convergence criterion

is defined as |J (t+1) − J (t)|/|J (t)| < ϵ, where ϵ is a small positive threshold (10−7).

The number of mathematical operations required for the different steps of the al-

gorithm is summarized in Table 3.1. During the beamforming optimization stage, the

steps corresponding to B1 through B8 are computed only once, as the equivalent channel

remains fixed in this stage. Subsequently, for each of the IP1 beamforming iterations,

the updates in B9 and B10 are executed. Once the beamforming is optimized, it is kept

constant, and the phase shifts are updated. In this stage, the equivalent channel ˜︁hk,i is
recomputed at each iteration, and the operations corresponding to B11, B12, and B13 are

used. IP2 iterations are used to perform this stage. Therefore, the total computational

complexity of one full iteration of the AO algorithm can be expressed as

(B1 +B2 + · · ·+B8 +B11 +B12 +B13) IP2 + (B9 +B10) IP1. (3.34)

3.4.4 Partially Reconfigurable SIM

As the number of antenna elements increases, the overall system complexity and control

overhead of fully reconfigurable SIM and RIS architectures grow significantly. Each ad-

ditional element increases the number of control bits that must be transmitted whenever

the metasurface configuration is updated, which makes real-time optimization challeng-

ing in large-scale deployments. To address this issue, we consider a partially reconfig-

urable SIM design that leverages the flexibility of the SIM while reducing the complexity

of reconfiguration. In this configuration, the first layer is optimized once for a given
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Table 3.1: Number of mathematical operations required for different steps of the opti-

mization.

Step Quantity Number of mathematical operations

B1 G:,1 and G2L,: (18L− 6)Nf M
3 + (2Nf − 1)N K

B2 HZ 2Nt (M
2 +KM)Nf

B3 F (3M2 + 6M)LM Nf

B4 ∂HZ/∂ϕ 2Nt (M
2 +KM)LM Nf

B5 Ck,i

(︁(︁
(2Nt − 1) + (2N2

t + 1)
)︁
(K − 1) +N2

t

)︁
KNf

B6 Uk,i and Λk,i O(N4
t )KNf

B7
˜︁hk,i K (2N2

t +Nt)Nf

B8 sk,i 2KNtNf

B9 Power allocation 3NfK − 1

B10 w
(t+1)
k,i update 2KNtNf

B11 ∂sk,i/∂ϕℓ,m Nf K
(︁
2Nt + (K − 1)(2N2

t + 2Nt)
)︁

B12 ∇ϕJ (ϕ) 2LM KNf

B13 Phase update ϕ(t+1) 2LM

channel realization and then kept fixed, so that it provides a stable wavefront transfor-

mation, while only the last layer is adaptively reconfigured to compensate for residual

multi-user interference and wideband phase variations. This approach substantially

reduces the number of control parameters and the corresponding signaling updates,

thereby improving the operational efficiency of the system.

To quantify the impact of control overhead, we evaluate the system performance in

terms of goodput, which accounts for both the achievable rate and the signaling cost.
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The goodput is expressed as [11]

G =

(︃
1− bMupd

ηcNs

)︃
R, (3.35)

where the penalty term reflects the fraction of each slot used for metasurface control

signaling. Here, Mupd denotes the number of reconfigurable elements that are updated

in a slot, and each element is controlled by b bits. Therefore, updating Mupd elements

requires bMupd control bits per slot. Moreover, ηc denotes the spectral efficiency of

the control channel and Ns denotes the number of transmitted symbols per slot, so

that
bMupd

ηcNs
represents the normalized signaling cost. For a fully reconfigurable SIM,

Mupd = LM , where L and M denote the number of layers and elements per layer,

respectively. In contrast, for the partially reconfigurable configuration where only the

last layer is adjustable, Mupd = M , which reduces the required control signaling by a

factor of L. In addition to the reduction in control bits, the computational complexity

of the optimization is also reduced. In particular, at each iteration, the number of

mathematical operations required to compute B3, B4, B12, and B13 in Table 3.1 is

reduced by a factor of L.

3.5 Simulation Results and Discussion

3.5.1 Simulation Setup

In this section, Monte Carlo simulation results are presented to numerically evaluate

the developed model. The spectral efficiency R denotes the system-wide achievable

sum rate in bps/Hz, and the band is partitioned into Nf subbands of equal width. The

inter-element spacing is half the wavelength at the center frequency; since the system

operates over a wide bandwidth, the electrical spacing becomes frequency dependent

across subbands, which naturally captures wideband effects such as beam squint and
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frequency-dependent array responses. Single-antenna users are randomly placed in the

three-dimensional region in front of the SIM. The main simulation parameters are sum-

marized in Table 3.2, and are used unless mentioned otherwise.

Table 3.2: Simulation parameters.

Parameter Value

Center frequency fc 27 GHz

Total bandwidth B 15 GHz

Total transmit power Ptot 50 W

Antenna element radius a 2.7 mm (λc/4)

Inter-element spacing dx = dy 5.56 mm (λc/2)

Distance between BS array and SIM 5λc

User distance from the SIM U [10, 20] m
Noise power σ2 −70 dB

Path-loss exponent αPL 2

Number of propagation paths E 1

Number of BS antennas Nt K

Control bits per element b 2

Control channel spectral efficiency ηc 2

Symbols per slot Ns 700

Convergence threshold ϵ 10−7

3.5.2 Effect of the Number of Subbands

We first investigate the effect of optimizing the phase shifts across multiple subbands

over a wideband channel under uniform power allocation. Fig. 3.5 illustrates the in-

fluence of the number of subbands on the spectral efficiency for a system employing

a total of 100 antenna elements. The single-layer RIS configuration is designed as a

10× 10 array. For the multilayer case (L = 2), each layer consists of a 10× 5 metasur-
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face, ensuring that the total number of antenna elements remains constant across both

configurations.

The results show that increasing the number of subbands significantly enhances the

spectral efficiency, as the optimization captures the frequency-selective channel behavior

more accurately. At lower subband counts, the multilayer metasurface (L = 2) exhibits

superior performance compared to the single-layer configuration due to its cascaded

structure. However, as the number of subbands increases, the performance gap be-

tween the single-layer and multilayer configurations narrows. Beyond approximately 15

subbands, the achievable spectral efficiency tends to saturate, indicating that the wide-

band optimization has effectively converged and that further subband divisions yield

negligible additional gain. Therefore, Nf = 15 is used in the remaining multi-subband

results.

3.5.3 Effect of the Number of Users

Next, we investigate the effect of the number of users on the performance of the single-

layer RIS and the multilayer SIM. Fig. 3.6(a) illustrates the variation of the spectral

efficiency with the number of users for a total of 100 antenna elements. For a small num-

ber of users, where inter-user interference is relatively low, the single-layer RIS exhibits

better performance due to its larger effective aperture area. However, as the number

of users increases, inter-user interference becomes more dominant. In this regime, the

single-layer structure struggles to generate sufficiently complex beam patterns capable

of effectively separating users. In contrast, the multilayer SIM, due to its additional

spatial degrees of freedom, begins to outperform the single-layer RIS while maintaining

the same total number of elements. It is observed that beyond approximately K = 5

users, the SIM achieves a higher spectral efficiency than the RIS under wideband oper-

ation with the same total number of antenna elements. Moreover, the performance gap
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Figure 3.5: Variation of the optimal spectral efficiency with the number of subbands

for K = 5 and Mtotal = 100.

between single-subband (Nf = 1) and multiple-subband (Nf = 15) optimization widens

as the number of users increases, highlighting the increasing frequency selectivity of the

channel in multi-user wideband scenarios. This demonstrates the necessity of optimiz-

ing the metasurface phase shifts across multiple subbands to fully exploit the wideband

potential of metasurface-assisted systems.

Similarly, Fig. 3.6(b) presents the results for a larger metasurface consisting of 144

antenna elements. As the size of the metasurface increases, the difference in spectral

efficiency between the single-layer and multilayer configurations becomes more pro-

nounced, especially at higher user counts. This behavior arises because larger RISs

exhibit stronger frequency-selective responses. Therefore, employing a cascaded (mul-

tilayer) structure proves more beneficial than merely increasing the number of elements
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within a single layer, as the additional depth provides a more effective way to enhance

spectral efficiency.

(a) Mtotal = 100 (b) Mtotal = 144

Figure 3.6: Spectral efficiency versus the number of users for the single-layer RIS and

the SIM, with single-subband (Nf = 1) and multi-subband (Nf = 15) optimization.

3.5.4 Impact of Mutual Coupling and Power Allocation

In Fig. 3.7(a), for a total of 144 antenna elements, we illustrate the effect of mutual cou-

pling and mutual reflections in the proposed model, in comparison with the conventional

model, where these electromagnetic effects are ignored. We observe that accounting for

these electromagnetic effects improves the spectral efficiency relative to the conventional

model. For a small number of users, the effect of ignoring mutual coupling is relatively

insignificant, as inter-user interference and inter-element interactions remain limited.

However, as the number of users increases, the impact of mutual coupling becomes

more pronounced, resulting in a noticeable performance gap between the proposed and

conventional models. The single-layer RIS, having a larger effective aperture area, is

more susceptible to distortions introduced by coupling among closely spaced elements.
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This highlights the importance of modeling mutual coupling and mutual reflections,

especially for higher user densities and closely spaced elements.

In Fig. 3.7(b), we illustrate the impact of employing optimal power allocation (PA)

at the BS on the spectral efficiency of both the single-layer RIS and the multilayer

SIM. For the RIS, the effect of power allocation becomes significant beyond K = 4

users, where the combination of active beamforming at the transmitter and passive

beamforming at the metasurface enables it to outperform the SIM with the same to-

tal number of antenna elements. For the SIM, power allocation provides a noticeable

improvement after approximately K = 5 users, as the system benefits from additional

degrees of freedom for reducing interference. Nevertheless, when both active and passive

beamforming are jointly optimized, the single-layer RIS consistently achieves a higher

spectral efficiency than the multilayer SIM under the same total number of antenna

elements. This is because the RIS has a higher raw aperture gain due to its larger sur-

face, while the SIM has an advantage in inter-user interference separation. When active

beamforming is performed at the BS, the digital precoder already mitigates inter-user

interference, making the advantage of the SIM less significant. As a result, the overall

performance is dominated by the raw aperture gain.

3.5.5 Effect of SNR and Bandwidth

Next, we analyze the effect of the SNR (varying noise variance) on the spectral efficiency

of both the RIS and the SIM in a multi-user system. Fig. 3.8 presents a comparison

between the two configurations for a total of 100 antenna elements. At low SNR values

(high noise variance), the RIS shows slightly better performance, since noise dominates

and the impact of inter-user interference remains limited. However, as the SNR in-

creases, the SIM begins to outperform the RIS. This is because, in high-SNR regimes,

inter-user interference becomes the primary performance-limiting factor, and the addi-
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(a) With and without mutual coupling (b) With and without power allocation

Figure 3.7: Spectral efficiency versus the number of users: (a) proposed coupling-aware

model versus the conventional model, and (b) with and without optimal power allocation

at the BS.

tional spatial degrees of freedom offered by the SIM enable more effective interference

suppression and beam control.

In Fig. 3.9, we examine the impact of the bandwidth on the spectral efficiency. It

can be observed that in the narrowband regime, the single-layer configuration achieves a

slightly higher spectral efficiency. However, as the bandwidth increases, the multilayer

SIM begins to outperform the single-layer RIS, demonstrating its superior capability

in mitigating frequency-selective effects and maintaining performance over wideband

channels.

3.5.6 Frequency Response

In Fig. 3.10, we illustrate the variation of the spectral efficiency with frequency for both

the RIS and the SIM when optimized over a single subband and multiple subbands,

for K = 5 users and 144 antenna elements. When optimized over a single subband
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Figure 3.8: Variation of the spectral efficiency with the noise variance for K = 6 and

Mtotal = 100.

(Nf = 1) at the center frequency fc = 27 GHz, the system achieves its highest gain

near the center frequency but exhibits performance degradation at other frequencies

due to frequency selectivity. The SIM shows a slightly lower peak gain at the center

frequency compared to the single-layer RIS. However, it maintains a better performance

across the wider bandwidth owing to its multilayer structure, which provides additional

spatial degrees of freedom. When the optimization is extended across multiple subbands

(Nf = 15), the overall gain at the center frequency slightly decreases, but the response

becomes significantly flatter across the spectrum, resulting in improved robustness and

more consistent spectral efficiency over the entire wideband range.
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Figure 3.9: Variation of the spectral efficiency with the bandwidth B for K = 6.

3.5.7 Goodput of the Partially Reconfigurable SIM

The previous results showed that the single-layer RIS performs better for a small number

of users, since inter-user interference is limited, whereas the SIM begins to outperform

the RIS in higher SNR regimes and in scenarios with more users, where interference

suppression becomes more critical. In Fig. 3.11, we present the variation of the good-

put (3.35) with the number of antenna elements for K = 2 at SNR = 110 dB. The

results show that the SIM architecture provides additional flexibility through its multi-

layer design. Specifically, when only the second layer of the SIM is reconfigurable while

the first layer remains fixed, the system achieves a higher goodput compared to both the

single-layer RIS and the fully reconfigurable SIM. This indicates that partial reconfigu-

ration can offer a favorable trade-off between performance and complexity for systems

with a small number of users, whereas a fully reconfigurable SIM is more advantageous
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Figure 3.10: Variation of the spectral efficiency with frequency for K = 5 and Mtotal =

144.

in multi-user or high-SNR scenarios, where enhanced degrees of freedom are required

to manage interference effectively.

3.5.8 Convergence

Finally, Fig. 3.12 shows the convergence of the proposed algorithm for Mtotal = 100 and

K = 4. All schemes converge stably, and the SIM converges faster than the single-layer

RIS. Moreover, the partially reconfigurable SIM not only uses fewer control bits but

also converges within a few hundred iterations. In contrast, the single-layer RIS attains

a slightly higher final spectral efficiency but requires more iterations, highlighting a

trade-off between performance and complexity.
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Figure 3.11: Variation of the goodput with the number of antenna elements for K = 2.

3.6 Summary

In this chapter, we have presented a circuit-theoretic framework for a SIM-assisted

wideband multi-user MIMO system that captures mutual coupling, inter-layer reflec-

tions, and frequency selectivity. We have jointly optimized the SIM phases, the BS

beamforming, and the power allocation across subbands, where the water-filling solu-

tion performs carrier aggregation. For the same total number of elements, the SIM has

outperformed the single-layer RIS beyond approximately five users, at high SNR, and

over wide bandwidths, while the RIS has performed better with few users, at low SNR,

in the narrowband case, and when power allocation is used at the BS. We have also

observed that modeling mutual coupling improves the spectral efficiency, that optimiz-

ing over approximately 15 subbands gives a much flatter response than single-frequency
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Figure 3.12: Convergence of the gradient ascent algorithm for Mtotal = 100 and K = 4.

optimization, and that the partially reconfigurable SIM gives the highest goodput for

two users.

The gradient-ascent phase update used in this chapter needs many iterations, and

each iteration becomes more expensive as the number of subcarriers, users, and SIM

elements grows. In the next chapter, we replace this phase update with a deep-unfolding

network for multi-band transmission with inter-band carrier aggregation.
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Chapter 4

Deep Unfolding for Multi-band SIM

Systems

4.1 Introduction

This chapter addresses research question RQ3 of Section 1.3.4. In Chapter 3, the SIM

phase shifts were optimized with gradient ascent inside an alternating optimization (AO)

framework, which typically requires many iterations. As discussed in Section 1.3.3, this

becomes more costly in multi-band transmission with inter-band carrier aggregation,

where a single SIM phase configuration has to serve the subcarriers of a low band and

a high band whose gradients have markedly different scales.

In this chapter, we propose an AO framework for SIM-assisted multi-band multi-user

multiple-input single-output (MU-MISO) downlink transmission, where we optimize the

digital precoding and the SIM phase shifts. For the SIM phase optimization subprob-

lem, we develop a physically consistent multi-band deep-unfolding network (MBDU-

Net), building on the deep-unfolding principles reviewed in Section 2.5. The key idea

is to unroll a fixed number of projected-gradient phase updates into a finite-depth ar-
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chitecture, where each stage preserves the underlying update structure while replacing

hand-tuned update parameters with lightweight trainable variables. The main contri-

butions of this chapter are summarized as follows:

� An AO framework that decomposes the joint design into a power-constrained pre-

coder update and a SIM phase update, under the physically consistent impedance-

domain SIM model of Chapter 3.

� MBDU-Net, which unrolls projected-gradient phase updates into a compact train-

able architecture. Each stage computes an analytic gradient from the cascaded

SIM channel model. Unlike standard unfolding designs with a single learned up-

date rule, MBDU-Net separates the low- and high-band gradient contributions

and learns band-aware step sizes together with momentum-related parameters.

� Numerical results showing that MBDU-Net achieves faster convergence and con-

sistent sum-rate gains on unseen channel realizations compared with classical pro-

jected gradient ascent and basic deep unfolding, and that it maintains strong

performance when the number of subcarriers differs from the training configura-

tion.

The material of this chapter has been published in [48]. The rest of the chapter

is organized as follows. Section 4.2 presents the system model. Section 4.3 formulates

the optimization problem, and Section 4.4 presents the AO framework and MBDU-Net.

Section 4.5 presents the simulation results, and Section 4.6 summarizes the chapter.
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4.2 System Model

4.2.1 Multi-band Setup

We consider a SIM-assisted multi-band multi-user downlink, as shown in Fig. 4.1, where

the SIM is integrated into the BS architecture. The BS employs a uniform linear array

(ULA) of Nt active antennas and a transmissive SIM comprising L cascaded layers, each

with M passive meta-atoms (elements), and serves K single-antenna users. The system

operates over two bands using inter-band carrier aggregation (cf. Section 2.4.2), with

ML and MH orthogonal subcarriers allocated to the low- and high-frequency bands,

respectively. The corresponding per-subcarrier bandwidths are denoted by BL and BH .

The BS operates under a total downlink transmit power budget PT . Owing to the

larger bandwidth in the high band, we allow different noise variances across bands and

model the additive white Gaussian noise (AWGN) power as σ2
H > σ2

L. For notational

convenience, we use a unified subcarrier index i across both bands and define the overall

frequency set as

F = {fL,1, . . . , fL,ML
, fH,1, . . . , fH,MH

}, (4.1)

with Nc ≜ ML +MH subcarriers in total. We further denote by IL and IH the index

sets of the low-band and high-band subcarriers, respectively, and by Bi ∈ {BL, BH} the

bandwidth of subcarrier i.

4.2.2 SIM Model and Effective Channel

We adopt the physically consistent circuit-theoretic SIM model of Section 3.3.3. The

phases of the ℓ-th layer are collected in ϕℓ = [ϕℓ,1, . . . , ϕℓ,M ]T , and all phases in the

matrix Φ = [ϕ1, . . . ,ϕL]. The SIM transfer matrix on subcarrier i is G(Φ, fi) =(︁
ZSS(fi) + ZS(Φ)

)︁−1
, where ZSS(fi) and ZS(Φ) are given in (3.7) and (3.8). Follow-
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Figure 4.1: SIM-assisted multi-band multi-user MISO downlink system.

ing (3.13), the effective channel from the BS to the users on subcarrier i is

Hi(Φ) = H2,iG2L,1(Φ, fi)H1,i, (4.2)

where H1,i ∈ CM×Nt and H2,i ∈ CK×M are the BS–SIM and SIM–user transimpedance

matrices on subcarrier i. The phase variables enter the channel only through ZS(Φ), and

the channel is differentiable with respect to every phase ϕℓ,m, as shown in Appendix A.

Common phase configuration across bands. The phase matrix Φ represents one

programmable SIM configuration that is jointly optimized over all aggregated bands

during a scheduling interval, instead of assigning an independent phase profile to each

band or subcarrier. It should be interpreted as the design state of the phase-shifting net-

work embedded between the two faces of each transmissive layer, i.e., the phase-shifting

elements are modeled to provide a common programmable transmission phase across

the aggregated bands. This does not imply that the SIM response is frequency inde-
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pendent. Even with the same Φ, the transfer matrix G(Φ, fi) varies across subcarriers

through ZSS(fi), which includes the frequency-dependent self-impedances, the inter-

layer coupling, and the propagation between adjacent layers (cf. Sections 2.2 and 2.3),

as well as through the frequency-dependent transimpedance matrices H1,i and H2,i.

The objective is thus to find a shared SIM configuration that provides the best ag-

gregate performance across the frequency-dependent low- and high-band channels. A

more detailed hardware model with frequency-dependent phase shifters, e.g., based on

tunable capacitances, would require an additional circuit-level characterization of the

phase-shifting elements and is left for future work.

4.2.3 Signal and Channel Model

On subcarrier i, the BS transmits K independent data streams di = [d1,i, . . . , dK,i]
T ,

with E{didHi } = IK , using the linear precoder Wi = [w1,i, . . . ,wK,i] ∈ CNt×K . The

received signal is

yi = Hi(Φ)Widi + ni, (4.3)

where ni ∼ CN (0, σ2
i IK) with σ2

i ∈ {σ2
L, σ

2
H} depending on the band of subcarrier

i. Thus, the model uses one independent stream per scheduled user on each subcar-

rier, and users may receive independent symbols over subcarriers assigned across both

bands. The role of the SIM in this multi-stream setting is to provide an additional pas-

sive wave-domain processing stage after the digital beamforming at the BS: the digital

precoder first forms the multi-user transmit signal, and the SIM then further shapes

the transmitted wavefront before propagation to the users. In this way, the SIM refines

the effective multi-user channel by providing additional passive degrees of freedom for

user separation and inter-user interference management.

The BS–SIM matrix H1,i and the SIM blocks in ZSS(fi) are computed with the

coupling-aware method of Section 3.3.2. Unlike the deterministic far-field model (3.14)
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of Chapter 3, the SIM–user link is modeled by Rayleigh fading based on the multiport

model in [26]:

H2,i =
c

2πfi dαPL/2

(︁
ℜ{ZRR(fi)}

)︁1/2
Fi

(︁
ℜ{Z(L)

1,1 (fi)}
)︁1/2

, (4.4)

where d is the link distance, αPL is the path-loss exponent, and Fi ∈ CK×M has indepen-

dent and identically distributed CN (0, 1) entries. Assuming negligible mutual coupling

at the user side and frequencies in the GHz range,
(︁
ℜ{ZRR(fi)}

)︁1/2 ≈ √Ra I, where Ra

denotes the antenna resistance. This rich-scattering model allows the unfolded network

to be trained and tested over many independent channel realizations.

4.2.4 Achievable Sum Rate

The interference-plus-noise covariance Ck,i, the whitened channel ˜︁hk,i, and the sum

rate are defined as in Section 3.3.5, where hk,i is now the k-th row of Hi(Φ), the noise

variance σ2
i depends on the band, and the summation runs over the Nc subcarriers.

With the beamformers aligned to the whitened channels (Section 4.4.1), the sum rate

reduces to

R =
Nc∑︂
i=1

K∑︂
k=1

Bi log2
(︁
1 + sk,i

)︁
, sk,i = pk,i hk,iC

−1
k,ih

H
k,i, (4.5)

where pk,i = ∥wk,i∥2 and sk,i is the effective SINR, as in (3.29). We further define the

low-band and high-band sum rates RL and RH by restricting the subcarrier summation

in (4.5) to IL and IH , respectively, so that R = RL + RH . This split is the key to the

band-aware design of Section 4.4.3.
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4.3 Problem Formulation

Our goal is to jointly design the per-subcarrier precoders {Wi}Nc
i=1 and the SIM phase

configuration Φ to maximize the multi-band sum rate:

max
{Wi},Φ

R({Wi},Φ) (4.6a)

s.t.
Nc∑︂
i=1

Tr
(︁
WiW

H
i

)︁
≤ PT , (4.6b)

0 ≤ ϕℓ,m < 2π, ∀ ℓ, m. (4.6c)

Similar to (3.22), this problem is non-convex because the precoders and the SIM phases

are coupled through the effective channels. In addition, the same Φ must serve all Nc

subcarriers of two bands with different bandwidths and noise levels, which makes the

phase design strongly frequency coupled.

4.4 Proposed Solution

4.4.1 Alternating Optimization Framework

We adopt the AO structure of Section 3.4.2, which alternates between two subproblems

for Imax outer iterations. In P1, for fixed Φ, the powers are allocated by the iterative

water-filling rule (3.27) over the effective gains λk,i = hk,iC
−1
k,ih

H
k,i of all user–subcarrier

pairs of both bands, and each beamformer is matched to the corresponding whitened

channel, i.e.,

wk,i =
√
pk,i

˜︁hHk,i
∥˜︁hk,i∥ . (4.7)

Since the two bands have different bandwidths and noise levels, the water-filling solution

distributes the power over the subcarriers of both bands according to their effective

gains, which realizes the inter-band carrier aggregation. In P2, for fixed precoders, the
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SIM phases Φ are updated. The main contribution of this chapter is an efficient solver

for P2, described next.

4.4.2 From Projected Gradient to Deep Unfolding

A standard approach to P2 is projected gradient ascent (2.10), which we refer to as GD

in the following, with the feasible set [0, 2π) for every phase, where the gradient ∇ΦR

is given by (3.33) with the summation over the Nc subcarriers, and is therefore analytic

and follows the physical structure of the SIM model (Appendix A). The gradients∇ΦRL

and ∇ΦRH are obtained in the same way by restricting the summation to IL and IH .

As discussed in Section 2.5.1, the convergence of projected gradient ascent is highly

sensitive to the step size and typically requires many iterations, especially here, where a

single Φ must jointly accommodate heterogeneous propagation and noise levels across

F .

Following Section 2.5.2, the basic deep-unfolding (DU) approach unrolls T projected-

gradient iterations into a T -stage network with trainable step sizes ηt, t = 0, . . . , T − 1.

A limitation of basic DU is that a single step size per stage must accommodate heteroge-

neous subcarriers across F . In particular, the low-band and high-band components can

exhibit different gradient magnitudes due to their distinct bandwidths and noise levels,

which may lead to conservative updates or oscillatory behavior. To better match this

multi-band heterogeneity and to accelerate convergence without increasing the number

of unfolding stages, we adopt a momentum-accelerated unfolding inspired by Nesterov’s

method (Section 2.5.3) [45].

4.4.3 Multi-band Deep-Unfolding Network

The proposed MBDU-Net introduces a velocity stateV(t), which has the same dimension

as Φ and aggregates past ascent directions. At stage t, we first form a look-ahead
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phase point by extrapolating along the current velocity. The gradients of the low-band

and high-band objectives are then evaluated at this look-ahead point and combined

using separate trainable step sizes. Next, the velocity is updated through a trainable

momentum factor, and the phase matrix is projected onto the feasible interval. The

resulting T -stage update is given by

˜︁Φ(t) = Φ(t) + ξtV
(t), (4.8a)

D(t) = ηL,t∇ΦRL

(︁˜︁Φ(t)
)︁
+ ηH,t∇ΦRH

(︁˜︁Φ(t)
)︁
, (4.8b)

V(t+1) = θtV
(t) +D(t), (4.8c)

Φ(t+1) = Π[0,2π)

(︂˜︁Φ(t) +V(t+1)
)︂
, (4.8d)

with initialization V(0) = 0. In (4.8b), ∇ΦRL and ∇ΦRH follow from (3.33) by restrict-

ing the subcarrier summation to IL and IH , respectively. One stage of MBDU-Net is

illustrated in Fig. 4.2.

The parameters ηL,t and ηH,t control the step sizes of the two bands and compensate

for their different bandwidth and noise conditions, while θt governs the amount of

momentum carried across stages. The extrapolation parameter ξt determines the look-

ahead point used to evaluate the gradients. Collectively, ξt, θt, ηL,t, and ηH,t increase the

degrees of freedom of the unfolded solver, enabling larger progress per stage and earlier

convergence for a fixed depth T , instead of relying on a large number of projected-

gradient iterations. Note that the basic DU is recovered as a special case of (4.8) with

ξt = θt = 0 and ηL,t = ηH,t = ηt.

4.4.4 Training and Overall Algorithm

In the overall AO, the above T -stage unfolded block is further unrolled over Imax outer

iterations, where each outer iteration contains a depth-T phase-update module. More-

over, each outer iteration is assigned its own trainable parameters. Hence, for outer
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Φ(t),V(t)
Look-ahead
Φ(t) + ξtV

(t)

∇ΦRL

low band IL

∇ΦRH

high band IH

+
Velocity

θtV
(t) +D(t)

Projection
Π[0,2π)(˜︁Φ(t) +V(t+1)) Φ(t+1),V(t+1)

× ηL,t

× ηH,t

D(t)

trainable ξt trainable θt

analytic gradients from the SIM model: G(˜︁Φ(t), fi), i ∈ F

Figure 4.2: One stage of the proposed MBDU-Net. The gradients of the low-band and
high-band sum rates are evaluated at a look-ahead point and combined with trainable
band-aware step sizes, followed by a trainable momentum update and a projection onto
the feasible phase interval.

iteration n, the corresponding parameter set is {ξn,t, θn,t, ηL,n,t, ηH,n,t}T−1
t=0 , and the full

architecture consists of Imax cascaded unfolded blocks, each having depth T . The total

number of trainable parameters is therefore only 4T Imax, independent of the number

of SIM elements, users, and subcarriers.

Let Φ(Imax,T ) denote the network output after Imax outer iterations, each containing

T unfolded stages. The trainable parameters are learned offline by minimizing the

negative sum rate induced by Φ(Imax,T ) over a set of channel realizations, i.e.,

L = −R
(︁
Φ(Imax,T )

)︁
. (4.9)

During training, the parameters are updated using the Adam optimizer, with gradients

obtained by backpropagation through all T unfolded stages across the Imax outer AO

iterations. Online, the trained network is executed for a given channel realization with

a fixed number of stages. The overall procedure is summarized in Algorithm 2.

4.4.5 Complexity Discussion

The main advantage of the proposed deep-unfolding framework is not a reduction in

the per-iteration computational complexity of the phase update. In fact, GD, DU, and

MBDU all rely on the same underlying channel model and gradient computation, so

their per-stage computational costs are of the same order, dominated by the evaluation
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of the SIM transfer blocks and their derivatives on every subcarrier (cf. Table 3.1).

MBDU-Net requires two partial gradients, ∇ΦRL and ∇ΦRH , but these are obtained

by splitting the same subcarrier summation, so no additional gradient computations

are needed. The reduction in complexity comes from the number of iterations required

to reach a good operating point. In the conventional GD-based approach, a large

number of projected-gradient iterations is typically required for convergence, which can

be impractical for repeated channel realizations and scheduling intervals. In contrast,

DU and MBDU learn the update parameters offline and use only a small fixed number

of unfolded stages during online inference.

4.5 Simulation Results and Discussion

4.5.1 Simulation Setup

We consider a two-carrier multi-band system with a low band and a high band centered

at fL = 3.5 GHz and fH = 17.5 GHz, respectively. The subcarrier bandwidths are

BL = 120 kHz and BH = 480 kHz, and each band contains ML = 4 and MH = 4

subcarriers unless stated otherwise. The BS total downlink transmit power is fixed to

PT = 10 W. Since the noise power scales linearly with the occupied bandwidth, the

high-band noise variance is set larger than the low-band noise variance by the same

factor as the bandwidth ratio. The distance between the BS antenna array and the last

layer of the SIM is set to 5λL, where λL denotes the wavelength at fL. Unless stated

otherwise, we consider K = 2 single-antenna users and a BS equipped with Nt = 2

active antennas. The SIM has L = 2 transmissive layers, each consisting of a 7 × 7

planar array of meta-atoms.

For the deep-unfolding-based methods, training is performed offline using indepen-

dently generated channel realizations with the above transmit-power and noise settings.
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The trainable step sizes are initialized to 0.1, the momentum and extrapolation pa-

rameters are initialized to 0.2 and 0.5, respectively, and the SIM phases are initialized

randomly over [0, 2π). The Adam optimizer is used with a learning rate of 10−3, and

each model is trained for 40 epochs. The classical GD baseline uses a fixed step size of

0.1. The system and training parameters are summarized in Table 4.1.

Table 4.1: System and training parameters.

Parameter Value

Low-band / high-band center frequency fL / fH 3.5 GHz / 17.5 GHz

Subcarrier bandwidth BL / BH 120 kHz / 480 kHz

Subcarriers per band ML / MH 4 / 4

Noise variance ratio σ2
H/σ

2
L BH/BL = 4

Total transmit power PT 10 W

Number of users K / BS antennas Nt 2 / 2

SIM layers L / elements per layer M 2 / 7× 7

Distance between BS array and SIM 5λL

Initial step sizes η 0.1

Initial momentum θ / extrapolation ξ 0.2 / 0.5

Initial SIM phases U [0, 2π)
Optimizer / learning rate Adam / 10−3

Training epochs 40

GD baseline step size 0.1

We compare three SIM phase update methods within the same AO framework: (i)

classical projected gradient ascent (GD) with a fixed step size, (ii) basic deep unfolding

(DU) obtained by unrolling T projected-gradient updates with trainable step sizes, and

(iii) the proposed multi-band deep unfolding (MBDU), which augments the unfolded

updates with a momentum state and separate trainable step sizes for the low-band

and high-band gradient contributions. For all three methods, the phase update is per-
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formed over Imax outer iterations, and the performance is evaluated on unseen channel

realizations.

4.5.2 Convergence and Ablation Study

Fig. 4.3 shows the sum-rate performance under variations of the inner and outer it-

erations. In Fig. 4.3(a), we fix the number of outer iterations to Imax = 1 and vary

the number of inner iterations T . In Fig. 4.3(b), we instead fix the number of inner

iterations to T = 6 and vary the maximum number of outer iterations Imax. Separate

DU and MBDU models are trained for each operating point corresponding to the con-

sidered values of T and Imax. In both cases, the classical GD baseline improves slowly,

indicating that many AO iterations are needed to reach a good operating point. By

learning per-stage step sizes, DU achieves a faster convergence than GD.

To further examine the contribution of the different MBDU components, we also

include three cases. In Case 1, the momentum and extrapolation parameters are fixed,

while the band-aware step sizes are learnable. In Case 2, the step sizes are fixed, while

the momentum and extrapolation parameters are learnable. In Case 3, all MBDU

parameters are learnable. The results show that separately optimizing only the band-

aware step sizes or only the momentum-related parameters yields a lower sum rate

than the jointly learned design, which indicates that the two groups of parameters are

coupled and should be jointly optimized. Case 3, where all MBDU update parameters

are learnable, achieves the fastest convergence and the highest sum rate.

4.5.3 Generalization to Different Numbers of Subcarriers

Fig. 4.4 evaluates the robustness with respect to the number of subcarriers per band for

T = 6 and Imax = 5. The unfolded models are trained using ML = MH = 4 and then

tested on other subcarrier configurations without retraining. The GD baseline remains
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(a) Varying T for Imax = 1 (b) Varying Imax for T = 6

Figure 4.3: Sum rate versus the number of iterations for GD, DU, and MBDU: (a)

varying the number of inner iterations for Imax = 1, (b) varying the number of outer

iterations for T = 6.

consistently below the unfolded approaches across the entire range, indicating that the

unfolded methods generalize well to unseen configurations. This is expected, since

the learned parameters in (4.8) govern only the update dynamics, while the gradients

themselves are computed analytically from the SIM channel model for any number of

subcarriers.

4.6 Summary

In this chapter, we have investigated SIM-assisted multi-band multi-user downlink trans-

mission under a physically consistent impedance-domain SIM model, where carrier ag-

gregation introduces heterogeneous subcarrier conditions across bands, while the SIM

phase shifts remain shared. This coupling makes conventional alternating-optimization

solvers costly, because the SIM phase update often requires many iterations. To address
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Figure 4.4: Sum rate versus the number of subcarriers per band for T = 6 and Imax = 5.

this limitation, we have proposed MBDU-Net, a physically consistent multi-band deep-

unfolding network for SIM phase optimization. MBDU-Net unrolls a projected-gradient

phase update into a fixed-depth architecture that retains the analytic gradient struc-

ture of the SIM channel model, while learning lightweight parameters that govern the

update dynamics, including band-aware step sizes and momentum. Numerical results

have shown that, for the same number of iterations, the proposed unfolding achieves

a higher sum rate than classical projected-gradient methods, and that it maintains its

performance when the number of subcarriers differs from the training configuration.
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Algorithm 2 AO with MBDU-Net for SIM-assisted multi-band MU-MISO downlink

Require: Total power PT , outer iterations Imax, unfolding depth T , trained parameters

{ξn,t, θn,t, ηL,n,t, ηH,n,t}

1: Initialize Φ and {Wi}

2: for n = 1 to Imax do

3: Compute {Hi(Φ)}Nc
i=1 using (4.2)

4: Allocate the powers {pk,i} using (3.27)

5: Update the beamformers {wk,i} using (4.7)

6: Set V(0) = 0 and Φ(0) = Φ

7: for t = 0 to T − 1 do

8: Form the look-ahead point ˜︁Φ(t) using (4.8a)

9: Compute ∇ΦRL and ∇ΦRH using (3.33)

10: Compute D(t) using (4.8b)

11: Update V(t+1) using (4.8c)

12: Update Φ(t+1) using (4.8d)

13: end for

14: Set Φ← Φ(T )

15: end for

Ensure: {Wi}, Φ
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Conclusion and Future Work

5.1 Conclusion

In this thesis, we have studied SIMs that are integrated into the BS for wideband and

multi-band multi-user downlink transmission. We focused on two problems: how to

model and optimize a SIM when mutual coupling, inter-layer reflections, and frequency

selectivity are taken into account, and how to optimize the SIM phases with low com-

plexity when one configuration has to serve several bands.

In Chapter 3, we have developed a circuit-theoretic model of a SIM-assisted wide-

band multi-user MIMO system based on the multiport and Chu-based mutual coupling

models of Chapter 2. The phase shifts, the BS precoder, and the power allocation over

subbands were optimized jointly by alternating optimization, where the water-filling

step performs carrier aggregation. We compared single-layer and multilayer structures

with the same total number of elements and observed that the answer depends on the

operating conditions. With uniform power allocation, the SIM achieved a higher spec-

tral efficiency beyond approximately five users, at high SNR, and over wide bandwidths,

because the additional layers help to separate the users and keep the response more con-
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sistent across frequency. With few users, at low SNR, and in the narrowband case, the

single-layer RIS performed better due to its larger aperture. When power allocation

and active beamforming were performed at the BS, the digital precoder already han-

dled most of the inter-user interference and the single-layer RIS performed better. We

have also shown that including mutual coupling in the model improves the spectral effi-

ciency, that optimizing the phases over approximately 15 subbands gives a much flatter

response than optimizing at the center frequency only, and that updating only the last

layer of the SIM gives near-optimal performance and the highest goodput for two users.

In Chapter 4, we have considered a multi-band MU-MISO downlink with a low

band at 3.5 GHz and a high band at 17.5 GHz that share one SIM configuration. Since

the classical phase update needs many iterations, we have proposed MBDU-Net, which

unrolls projected-gradient updates into a fixed number of stages, keeps the analytic

gradient of the SIM model, and learns separate step sizes for the two bands together

with momentum parameters. For the same number of iterations, MBDU-Net achieved a

higher sum rate than projected gradient ascent and basic deep unfolding. The ablation

cases showed that the band-aware step sizes and the momentum parameters need to be

learned together, and the network kept its advantage when the number of subcarriers

was different from the training setup.

5.2 Future Work

Several extensions of this work are possible.

5.2.1 Imperfect CSI and Hardware Impairments

Throughout this thesis, we assumed that the BS has perfect channel state information

(CSI). In practice, the channels have to be estimated, which is difficult because the
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SIM is passive and the effective channel depends on all layers. Coupling-aware channel

estimation for SIMs and the effect of CSI errors on the proposed designs should therefore

be studied. The effect of hardware impairments, such as phase noise and finite phase

resolution, on SIM-assisted wideband systems is also left for future work.

5.2.2 Frequency-Dependent Phase Shifters

We modeled the phase shifters inside each transmissive layer with a common pro-

grammable phase over the aggregated bands, while the frequency dependence of the

SIM entered through the impedance matrices. A hardware model in which the phase

response itself changes with frequency, for example, based on tunable capacitances,

would be closer to practical metasurfaces. This requires a circuit-level model of the

phase-shifting elements and its inclusion in the optimization.

5.2.3 More General Models

All antenna elements were modeled as CMS antennas operating in the TM1 mode. The

framework can be extended to non-CMS antennas and higher-order radiation modes.

Moreover, the load matrices of the SIM model do not have to be diagonal, so the

same framework can be used for joint phase–amplitude control and non-local (beyond-

diagonal) SIM architectures. Finally, the users were assumed to be in the far field of

the SIM. With large apertures and short distances at mmWave frequencies, the users

can be in the radiating near field, where the wavefront is spherical and the SIM can

focus the beam on a location rather than only on a direction. Since the Chu-based

mutual coupling model already contains the near-field terms, the same circuit-theoretic

framework can be used to model the SIM–user links in the near field and to study

near-field beamfocusing with SIMs.
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5.2.4 Energy Efficiency with RF-Chain Power Models

The main motivation for integrating a SIM into the BS is to reduce the number of

RF chains and the power consumption. In this thesis, however, the architectures were

compared in terms of spectral efficiency under a total transmit power budget. A more

complete comparison should include the power consumed by the RF chains, i.e., the

digital-to-analog converters, mixers, local oscillators, filters, and power amplifiers, to-

gether with the power needed to control the SIM layers. The circuit-theoretic model

also distinguishes between the available power at the transmitter and the power actually

radiated by the antennas, which allows the power-amplifier efficiency and the matching

losses to be included. Using such models, the energy efficiency of a SIM-assisted BS can

be compared with that of a fully digital array of the same aperture, which would show

when the reduction in the number of RF chains outweighs the loss in spectral efficiency.

5.2.5 Learning-Based Joint Design

In this thesis, deep unfolding was applied only to the SIM phase update, while the

precoders were obtained by water-filling. Unfolding the complete alternating optimiza-

tion, including the power allocation and beamforming, and adapting the network to

time-varying channels and user scheduling are natural next steps toward real-time op-

eration.
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Appendix A

Gradient Derivation for Chapter 3

In this appendix, we present the derivation of the gradient of the sum rate with respect

to the SIM phase parameters ϕ, which is used in Section 3.4.2. The frequency and

subband indices are omitted where they are clear from the context. Let

G(ϕ) =
(︁
ZSS + ZS(ϕ)

)︁−1
, G =

[︁
Gr,c

]︁2L
r,c=1

, (A.1)

where G is partitioned into 2L×2L blocks Gr,c ∈ CM×M . Then, the end-to-end transfer

matrix can be expressed as

HZ = ZRS
(︁
ZSS + ZS(ϕ)

)︁−1
ZST = ZRS G(ϕ)ZST . (A.2)

The transmitter is connected to the first-facing ports of the first SIM layer, and the

receiver is connected to the last-facing ports of the last layer. Let Sin ∈ R2LM×M and

Sout ∈ R2LM×M denote the input and output selection matrices, respectively. Then,

G2L,1 = SToutGSin. (A.3)

With H1 ∈ CM×Nt formed by the first M rows of ZST and H2 ∈ CK×M formed by the

last M columns of ZRS, the effective channel becomes

HZ = H2G2L,1H1. (A.4)
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A.1 Gradient of the Local Impedance Matrix

The derivative of the local two-port impedance matrix (3.11) of the m-th element of

the ℓ-th layer with respect to its phase ϕℓ,m is

∂Z
(ℓ)
m

∂ϕℓ,m
= − jZ0

⎡⎢⎢⎢⎣
1 +

(︃
cosϕℓ,m
sinϕℓ,m

)︃2
cosϕℓ,m
sin2 ϕℓ,m

cosϕℓ,m
sin2 ϕℓ,m

1 +

(︃
cosϕℓ,m
sinϕℓ,m

)︃2

⎤⎥⎥⎥⎦ ≜

⎡⎣d11 d12

d21 d22

⎤⎦ . (A.5)

Embedding (A.5) within the global load matrix ZS yields the sparse matrix Eℓ,m =

∂ZS/∂ϕℓ,m, which is nonzero only at the two ports corresponding to element (ℓ,m).

A.2 Gradient of the SIM Transfer Matrix

The derivative of G(ϕ) with respect to ϕℓ,m follows from the derivative of the matrix

inverse:
∂G

∂ϕℓ,m
= −GEℓ,mG. (A.6)

Substituting (A.6) into the derivative of the end-to-end transfer matrix gives

∂HZ

∂ϕℓ,m
= −H2 S

T
outGEℓ,mGSin H1. (A.7)

Since Eℓ,m is nonzero only at the ports of element (ℓ,m), only a few columns and rows

of G are needed. Let em ∈ RM be a vector whose m-th entry is one and all other entries

are zero, and define

c1 = G2L, 2ℓ−1em, c2 = G2L, 2ℓem, rT1 = eTmG2ℓ−1, 1, rT2 = eTmG2ℓ, 1. (A.8)

Following the formulation in [33], c1, c2, r1, and r2 can be obtained with an iterative

solution, and the matrix product simplifies to

Fℓ,m =
(︁
d11c1 + d21c2

)︁
rT1 +

(︁
d12c1 + d22c2

)︁
rT2 , (A.9)
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so that
∂HZ

∂ϕℓ,m
= −H2Fℓ,mH1. (A.10)

A.3 Gradient of the Objective Function

For user k on subband i, define

hk,i = (eTkH2)G2L,1 H1, pk,i = wk,iw
H
k,i,

Ck,i = σ2
i INt +

∑︂
k′ ̸=k

pk′,i h
H
k′,ihk′,i, vk,i = C−1

k,i h
H
k,i,

(A.11)

where ek is the k-th unit vector. The whitened gain term is

sk,i = pk,i hk,iC
−1
k,i h

H
k,i = pk,i hk,i vk,i. (A.12)

Since Ck,i depends on ϕ via hk′,i, we use ∂C
−1
k,i = −C−1

k,i (∂Ck,i)C
−1
k,i . Using the product

rule and ḣj,i ≜ ∂hj,i/∂ϕℓ,m = −(eTj H2)Fℓ,mH1, we obtain

∂sk,i
∂ϕℓ,m

= 2 pk,iℜ
{︁
ḣk,i vk,i

}︁
− pk,i hk,iC

−1
k,i

(︁
∂Ck,i

)︁
C−1
k,i h

H
k,i. (A.13)

Because

∂Ck,i =
∑︂
k′ ̸=k

pk′,i

[︂
ḣHk′,ihk′,i + hHk′,iḣk′,i

]︂
, (A.14)

and hk,iC
−1
k,i = vHk,i since Ck,i is Hermitian, the second term in (A.13) simplifies to

hk,iC
−1
k,i

(︁
∂Ck,i

)︁
C−1
k,i h

H
k,i = 2

∑︂
k′ ̸=k

pk′,iℜ
{︂
(hk′,ivk,i)

∗ (ḣk′,i vk,i)
}︂
. (A.15)

Therefore,

∂sk,i
∂ϕℓ,m

= 2 pk,iℜ
{︁
ḣk,ivk,i

}︁
− 2 pk,i

∑︂
k′ ̸=k

pk′,iℜ
{︂
(hk′,ivk,i)

∗ (ḣk′,ivk,i)
}︂
, (A.16)

which corresponds to (3.32). Substituting (A.16) into (3.33) yields the gradient of the

objective function, which is used in the phase update (3.30).
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