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Energy Efficiency Maximization of MIMO Systems
through Reconfigurable Holographic Beamforming

Robert Kuku Fotock, Senior Member, IEEE, Alessio Zappone,
Fellow, IEEE, Agbotiname Lucky Imoize, Senior Member, IEEE, Marco Di Renzo, Fellow, IEEE

Abstract—This study considers a point-to-point wireless link,
in which both the transmitter and receiver are equipped with
multiple antennas. In addition, two nearly-passive reconfigurable
metasurfaces are deployed, one in the immediate vicinity of the
transmitter, and one in the immediate vicinity of the receiver.
In this scenario, the system energy efficiency is optimized with
respect to the transmit covariance matrix, and the reflection
matrices of the two metasurfaces. A low-complexity algorithm
is developed, which is converges to a first-order optimal point of
the maximization problem. Moreover, closed-form expressions are
derived for the metasurface matrices in the special case of single-
antenna or single-stream transmission. A numerical performance
analysis shows, in particular, that the considered architecture
can provide significant energy efficiency gains compared to fully
digital beamforming architectures.

I. INTRODUCTION

ENERGY efficiency (EE) continues to be a major perfor-
mance requirement of future wireless communications,

especially considering that 5G did not achieve the desired
2000x EE increase [1], mainly due to the use of a large
number of antennas with fully digital radio-frequency chains,
and the resulting high static power consumption [2]. In order to
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face this challenge, reconfigurable metasurfaces have emerged
as one of the main technologies for the sixth generation
(6G) of wireless networks, due to their ability to provide
a large number of tunable meta-atoms with limited power
consumption [3], [4]. Reconfigurable metasurfaces are nearly-
passive devices, fully operating in the analog domain, i.e.,
they require no dedicated amplifier and no conversion be-
tween the analog and digital domains. By requiring only a
limited amount of static energy to enable the reconfiguration
of the reflecting elements, metasurfaces can provide high
beamforming gains, with a low energy consumption. For this
reason, their use has been considered in many applications
for 6G, analyzing the emerging trends, recent advancements,
potential opportunities and challenges that could impact the
integration of reconfigurable metasurfaces into 6G wireless
networks [5]–[8], considering also applications in the terahertz
(THz) frequency range [9]. Experimental results have also
appeared, which confirm the merits of metasurfaces for future
wireless communication networks [10]–[13].

A. Literature review

Reconfigurable metasurfaces have been first deployed far
from the transceivers, as an efficient way of creating new op-
tical paths from transmitters to receivers. In this configuration,
they are called reconfigurable intelligent surfaces (RISs), and
provide a measure of control of the propagation environment.
Subsequently, metasurfaces have been considered also for
deployment in the vicinity of the wireless transceivers. A first
application that has emerged is the implementation of index
modulation techniques by encoding the information symbol
into the activation pattern of the metasurface elements [14].
In addition, more recently, the use of metasurfaces at the
transceivers has been considered for beamforming and spatial
multiplexing, too. In this context, metasurfaces have been pro-
posed as an efficient way of implementing holographic MIMO
(H-MIMO). In its more general form, HMIMO is implemented
through a planar surface on which a continuous electrical
current distribution is excited. A typical implementation of
HMIMO employs a planar array in which the radiating ele-
ments are densely deployed at sub-wavelength distances from
each other [15]–[17]. Comprehensive tutorials and surveys on
HMIMO have appeared in [18], [19]. It has been shown that
HMIMO can reduce the number of digital radio-frequency
chains, while still providing satisfactory capacity and EE levels
[19], [20], also in multi-user channels [21]–[23]. On the other
hand, the analysis and design of an HMIMO system with a
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continuous current distribution poses some complexity issues.
While, in principle, the HMIMO technology does not specify
the type of radiating elements that are used, a widely-used
approach consists of using a reconfigurable metasurface with
densely packed electromagnetic elements. In this context, two
main implementations have been proposed, dynamic metasur-
face antennas (DMA) and reconfigurable holographic surfaces
(RHS). DMAs employ a series of micro-strips on which the
meta-atoms are deployed. Each micro-strip is wired to a radio-
frequency chain. In this implementation, either the amplitude
or the phase of the meta-atoms is typically the tunable param-
eter, but, in realistic models, the amplitude and phase are not
tunable independently of one another [24]. DMAs have been
shown to provide high communication rates and EE [25], [26],
and extreme localization accuracies [27]. On the other hand,
RHSs are planar metasurfaces which do not employ the micro-
strip structure, but, rather, can be viewed as a type of leaky-
wave antenna. More specifically, in an RHS-based antenna,
the radio-frequency feeder is embedded into the metasurface,
and physically connected by a wave-guide to the digital radio-
frequency chain. This allows the embedded feeders to excite
the elements of the metasurface, controlling the amplitude
of the radiated electromagnetic waves [25], [28], [29]. The
advantage of beamforming through RHSs is that, compared to
active antenna arrays, RHSs have a lower energy expenditure
and cost, and, thus, can be equipped with a larger number of
radiating elements [30]. RHSs are being considered an energy-
efficient evolution of the all-digital MIMO technology, and
have proved to achieve low-cost and energy-efficient wireless
communication and sensing [31]. In [32], a BS equipped
with a switch-controlled RHS-aided beamforming architecture
is considered, and the EE maximization problem is tackled
via alternating optimization of the holographic beamformer,
the digital beamformer, and the transmit power. In [33],
an electromagnetic framework for designing a holographic
surface is developed. The performance and power consumption
of the framework were compared to those of passive metasur-
faces and MIMO digital antenna arrays. The use of artificial
intelligence in conjunction with holographic beamforming has
also been considered, with reference to a cell-free nework
[34]. In [35], the weighted sum-rate maximization problem is
tackled in the downlink of a multi-user network in which a BS
with a uniform linear array serves single-antenna users through
multiple RHSs. The use of an RHS has been considered also
in networks aided by uncrewed aerial vehicles (UAVs), as
a way of aiding the communications and performing energy
harvesting to power the UAV [36]. More recently, a solution
based on the use of multiple stacked intelligent metasurfaces
has been proposed for holographic beamforming [37]. In
this context, a MIMO system is considered, and the SIM is
designed to establish a desired equivalent MIMO channel.
While RHS-based transceivers consider metasurfaces with
embedded feeders that are wired to the digital radio-frequency
chains, another metasurface-based architecture to reduce the
number of digital radio-frequency chains, while still achieving
large beamforming gains, is to use metasurfaces that are
not wired to the antenna feeders. Instead, the metasurface is
placed in the near-field of the antenna array, and the signal

simply propagates via a wireless connection from the transmit
antennas to the metasurface or from the metasurface to the
receive antennas. The peculiarity of this setup is that the meta-
surface is deployed within the Fraunhofer region of the digital
antenna array, and, thus, a spherical wave propagation model
must be considered to analyze the wireless channel between
the transceiver antennas and the metasurface, instead of the
traditional plane wave propagation model. This architecture
was considered in [38]–[44] and has been referred to with
different names in the literature, among which holographic
RIS [43], reconfigurable intelligent BS [39], [40], or recon-
figurable refractive surfaces [44]. In the following, in order
to distinguish it from the previously mentioned architectures
with wired metasurfaces, it is referred to as reconfigurable
holographic beamforming (RHB). In [38], RHB is used by de-
ploying a metasurface in the near-field region of the transmitter
and receiver, respectively, and the system signal-to-noise-ratio
(SINR) in a multi-user MISO system is maximized with
respect to the transmit beamforming and metasurface coeffi-
cients. An alternating maximization algorithm with respect to
each metasurface reflection matrix and transmit beamforming
is developed. In [39] a metasurface is deployed in the near-field
of the transmitter in a multi-user system with single-antenna
mobile terminals, and the minimum spectral efficiency among
the users is maximized. In [40], a similar problem is tackled,
with reference to beyond diagonal metasurfaces. In [41], a
network aided by multiple metasurfaces is considered, and
optimal metasurface selection and beam routing are performed.
In [42], the received power and achievable rate is maximized
in a system in which two metasurfaces are deployed in the
near-field region of the transmitter and receiver to assist the
communication between a single-antenna transmitter and a
single-antenna receiver. Suboptimal optimization techniques
are developed based on alternating optimization or assuming
that the channel between the two metasurfaces has rank one.
A similar model is considered in [43], but the focus of
the paper is on the maximization of the EE, assuming that
a single-antenna is used at the transmitter and receiver. A
method based on sequential programming is developed, which
is shown to perform similarly as alternating optimization,
but with lower computational complexity. In [44], a single
metasurface is placed in the near-field of the transmitter,
and its size and number of elements are optimized for EE
maximization. A similar scenario is considered in [45], and
the single metasurface is optimized for EE maximization.

B. Contributions

From the above literature review, it emerges that the ma-
jority of the previous works on RHB-aided MIMO systems
focus on the analysis or optimization of the network achievable
rate and throughput, while the works on EE maximization,
consider either simplified setups with single antenna terminals
or a single metasurface, or do not consider the optimization of
the system digital and analog beamforming. Indeed, only a few
studies have focused on EE optimization in MIMO systems
aided by metasurfaces deployed far from the transceivers.
In [46], upper- and lower-bounds on the EE of a MIMO
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link are optimized assuming a single-stream transmission.
In [47], the trade-off between EE and spectral efficiency
is studied, employing the weighted minimum mean squared
error method to tackle the problem. In [48], the EE of a
MIMO link employing simultaneous wireless information and
power transfer (SWIPT) is considered. However, [48] does not
optimize the EE, which is defined as the ratio between rate and
power consumption, addressing instead the simpler problem
of maximizing the difference between rate and power. In
[49], a MIMO network with finite block-length transmissions
is considered, and the network EE is optimized through se-
quential fractional programming. Unlike previous studies, this
work considers an RHB-aided MIMO system with multiple
antennas equipped at both the transmitter and receiver, and
in which two metasurface are deployed. One metasurface is
deployed in the near-field of the transmit antenna array, while
another metasurface is deployed in the near-field of the receive
antenna array. The two metasurfaces are not embedded into
the transceiver hardware. The transmit signal propagates from
the digital transmit antenna array to the transmit metasurface,
which reflects it to the receive metasurface, which, finally,
reflects it to the receive antenna array. In this context, the
following contributions are made:

1) A novel algorithm is developed to optimize the reflection
matrices of the two wireless metasurfaces and the transmit
covariance matrix of the transmitter for EE maximization. The
proposed algorithm differs from available methods because
it leverages the sequential fractional programming frame-
work with a new reformulation of the optimization problem
that deals with unit-rank constraints without resorting to the
semidefinite relaxation method. As a result, the proposed
method monotonically improves the EE value and converges
to a first-order optimal point of the EE maximization problem.

2) In the special case of a single transmit radio-frequency
chain, unlike available approaches which are based on iterative
methods, the optimal metasurface matrices and transmit power
are found in closed-form, which dispenses with the need
of running iterative algorithms and allows for a closed-form
analysis of the performance of the optimized system. Closed-
form expressions of the optimal metasurface matrices are also
found in the special case in which multiple antennas are
employed at both the transmitter and receiver, but a single
data stream is employed.

3) Unlike the local reflection model that is typically con-
sidered for metasurfaces, this work considers global reflec-
tion constraints at the two metasurfaces. Metasurfaces with
global reflection constraints are a recent type of metasurfaces
which generalize traditional metasurfaces with local reflection
constraints [50]. Specifically, while in metasurface with local
reflection constraints each reflection coefficient is separately
constrained to have modulus not greater than one, in a meta-
surface with global reflection constraints a single reflection
constraint is enforced on all of the reflection coefficients,
requiring that the total power reflected by the metasurface is
not greater than the total power that impinges on it.

4) Numerical results assess the performance of the proposed
system, in terms of EE and spectral efficiency. Interestingly,
the analysis reveals that the use of wireless metasurfaces

allows a significant reduction of the number of the digital
antennas deployed at the transmitter and receiver, i.e. of the
number of antennas that require a fully digital radio-frequency
chain. This leads to significant EE gains and satisfactory ca-
pacity levels. Moreover, the proposed architecture outperforms
the more traditional RIS-aided MIMO setup, which employs
metasurfaces located in the far-field of the antenna arrays.

The rest of the paper is organized as follows. Section II
introduces the system model and formulates the EE max-
imization problem. Section III solves the EE maximization
problem considering that both the transmitter and the receiver
are equipped with a single antenna. Section IV and V develop
resource allocation algorithms for the multiple-antenna case,
considering single-stream and multi-stream transmissions, re-
spectively. Section VI presents the numerical analysis, while
Section VII concludes the paper.

Notation: Scalars, column vectors, and matrices are denoted
by lowercase, boldface lowercase, and boldface uppercase
letters. diagp¨q, trpSq, S´1 denotes a diagonal matrix, the trace,
and inverse of a square matrix. S ľ 0 indicates that S is
positive semi-definite. IM is the identity of size M ˆ M .

II. SYSTEM MODEL

Let us consider a MIMO link with NT transmit antennas
and NR receive antennas arranged in a rectangular array. A
reconfigurable metasurface with MT elements and reflection
matrix ΓT “ diagpγT,1, . . . , γT,MT

q “ diagpγT q is deployed
in the immediate vicinity of the transmitter and henceforth
called transmit wireless metasurface. Similarly, another re-
configurable metasurface with MR elements and reflection
matrix ΓR “ diagpγR,1, . . . , γR,MR

q “ diagpγRq is deployed
in the immediate vicinity of the receiver and henceforth called
receive metasurface. We assume that both metasurfacs are
nearly-passive, i.e. they are not equipped with any radio-
frequency power amplifier. Then, let us denote by C, H , and
G the MR ˆ MT channel between the two metasurfaces, the
MT ˆNT channel between the transmitter and the metasurface
placed in its vicinity, and the NR ˆ MR channel between the
receiver and the metasurface placed in its vicinity. Finally,
let x “ Q1{2s be the NT ˆ 1 transmit vector, with s the
NT ˆ 1 vector of transmit information symbols, such that
INT

“ ErxxH s, and Q “ ErxxH s, subject to the power
constraint trpQq ď Pmax, wherein Pmax is the maximum
transmit power of the transmit amplifier. The system model is
depicted in Fig. 1.

x
z

y Tx Rx

RHSTx RHSRx

H G

C

Fig. 1. Considered system model

Remark 1. Deploying metasurfaces close to antenna arrays
bears some similarity with the hybrid beamforming technique.
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However, metasurfaces have been shown to outperform hybrid
beamforming with respect to energy-efficient performance, EE
of the hardware, and hardware complexity. Indeed, the phase
shifters used for hybrid beamforming do not allow amplitude
control, consume more static energy and use more complex
circuitry than the units of a metasurface [51]–[53].

A. Channel model

In the following, different channel models are considered
for the channels H and G, which are near-field channels, and
the channel C, which is a far-field channel. As for the channels
H , and G, each entry of the matrices H and G follow
the (deterministic) spherical wave equation, i.e., the pn,mq

element of H , with n “ 1, . . . ,MT and m “ 1, . . . , NT , is

Hpn,mq “
λ

4π

b

αRHBT
n,m αTx

n,m
e´jp2π{λq}r

RHBT
n ´rTx

m }

}rRHBT ´ rTx}
(1)

wherein rRHBT
n and rRx

m are the vectors defining the 3D
positions of the n-th element of the transmit metasurface
and m-th BS antenna, αTx

m,n denotes the transmit gain of
the m-th transmit antenna towards the n-the element of
the transmit metasurface, and αRHBT

m,n denotes the receive
gain of the n-th element of the transmit metasurface, from
the m-th transmit antenna. The gains αBS

m,n and αRHB
m,n are

expressed as αTx
n,m “ 4π

λ2∆h,Tx∆v,Txρ
Tx
n,m and αRHBT

n,m “
4π
λ2∆h,RHBT

∆v,RHBT
ρRHBT
n,m , with ∆h,Tx and ∆v,Tx the hor-

izontal and vertical spacing of the transmit antennas, ∆h,RHBT

and ∆v,RHBT
the horizontal and vertical spacing of the

elements of the transmit metasurface, ρTx
n,m and ρRHBT

n,m the
standard directivity factors of the transmitter and transmit
metasurface, respectively [54], [55]. Similarly, the pn,mq

element of G, with n “ 1, . . . , NR and m “ 1, . . . ,MR is
expressed as

Gpn,mq “
λ

4π

b

αRHBR
n,m αRx

n,m
e´jp2π{λq}rRx

n ´r
RHBR
m }

}rRx
n ´ rRHBR

m }
, (2)

wherein rRHBR
n and rRx

m are the vectors defining the 3D
positions of the n-th element of the receive metasurface
and m-th BS antenna, αRx

m,n denotes the receive gain of
the n-th receive antenna from the m-th element of the re-
ceive metasurface, and αRHB,R

m,n denotes the transmit gain
of the m-th element of the receive metasurface towards
the n-th receive antenna. The gains αRx

m,n and αRHBR
m,n

are expressed as αRx
n,m “ 4π

λ2∆h,Rx∆v,Rxρ
Rx
n,m, αRHBR

n,m “
4π
λ2∆h,RHBR

∆v,RHBR
ρRHBR
n,m , with ∆h,Rx and ∆v,Rx the

horizontal and vertical spacing of the receive antennas,
∆h,RHBR

and ∆v,RHBR
the horizontal and vertical spacing of

the elements of the receive metasurface, and ρRx
n,m and ρRHBR

n,m

the standard directivity factors of the receiver and receive
metasurface. Finally, the channel between the two RHBs is
assumed to be subject to path-loss and Rice fading, i.e.

C “

ˆ

c

1

1 ` κ
rC `

c

κ

1 ` κ
sC

˙

{
?

PL , (3)

with κ the Rice factor, rC a realization of a standard complex
circularly symmetric Gaussian random matrix which models
the non-line-of-sight (NLoS) component of the channel, sC a

deterministic matrix modeling the line-of-sight (LoS) compo-
nent of the channel, whose entries can be expressed following
the same spherical model1 used for H and G, and PL the
propagation path-loss, which, following the 3GPP UMi model
is expressed as PL “ PL0

´

d
d0

¯ν

ζ, wherein PL0 is the path-
loss at the reference distance d0, d is the distance between the
two metasurfaces, ν is the path-loss exponent, and ζ is a real-
ization of a log-normal random variable modeling large-scale
shadowing effects. It should be observed that the considered
model subsumes the cases in which the channel C becomes
purely LoS (κ Ñ 8), purely NLoS (κ “ 0), and applies
to both near-field or far-field scenarios, because the spherical
wave model admits as a special case the traditional plane wave
propagation model that characterizes far-field transmissions. In
the sequel, it is assume that C is perfectly estimated through
available channel estimation techniques [56].

Remark 2. It is well-known that a MIMO system can sup-
port a number of data streams that is at most equal to
the rank of the effective end-to-end channel, which, in the
considered setup, is bounded as r ď minpNR, NT ,MR,MT q.
Moreover, the use of metasufaces is proposed as a way
of reducing the number of digital antennas, and thus it is
practical to assume MT ,MR ąą NT , NR, which leads to
r ď minpNR, NT ,MR,MT q “ minpNT , NRq. As for the
channel C, the NLoS random matrix rC has full-rank with
probability one, which makes the channel C full-rank with
probability one whenever the NLoS component is present,
which is the typical case in outdoor transmissions due to multi-
path fading. If, instead, only the LoS component is present in
C, and the two metasurfaces are in the far field of each other,
then rC “ 0, while sC reduces to a rank-one matrix modeling
the deterministic LoS propagation. In turn, this leads to a
rank-one end-to-end channel. The algorithms to be developed
in Section V make no assumption on the rank of the channel
matrices, and are able to operate in any rank condition. In
addition, Section IV explicitly deals with the special case in
which a single-data stream is transmitted.

B. Problem formulation

Given the notation defined above, the input and output
signals at the transmit metasurface are yin,T “ HQ1{2s,
yout,T “ ΓTHQ1{2s, the input and output signals at the
receive metasurface are yin,R “ CΓTHQ1{2s, yout,R “

ΓRCΓTHQ1{2s, while the signal received at the final des-
tination is written as y “ GΓRCΓTHQ1{2s ` n, with
n „ CN p0, σ2INR

q the thermal noise at the receiver. Thus,
the system capacity can be written as

C “ B log2

ˇ

ˇ

ˇ

ˇ

INR `
1

σ2
GΓRCΓTHQHHΓH

T CHΓH
RGH

ˇ

ˇ

ˇ

ˇ

. (4)

The input and output power at the transmit and receive
metasurfaces are equal to Pin,T “ trpHQHHq, Pout,T “

trpΓTHQHHΓH
T q, Pin,R “ trpCΓTHQHHΓH

T CHq, and
Pout,R “ trpΓRCΓTHQHHΓH

T CHΓH
R q. We consider

1While the spherical wave model holds in both near-field and far-field
propagation scenarios, it can be specialized into a plane wave model in far-
field scenarios.
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metasurfaces with global reflection constraints. For this type of
metasurfaces, it is not required that the outgoing power of each
element does not exceed the incident power on that element,
but only that the total reflected power by all elements does not
exceed the total power that impinges on all of the elements.
Stated otherwise, a metasurface withe global reflection con-
straints is still a passive device, since the total output power
can not be larger than the total input power, but the reflection
constraint is applied jointly to all reflecting elements, rather
than separately to each reflecting element, i.e., we require
that Pout,R ď Pin,R and Pout,T ď Pin,T . Metasurfaces with
global reflection constraints have been shown to yield better
performance than metasurfaces with the usual local reflection
constraints, since they are characterized by a larger set in
which the reflection matrices can vary, which means that a
wider choice of operating points is possible [57]. Since, the
two metasurfaces do not consume any radio-frequency power,
but only static power for reconfiguring the reflecting elements,
the total system power consumption is2

Pt “ µtrpQq ` MTP
psq

T ` MRP
psq

R ` NTP
paq

T ` NRP
paq

R `

` PRHB,0 ` P0 “ µtrpQq ` Pc, (5)

wherein µ is the inverse of the transmit amplifier efficiency,
P

psq

T and P
psq

R are the static power consumption of each
element of the transmit and receive metasurfaces, P

paq

T and
P

paq

R are the static power consumption of each digital radio-
frequency chain of the transmitter and receiver, PRHB,0 is the
rest of the static power consumed by the two metasurfaces, P0
is the static power consumed in the rest of the system, while
Pc “ MTP

psq

T `MRP
psq

R `NTP
paq

T `NRP
paq

R `PRHB,0`P0.
Thus, the EE maximization problem can be stated as

max
Q,ΓT ,ΓR

CpΓT ,ΓR,Qq

µtrpQq ` Pc
(6a)

s.t. trpQq ď Pmax (6b)
Pout,T pQ,ΓT q ´ Pin,T pQq ď 0 (6c)
Pout,RpQ,ΓT ,ΓRq ´ Pin,RpQ,ΓT q ď 0 , (6d)

wherein (6c) and (6d) enforce the global reflection constraints.
In the following, Problem (6) will be tackled in three different
scenarios, with increasing degree of complexity:

1) Section III addresses Problem (6) in the special case in
which NR “ NT “ 1. For this case, closed-form solutions for
ΓT , ΓR, and the transmit power are derived.

2) Section IV addresses Problem (6) in the special case in
which NR ą 1, NT ą 1, rankpQq “ 1. For this case, closed-
form solutions for ΓT and ΓR are derived, whereas an iterative
algorithm is required to optimize the beamforming strategy.

3) Section V addresses Problem (6) in the general case in
which NR ą 1, NT ą 1, rankpQq ą 1. In this case, an
iterative algorithm is developed for resource optimization.

III. SINGLE-ANTENNA, SINGLE-STREAM SCENARIO

Assume NR “ NT “ 1. Then, trpQq “ p, with p ď Pmax
the transmit power. Let h be the MT ˆ 1 channel from
the transmit antenna to the transmit metasurface and gH

the 1 ˆ MR channel from the receive metasurface to the
receive antenna. Then, Pin,T “ p}h}2, Pout,T “ p}ΓTh}2,

2We consider the typical scenario in which the metasurface static power
consumption does not depend on the values of the reflection coefficients.

Pin,R “ p}CΓTh}2, Pout,R “ }ΓRCΓTh}2, and the EE
maximization problem simplifies to

max
p,ΓT ,ΓR

B log2

ˆ

1 `
p

σ2

ˇ

ˇ

ˇ
gHΓRCΓTh

ˇ

ˇ

ˇ

2
˙

µp ` Pc
(7a)

s.t. 0 ď p ď Pmax (7b)

}ΓTh}
2

ď }h}
2 , }ΓRCΓTh}

2
ď }CΓTh}

2 (7c)

It is useful to observe that, for any fixed p, the optimization of
ΓT and ΓR reduces to optimizing the term

ˇ

ˇgHΓRCΓTh
ˇ

ˇ

2
,

subject to constraints that do not depend on p. Thus, the
optimal pΓT , ΓRq do not depend on the optimal p and so the
optimization of the pair pΓT , ΓRq can be decoupled from the
optimization of the transmit power p. These two subproblems
will be tackled in the next two subsections.

A. Optimization of ΓT and ΓR

For any given p, the problem reduces to

max
ΓT ,ΓR

ˇ

ˇ

ˇ
gHΓRCΓTh

ˇ

ˇ

ˇ

2

(8a)

s.t. }ΓTh}
2

ď }h}
2 , }ΓRCΓTh}

2
ď }CΓTh}

2 (8b)

Defining the new variables x “ ΓTh and y “ ΓRCx,
Problem (8) can be restated as

max
x,y

ˇ

ˇ

ˇ
gHy

ˇ

ˇ

ˇ

2

(9a)

s.t. }x}
2

ď }h}
2 (9b)

}y}
2

ď }Cx}
2 (9c)

Proposition 1. The optimal solution of Problem (9) is

x “ }h}umax (10)

y “ }h}
a

λmax
g

}g}
, (11)

wherein λmax is the maximum eigenvalue of CCH and umax

the corresponding unit-norm eigenvector.

Proof. By Cauchy-Schwartz inequality, (9a) is maximized
when y is aligned with g, i.e., y “

}y}

}g}
g, with }y} still to be

determined. Moreover, it is seen that it is optimal to choose
}y} as large as possible. Then, it is optimal to choose x such
that }Cx}2 in (9c) is maximized. To this end, let us denote
x “ }x}rx, with rx the unit-norm vector defining the direction
of x. Then, since }Cx}2 is maximized when x is aligned
with the direction of the dominant eigenvector of CCH , i.e.,
umax, and recalling that }x} ď }h} from (9b), it follows that

}y}
2

ď }Cx}
2

ď λmax}x}
2

ď λmax}h}
2 , (12)

with equality holding when x is expressed as in (22). Finally,
setting }y} “ λmax}h}2 yields (23).

Let x̄ and ȳ be the optimal solution of
(9), and γT “ rΓT p1, 1q, . . . ,ΓT pMT ,MT qs,
γR “ rΓRp1, 1q, . . . ,ΓRpMR,MRqs, X̃ “ diagpCx̄q,
H̃ “ diagphq. Then, since ΓTh “ H̃γT , ΓRCx “ X̃γR,
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and recalling that x “ ΓTh and y “ ΓRCx, it holds3

Γ̄T “ diagpγT q “ diagpH̃´1x̄q (13)

Γ̄R “ diagpγRq “ diagpX̃´1ȳq (14)

Plugging the optimized ΓT and ΓR into the EE yields

EE “
B log2

`

1 `
p
σ2 λmax}h}

2
}g}

2
˘

µp ` Pc
, (15)

which depends only on p and can be optimized as shown
below.

B. Optimzation of p

Given (15), and neglecting the inessential constant B, the
optimal p is found by solving

max
p

log2 p1 ` apq

µp ` Pc
(16a)

s.t. 0 ď p ď Pmax (16b)

wherein we have defined a “ |gHΓ̄RCΓ̄Th|2{σ2. Problem
(16) is a pseudo-concave maximization whose optimal solution
is given by the following result.

Proposition 2. The global solution of Problem (16) is

p̄ “ minpPmax, p
‹
q , (17)

with p‹ the unique stationary point of (16a), which can be
found as the unique solution of the equation4

apµp ` Pcq

1 ` ap
“ µ lnp1 ` apq (18)

Proof: The objective in (16a) is the ratio between a
strictly concave function and an affine function, and thus it
is strictly pseudo-concave. As a result, it admits a unique
stationary point p‹, which coincides with its unconstrained
maximizer. Then, p‹ can be found by setting the first-order
derivative of (16a) to zero, which yields (18). Finally, the thesis
is obtained enforcing the constraint in (16b), and observing
that (16a) is increasing for p ď p‹ and decreasing for p ě p‹.

Thus, the global solution of (7) can be obtained by allo-
cating ΓT according to (13), ΓR according to (14), and p
according to (17). The computational complexity required by
this allocation is negligible, since closed-form results for all
three radio resources have been obtained and no numerical,
iterative algorithms are required.

Remark 3. As for capacity maximization, the optimal ΓT , ΓR

do not change, while p‹ “ Pmax.

IV. MULTIPLE-ANTENNA, SINGLE-STREAM SCENARIO

Let us consider now a MIMO scenario, thus relaxing the
assumption NR “ NT “ 1. However, we assume that a single
data-stream is emitted by the transmitter. This implies that the
covariance matrix Q reduces to a beamforming vector of size

3The matrix inversions in (13) and (14) pose no significant issue since the
matrices to invert are diagonal and must be inverted only once.

4The unique solution of (18) can be written as p˚ “ pexpp1 `

W pe´1pPca{µ ´ 1qqq ´ 1q{a, with W p¨q the W Lambert function [58].

NT ˆ 1 and squared norm p, i.e. Q “ qqH , with }q}2 “ p.
Then, the problem can be stated as

max
q,ΓT ,ΓR

B log2
`

1 ` σ´2
}GΓRCΓTHq}

2
˘

µ}q}2 ` Pc
(19a)

s.t. }q}
2

ď Pmax (19b)

}ΓTHq}
2

ď }Hq}
2 (19c)

}ΓRCΓTHq}
2

ď }CΓTHq}
2 (19d)

In order to tackle (19), we will employ the popular alternating
optimization framework, which alternatively optimizes the
beamforming vector q for fixed pΓT ,ΓRq, and the pΓT ,ΓRq

for fixed q. This process is iterated until convergence. The
next two subsections separately describe how to solve these
two sub-problems. It will be shown that, for every fixed q, the
optimal ΓR and ΓT can be derived in closed-form. Instead,
for any fixed ΓR and ΓT , the optimal q is obtained through
the sequential fractional programming framework.

A. Optimization of ΓT and ΓR

For any given q, let us redefine the vector h as h “ Hq.
Then, the problem reduces to

max
ΓT ,ΓR

}GΓRCΓTh}
2 (20a)

s.t. }ΓTh}
2

ď }h}
2 , }ΓRCΓTh}

2
ď }CΓTh}

2 (20b)

Defining x “ ΓTh, y “ ΓRCx, Problem (20) becomes

max
x,y

}Gy}
2 (21a)

s.t. }x}
2

ď }h}
2 (21b)

}y}
2

ď }Cx}
2 (21c)

Proposition 3. The optimal solution of Problem (21) is

x “ }h}umax (22)

y “ }h}
a

λmaxuG,max , (23)

with λmax the maximum eigenvalue of CCH , umax the
corresponding unit-norm eigenvector, and uG,max the unit-
norm dominant eigenvector of GHG.

Proof: The objective in (9a) can be written as yHGHGy,
which implies that it is maximized when y “ }y}uG,max, with
uG,max the unit-norm eigenvector of GHG corresponding to
the maximum eigenvalue and the norm }y} to be determined
based on the problem constraints. Thus, proceeding similarly
as in the proof of Proposition 1, the thesis follows.

Finally, from (22) and (23), the optimal ΓT and ΓR can
be obtained as in5 (13) and (14). In this case, the optimal
ΓT and ΓR depend on the beamforming vector q. This is a
direct consequence of the fact that metasurfaces with global
reflection capabilities are employed, which leads to (19c)
and (19d), which are coupled in q and pΓT ,ΓRq. Then, the
optimization of pΓT ,ΓRq is coupled with that of q, and
alternating maximization between pΓT ,ΓRq and q is required.

5The matrix inversions required to compute ΓT and ΓR pose no significant
issue since the matrices to invert are diagonal and must be inverted only once
per optimization of pΓT ,ΓRq.
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B. Optimization of q

After optimizing ΓT and ΓR, the problem becomes

max
q

B log2
`

1 ` }Mq}
2
˘

µ}q}2 ` Pc
(24a)

s.t. }q}
2

ď Pmax (24b)

}ΓTHq}
2

´ }Hq}
2

ď 0 (24c)

}ΓRCΓTHq}
2

´ }CΓTHq}
2

ď 0 , (24d)

with M “ 1
σ2G

HΓRCΓTH . The difficulty posed by Prob-
lem (24) lies in the fact that the objective is not concave
or pseudo-concave, and that the constraints are not convex.
Moreover, unlike related problem formulations available in the
literature, the presence of the global reflection constraints in
(24c) and (24d) further complicates the problem since these
constraints are not convex. In order to tackle (24), in the
following we resort to the sequential fractional programming
(SFP) framework [59]. Since the norm function is convex, and
so it is lower-bounded by its first-order Taylor expansion, we
have that, for any vector q0, it holds

}Mq}
2

“ qHMHMq ě 2ℜtqH
0 MHMqu

´ qH
0 MHMq0 “ 2ℜtmH

0 qu ´ m0 (25)

}Hq}
2

“ qHHHHq ě 2ℜtqH
0 HHHqu

´ qH
0 HHHq0 “ 2ℜthH

0 qu ´ h0 (26)

}CΓTHq}
2

“ qHHHΓH
T CHCΓTHq

ě 2ℜtqH
0 HHΓH

T CHCΓTHqu ´ qH
0 HHΓH

T CHCΓTHq0

“ 2ℜtcH0 qu ´ c0 , (27)

wherein we have defined m0 “ MHMq0, m0 “
qH
0 MHMq0, h0 “ HHHq0, h0 “ qH

0 HHHq0, c0 “

HHΓH
T CHCΓTHq0, c0 “ qH

0 HHΓH
T CHCΓTHq0. Then,

a surrogate problem for (24) can be stated as

max
q

B log2
`

1 ` 2ℜtmH
0 qu ´ m0

˘

µ}q}2 ` Pc
(28a)

s.t. }q}
2

ď Pmax (28b)

}ΓTHq}
2

´ 2ℜthH
0 qu ` h0 ď 0 (28c)

}ΓRCΓTHq}
2

´ 2ℜtcH0 qu ` c0 ď 0 , (28d)

wherein the left-hand-sides of (28c) and (28d) are upper-
bounds of the left-hand-sides of (24c) and (24d), respectively.
Problem (28) is a pseudo-concave maximization subject to
convex constraints, which can be solved by fractional pro-
gramming [59]. Then, the SFP algorithm to tackle Problem
(24) is stated as in Algorithm 1, wherein Objpqq denotes the
objective of (24) evaluated at q. Being an instance of the SFP
method, Algorithm (1) is guaranteed to monotonically improve
(24a) and converge to a first-order optimal point of (24) [59].

Algorithm 1 SFP for Problem (24)
ε ą 0;
Select any feasible q0;
repeat
Let q be the solution of Problem (28);
T “ }Objpqq ´ Objpq0q}; q0 “ q;

until T ď ε

C. Overall algorithm, convergence, and complexity

The alternating maximization algorithm to tackle Problem
(19) is formulated as in Algorithm 2. In summary, Algorithm
2 initializes q “ q0. Next, it iteratively updates pΓT ,ΓRq,
given the current value of q, which is accomplished by the
result in Proposition 3, and then updates q, given the current
values of pΓT ,ΓRq, by running Algorithm 1. This process is
iterated until the improvement in the EE value between two
consecutive iterations is below a threshold T . The convergence
and complexity of Algorithm 2 are discussed next.

Algorithm 2 Alternating maximization for Problem (19)
ε ą 0;
Select any feasible q0, ΓT,0, ΓR,0;
repeat
Let pΓT ,ΓRq be the solution of Problem (20),
given q;
Let q be the solution of Problem (24), given
pΓT ,ΓRq;
T “ |EEppΓT ,ΓRq, qq ´ EEppΓT,0,ΓR,0q, q0q|;
ΓT “ ΓT,0, ΓR “ ΓR,0, q “ q0;

until T ď ε

1) Convergence: Algorithm 2 is provably convergent, as
shown in the next proposition.

Proposition 4. Algorithm 2 monotonically improves the value
of (19a) and converges in the value of the objective.

Proof: Algorithm 2 alternatively optimizes ΓT and ΓR

for fixed q, according to Proposition 3, and q, for fixed ΓT and
ΓR, by running Algorithm 1. Each of these two optimizations
does not decrease the value of (19a), because Proposition
3 provides the globally optimal ΓT and ΓR for any fixed
q, while Algorithm 1 is an instance of the SFP framework,
and thus monotonically improves the value of (24a) until
convergence to a point fulfilling the first-order optimality
conditions of (24) [59]. Thus, Algorithm 2 monotonically
improves the value of (19a). Moreover, the objective (19a)
is upper-bounded with respect to ΓT , ΓR, and q, because ΓT

and ΓR are bounded by norm constraints, while }q} appears
linearly in the denominator of (19a) and logarithmically in
the numerator of (19a), thus implying that (19a) tends to zero
for }q} Ñ 8. Thus, (19a) can not increase indefinitely, and
Algorithm 2 converges in the value of the objective.

Remark 4. Algorithm 2 can be readily specialized to perform
rate maximization, by simply setting µ “ 0, which reduces the
denominator of (19a) to a constant.

2) Computational complexity: The computational complex-
ity of Algorithm 2 is mostly related to Problem (24), since
the optimal metasurface matrices are available in closed form
for fixed q. Problem (24) is solved by Algorithm 1, which
involves the solution of a pseudo-concave problem with NT

variables in each iteration. Next, we recall that a fractional
function of NT variables, with concave numerator and convex
denominator, can be maximized subject to convex constraints
with a complexity equivalent to that of a convex problem with
NT ` 1 variables [59], and that the complexity of a convex
problem with n variables is upper-bounded, with respect to
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n, by n4 [60]. Thus, the complexity of Algorithm 2 can be
upper-bounded by

C2 “ O
`

I1I2pNT ` 1q
4
˘

, (29)

with I1 and I2 the number of iterations for Algorithms 1 and 2
to converge, respectively. As for the complexity with respect
to the number of metasurface elements MT and MR, it is
negligible with respect to (29), since the optimal metasurface
matrices are found in closed-form by means of (13) and (14).

V. MULTI-ANTENNA, MULTI-STREAM TRANSMISSION

In this section, we address the general MIMO case stated
in Problem (6), in which NT ą 1, NR ą 1, and rankpQq ą 1,
i.e., multiple data streams are transmitted. In this case, no
closed-form solution is available and it becomes difficult
to even optimize ΓR and ΓT jointly. So, in this scenario,
alternating optimization will be employed by alternatively
optimizing ΓR first, for fixed ΓT and Q, then ΓT , for fixed
ΓR and Q, and eventually Q, for fixed ΓT and ΓR.

A. Optimization of ΓR

For fixed ΓT and Q, define B “ CΓTHQHHΓH
T CH .

Then, the optimization with respect to ΓR can be stated as

max
ΓR

B log2

ˇ

ˇ

ˇ

ˇ

INR `
1

σ2
GΓRBΓH

RGH

ˇ

ˇ

ˇ

ˇ

(30a)

s.t. trpΓRBΓH
R q ď trpBq (30b)

To begin with, let us focus on (30a). Performing the eigenvalue
decomposition B “

řMR

m“1 λmumuH
m, (30a) becomes

C “ B log2

ˇ

ˇ

ˇ
INR ` GΓR

´

řMR
m“1

λm
σ2 umuH

m

¯

ΓH
RGH

ˇ

ˇ

ˇ

“ B log2

ˇ

ˇ

ˇ
INR `

řMR
m“1

λm
σ2 GUmγRγ

H
R UH

mGH
ˇ

ˇ

ˇ

“ B log2

ˇ

ˇ

ˇ
INR `

řMR
m“1

λm
σ2 RmγRγ

H
R RH

m

ˇ

ˇ

ˇ
, (31)

with Um “ diagpumq and Rm “ GUm, for m “ 1, . . . ,MR.
Next, let us rewrite the left-hand-side of (30b) as

trpΓRBΓH
R q “ tr

´

ΓR

´

řMR
m“1 λmumuH

m

¯

ΓH
R

¯

(32)

“

MR
ÿ

m“1

λmtr
´

ΓRumuH
mΓH

R

¯

“
řMR

m“1 λmtr
`

UmγRγ
H
R UH

m

˘

“ γH
R

´

řMR
m“1 λmUmUH

m

¯

γH
R “ tr

´

DRγRγ
H
R

¯

,

with DR “
řMR

m“1 λmUH
mUm. Then, Problem (30) becomes

max
ΓR

log2

ˇ

ˇ

ˇ
INR `

řMR
m“1

λm
σ2 RmγRγ

H
R RH

m

ˇ

ˇ

ˇ
(33a)

s.t. tr
´

DRγRγ
H
R

¯

ď trpBq (33b)

Problem (33) is still challenging, due to the quadratic term
γRγ

H
R . A popular approach to deal with this issue is the

semi-definite relaxation technique. However, this requires a
rank-reduction technique if the solution that is obtained is not
unit-rank, which might cause a significant performance degra-
dation. Another possible approach would be to reformulate the
constraint6 rΓR “ γRγ

H
R into trprΓRq ´ λmaxprΓRq “ 0 and

rΓR ľ 0. However, this leaves us with an equality constraint

6Note that trprΓRq “ λmaxprΓRq implies that rΓR has only one non-zero
eigenvalue since rΓR ľ 0.

that is still non-convex, and is typically approximated by
trprΓRq ´ λmaxprΓRq ě ϵ, with ϵ a small constant, and
then tackled by the sequential approximation method [61].
However, both methods above involve an approximation that
leads to an algorithm without strong optimality claims. Instead,
here we propose a different approach. We still define the
matrix rΓR “ γRγ

H
R , but we do not relax the unit-rank

constraint and reformulate (33) as

max
rΓRľ0,γR

log2

ˇ

ˇ

ˇ
INR `

řMR
m“1

λm
σ2 Rm

rΓRR
H
m

ˇ

ˇ

ˇ
(34a)

s.t. tr
´

DR
rΓR

¯

ď trpBq (34b)
„

rΓR γR

γH
R 1

ȷ

ľ 0 (34c)

trprΓRq ´ }γR}
2

ď 0 (34d)

Proposition 5. If prΓ‹
R,γ

‹
Rq solves (34), then rankprΓ‹

Rq “ 1.

Proof: We will first show that any feasible point of (34)
is such that rΓR ´γγH ľ 0, which will imply that the largest
eigenvalue of rΓR is larger than }γR}2. Then, the result will
follow since (34d) implies that any feasible point of (34) is
such that the sum of all the eigenvalues of rΓR is smaller
than }γR}2. The two conditions can both hold only if rΓR

has just one non-zero eigenvalue, which is equal to }γR}2. To
elaborate, let us prove that any feasible point of (34) is such
that rΓR´γγH ľ 0. To this end, we first leverage the fact that,
if rΓR ą 0, then the matrix in (34c) is positive semi-definite if
and only if its Schur’s complement, i.e., rΓR ´γγH is positive
semi-definite. At this point, we proceed by contradiction to
show the result when rΓR ľ 0. Indeed, if λminprΓR ´γγHq ă

0, then, since the minimum eigenvalue is a continuous function
of the elements of a matrix, it must exist ϵ ą 0 such that

λminpϵINR ` rΓR ´ γRγ
H
R q ă 0 . (35)

This is a contradiction, since ϵINR
` rΓR is a strictly positive

definite matrix even if rΓR ľ 0, and so it must hold

λminpϵINR ` rΓR ´ γRγ
H
R q ą 0 . (36)

for any ϵ ą 0. Thus, for any feasible point of (34) it must
hold that rΓR ´ γRγ

H
R ľ 0. Then, assuming without loss of

generality that the eigenvalues of rΓR, say λ1, . . . , λN , are
ordered in decreasing order of magnitude, (34c) implies that
λ1 ě }γR}2, whereas (34d) requires that

řN
i“1 λi “ λ1 `

řN
i“2 λi ě }γR}2. Thus, since λi ě 0 for all i “ 1, . . . , N ,

(34c) and (34d) together imply that λ1 “ }γR}2 and λi “ 0
for all i “ 2, . . . , N . Hence, the thesis.

Based on Proposition 5, Problems (34) and (33) are equiv-
alent. However, Problem (34) is not convex, yet, because the
constraint in (34d) is not convex, since ´}γR}2 is concave
in γR. Nevertheless, Problem (34) can be tackled by the
sequential optimization framework. To this end, we need to
find a convex upper-bound of the constraint function in (34d),
which can be accomplished observing that the term }γR}2 is
convex, and thus can be lower-bounded by its first-order Taylor
expansion around any feasible point γR,0. To elaborate, for any
feasible γR,0, it holds }γR}2 ě 2ℜtγH

R,0γRu´}γH
R,0}2. Thus,

trprΓRq ´ }γR}
2

ď trprΓRq ` }γH
R,0}

2
´ 2ℜtγH

R,0γRu . (37)
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Then, Problem (34) can be replaced by the following surro-
gate problem, which fulfills all assumptions of the sequential
optimization framework

max
rΓRľ0,γR

log2

ˇ

ˇ

ˇ
INR `

řMR
m“1

λm
σ2 Rm

rΓRR
H
m

ˇ

ˇ

ˇ
(38a)

s.t. tr
´

DR
rΓR

¯

ď trpBq (38b)
„

rΓR γR

γH
R 1

ȷ

ľ 0 (38c)

trprΓRq ` γH
R,0γR,0 ´ 2ℜtγH

R,0γRu ď 0 . (38d)

Problem (38) is convex and can be solved with polynomial
complexity by convex optimization. The solution of Problem
(30) is stated in Algorithm 3, with ObjpγRq denoting (38a)
evaluated at γR. Algorithm 3 is an instance of the SFP method,
and thus monotonically improves (30a) and converges to a
first-order optimal point of Problem (30) [59].

Algorithm 3 SFP for Problem (30)
ε ą 0; Select any feasible γR,0;
repeat
Let γR be the solution of Problem (38);
T “ }ObjpγRq ´ ObjpγR,0q}; γR,0 “ γR;

until T ď ε

B. Optimization of ΓT

Defining A “ HQHH , F “ GΓRC, Z “ ΓRC, leads to

max
ΓT

B log2

ˇ

ˇ

ˇ
INR ` σ´2FΓTAΓH

T FH
ˇ

ˇ

ˇ
(39a)

s.t. tr
´

ΓTAΓH
T

¯

ď trpAq (39b)

tr
´

ZΓTAΓH
T ZH

¯

´ tr
´

CΓTAΓH
T CH

¯

ď 0 (39c)

By the eigenvalue decomposition A “
řMT

m“1 βmvmvH
m , (39a)

becomes

C “ B log2

ˇ

ˇ

ˇ
INR

` FΓT

´

řMT

m“1
βm

σ2 vmvH
m

¯

ΓH
T FH

ˇ

ˇ

ˇ

“ B log2

ˇ

ˇ

ˇ
INR

`
řMT

m“1
βm

σ2 FVmγTγ
H
T V H

m FH
ˇ

ˇ

ˇ

“ B log2

ˇ

ˇ

ˇ
INR

`
řMT

m“1
βm

σ2 SmγTγ
H
T SH

m

ˇ

ˇ

ˇ
, (40)

with Vm “ diagpvmq and Sm “ FVm, for m “ 1, . . . ,MT .
Next, the left-hand-side of (39b) can be expressed as

trpΓTAΓH
T q “ tr

´

ΓT

´

řMT
m“1 βmvmvH

m

¯

ΓH
T

¯

(41)

“
řMT

m“1 βmtr
`

ΓTvmvH
mΓH

T

˘

“
řMT

m“1 βmtr
`

VmγTγ
H
T V H

m

˘

“ γH
T

´

řMT
m“1 βmV H

m Vm

¯

γH
T “ tr

´

DTγTγ
H
T

¯

,

with DT “
řMT

m“1 βmV H
m Vm. Similarly, (39c) becomes

tr
´

ET,1γ
H
T γT

¯

´ tr
´

ET,2γ
H
T γT

¯

ď 0 , (42)

with ET,1 “
řMT

m“1 βmZHV H
m VmZ, ET,2 “

řMT

m“1 βmCHV H
m VmC. Then, Problem (39) becomes

max
ΓT

log2

ˇ

ˇ

ˇ
INR `

řMT
m“1

βm

σ2 SmγTγ
H
T SH

m

ˇ

ˇ

ˇ
(43a)

s.t. tr
´

DTγTγ
H
T

¯

ď trpAq (43b)

tr
´

ET,1γTγ
H
T

¯

´ tr
´

ET,2γTγ
H
T

¯

ď 0 (43c)

Defining rΓT “ γTγ
H
T , Problem (43) can be reformulated as

max
rΓT ľ0,γT

log2

ˇ

ˇ

ˇ
INR `

řMT
m“1

βm

σ2 Sm
rΓTS

H
m

ˇ

ˇ

ˇ
(44a)

s.t. tr
´

DT
rΓT

¯

ď trpAq (44b)

tr
´

ET,1
rΓT

¯

´ tr
´

ET,2
rΓT

¯

ď 0 (44c)
„

rΓT γT

γH
T 1

ȷ

ľ 0 (44d)

trprΓT q ´ }γT }
2

ď 0 . (44e)

Proposition 6. If prΓ‹
T ,γ

‹
T q solves (44), then rankprΓ‹

T q “ 1.

Proof: The proof follows by the same argument as in
Proposition 5, applied at Problem (44).

The non-convexity of (44e) can be addressed by sequential
programming upon performing the first-order Taylor expansion
of }γT }2 around any feasible γT,0, which yields

trprΓT q ´ }γt}
2

ď trprΓT q ` }γT,0}
2

´ 2ℜtγH
T,0γT u . (45)

Then, the surrogate problem for the implementation of sequen-
tial programming can be obtained as

max
rΓT ľ0,γT

log2

ˇ

ˇ

ˇ
INR `

řMT
m“1

βm

σ2 Sm
rΓTS

H
m

ˇ

ˇ

ˇ
(46a)

s.t. tr
´

DT
rΓT

¯

ď trpAq (46b)

tr
´

ET,1
rΓT

¯

´ tr
´

ET,2
rΓT

¯

ď 0 (46c)
„

rΓT γT

γH
T 1

ȷ

ľ 0 (46d)

trprΓT q ` γH
T,0γT,0 ´ 2ℜtγH

T,0γT u ď 0 , (46e)

which is a convex problem that can be solved by standard
convex optimization tools. Thus, the sequential programming
framework for Problem (39) can be stated as in Algorithm
4, with ObjpγT q denoting (38a) evaluated at γT . Being an
instance of the SFP method, Algorithm 4 is guaranteed to
monotonically improve (39a) and converges to a first-order
optimal point of Problem (39) [59].

Algorithm 4 SFP for Problem (39)
ε ą 0; Select any feasible γT,0;
repeat
Let γT be the solution of Problem (38);
T “ }ObjpγT q ´ ObjpγT,0q}; γT,0 “ γT ;

until T ď ε
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C. Optimization of Q
Let us define Z1 “ 1

σGΓRCΓTH , Z2 “ ΓRCΓTH ,
Z3 “ CΓTH , and Z4 “ ΓTH . Then the problem becomes

max
Q

log2
ˇ

ˇINR ` Z1QZH
1

ˇ

ˇ

µtrpQq ` Pc
(47a)

s.t. trpZ4QZH
4 q ´ trpHQHH

q ď 0 (47b)

trpZ2QZH
2 q ´ trpZ3QZH

3 q ď 0 , (47c)

which is a pseudo-concave maximization subject to linear con-
straints that can be globally solved with polynomial complex-
ity by fractional programming techniques [59]. We observe,
however, that due to the presence of the global reflection
constraints (47b) and (47c), it is not possible to diagonalize
both the objective function and constraints, which prevents
from obtaining a closed-form solution.

D. Overall algorithm and computational complexity

The alternating maximization algorithm to tackle Problem
(6) is formulated as in Algorithm 5. In summary, Algorithm
5 initializes Q “ Q0, ΓT “ ΓT,0, and ΓR “ ΓR,0. Next,
it iteratively updates ΓR, given the current values of ΓT

and Q, by running Algorithm 3, then updates ΓT , given
the current values of ΓR and Q, by running Algorithm 4,
and then updates Q, given the current values of ΓR and
ΓT , by solving the convex Problem (47). This process is
iterated until the improvement in the EE value between two
consecutive iterations is below a threshold T . The convergence
and complexity of Algorithm 5 are discussed next.

Algorithm 5 Alternating maximization for Problem (6)
ε ą 0; Select any feasible Q0, ΓT,0, ΓR,0;
repeat
Let ΓR be the output of Algorithm 3, given
ΓT, and Q;
Let ΓT be the output of Algorithm 4, given
ΓR, and Q;
Let q be the solution of Problem (47), given
ΓR, and ΓT ;
T “ |EEppΓT ,ΓRq,Qq ´ EEppΓT,0,ΓR,0q,Q0q|;
ΓT “ ΓT,0, ΓR “ ΓR,0, Q “ Q0;

until T ď ε

1) Convergence: Algorithm 5 is provably convergent, as
shown in the next proposition.

Proposition 7. Algorithm 5 monotonically improves the value
of (6a) and converges in the value of the objective.

Proof: Algorithm 5 alternatively optimizes ΓR as the
output of Algorithm 3, ΓT as the output of Algorithm 4,
and Q as the solution of Problem (47). Both Algorithms
3 and 4 are instances of the SFP method, and thus mono-
tonically increase the value of the objective of (6a). As for
Q, as already mentioned, Problem (47) is optimally solved
by standard fractional programming tools. Thus, after solving
each subproblem of Algorithm 5, the objective in (6a) is not
decreased. Moreover, similarly to the single-stream scenario,
(6a) is upper-bounded. Thus it can not increase indefinitely
and Algorithm 2 converges in the value of the objective.

Remark 5. Algorithm 5 can be specialized to perform capac-
ity maximization, by simply setting µ “ 0. Indeed, this reduces
the denominator of (6a) to a constant.

2) Computational complexity: The computational complex-
ity of Algorithm 5 is due to running Algorithms 3 and 4, and
solving Problem (47) in each iteration. Algorithm 3 requires
the solution of a concave problem with MR `MRpMR `1q{2
variables. Thus, since the complexity of a convex problem with
n variables is upper-bounded, with respect to n, by n4 [60],
the complexity of Algorithm 3 is upper-bounded by

CR “ O

˜

I3

ˆ

MR `
MRpMR ` 1q

2

˙4
¸

, (48)

with I3 the number of iterations for Algorithm 3 to converge.
Similarly, Algorithm 4 requires the solution of a concave
problem with MT `MT pMT `1q{2, and, thus, its complexity
can be upper-bounded by

CT “ O

˜

I4

ˆ

MT `
MT pMT ` 1q

2

˙4
¸

, (49)

with I4 the number of iterations for Algorithm 4 to converge.
Instead, Problem (47) is a fractional maximization whose
objective has a concave numerator and a convex denominator.
Thus, recalling that a fractional function with m variables, con-
cave numerator, and convex denominator, can be maximized
subject to convex constraint with a complexity equivalent to
that of a convex problem with m ` 1 variables [59], the
complexity of Problem (47) can be upper-bounded by

CQ “ O
ˆ

NT pNT ` 1q

2

4˙

(50)

Finally, the overall complexity of Algorithm 5 can be upper-
bounded by

C5 “ I5 pCR ` CT ` CQq , (51)

with I5 the number of iterations for Algorithm 5 to converge.

VI. NUMERICAL ANALYSIS

For our numerical analysis, we consider the setup described
in Section II. The carrier frequency is fc “ 3.5GHz, the
wavelength is λ “ c{fc “ 0.086m, while the transmit signal
bandwidth is B “ 20MHz. The transmit metasurface is placed
at a height of 10m above the x-y plane of the reference system,
and with its center at the point of coordinates r0, 10, 0s. The
receive metasurface is parallel to the x-y plane of the reference
system, and d “ 500m away from the transmit metasurface.
Hence, its center has coordinates r0, 10, ds. The elements
of both metasurfaces are arranged in a 16 ˆ 8 rectangular
grid, and spaced at a distance of λ{8 from each other, with
the longer axis being parallel to the x-axis of the reference
system. Hence, unless otherwise specified, both metasurfaces
have MT “ MR “ 128 elements. The transmit and receive
antenna arrays are both uniform linear arrays placed above the
metasurface, as depicted in Fig. 1. Both arrays have antennas
spaced at λ{2 from other and, unless otherwise specified,
both are equipped with NT “ NR “ 4 digital antennas,
i.e. antennas with a full digital radio-frequency chain. Thus,
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denoting by D the length of the two arrays, the Fraunhofer
distance of both the transmit and receive antenna arrays is

dF “
2D2

λ
“ 2

`

3λ
2

˘2

λ
“

9

2
λ « 0.38m (52)

The center of the transmit antenna array is placed at coordi-
nates r0, 10.09, 0.18s m, which yields a distance between the
center of the transmit antenna array and the center of the trans-
mit metasurface of dT,RHB « 0.2m. The center of the receive
antenna array is placed at coordinates r0, 10.09, 0.18 ` ds m,
so that the distance between the center of the receive antenna
array and the center of the receive metasurface is dR,RHB “

dT,RHB « 0.2m, which is lower than the Fraunhofer distance.
Thus, signal propagation from the transmit antenna array to the
transmit metasurface, and from the receive metasurface to the
receive antenna array, can not be modeled according to the
traditional plane wave approximation. Instead, the spherical
wave model from Section II must be used for the channels
H and G. Instead, as far as the propagation between the
two metasurfaces is concerned, given the considered distance
of 500m, the far-field plane wave approximation holds for
the LoS component sC, which, however, is also subsumed
under the spherical wave model from Section II. However,
at a distance of 500m, it is not possible to neglect the
presence of the NLoS component rC. For this reason, we
model C as a realization of a Rice fading channel, with
Rician factor κ “ 4. Moreover, the path-loss parameters
are d0 “ 1m, PL0 “ p4πfcd0{cq2 “ 21500, ν “ 2.1,
and ζ a realization of a log-normal variable with standard
deviation σζ “ 4 dB [62]. Finally, unless otherwise specified,
we set P

psq

T “ P
psq

R “ ´10 dBm, P
paq

T “ P
paq

R “ 35 dBm,
PRHB,0 “ 0 dBm, Pc,0 “ 35 dBm, and µ “ 1. The noise
power spectral density is ´174 dBm/Hz, and the receive noise
figure is 5 dB. All figures present average results over 100
independent realizations of rC. First, results for the case in
which a single data-stream is transmitted are presented. Next,
the multi-stream case is discussed. Fig. 2 shows the EE versus
the maximum available transmit power Pmax obtained by the
following resource allocation policies:

‚ EE maximization by Algorithm 2, with MT “ MR “ 128.
‚ Capacity maximization by specializing Algorithm 2 as

described in Remark 4, with MT “ MR “ 128.
‚ EE maximization assuming the RIS-aided MIMO scenario

in which two metasurfaces are deployed in the far field of the
transceiver antennas. Specifically, the transmit metasurface is
deployed at a distance of 10λ beyond the Fraunhofer region
of the transmit antenna array, while the receive metasurface at
a distance of 10λ before the Fraunhofer region of the receive
antenna array, with λ the signal wavelength. Both metasurfaces
are equipped with 128 elements.

‚ Capacity maximization assuming the same RIS-aided
MIMO scenario described above, where the two metasurfaces
are deployed in the far field of the transceiver antennas.

‚ EE maximization assuming the RIS-aided MIMO sce-
nario, in which a single metasurface is deployed at the
midpoint of the distance between the transmitter and receiver,
and is equipped with 256 elements.

‚ Capacity maximization assuming the RIS-aided MIMO

scenario, in which a single metasurface is deployed at the
midpoint of the distance between the transmitter and receiver,
and is equipped with 256 elements.

‚ EE maximization by hybrid beamforming with 4 digital
radio-frequency chains and 128 phase shifters at both the
transmitter and receiver. A fully connected architecture is
considered for the phase shifters, and no metasurface are
employed. The adopted power consumption model follows
the same power consumption formula in (5) used for the
metasurfaces, with the only difference that P psq

T “ P
psq

R now
denotes the hardware power consumption of each phase shifter.
We assume P

psq

T “ P
psq

R “ 30mW [51], [52].
‚ Capacity maximization by hybrid beamforming with 4

digital radio-frequency chains and 128 phase shifters at both
the transmitter and receiver. A fully connected architecture
is considered for the phase shifters, and no metasurface are
employed. P

psq

T “ P
psq

R “ 30mW is the hardware power
consumption of each phase shifter.

‚ EE maximization assuming a fully digital MIMO array is
used, with NT “ NR “ 16 and no metasurface.

‚ Capacity maximization assuming a fully digital MIMO
array is used, with NT “ NR “ 16 and no metasurface.

The results indicate that the highest EE value is obtained
when the architecture based on metasurface is employed,
which outperforms all benchmarks. Notably, the use of fully-
digital beamforming yields the lower EE, since, in the consid-
ered scenario only one data-stream is transmitted, which limits
the multiplexing gain of the system to one, regardless of the
number of digital antennas that are used. Moreover, the results
also show that all techniques based on hybrid beamforming
and the traditional RIS-aided MIMO approach, in which one or
two metasurfaces are placed in the far-field of the transceiver
antennas, causes a visible decrease in EE. Fig. 3 considers

Fig. 2. Achieved EE versus maximum available transmit power Pmax for
single stream

the same scenario, focusing on the performance of the RHB-
based algorithms in the case in which the channel C has
been randomly generated, but with the constraint that it has
rank equal to one. The results show that the behavior of the
proposed algorithms remains similar also in the considered
rank-deficient scenario. Fig. 4, but the reported metric is the
achieved capacity rather than the EE. The results show that
the proposed RHB architecture provides satisfactory capacity
levels. On the other hand, also the use of hybrid beamforming
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Fig. 3. Achieved EE versus maximum available transmit power Pmax for
single stream with a rank-one channel C.

and fully-digital beamforming achieve high level of capacity,
since the capacity is not affected by the larger hardware power
consumption of these schemes. It is also worth observing that
the fully-digital beamforming solution does not achieve the
best capacity, because the use of a single-stream transmission
limits the multiplexing gain to one, regardless of the number of
transmit antennas, while the array gain of the solutions based
on RHB or hybrid beamforming is higher thanks to the large
number of reflecting elements or phase shifters. Finally, it is
seen that the capacity obtained by the RIS-aided approach
is significantly lower than that provided by the proposed
RHB technique, both with one and two RISs. Next, Fig. 5

Fig. 4. Capacity versus Pmax for single stream transmission.

shows the EE obtained by Algorithm 2 versus the hardware
power consumption of each radio-frequency antenna chain,
and compares it to the EE achieved for the following schemes:
(a) RIS-aided MIMO with two far-field RISs deployed in the
same scenario as in Fig. 2; (b) RIS-aided MIMO with one
far-field RIS deployed in the same scenario as in Fig. 2; (c)
fully-connected hybrid beamforming with the same parameters
as in Fig. 2; (d) fully digital MIMO beamforming with the
same parameters as in Fig. 2. The results confirm that the
use of the proposed RHB technique leads to a significant EE
improvement compared to the use of any of the benchmark
schemes. It is also seen that, as expected, the EE of all schemes
tend to zero as the power consumption of each radio-frequency
antenna chain increases. Next, Fig. 6 analyzes the performance
gap that is incurred when perfect CSI of the channel C is

Fig. 5. Achieved EE versus hardware power consumption per RF antenna
for single stream transmission.

not available at the transmitter, and an estimate pC is used
for resource allocation purposes. In particular, Fig. 6 shows
the achieved EE versus the normalized mean squared error
(NMSE) defined as

NMSE “

E
”

}C ´ pC}
2
F

ı

} pC}2F

, (53)

wherein }p¨q}F denotes the Frobenius norm. The EE that is
shown in the figure has been computed evaluating the EE in
(19a) at pQ,ΓT ,ΓRq output by Algorithm 2, but using the
true channel C. The figure considers the scenario in which
NT “ NR “ 4 and MT “ MR “ 128, and indicates that
our proposed algorithm is remarkably resilient to the lack
of perfect CSI. Indeed, only a very limited gap is observed
in terms of EE provided that the NMSE is below ´5 dB,
which can be typically obtained with a fairly good channel
estimation method. Of course, if the channel estimation is
particularly poor and the NMSE further increases, the per-
formance inevitably degrades. However, the performance gap
remains quite limited even when the NMSE is as large as 5 dB.

Fig. 6. Achieved EE versus NMSE for NT “ NR “ 4, MT “ MR “ 128.

Next, Tab. I reports the average number of iterations to reach
convergence for Algorithms 1 and 2, for different values of
MT “ MR “ M and Pmax. In all cases, the convergence
tolerance is ε “ 10´3. The results are averaged over 100
independent channel realizations. It is seen that, even for very
large values of M , only a few iterations are required to reach
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convergence in all cases.

TABLE I
NUMBER OF ITERATIONS TO REACH CONVERGENCE FOR ALGORITHMS 1

AND 2. ε “ 10´3 , M “ MT “ MR .

Algorithm 1 M “ 64 M “ 256 M “ 1024
Pmax “ 0 dBm 2.0 2.0 2.0
Pmax “ 30 dBm 2.0 2.0 2.1

Algorithm 2 M “ 64 M “ 256 M “ 1024
Pmax “ 0 dBm 2.0 2.0 2.0
Pmax “ 30 dBm 2.0 2.1 2.3

So far, we have presented results in which a data single-
stream is transmitted, which means that no multiplexing gain
is possible. As mentioned, this is always the case if either
the transmitter or the receiver is a mobile user with a single-
antenna, which is the typical assumption in massive MIMO
networks. On the other hand, in several practical scenarios,
both the transmitter and the receiver may be equipped with
multiple antennas. In this case, a multiplexing gain is possible,
and it is interesting to compare the EE and capacity of the
system with and without RHB, for different number of transmit
and receive antennas. Fig. 7 presents the achieved EE versus
the maximum available transmit power Pmax for multi-stream
transmissions, considering the following scenarios:

‚ Maximization of the EE by Algorithm 5, with NT “

NR “ 2, and MT “ MR “ 64.
‚ Maximization of the capacity by specializing Algorithm

5 as described in Remark 5.
‚ Maximization of the EE assuming that RHB is not used,

and NT “ NR “ 4, 8, 16.
‚ Maximization of the capacity assuming that RHB is not

used, and NT “ NR “ 4, 8, 16.
‚ Maximization of the EE assuming the RIS-aided MIMO

scenario in which two metasurfaces are deployed in the far
field of the transceiver antennas. Specifically, the transmit
RIS is deployed at a distance of 10λ beyond the Fraunhofer
region of the transmit antenna array, while the receive RIS at
a distance of 10λ before the Fraunhofer region of the receive
antenna array, with λ the signal wavelength. Both metasurfaces
are equipped with 64 elements.

‚ Capacity maximization assuming the same RIS-aided
MIMO scenario described in the item above, where the two
metasurfaces are deployed in the far field of the transceiver
antennas, as described in the previous item. Both metasurfaces
are equipped with 64 elements.

‚ EE maximization assuming the RIS-aided MIMO scenario
in which a single metasurface is deployed at the midpoint of
the distance between transmitter and receiver, and is equipped
with 128 elements.

‚ Capacity maximization assuming the RIS-aided MIMO
scenario in which a single metasurface is deployed at the
midpoint of the distance between transmitter and receiver, and
is equipped with 128 elements.

The results indicate that using RHB provides the highest
EE, even if the system with RHB has a multiplexing gain of
2, while using a larger number of transmit/receive antennas

provides a larger multiplexing gain, equal to 4, 8, or 16. It
is also seen that the EE gain diminishes for higher values
of Pmax, and the configuration with 16 antennas performs
similarly to the system with RHB. This result indicates that
while digital architectures can perform competitively at high
transmit power, they appear to incur higher energy consump-
tion due to the large number of RF chains, especially at low
and moderate transmit power levels, despite the presence of a
multiplexing gain. Moreover, it is seen that both the allocation
strategies based on the RIS-aided MIMO technology suffer a
performance gap compared to the use of RHB. Overall, these
results confirm that the use of RHB at both the transmitter
and receiver leads to significantly better EE in low/moderate
power regimes, and can maintain competitive EE even as the
transmit power increases.

Fig. 7. Achieved EE versus maximum available transmit power Pmax for
multiple stream

Fig. 8 considers the same resource allocation schemes as
Fig. 7, but shows the achieved capacity instead of EE. In this
case, the system with RHB provides better capacity levels than
the fully digital architectures only at low to moderate power
levels. Instead, at higher power levels, the RHB-based archi-
tecture suffers a significant gap compared to the fully digital
architectures, due to the higher multiplexing gain provided by
the use of a larger number of transmit/receive antennas. This
results was expected since the energy cost required to provide a
higher multiplexing gain is not accounted for, if capacity is the
goal of the resource allocation. Thus, if capacity maximization
is the objective of the resource allocation process, without
any concerns for EE or architecture complexity, then digital
beamforming provides better results. Moreover, it is also seen
that the use of RHB still outperforms the RIS-aided MIMO
technology, with both one and two RISs.

Fig. 9 parallels Fig. 5 for the multi-stream scenario. Specif-
ically, it shows the EE obtained by Algorithm 5 with MT “

MR “ 64 and NT “ NR “ 2 versus the hardware power con-
sumption per RF antenna, and compares it to the EE achieved
when no RHB is used, but NT “ NR “ 4, 8, 16. Moreover,
the EE obtained by the RIS-aided technique with one and
two RISs is also reported. The comparison is made for three
values of Pmax, namely Pmax “ 20, 30, 35 dBm. The results
show that, for Pmax “ 20 dBm, the use of RHB provides
higher EE compared to the use of digital beamforming, despite
the fact that, in the multi-stream scenario, a multiplexing gain
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Fig. 8. Capacity versus maximum available transmit power Pmax for multiple
stream

equal to the number of digital antennas is present. As Pmax

increases, the EE of the RHB-based solution is still higher than
that obtained by digital beamforming for low and moderate
values of Pmax, whereas, for higher values of Pmax a crossing
point is observed as the number of antennas increase. This
is explained observing that, for large transmit powers, it
becomes optimal to transmit as many data-streams as the
system multiplexing gain allows. Moreover, it is also seen that
the RIS-aided MIMO solutions with far-field deployment are
always outperformed by the considered RHB technique.

Next, Tab. II shows the rank of the transmit covariance
matrix Q that is output by Algorithm 5, in the special case in
which the channel C has been randomly generated, but with
the constraint that it has rank equal to one. For this simulation,
it has been assumed NT “ NR “ 2 and MT “ MR “ 256.
The data shows that Algorithm 5 naturally outputs a matrix Q
with rank one, for all values of Pmax. This is expected, since
it would be sub-optimal to use a matrix with higher rank in
the considered rank-deficient scenario.

TABLE II
RANK OF THE MATRIX Q OUTPUT BY ALGORITHM 5 WITH A RANK-ONE

CHANNEL C . NT “ NR “ 2, MT “ MR “ 256.

PmaxrdBms ´30 ´10 10 30
rankpQq 1 1 1 1

Finally, Tab. III analyzes the average number of iterations
to reach convergence for Algorithms 3, 4, and 5 for different
values of MT “ MR “ M and Pmax. In this case, given
the higher complexity of the resource allocation in the multi-
stream scenario, lower values of the number of reflecting
elements M are considered. In all cases, the convergence
tolerance is ε “ 10´3. The results are averaged over 100
independent channel realizations. The results show that the
Algorithm 5 for overall resource allocation converges in a
handful of iterations. Instead, a larger number, but still af-
fordable, number of iterations is required for Algorithms 3
and 4 to reach convergence. It is also noted that Algorithm 3
requires more iterations than Algorithm 4 to converge. This is
justified observing that Algorithm 3 is the first optimization
routine that is run within Algorithm 5, thus operating on a

non-optimized ΓT , whereas Algorithm 4 is run always after
Algorithm 3, thus operating on an optimized ΓR.

TABLE III
NUMBER OF ITERATIONS TO REACH CONVERGENCE FOR ALGORITHMS 3,

4, AND 5. ε “ 10´3 , M “ MT “ MR .

Algorithm 3 M “ 64 M “ 81
Pmax “ 0 dBm 41.7 50.4
Pmax “ 30 dBm 48.3 51.6

Algorithm 4 M “ 64 M “ 81
Pmax “ 0 dBm 11.3 14.8
Pmax “ 30 dBm 10.9 15.7

Algorithm 5 M “ 64 M “ 81
Pmax “ 0 dBm 3.9 3.1
Pmax “ 30 dBm 4.0 4.2

VII. CONCLUSION

This work has considered the problem of EE maximization in
a MIMO wireless link aided by RHB implemented through
two metasurfaces with global power reflection constraints.
Closed-form solutions have been obtained for the single-
stream scenario, while provably convergent numerical algo-
rithms have been provided in the multiple-antenna case, with
multi-stream transmission. The analysis shows that, the use
of RHB provides significant EE gains in practical scenarios.
A future line of investigation is the consideration of system
optimization in the electromagnetic domain [63], which leads
to more complicated system models.
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mization of reconfigurable intelligent surfaces and dynamic metasurface
antennas for massive MIMO communications,” in IEEE 12th Sensor
Array and Multichannel Signal Processing Workshop (SAM), 2022.

[26] L. You, J. Xu, G. C. Alexandropoulos, J. Wang, W. Wang, and X. Gao,
“Energy efficiency maximization of massive MIMO communications
with dynamic metasurface antennas,” IEEE Transactions on Wireless
Communications, vol. 22, no. 1, pp. 393–407, 2022.

[27] Q. Yang, A. Guerra, F. Guidi, N. Shlezinger, H. Zhang et al., “Beam
focusing for near-field multi-user localization,” IEEE Transactions on
Vehicular Technology, vol. in press, 2025.

[28] R. Deng, B. Di, H. Zhang, D. Niyato, Z. Han, H. V. Poor, and L. Song,
“Reconfigurable holographic surfaces for future wireless communica-
tions,” IEEE Wireless Communications, vol. 28, no. 6, pp. 126–131,
December 2021.

[29] R. Deng, Y. Zhang, H. Zhang, B. Di, H. Zhang, H. V. Poor, and L. Song,
“Reconfigurable holographic surfaces for ultra-massive MIMO in 6G:
Practical design, optimization and implementation,” IEEE journal on
selected areas in communications, vol. 41, no. 8, pp. 2367–2379, 2023.

[30] S. Zeng, H. Zhang, B. Di, H. Qin, X. Su, and L. Song, “Reconfigurable
refractive surfaces: An energy-efficient way to holographic MIMO,”
IEEE Communications Letters, vol. 26, no. 10, pp. 2490–2494, 2022.

[31] B. Di, H. Zhang, Z. Han, R. Zhang, and L. Song, “Reconfigurable
holographic surface: A new paradigm for ultra-massive MIMO,” IEEE
Transactions on Cognitive Communications and Networking, 2025.

[32] Q. Li, M. El-Hajjar, Y. Sun, I. Hemadeh, A. Shojaeifard, and L. Hanzo,
“Energy-efficient reconfigurable holographic surfaces operating in the
presence of realistic hardware impairments,” IEEE Transactions on
Communications, vol. 72, no. 8, pp. 5226–5238, 2024.

[33] A. T. Joy et al., “From reconfigurable intelligent surfaces to holographic
MIMO surfaces and back,” in 2024 18th European Conference on
Antennas and Propagation (EuCAP), 2024, pp. 1–5.

[34] A. Adhikary, A. D. Raha, Y. Qiao, Y. M. Park, Z. Han, and C. S.
Hong, “A power allocation framework for holographic MIMO-aided
energy-efficient cell-free networks,” in IEEE International Conference
on Communications (ICC), 2024, pp. 5546–5552.

[35] J. Jalali, M. Darabi, and R. C. de Lamare, “Shape adaptive reconfigurable
holographic surfaces,” https://arxiv.org/abs/2503.21542, 2025.

[36] Y. Song, J. Jalali, F. Lemic, N. Devroye, and J. Famaey, “Miniature
UAV empowered reconfigurable energy harvesting holographic surfaces
in THz cooperative networks,” https://arxiv.org/abs/2411.18791, 2025.

[37] J. An, C. Xu, D. W. K. Ng, G. C. Alexandropoulos, C. Huang, C. Yuen,
and L. Hanzo, “Stacked intelligent metasurfaces for efficient holographic
MIMO communications in 6G,” IEEE Journal on Selected Areas in
Communications, vol. 41, no. 8, pp. 2380–2396, August 2023.

[38] B. Zheng, C. You, and R. Zhang, “Double-IRS assisted multi-user
MIMO: Cooperative passive beamforming design,” IEEE Transactions
on Wireless Communications, vol. 20, no. 7, pp. 4513–4526, 2021.

[39] G. Interdonato, F. Di Murro, C. D’Andrea, G. Di Gennaro, and S. Buzzi,
“Approaching massive MIMO performance with reconfigurable intelli-
gent surfaces: We do not need many antennas,” IEEE Transactions on
Communications, vol. 73, no. 6, pp. 4000–4016, 2024.

[40] A. Mishra, Y. Mao, C. D’Andrea, S. Buzzi, and B. Clerckx, “Tansmitter
side beyond-diagonal reconfigurable intelligent surface for massive
MIMO networks,” IEEE Wireless Communications Letters, vol. 13,
no. 2, pp. 352–356, February 2024.

This article has been accepted for publication in IEEE Transactions on Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCOMM.2026.3681638

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



16

[41] W. Mei and R. Zhang, “Multi-beam multi-hop routing for intelligent re-
flecting surfaces aided massive MIMO,” IEEE Transactions on Wireless
Communications, vol. 21, no. 3, pp. 1897–1912, 2022.

[42] C. You, B. Zheng, and R. Zhang, “Wireless communication via double
IRS: Channel estimation and passive beamforming designs,” IEEE
Wireless Communications Letters, vol. 10, no. 2, pp. 431–435, 2021.

[43] A. Zappone, B. Matthiesen, and A. Dekorsy, “Energy efficiency of holo-
graphic transceivers based on RIS,” in IEEE Global Communications
Conference (GLOBECOM), 2022, pp. 4613–4618.

[44] S. Zeng, H. Zhang, B. Di, and L. Song, “Reconfigurable refractive
surface-enabled multi-user holographic MIMO communications,” IEEE
Transactions on Wireless Communications, vol. 23, no. 5, pp. 4845–
4860, 2023.

[45] A. Tunalı et al., “Energy efficiency maximization in MIMO links aided
by metasurfaces with global reflection constraints,” EURASIP Journal
on Advances in Signal Processing, no. 1, 2025.

[46] A. Zappone, M. Di Renzo, F. Shams, X. Qian, and M. Debbah,
“Overhead-aware design of reconfigurable intelligent surfaces in smart
radio environments,” IEEE Transactions on Wireless Communications,
vol. 20, no. 1, pp. 126–141, 2021.

[47] L. You, J. Xiong, D. W. K. Ng, C. Yuen, W. Wnag, and X. Gao, “Energy
efficiency and spectral efficiency tradeoff in RIS-aided multiuser MIMO
uplink transmission,” IEEE Transactions on Signal Processing, vol. 69,
pp. 1407–1421, 2021.

[48] V. Sharma et al., “A pricing-based approach for energy-efficiency
maximization in RIS-aided multi-user MIMO SWIPT-enabled wireless
networks,” IEEE Access, vol. 10, pp. 29 132–29 148, 2022.

[49] M. Soleymani, I. Santamaria, E. A. Jorswieck, R. Schober, and L. Hanzo,
“Optimization of the downlink spectral- and energy-efficiency of RIS-
aided multi-user URLLC MIMO systems,” IEEE Transactions on Com-
munications, vol. 73, no. 5, pp. 3497–3513, 2025.

[50] M. Di Renzo, F. H. Danufane, and S. Tretyakov, “Communication mod-
els for reconfigurable intelligent surfaces: From surface electromagnetics
to wireless networks optimization,” Proceedings of the IEEE, vol. 110,
no. 9, pp. 1164—1209, 2022.

[51] Z. Li, J. Zhang, J. Zhu, S. Jin, and L. Dai, “Enhancing energy efficiency
for reconfigurable intelligent surfaces with practical power models,”
https://arxiv.org/abs/2310.15901, 2023.

[52] R. Mendez-Rial et al., “Hybrid MIMO architectures for millimeter wave
communications: Phase shifters or switches?” IEEE Access, vol. 4, pp.
247—267, 2016.

[53] I. S. Song et al., “A low power LNA-phase shifter with vector sum
method for 60 GHz beamforming receiver,” IEEE Microwave and
Wireless Components, 2015.

[54] V. Degli-Esposti, E. M. Vitucci, M. Di Renzo, and S. Tretyakov,
“Reradiation and scattering from a reconfigurable intelligent surface:
A general macroscopic model,” IEEE Transactions on Antenna and
Propagation, vol. 70, no. 10, pp. 8691—8706, 2022.

[55] C. Feng, H. Lu, Y. Zeng, T. Li, S. Jin, and R. Zhang, “Near-field
modelling and performance analysis for extremely large-scale IRS com-
munications,” IEEE Transactions on Wireless Communications, vol. 23,
no. 5, pp. 4976–4989, 2024.

[56] S. Yue, S. Zeng, L. Liu, Y. C. Eldar, and B. Di, “Hybrid near-far
field channel estimation for holographic MIMO communications,” IEEE
Transactions on Wireless Communications, vol. 23, no. 11, pp. 15 798–
15 813, 2024.

[57] R. K. Fotock, A. Zappone, and M. Di Renzo, “Energy efficiency
optimization in RIS-aided wireless networks: Active versus nearly-
passive ris with global reflection constraints,” IEEE Transactions on
Communications, vol. 72, no. 1, pp. 257–272, 2023.

[58] R. Corless, G. Gonnet, D. Hare, D. Jeffrey, and D. Knuth, “On the
lambert W function,” Advances in Computational Mathematics,, vol. 5,
no. 1, pp. 329–359, 1996.

[59] A. Zappone and E. A. Jorswieck, “Energy efficiency in wireless net-
works via fractional programming theory,” Found. and Trends® in
Commun. and Inf. Theory, vol. 11, no. 3-4, pp. 185–396, 2015.

[60] A. Ben-Tal and A. Nemirovski, “Lectures on modern convex optimiza-
tion,” MPS-SIAM, 2001.

[61] C. Pan, G. Zhou, K. Zhi, S. Hong, T. Wu et al., “An overview of
signal processing techniques for RIS/IRS-aided wireless systems,” IEEE
Journal of Selected Topics in Signal Processing, vol. 16, no. 5, pp. 883–
917, 2022.

[62] ETSI, “Technical report,” ETSI TR 138 901 V 18.0.0, 2020.
[63] M. W. Shabir, M. Di Renzo, A. Zappone, and M. Debbah, “Electro-

magnetically consistent optimization algorithms for the global design of
RIS,” IEEE Wireless Communications Letters, vol. 14, no. 5, pp. 1286–
1290, 2025.

Robert Kuku Fotock (Senior Member, IEEE) re-
ceived the Ph.D. degree in wireless communications
from the University of Cassino and Southern Lazio
(UNICAS), Italy. He was a Marie Curie Fellow with
CNIT, Italy. His research focuses on physical-layer
design for beyond-5G and 6G wireless networks,
with particular emphasis on reconfigurable intelli-
gent surfaces and holographic surfaces. He is cur-
rently a Postdoctoral Researcher with the University
of Cassino and Southern Lazio, Italy.

Alessio Zappone (Fellow, IEEE) received the Ph.D.
degree from the University of Cassino and Southern
Lazio. He has been a Research Associate at the TU
Dresden, Germany, from 2012 to 2016, and a Post-
Doctoral Marie Curie Fellow at Centralesupelec,
France, from 2017 to 2019. He is now a tenured
Professor at the University of Cassino and Southern
Lazio. His research interests lie in the area of com-
munication theory and signal processing, with main
focus on resource allocation and energy efficiency.
For his research, he received the IEEE Marconi Prize

Paper Award in Wireless Communications in 2021, the IEEE Communications
Society Fred W. Ellersick Prize in 2023, the IEEE Communications Society
Best Tutorial Paper Award in 2024, and the EURASIP JWCN Best Paper
Award in 2021. He serves as editor of the IEEE Transactions on Wireless
Communications, area editor of the IEEE Communications Letters, and has
served as senior editor of the IEEE Signal Processing Letters.

Agbotiname Lucky Imoize (Senior Member, IEEE)
is a Marie Curie Fellow with CNIT and Politecnico
di Torino, Italy. Earlier, he has been a research
scholar at Ruhr University, Bochum, Germany; a
lecturer at the University of Lagos, Nigeria; a lec-
turer at Bells University of Technology, Nigeria.
His research interests include 6G wireless commu-
nications, reconfigurable holographic surfaces, and
wireless security systems. He was awarded the Ful-
bright Fellowship as a visiting researcher with the
Wireless@VT Laboratory in the Bradley Department

of Electrical and Computer Engineering at Virginia Tech, USA. He is the vice
chair of the IEEE Communication Society Nigeria chapter and a registered
engineer with the Council for the Regulation of Engineering in Nigeria.

Marco Di Renzo (Fellow, IEEE) received the Lau-
rea (cum laude) and Ph.D. degrees in electrical
engineering from the University of L’Aquila, Italy,
in 2003 and 2007, respectively, and the Habilitation
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