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Abstract 

This work develops two radio resource allocation algorithms to optimize the energy 
efficiency of a multiple-input multiple-output (MIMO) communication system 
where a metasurface is deployed near the transmit antenna array to create a recon-
figurable holographic beamforming structure. The design involves jointly optimizing 
the transmit covariance matrix and the reflection coefficients of the reconfigurable 
holographic surface (RHS). Two methods are proposed for this joint optimization. In 
both approaches, the RHS matrix is optimized using sequential fractional program-
ming. However, the transmit covariance matrix is optimized differently: the first 
method employs fractional programming, while the second method utilizes a search 
within a standard-compliant codebook. The two algorithms are compared, show-
ing that the codebook-based method achieves performance with only a limited gap 
compared to the more complex sequential fractional programming algorithm. The 
analysis considers both a nearly-passive RHS and an active one equipped with analog 
amplifiers.

Keywords:  Holographic beamforming, Reconfigurable holographic metasurfaces, 
Reconfigurable intelligent surfaces, Energy efficiency, Radio resource allocation

1  Introduction
The use of reconfigurable metasurfaces has emerged as a major candidate technology 
for future wireless 6G networks, due to their energy efficiency (EE) and the possibility 
to deploy a larger number of electromagnetic elements than with a traditional antenna 
array [1–4]. Increasing the EE of wireless networks is a major requirement of future 
6G networks, because leading 5G technologies based on active antennas require a high 
energy consumption, which is not sustainable due to the rapid growth of mobile con-
nectivity demands and rise of new services. In [5], it is argued that 5G technologies like 
massive multiple-input multiple-output (MIMO) provide much higher rate levels, but 
at the price of a power consumption that can be up to three times higher than legacy 
4G technologies, mainly due to the large size of digital antenna arrays. In this context, 
metasurfaces allow for the possibility of reducing the number of antennas deployed at 
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the transmitter and receiver, without sacrificing array gain thanks to the large number of 
surface elements. Moreover, metasurfaces can be either nearly-passive, i.e. no amplifier 
is equipped at the metasurface, and the only energy that is required for their operation is 
that needed to operate the hardware components that enable the reconfiguration of the 
reflecting elements, or active, i.e. analog amplifiers are equipped at the metasurface, to 
combat the so-called double or multiplicative fading effect [6, 7]. However, while active 
reconfigurable metasurfaces provide higher rate, their EE may be lower than that pro-
vided by nearly-passive metasurfaces, due to the additional energy consumption caused 
by the presence of the analog amplifiers [8].

1.1 � Prior work

The majority of available works focus on metasurface-aided systems with multiple-
antenna base stations (BSs), but single-antenna mobile terminals. This results in a sys-
tem with array gain, but no multiplexing gain, thus severely limiting the rate and EE that 
can be achieved. Nevertheless, multiple-input single-output (MISO) channels are typi-
cally considered in metasurface-aided literature, because this scenario is more mathe-
matically tractable than a full MIMO system. In the context of EE optimization, the vast 
majority of previous studies assumes the metasurfaces are deployed far from the trans-
mit antennas [9, 10], and subsequent works along this line of research. In this context, 
metasurfaces are typically referred to as reconfigurable intelligent surfaces (RISs), and 
far-field propagation through the traditional plane wave model is assumed. In [11], the 
BS transmit power is minimized in a vehicular network aided by an omnidirectional RIS. 
In [12], sum-rate maximization and power consumption minimization are addressed in 
a RIS-aided network, through the allocation of the RIS reflection coefficients, and BS 
transmit powers. Different hardware architectures for active RISs are explored in [13], 
maximizing the system EE through the optimization of the RIS reflection coefficients 
and transmit beamforming. In [14], the EE of a multi-user RIS-aided MISO network is 
maximized by allocating the BS beamforming and the RIS reflection coefficients. In [15], 
a hybrid RIS is considered, which is equipped with both nearly-passive and active ele-
ments. The amount of passive and active elements to be used is optimized with the goal 
of maximizing the minimum EE of the mobile terminals, assuming a single-antenna BS. 
In [16], a satellite communication in the presence of an eavesdropper is considered, in 
which an active RIS with local reflection capabilities is used to boost the received power. 
In [8], the uplink of a MISO system is considered, and the EE is maximized with respect 
to the RIS reflection coefficients, the users transmit powers, and BS receive filters, and 
considering both passive and active metasurfaces. In [17], the secrecy EE of an RIS-aided 
network is maximized by deep reinforcement learning. In [18], alternating maximization 
and sequential programming are used to maximize the EE of a multi-user network with 
secrecy constraints enforced on the communication content. Similarly, in [19], sequen-
tial programming and alternating optimization are combined to optimize the minimum 
among the EEs of the mobile users in a multi-user network.

Besides their application as a way of controlling the propagation environment, more 
recently, the use of reconfigurable metasurfaces has been proposed also as an efficient 
way of implementing holographic beamforming [20, 21]. In this case, the metasurface 
is commonly referred to as a reconfigurable holographic surface (RHS). Compared to 
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active antenna arrays, RHSs have a lower energy expenditure [22] and can be equipped 
with a larger number of antenna elements [23–25]. RHSs are being considered an 
energy-efficient evolution of the massive MIMO technology [26]. In [27] 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 beam-
former, the digital beamformer, and the transmit power. A near-field channel model was 
proposed in [28], and the capacity limit of a point-to-point MIMO system with holo-
graphic beamforming is investigated.

In [29], the use of stacked intelligent metasurfaces (SIMs) has been explored for holo-
graphic beamforming. In this context, a MIMO system is considered, and the SIM is 
designed to establish a desired equivalent MIMO channel. In [30], RHSs are considered 
for THz-based networks, developing a model and analyzing the resulting performance. 
In [31], an electromagnetic framework for designing a holographic surface is developed. 
The performance and power consumption of the framework were compared to those 
of passive metasurfaces and MIMO digital antenna arrays. In [32], channel models for 
holographic MIMO communications are developed, and the system spectral efficiency 
is analyzed. In all papers on RHSs mentioned above, the RHS is wired to the radio fre-
quency chains of the transceiver. On the other hand, fewer works consider holographic 
beamforming by RHSs that are not wired with the antenna feeders. In this configuration, 
the RHS is simply deployed in the vicinity of the transceiver to reflect/refract the signal 
transmitted by the digital antennas. The EE of this system is analyzed in [33], consid-
ering metasurfaces with local reflection capabilities. In [34], one RHS is placed in the 
near-field of the transmitter, and its size is optimized for EE maximization. A similar 
metasurface architecture is also considered in [35, 36], where it is referred to as recon-
figurable intelligent BS. The use of an RHS has been considered also in networks aided 
by unmanned aerial vehicles (UAVs), as a way of aiding the communications and per-
forming energy harvesting to power the UAV [37]. Wireless RHSs are also considered 
in [38], where 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. All previous works did not consider EE optimization in 
systems with multiple antennas at both the transmitter and receiver. Indeed, only a few 
studies have focused on EE optimization in metasurface-aided MIMO systems, and the 
optimal EE in this scenario is still an open problem. In [39], upper- and lower-bounds on 
the EE of a MIMO link are optimized assuming a single-stream transmission. In [40], the 
trade-off between EE and spectral efficiency is studied, employing the weighted mini-
mum mean squared error method to tackle the problem. In [41], the EE of a MIMO link 
employing simultaneous wireless information and power transfer (SWIPT) is consid-
ered. However, this work does not optimize the EE, which is defined as the ratio between 
rate and power consumption, addressing instead the simpler problem of minimizing the 
difference between rate and power. In [42], a MIMO network with finite block-length 
transmissions is considered, and the network EE is optimized through sequential frac-
tional programming.

1.2 � Contributions

Building on the context outlined above, this work presents the following contributions:
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•	 We address the problem of EE maximization in a MIMO link, i.e. both the trans-
mitter and the receiver have multiple antennas. In addition, a metasurface is 
deployed in the immediate vicinity of the transmit array, but is not wired to the 
transmitter. Although a single link is considered, the presence of multiple anten-
nas at both ends of the communication makes the problem very challenging, due 
to the more complex expression of the EE that emerges. The model proposed is 
sufficiently general to encompass both far-field and near-field signal propagation, 
allowing to consider the deployment of the metasurface in the near-field of the BS 
antennas.

•	 In the considered setup, we develop a novel, provably convergent, optimization 
algorithm for EE maximization, based on a new reformulation of rank-one con-
straints coupled with sequential programming. Unlike other available optimiza-
tion approaches for MIMO links with metasurfaces, the proposed approach lim-
its the use of sequential optimization to a vector-valued function, rather than a 
matrix-valued function, thus reducing the computational complexity.

•	 In addition, we consider the optimization of the transmit covariance matrix by 
two approaches, one that employs fractional programming techniques, and 
another one that makes use of standard-compliant codebooks. The performance 
in the two cases is compared to assess the gap between practical, standard-com-
pliant approaches and theoretical optimization techniques. Numerical results are 
provided to evaluate the performance of the proposed optimization methods.

•	 All points above are developed considering metasurfaces with global reflection 
constraints, which are more general than classical metasurfaces with local reflec-
tion constraints. Specifically, while local metasurface treat each reflecting element 
separately, enforcing that each local reflection coefficient has modulus not greater 
than one, the global reflection constraint enforces that the total power reflected by 
the complete metasurface is not greater than the total power that impinges on the 
metasurface.

2 � System model
Let us consider a single-user MIMO link, in which a BS with NT  antennas com-
municates with a mobile terminal with NR antennas, through a nearly-passive RHS 
equipped with N reflecting elements. Both transmit and receive antenna arrays, and 
RHS elements, are arranged in a rectangular pattern, with horizontal and vertical 
spacing (�h,t ,�v,t) for the transmit antenna array, (�h,r ,�v,r) for the receive antenna 
array, and (�h,�v) for the RHS. The RHS is deployed within the region defined by 
the Fraunhofer distance from the transmitter, and therefore it is within the near-field 
zone of the transmit antenna array. We recall that the Fraunhofer distance for a pla-
nar array is given by

(1)r =
2D2

�
,
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where � is the wavelength of the transmit signal and D is the aperture of the antenna 
array, which, for a rectangular array is equal to the largest of the two dimensions.

2.1 � Channel model

Let H and G denote the N × NT and NR × N  channels between the BS and the RHS 
and between the RHS and the receiver. As for the channel matrix H , since the RHS is in 
the near-field of the transmit array, its entries follow the (deterministic) spherical wave 
equation, i.e. the (n, m) element of H , with n = 1, . . . ,N  and m = 1, . . . ,NT , is expressed 
as

wherein rRHSn  and rBSm  are the vectors defining the 3D positions of the n-th RHS ele-
ment and m-th BS antenna, αBS

m,n denotes the transmit gain of the m-th transmit antenna 
toward the n-th RHS element and αRHS

m,n  denotes the receive gain of the n-th RHS ele-
ment from the m-th transmit antenna. The gains αBS

m,n and αRHS
m,n  are expressed as

with ρBS
n,m and ρRHS

n,m  the standard directivity factors of the BS antenna array and RHS, 
respectively [43, 44].

Instead, as for the channel matrix G between the RHS and the receiver, a traditional far 
field model holds, and in particular we consider that each entry of G is a realization of a 
Rice random variable with factor K, scaled by the path-loss coefficient

where PL0 is the path-loss at the reference distance d0 , d is the distance between the RHS 
and the receiver, and ν is the path-loss exponent.

1 � Remark 1

In the following, perfect channel state information (CSI) is assumed to be available for 
resource allocation purposes. As for the channel H , it follows the deterministic model 
described above, and so it is perfectly known since both the BS and the RHS are fixed 
devices. As for the channel G , it is affected by random fading, and so it must be estimated. 
During the channel estimation phase, it is possible to set the RHS reflection matrix to the 
identity matrix, or to any other fixed matrix that simplifies the estimation process. Thus, 
recalling that H is deterministically known, the estimation of G reduces to the estima-
tion of a conventional MIMO channel, which can be accomplished by traditional blind 
or pilot-based methods. We assume that the resulting estimation error is negligible at the 

(2)H(n,m) =
�

4π

√
αRHS
n,m αBS

n,m

e−j(2π/�)�rRHSn −rBSm �

�rRHSn − rBSm �
,

(3)αBS
n,m =

4π

�2
�h,t�v,tρ

BS
n,m

(4)αRHS
n,m =

4π

�2
�h�vρ

RHS
n,m ,

(5)PL = PL0

(
d

d0

)−ν

,
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design stage, which is realistic for scenarios in which the receiver has low-mobility, e.g. 
to indoor scenarios, or outdoor scenarios with pedestrian mobile users. Nevertheless, the 
performance analysis in Sect. 6 addresses the mismatch between the estimated channel 
and the true channel, showing that the algorithms proposed are robust against imperfect 
CSI at the transmitter.

2.2 � Problem formulation

After defining the channel model, let us denote by Q the transmit covariance matrix, 
Ŵ = diag(γ1,1, . . . , γN ,N ) the RHS matrix, s the NT × 1 vector of transmit symbols, with 
E[ssH ] = INT , n ∼ CN (0, σ 2I) the thermal noise at the receiver, B the communication 
bandwidth. Then, the signal that impinges on the RHS is given by

and so, after applying the reflection matrix Ŵ , and propagation over the channel G , the 
signal received at the final destination is given by

wherein we have exploited the fact that the metasurface does not introduce any noise 
amplification, being a passive device. Moreover, let us denote by µ ≥ 1 the inverse of the 
transmit amplifier efficiency, and by Pc the total hardware power consumed in the sys-
tem, which can be modeled as

wherein Pc,n is the static power consumed by each metasurface element, Pc,t is the 
static power consumed by each antenna of the transmit array, Pc,r is the static power 
consumed by each antenna of the receive array, and Pc,0 is the static power consumed 
by all other circuitry in the system. Then, the total power consumption of the system is 
Pt = µtr(Q)+ Pc , and the system capacity and EE are given by

In this work, we consider a metasurface with global reflection constraints. As opposed 
to metasurface with local reflection constraints, in which each reflection coefficient is 
separately constrained to have modulus lower than one, in a metasurface with global 
reflection constraints, a single reflection constraint is enforced on all of the reflection 
coefficients, requiring that the reflection matrix Ŵ is such that Pout ≤ Pin , wherein Pout is 
the power that departs from the metasurface and Pin is the power that impinges on the 
metasurface. These powers are given by

(6)r = HQ1/2s,

(7)y = GŴHQ1/2s + n,

(8)Pc = NPc,n + NTPc,t + NRPc,r + Pc,0,

(9)C = B log2

∣∣∣∣I +
1

σ 2
GŴHQHHŴHGH

∣∣∣∣ , [bit/s]

(10)EE =
C

Pt
= B

log2

∣∣∣I + 1
σ 2GŴHQHHŴHGH

∣∣∣
µtr(Q)+ Pc

, [bit/J]

(11)Pin = E[tr(HQ1/2ssHQ1/2HH )] = tr(HQHH )
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Thus, the global reflection constraint at the metasurface is formulated as

Moreover, denoting by Pmax the maximum transmit power at the BS, the problem of 
EE maximization with respect to the metasurface matrix and the transmit covariance 
matrix can be cast as 

Problem (14) is a non-convex fractional program, which cannot be solved by simply 
applying convex optimization or fractional programming theory, due to the fact that 
the numerator of (14a) is not jointly concave in (Q,Ŵ) and the constraint in (14b) is not 
jointly convex in (Q,Ŵ) . The rest of this work proposes two iterative schemes to tackle 
(14), one that employs the sequential fractional programming framework together with 
a reformulation of the RHS optimization problem, and another one that performs the 
optimization of Q based on a search in a standard-compliant codebook. The former will 
have stronger optimality claims and better performance, but also higher complexity. The 
proposed approach to tackle (14) leverages on the alternating optimization framework, 
treating separately the optimization of the reflection matrix Ŵ and of the transmit covari-
ance matrix Q . The optimization of the metasurface will be treated in Sec. 3, while two 
approaches for the optimization of the transmit covariance matrix will be discussed in 
Sect. 4.

3 � RHS optimization for EE maximization
Since the denominator of the EE does not depend on Ŵ , the optimization of Ŵ , for fixed 
Q , reduces to the maximization of the system capacity, namely 

 wherein we have defined A = HQHH . Problem (15) is a non-convex problem, due to 
the non-concavity of1 (15a). In order to tackle it, let us express the matrix A through its 
eigenvalue decomposition, namely

(12)Pout = E[tr(ŴHQ1/2s)(sHQ1/2HHŴH )] = tr(ŴHQHHŴH )

(13)tr(ŴHQHHŴH ) ≤ tr(HQHH ).

(14a)maxQ,ŴB
log2

∣∣∣I + 1
σ 2GŴHQHHŴHGH

∣∣∣
µtr(Q)+ Pc

(14b)s.t. tr(ŴHQHHŴH ) ≤ tr(HQHH )

(14c)tr(Q) ≤ Pmax , Q � 0

(15a)maxŴ log2

∣∣∣∣I +
1

σ 2
GŴAŴHGH

∣∣∣∣

(15b)s.t. tr(ŴAŴH ) ≤ tr(A),

1  Indeed, in the special case of a single-antenna system and a metasurface with only one reflecting element γ , (15) would 
reduce to log2(1+ g2a2|γ |2) , with ga the equivalent SISO channel gain. Clearly, not even in this simplified special case 
(15) is concave in γ.
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with �ℓ and uℓ the ℓ-th eigenvalue and eigenvector of HQHH . Then, it holds

wherein Uℓ = diag(uℓ) , γ = [γ1,1, . . . , γN ,N ]T , and we have exploited that 
Ŵuℓ = diag(uℓ)γ = Uℓγ . Then, Problem (15) can be restated as 

 Problem (18) is still challenging, since the objective is still not concave in γ . On the 
other hand, it is concave in γ γH , which would suggest to employ the semidefinite relaxa-
tion method. However, this has the drawback of possibly requiring a rank reduction step, 
which might degrade the performance, leaving us without any guarantee as to the effi-
ciency of the optimized matrix Ŵ . For this reason, here we resort to a different approach. 
First, we still introduce the new variable R = γ γH , but, unlike what the semidefinite 
relaxation method does, we do not relax the rank-one constraint on R , but instead we 
equivalently reformulate it in a more tractable way. To elaborate, defining R = γ γH , 
leads to the problem 

At this point, we resort to the following result.

1 � Proposition 1

Consider the following optimization problem. 

(16)A =
N∑

ℓ=1

�ℓuℓu
H
ℓ ,

(17)

ŴAŴH = Ŵ

(
N∑

ℓ=1

�ℓuℓu
H
ℓ

)
ŴH =

(
N∑

ℓ=1

�ℓŴuℓu
H
ℓ Ŵ

H

)

=

(
N∑

ℓ=1

�ℓU ℓγ γ
HUH

ℓ

)
,

(18a)maxγ log2

∣∣∣∣∣I +
1

σ 2
G

(
N∑

ℓ=1

�ℓU ℓγ γ
HUH

ℓ

)
GH

∣∣∣∣∣

(18b)s.t.

N∑

ℓ=1

�ℓtr
(
U ℓγ γ

HUH
ℓ

)
≤ tr(A).

(19a)maxR�0,γ log2

∣∣∣∣∣I +
1

σ 2
G

(
N∑

ℓ=1

�ℓUℓRU
H
ℓ

)
GH

∣∣∣∣∣

(19b)s.t.

N∑

ℓ=1

�ℓtr
(
UℓRU

H
ℓ

)
≤ tr(A)

(19c)rank(R) = 1
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 Then, any R that is feasible for Problem (20), has rank equal to 1 and so is feasible for 
Problem (19), too.

Proof  To begin with, let us show that Constraint (20c) implies R � γ γH . To see this we 
observe that, since R � 0 , by Sylvester’s criterion the leading principal minors of R are 
greater than or equal to 0. Then, again by Sylvester criterion, the positive semidefinite-
ness property in (20c) is satisfied if and only if

The determinant can be obtained by applying [45, 0.8.5]:

Now, let R ≻ 0 and det(R − γ γH ) > 0 . Then,

Since R−1/2γ γHR−1/2 has unit rank, the eigenvalues of I − R−1/2γ γHR−1/2 are 1, with 
multiplicity NR − 1 , and 1− γHR−1γ . Then, this matrix is positive definite and, after 
multiplying on the left and on the right by R1/2 , we get R ≻ γ γH . If R � 0 (positive sem-
idefinite), define Rn � (1/n)I + R and consider the sequence �n � �min(Rn − γ γH ) . 
By the Monotone Convergence Theorem, this sequence is positive and monotonically 
decreasing, so that limn→∞ �n ≥ 0 . Finally, the continuity of the eigenvalue function 
completes the proof of our statement. Then, assuming without loss of generality that the 
eigenvalues of R , say �R,1, . . . , �R,N , are ordered in decreasing order of magnitude, (20c) 
implies that

whereas (20d) requires that

(20a)maxR�0,γ log2

∣∣∣∣∣I +
1

σ 2
G

(
N∑

ℓ=1

�ℓUℓRU
H
ℓ

)
GH

∣∣∣∣∣

(20b)s.t.

N∑

ℓ=1

�ℓtr
(
UℓRU

H
ℓ

)
≤ tr(A)

(20c)
[
R γ

γH 1

]
� 0

(20d)tr(R) ≤ �γ �2

(21)det

(
R γ

γH 1

)
≥ 0.

(22)det

(
R γ

γH 1

)
= det(R − γ γH ) ≥ 0.

(23)
det(R − γ γH )

det(R)
= det(I − R−1/2γ γHR−1/2) > 0.

(24)�R,1 ≥ �γ �2,
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Thus, since �R,i ≥ 0 for all i = 1, . . . ,N  , (20c) and (20d) together imply that �R,1 = �γ �2 
and �R,i = 0 for all i = 2, . . . ,N  . Hence, the thesis. 	�  �

Despite the above result, Problem (20) is still non-convex, due to the non-convex con-
straint (20d). However, Problem (20) is more tractable than (19), because the functions 
in the non-convex constraint (20d) are differentiable, while the rank function in (19) is 
not. This allows us to resort to the sequential programming framework to develop an 
iterative algorithm that monotonically improves the objective value of (20), eventually 
converging to a first-order optimal point of (20). The fundamentals of sequential pro-
gramming can be found in [46], and are reviewed in Appendix A.

In order to apply the sequential programming framework to (20), we exploit the fact 
that ‖γ ‖2 is a convex function, and thus it is lower-bounded by its first-order Taylor 
expansion around any given point γ̄ , namely

Then, a surrogate problem for (20), which fulfills the assumptions of the sequential opti-
mization framework is obtained as2

 and a sequential optimization algorithm to tackle (20) is obtained as in Algorithm 1.

Algorithm 1  RHS optimization

(25)
N∑

i=1

�R,i = �R,1 +
N∑

2=1

�R,i ≤ �γ �2.

(26)�γ �2 ≥ �γ̄ �2 + 2ℜ{γ̄H (γ − γ̄ )} = 2ℜ{γ̄Hγ } − �γ̄ �2

(27a)maxR�0,γ log2

∣∣∣∣∣I +
1

σ 2
G

(
N∑

ℓ=1

�ℓUℓRU
H
ℓ

)
GH

∣∣∣∣∣

(27b)s.t.

N∑

ℓ=1

�ℓtr
(
UℓRU

H
ℓ

)
≤ tr(HQHH )

(27c)
[
R γ

γH 1

]
� 0

(27d)tr(R)− 2ℜ{γ̄Hγ } + �γ̄ �2 ≤ 0 ,

2  Notice that inequality (27d) implies (20d), according to the requirements of the sequential method.
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4 � Transmit covariance optimization
4.1 � Optimization by fractional programming

The optimization with respect to Q , for fixed Ŵ , is cast as 

 Problem (28) is a fractional maximization program, in which the fractional objective has 
a concave numerator and an affine denominator, while the constraint functions are also 
affine. Thus, (28) can be solved by direct use of fractional programming methods [47], 
e.g. Dinkelbach’s algorithm. However, it should be noted that, unlike typical EE maximi-
zation problems in MIMO links, Problem (28) does not allow the diagonalization of the 
covariance matrix Q , due to the presence of (28b), in which there is no multiplication by 
the matrix G , as it happens in (28a). This is a direct consequence of the consideration of 
RHSs with global reflection constraints, which leads to (28b). Dinkelbach’s algorithm to 
solve (28) can be stated as in Algorithm 2.

Algorithm 2  Dinkelbach’s algorithm for Problem (28)

Finally, an alternating optimization algorithm for Problem (14) can be formulated as in 
Algorithm 3, for which the following result holds.

1 � Proposition 2

Algorithm 3 monotonically increases the value of the objective in (14a) and converges.

(28a)maxQ
log2

∣∣∣I + 1
σ 2GŴHQHHŴHGH

∣∣∣
µtr(Q)+ Pc

(28b)s.t. tr(ŴHQHHŴH ) ≤ tr(HQHH )

(28c)tr(Q) ≤ Pmax.
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1 � Proof
Algorithm  3 iteratively applies the sequential optimization method to optimize Ŵ and 
Dinkelbach’s algorithm to optimize Q . The former is known to monotonically increase 
the value of the objective, while the latter is provably optimal. Thus, after solving each 
subproblem of Algorithm  3, the EE function is not decreased. Then, let us observe that 
EE is an upper-bounded function. Indeed, it is continuous in the eigenvalues of Q , and it 
is equal to zero both when tr(Q) = 0 , and tr(Q) → ∞ . Therefore, there must exist finite 
eigenvalues of Q such that the EE takes the maximum value. This implies that the EE 
value cannot increase indefinitely and thus Algorithm 3 must converge in the value of the 
objective. 	�  �

Algorithm 3  EE maximization

1 � Remark 2

Algorithm 3 can be specialized to perform capacity maximization instead of EE maximi-
zation by simply setting µ = 0 in (14a). Indeed, this turns the denominator of (14a) into a 
constant, thus reducing the problem to the maximization of the capacity in the numerator 
of (14a).

4.2 � Optimization by codebook search

As for covariance matrix optimization, aiming at a lower-complexity optimization 
approach, we also propose an approach based on the use of standard-compliant code-
books, considering Type-I and Type-II codebooks, which define the beamforming 
vectors based on a discrete Fourier transform sampling. Specifically, let us consider 
a cross-polarization single-panel antenna array with (N1,N2) denoting the number of 
antenna elements along horizontal and vertical axes in a single polarization. Thus, the 
aggregate count of transmit antenna elements is 2N1N2 , accounting for polarization 
diversity. Introducing the oversampling factors (O1,O2) enables the construction of a 
beam grid based on two-dimensional (2D) DFT principles [48]. Namely, for i = 1, 2 , 
the oversampled DFT beams in one orientation can be formulated as follows:
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where θi are beam indexes along the horizontal ( i = 1 ) and vertical ( i = 2 ) directions. 
Based on the antenna configuration and oversampling ratios specified in [49], a series of 
2D DFT spatial domain beams is generated:

with ⊗ denoting the Kronecker product. Here, bθ1,θ2 ∈ C
N1N2×1 represents an oversam-

pled 2D DFT beam, and |D| = N1O1 × N2O2.
Through beam selection and phase tuning, the Type I codebook CI is derived, 

whereas the Type II codebook CII emerges from selecting a subset of beams and 
adjusting their linear combination coefficients for beam fusion [50], employing iden-
tical subsets across polarizations. For single-stream transmission, the Type I code-
book vectors are written as:

wherein the scalar ϕ ∈ {1, j,−1,−j} accounts for the phase difference across two polari-
zation directions. The definition of wI relies on the parameters ϕ, θ1 , and θ2 , leading 
to a codebook with a total of 4 × N1O1 × N2O2 possible vectors wI , with the factor 4 
accounting for the fact that ϕ takes values in the set {1, j,−1,−j}.

For single-stream transmission based on the combination of K beams, the Type II 
codebook is represented by:

where θ1 � (θ
(i)
1 )Ki=1 and θ2 � (θ

(i)
2 )Ki=1 . Each element encapsulates a linear blend of K 

beams from D for a given polarization. The coefficients pWB
ℓ,i  , pSBℓ,i  , and cℓ,i correspond to 

the wideband amplitude combination, subband amplitude combination, and phase com-
bination for polarization ℓ , where ℓ = 1, 2 , and beam i, respectively. The procedure for 
merging K beams to approximate the wideband channel information as closely as pos-
sible involves the use of a wideband beam combining coefficient matrix. This matrix’s 
amplitudes are normalized based on the strongest beam, which is quantized with a 3-bit 
scheme to yield pWB

ℓ,i  [49].
Finally, we can build the transmit covariance matrix by searching in the codebook 

(either Type-I or Type-II) the optimal beamforming vector. To elaborate, for any bea-
forming vector in the codebook, we can form the covariance matrix Qℓ = aQ̃ℓ , with 
Q̃ℓ = wℓw

H
ℓ  , with ℓ = 1 for Type-I codebooks and ℓ = 2 for Type-II codebooks. We also 

note that the codebook is constructed in order to have tr(Qℓ) = a , which means that the 
EE can be rewritten as

(31)
µi(θi) =

[
1 e

j
2πθi
NiOi · · · e

j
2πθi(Ni−1)

NiOi

]T
,

θi ∈ {0, 1, . . . ,NiOi − 1},

(32)D =
{
bθ1,θ2 | bθ1,θ2 = µ1(θ1)⊗ µ2(θ2)

}
,

(33)wI(θ1, θ2) =
1

√
2N1N2

[
bθ1,θ2
ϕbθ1,θ2

]
,

(34)wII(θ1, θ2) =

[∑K−1
i=0 b

θ
(i)
1 ,θ

(i)
2
pWB
1,i pSB1,i c1,i∑K−1

i=0 b
θ
(i)
1 ,θ

(i)
2
pWB
2,i pSB2,i c2,i

]
,
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Thus, Q̃ℓ and the scalar a can be found by solving 

 Problem (36) can be solved by searching for Q̃ℓ in the codebook (either Type-I or Type-
II), which has cardinality  proportional to NTO1O2 . For each candidate matrix Q̃ℓ the 
scalar a can be determined by solving a simple scalar problem. Then, an alternating opti-
mization method based on codebook search can be stated as in Algorithm 4.

Algorithm 4  EE maximization by codebook search

1 � Remark 3

As in the case of Algorithm 3, also Algorithm 4 can be specialized to perform capacity 
maximization instead of EE maximization by simply setting µ = 0 in (36a).

1 � Remark 4
Algorithm 4 can be seen to have a lower complexity than Algorithm 3. To show this, let 
us denote by Ialt the number of iterations of Algorithm 3 until convergence. Then Algo-
rithm 3 requires running the sequential optimization method and Dinkelbach’s algorithm 
Ialt times. In turn, Dinkelbach’s algorithm and the sequential algorithm require the solu-
tion of Idink and Iseq convex problems, respectively, with Idink and Iseq being the number 
of iterations until Dinkelbach’s algorithm and the sequential algorithm converge. Then, 
recalling that the complexity of a convex problem can be bounded by the fourth power of 
the number of variables [51], the overall complexity of Algorithm 3 can be evaluated as

(35)EE =
log2

∣∣∣I +
a

σ 2
GŴHQ̃ℓH

HŴHGH
∣∣∣

µa+ Pc
,

(36a)max
a,Q̃ℓ

log2

∣∣∣I +
a

σ 2
GŴHQ̃ℓH

HŴHGH
∣∣∣

µa+ Pc

(36b)s.t. tr(ŴHQ̃ℓH
HŴH ) ≤ tr(HQ̃ℓH

H )

(36c)a ≤ Pmax.
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where we have accounted for the fact that the matrix Q is Hermitian and thus has 
NT (NT + 1)/2 free variables. On the other hand, since the codebook has cardinal-
ity proportional to NTO1O2 , the complexity of Algorithm 4 can be evaluated as

wherein Ialt,CB and Iseq,CB are the number of iterations until convergence of the Algo-
rithm  4 and of the sequential algorithm that is run inside Algorithm  4. Moreover, we 
also observe that the complexity of the codebook search can be tuned by choosing O1 
and O2 in order to have a finer or coarser resolution of the codebook.

5 � Extension to active RHS
This section discusses how to extend the optimization algorithms discussed in previ-
ous sections, to the case in which the RHS at the transmitter is active, i.e. it is equipped 
with analog amplifiers that enhance the incoming signal [6]. It should be stressed that 
the amplification takes place in the analog domain, and thus no digital-to-analog conver-
sion is required at the RHS. This motivates the consideration of an active RHS to provide 
an additional, but cheaper, possibility of amplifying the radio-frequency signal. Analog 
amplifiers integrated into a metasurface generally exhibit lower quality than traditional 
amplifiers used in digital transmitters, making them less expensive. In fact, the metas-
urface compensates for this limitation by offering significant array gain due to its large 
number of electromagnetic elements. This enables the use of a lower-quality, and thus 
less expensive, amplifier at the transmitter, with the amplification of the metasurface off-
setting the reduced performance. Additionally, we assume the use of an active metasur-
face with global reflection capabilities, as described in [8, 43].

The fact that the RHS is active affects the reflection constraint at the RHS, since now 
it is no longer necessary to enforce that Pin ≥ Pout . On the other hand, it must hold 
that Pout ≤ Pin + Pr , with Pr the radio-frequency power provided by the RHS ampli-
fier. Moreover, if the RHS is constrained to operate in the active regime, it must also 
be true that Pout ≥ Pin . In addition, the total power consumed by the system should 
also account for the radio frequency power consumed by the RHS, which is equal to 
Pout − Pin . Finally, it should also be considered that an active RHS will add thermal noise 
to the incoming signal due to the analog amplifier. So, denoting by σ 2

RHS the power of the 
thermal noise introduced by the active RHS, the radio-frequency power at the output of 
the RHS is given by

and the total power consumed in the system is written as

Thus, the EE maximization problem with active RHS is stated as 

(37)C = O

(
Ialt

(
IseqN

4 + Idink

(
NT (NT + 1)

2

)4
))

,

(38)CCB = O

(
Ialt,CB

(
Iseq,CBN

4 + NTO1O2

))
,

(39)Pout = tr(Ŵ(HQHH + σ 2
RHSI)Ŵ

H ),

(40)Pt = µtr(Q)+ Pc + tr(Ŵ(HQHH + σ 2
RHSI)Ŵ

H )− tr(HQHH ).
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 With respect to Q , the problem is still a pseudo-concave maximization, which can be 
solved optimally by Dinkelbach’s method, and heuristically by applying the codebook 
approach, as discussed in Sect. 4. As for the optimization of Ŵ , it is now stated as the 
fractional problem 

wherein Pc,eq = Pc + µtr(Q)− tr(HQHH ) and A = HQHH + σ 2
RHSI . Problem (42) can 

be tackled by the sequential optimization method, by a similar approach as discussed in 
Sect. 3. Indeed, following similar steps as in Sect. 3, Problem (42) can be equivalently refor-
mulated as 

 wherein Uℓ = diag(uℓ) , with uℓ and �ℓ the ℓ-th eigenvector and eigenvalue of A . Prob-
lem (43) can be tackled by the sequential optimization framework, considering, in each 
iteration, the surrogate problem 

(41a)maxŴ,Q
log2

∣∣∣I + 1
σ 2GŴ(HQHH + σ 2

RHSI)Ŵ
HGH

∣∣∣
µtr(Q)+ Pc + tr(Ŵ(HQHH + σ 2

RHSI)Ŵ
H )− tr(HQHH )

(41b)s.t. tr(HQHH ) ≤ tr(Ŵ(HQHHŴH + σ 2
RHSI)Ŵ

H ) ≤ tr(HQHH )+ Pr

(41c)tr(Q) ≤ Pmax .

(42a)maxŴ,Q
log2

∣∣∣I + 1
σ 2GŴAŴHGH

∣∣∣
tr(ŴAŴH )+ Pc,eq

(42b)s.t. tr(HQHH ) ≤ tr(ŴAŴH ) ≤ tr(HQHH )+ Pr ,

(43a)maxR�0,γ

log2

∣∣∣I + 1
σ 2G

(∑N
ℓ=1 �ℓUℓRU

H
ℓ

)
GH

∣∣∣
∑N

ℓ=1 �ℓtr
(
U ℓRU

H
ℓ

)
+ Pc,eq

(43b)s.t. tr(HQHH ) ≤
N∑

ℓ=1

�ℓtr
(
U ℓRU

H
ℓ

)
≤ tr(HQHH )+ Pr

(43c)
[
R γ

γH 1

]
� 0

(43d)tr(R) ≤ �γ �2 ,

(44a)maxR�0,γ

log2

∣∣∣I + 1
σ 2G

(∑N
ℓ=1 �ℓUℓRU

H
ℓ

)
GH

∣∣∣
∑N

ℓ=1 �ℓtr
(
U ℓRU

H
ℓ

)
+ Pc,eq

(44b)s.t. tr(HQHH ) ≤
N∑

ℓ=1

�ℓtr
(
U ℓRU

H
ℓ

)
≤ tr(HQHH )+ Pr
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 Problem (44) is a pseudo-concave maximization in which the fractional objective has 
a concave numerator and linear denominator, while all constraints are in convex form. 
Thus, Problem (44) can be solved globally and efficiently by Dinkelbach’s algorithm.

6 � Numerical results
For our numerical analysis, we have considered a BS with NT = 8 antennas that com-
municates with a mobile receiver equipped with NR = 2 antennas, which is located at 
a distance of 100m from the BS. We assume that the NT = 8 antennas are deployed 
in a rectangular 4 × 2 grid, and uniformly spaced at a distance of �/2 from each other. 
Thus, considering a carrier frequency is 3.5GHz , the Fraunhofer distance is r ≈ 68 cm . 
The BS is placed at a height of 10m from the ground, while the user equipment is 
placed at a height of 1.5m . The communication bandwidth is 20MHz , the thermal 
noise power spectral density is −174 dBm/Hz , the noise figure at the receiver is 5 dB . 
The RHS has N = 64 reflecting elements, each consuming a power of Pc,n = 0 dBm . 
The rest of the system static power consumption is NTPc,t + NRPc,r + Pc,0 = 57 dBm . 
Figure  1 shows the EE versus the maximum transmit power Pmax for the following 
scenarios:

•	 Optimization of Q and Ŵ for EE maximization by the proposed Algorithm 3
•	 Optimization of Q and Ŵ for capacity maximization by the proposed Algorithm 3, 

specialized to perform capacity maximization, as discussed in Remark 2.
•	 Optimization of Q and Ŵ for EE maximization by the proposed Algorithm 4
•	 Optimization of Q and Ŵ for capacity maximization by the proposed Algorithm 4, 

specialized to perform capacity maximization, as discussed in Remark 3.
•	 Optimization of Q for EE maximization by codebook search and random Ŵ . This 

scheme serves as a benchmark to evaluate the performance loss if RHS optimization 
is not performed.

•	 Optimization of Q for capacity maximization by codebook search and random Ŵ . 
This scheme serves as a benchmark to evaluate the performance loss if RHS optimi-
zation is not performed.

•	 Full power allocation, by splitting the power Pmax uniformly and independently 
among the transmit antennas, and random Ŵ . This scheme is used as a benchmark to 
evaluate the performance loss if neither Q nor Ŵ are optimized.

As for Algorithm 4, we set O1 = 4 and O2 = 1 . The results show that the proposed algo-
rithms are effective in increasing the EE compared to the benchmark scenarios in which 
no optimization is performed. As expected, the codebook search suffers a penalty com-
pared to the optimal allocation of Q by Dinkelbach’s method. However, the gap is lim-
ited, especially in the region of interest where the EE reaches its maximum value. This 

(44c)
[
R γ

γH 1

]
� 0

(44d)tr(R)− 2ℜ{γ̄Hγ } + �γ̄ �2 ≤ 0 .
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supports the use of the codebook search in place of the more complex optimization by 
Dinkelbach’s method. Moreover, it is seen that the EE obtained for resource allocations 
that maximize the capacity lead to a decrease of the EE for larger values of Pmax . This 
happens because the EE is not monotonically increasing with Pmax , while maximizing 
the capacity always leads to using all of the available power Pmax . For the same reason, 
the resource allocations that optimize the EE saturate for larger Pmax because when Pmax 
is large enough to reach the peak of the EE, further increasing the transmit power would 
only lead to a decrease of the EE.

Figure  2 shows a similar setup as Fig.  1, but the metric that is shown is the sys-
tem capacity, instead of the EE. Similar considerations as in Fig. 1 holds. In particu-
lar, it is found that the proposed optimization schemes lead to significant gains over 
the benchmark schemes that do not optimize either the RHS matrix or the transmit 
covariance matrix. Moreover, it is seen that the resource allocations that optimize the 
EE saturate for larger Pmax , while the resource allocations that aim at capacity maxi-
mization are monotonically increasing, since they employ all of the available transmit 
power. In Fig. 2 we also see that the codebook-based resource allocation has a more 
visible difference with respect to the optimization of Q by Algorithm  3 than in the 
case of EE maximization. Nevertheless, the gap is still limited and justifies the use of 
the codebook search for complexity reasons.

Next, we address the sensitivity of the proposed Algorithms  3 and 4 to imperfect 
channel knowledge at the transmitter. To this end, let us consider that the true far-
field channel G is known up to an error at the transmitter,3 which then uses Ĝ  = G for 
resource allocation purposes. Let us define the normalized error variance (NEV) for 
G as:

Fig. 1  EE versus maximum available transmit power Pmax for different resource allocation policies

3  We assume that H is perfectly known, since it is a deterministic channel that is not subject to fading.
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Figures 3 and 4 show the EE achieved by Algorithms 3 and 4 versus Pmax , respectively, 
for different values of α . For comparison purposes, the case for α = 0 , i.e. when G is 
perfectly known, is also shown. It is seen that the performance degrades as the value of 
α increases, since estimate Ĝ becomes less reliable. However, the performance remains 
satisfactory even when α = 1 , thus showing that the proposed algorithms are robust 
against imperfect channel knowledge.

Figure 5 addresses the impact of the oversampling factors O1 and O2 on the EE per-
formance of Algorithm 4. In particular, Fig. 5 shows the EE achieved by Algorithm 4 
versus Pmax , for different choices of the O1 and O2 . The results indicate that increasing 
the oversampling factors brings very little performance improvement. Specifically, a 
visible, although limited, performance improvement is obtained when O1 = O2 = 2 , 
compared to setting O1 = O2 = 1 . However, further increasing the values of 

(45)α =
∑N

n=1

∑NR
m=1 |G(n,m)− Ĝ(n,m)|2

�Ĝ�2F/(NNR)
=

NNR�G − Ĝ�2F
�Ĝ�2F

Fig. 2  Capacity versus maximum available transmit power Pmax for different resource allocation policies

Fig. 3  EE versus Pmax by Algorithm 3 with imperfect CSI at the transmitter, for different values of α
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O1 = O2 = 2 leads to a negligible performance gain, which suggests to not increase 
O1 and O2 further, as it would only increase the computational complexity, without 
bringing any significant gain.

The last two figures address the impact of the number of RHS elements N. For these 
figures, we set NT = 4 and NR = 1 . Figure 6 shows the capacity versus the number N of 
RHS reflecting elements, achieved, for Pmax = 40 dBm , by the following schemes:

•	 Optimization of Q and Ŵ for capacity maximization by the proposed Algorithm  3 
(labeled Opt. Q - Opt. RHS).

•	 Optimization of Q and Ŵ for capacity maximization by the proposed Algorithm 4.
•	 Optimization of Q for capacity maximization by Dinkelbach’s algorithm and random 

Ŵ (labeled Opt. Q - Random RHS).
•	 Optimization of Q for capacity maximization by codebook search and random Ŵ.
•	 Optimization of Ŵ for capacity maximization and uniform and independent power 

allocation among the transmit antennas.
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Fig. 5  EE versus Pmax by Algorithm 4 for different oversampling factors

Fig. 4  EE versus Pmax by Algorithm 4 with imperfect CSI at the transmitter, for different values of α
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•	 Random Ŵ and uniform and independent power allocation among the transmit 
antennas.

As expected the capacity increases with the number of RHS reflecting elements, and 
the best results are provided by Algorithm 3. Nevertheless, Algorithm 4 entails a lim-
ited performance degradation compared to Algorithm 3. Moreover, it is shown that both 
algorithms can increase the capacity compared to simpler schemes that do not perform 
any optimization, or that optimize only either the RHS or Q.

Finally, Fig. 7 shows the EE versus the number N of RHS reflecting elements, achieved, 
for Pmax = 40 dBm , by the same resource allocation schemes of Fig. 6. Similar observa-
tions to those for Fig. 6 can be made, with the notable difference that the EE obtained 
with uniform power allocation (i.e. no optimization of Q ) and RHS optimization is sig-
nificantly worse than the corresponding capacity that is shown in Fig. 6. This is explained 
because the uniform power allocation is a strategy that employs all the available power 
Pmax , and in Fig. 7 it was set Pmax = 40 dBm , which is a rather high power value. Thus, 
adopting uniform power allocation with Pmax = 40 dBm is much more detrimental for 
the EE shown in Fig. 7, than for the capacity shown in Fig. 6. Moreover, it is also seen 
that the EE increases with N, even though at a slower rate than the capacity. This hap-
pens because, as N increases, both the capacity and the hardware power consumption 
increase. Eventually, for larger values of N, the EE will start decreasing with N, since the 
numerator increases logarithmically while the denominator linearly with N.

7 � Conclusions
A MIMO communication link has been considered, in which an RHS is deployed in the 
near field of the transmit antenna array. Two optimization algorithms have been pro-
posed to optimize the system EE and the capacity, by allocating the transmit covariance 
matrix and the RHS reflection matrix. The first algorithm uses the framework of sequen-
tial fractional programming, while the second algorithm employs a search in a standard-
compliant codebook for the optimization of the transmit covariance matrix, and the use 
of sequential optimization for RHS optimization. The two algorithms achieve different 

20 30 40 50 60 70 80 90 100
Number of RHS Elements (N)

16

18

20

22

24

26

C
ap

ac
ity

 (b
ps

/H
z)

Uniform power - Opt. RHS
Opt. Q - Random RHS
Opt. Q - Opt. RHS
Uniform power - Random RHS
Codebook Q - Random RHS
Codebook Q - Opt. RHS

Fig. 6  Capacity versus number of reflecting elements of the RHS for different resource allocation policies
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performance-complexity trade-offs with the codebook one being less complex, and suf-
fering a limited penalty compared to the more sophisticated one that employs sequen-
tial fractional programming. Numerical results confirm the merits of the proposed 
algorithm in improving the performance of the system in terms of EE and capacity, with 
respect to a scenario in which the optimization is not performed.

Appendix 1: Sequential optimization
The sequential optimization framework is an iterative method that tackles non-convex 
problems by solving a sequence of surrogate problems. If the surrogate problems ful-
fill specific assumptions, then their solutions form a sequence of feasible points for the 
original problem, monotonically increasing the objective function, and eventually con-
verging to a point fulfilling the Karush–Kuhn–Tucker (KKT) optimality conditions of 
the original problem. To elaborate let P be the optimization problem 

 In order to tackle P , the sequential optimization framework requires finding a sequence 
of  differentiable convex functions {ḡi,ℓ(x)}i , and a sequence of feasible points x̄i , such 
that, for any ℓ = 1, . . . , L , it holds

Then, the following result holds [46].

(A1a)P : minx g1(x)

(A1b)gℓ(x) ≤ 0 , ∀ℓ = 2, . . . , L

(A2)ḡi,ℓ(x) ≤ gℓ(x) , ∀x

(A3)ḡi,ℓ(x̄i) = gℓ(x̄i)

(A4)∇x ḡi,ℓ(x̄i) = ∇xgℓ(x̄i)
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Proposition 3

Consider the sequence of problems Pi defined as 

 and denote by x⋆i  its solution. Then, if, for all i, x̄i+1 = x⋆i  , then the sequence {g(x⋆i )}i is 
monotonically increasing and converges to a point fulfilling the KKT conditions of Prob-
lem P.
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