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Abstract—Simultaneous transmitting and reflecting reconfig-
urable intelligent surface (STAR-RIS) has received significant
attention as a potential technology for the sixth generation (6G)
of wireless network due to its ability to boost signal coverage
and enhance system efficiency. In this paper, we investigate the
potential of a near-optimal hybrid quantum-classical optimization
approach to jointly optimize beamforming and the discrete phase
shifts of the STAR-RIS assisted wireless network. In particular,
we formulate a discrete optimization problem to maximize the
total power transmitted to the ground users. This is achieved
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by optimizing the beamforming at the base station (BS) and the
phase shift of the STAR-RIS under minimal power allocation
for each user and the maximum power budget at the BS.
Since the addressed problem is NP-hard, we propose a quantum
approximate optimization algorithm with alternating optimiza-
tion (QAOA-AO) method that iteratively addresses beamforming
components and discrete phase shifts to search for the near-
optimal solutions for the problem. Numerical results validate
the effectiveness and robustness of the proposed QAOA-AO
compared to the classical benchmarks in terms of runtime and
system power, and highlight its potential for practical deployment
when solving medium-to-large-scale networks.

Index Terms—Simultaneous transmitting and reflecting recon-
figurable intelligent surface (STAR-RIS), 6G networks, alternat-
ing optimization (AO), beamforming, discrete phase shift opti-
mization, quantum approximate optimization algorithm (QAOA).

I. INTRODUCTION

The sixth-generation (6G) of mobile networks is envisioned
to revolutionize connectivity by creating a cyber-physical
ecosystem where the physical and digital worlds are globally
converged [1], [2]. To this end, 6G must not only improve
upon traditional key performance indicators (KPIs) such as
capacity, coverage, speed, and latency but also introduce
new performance dimensions, including availability, reliability,
predictability, resilience, and trustworthiness. These advance-
ments are crucial for supporting the projected proliferation
of diverse Internet-of-Things (IoT) devices, which are antic-
ipated to exceed 100 billion by 2030. However, achieving
the ambitious goals of 6G cannot be accomplished simply by
evolving existing fifth-generation (5G) technologies. Although
techniques such as massive multiple-input multiple-output
(MIMO), millimeter-wave (mmWave) communication [3], and
ultra-dense networks (UDN) have significantly enhanced wire-
less performance, they possess fundamental limitations that
inhibit their scalability. For example, massive MIMO achieves
high spectral efficiency at the cost of substantial hardware
cost and high computation complexity. While mmWave com-
munication can provide large bandwidths, it is constrained
by high sensitivity to blockages and expensive infrastructure
deployment. Although UDNs improve capacity through den-
sification, this approach introduces significant challenges with
inter-cell interference, complex resource management, and
stringent backhaul requirements. These limitations underscore
the necessity for research into innovative technologies capable
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of overcoming the inherent challenges of the 5G framework.
This has motivated the exploration of new paradigms to satisfy
the requirements of future use cases.

Reconfigurable intelligent surface (RIS) has recently
emerged as a potential technology for 6G networks which
can further enhance the spectrum and energy efficiency [1],
[2], [4]–[9]. In its simplest form, a RIS is a two-dimensional
programmable metasurface composed of many small unit
cells such as meta atoms or simply RIS elements. These
low-cost elements are engineered to individually manipulate
the properties of incoming electromagnetic waves. Depending
on the design, each element can primarily adjust the phase
shift, and in more advanced configurations, the amplitude or
polarization of the signal with minimal power consumption
to reconfigure the wireless channel [5], [10]. By precisely
designing the phase response of each element, a RIS can
perform targeted beamforming to enhance received power, null
signals for physical layer security, and actively suppress inter-
user interference. Unlike conventional relays, when deployed
in its passive form, a RIS contains no power-hungry radio
frequency chains or amplifiers, yielding significant reductions
in hardware cost and energy consumption. This efficiency
enables a thin, lightweight form factor suitable for large-
scale, unobtrusive deployment on available surfaces in the
environment such as building walls (indoor and outdoor) and
ceilings. Consequently, RIS technology is a strong candidate
for overcoming the fundamental performance and efficiency
challenges inherent in future 6G networks. Studies avail-
able in the literature are mainly focused on coverage [11]–
[13], channel modeling [14], interference mitigation [15],
[16], positioning improvement [17], or combinations with
other wireless communications techniques such as integrated
sensing and communication (ISAC) [18], [19], or space-air-
ground integrated network (SAGIN) [20], [21]. However, due
to its hardware design, conventional RIS can only reflect
incident signals and support wireless devices on one side,
significantly restricting its deployment flexibility and coverage
area. To address this limitation, simultaneous transmitting and
reflecting RIS (STAR-RIS) has emerged as a solution to this
problem by enabling reflection and refraction (or transmission)
of the broadcast signals through the cells. Unlike traditional
RIS technology that can only serve users in the half-space,
innovative STAR-RIS can provide full-space coverage, greatly
enhancing network performance.

A. Literature Review and Related Works
From a physical perspective, STAR-RIS enables the re-

flection and transmission (or refraction) of incident signals
through the RIS elements. This extensive functionality allows
the RIS elements to serve users and devices using both sides of
the surface and provide full coverage instead of the half-space
limitation in conventional RIS. The practical implementability
of STAR-RIS technology has been demonstrated using a
dynamic metasurface developed by NTT DOCOMO [22]. One
of the first investigations focusing on the design of STAR-RIS,
its physical principles, and communication systems is reported
in [23]. The advantages of STAR-RIS technology over conven-
tional reflecting-only RIS as well as several key applications

of STAR-RISs in 6G networks were highlighted [23]. Building
upon the strengths of conventional RIS, STAR-RIS technology
offers even greater potential to enhance the spectral and energy
efficiency of next-generation mobile networks. STAR-RIS can
also be used to assist mobile networks by integrating with
other technologies such as non-orthogonal multiple access
(NOMA), orthogonal multiple access (OMA) [13], near-field
and far-field [24], ISAC [25], and SAGIN [26]. A narrow-band
STAR-RIS-aided downlink communication network using the
NOMA and OMA multiple access schemes was introduced
in [13], where the network consisted of a single-antenna
access point (AP) communicating with two single-antenna
users at each side. The maximal coverage range was formed
by aggregating the transmission coverage and the reflection
coverage ranges. The simulation results revealed that under
different conditions, such as adjusting minimum quality of
service (QoS) requirements or employing a different number
of RIS elements, the NOMA-STAR scheme was the superior
method compared to OMA-STAR, conventional NOMA, and
conventional OMA schemes. Similarly, an equivalent system
model with one transmitter and two receivers on each side
of the STAR-RIS, where each component was equipped with
one antenna, was introduced in [24]. The objective was to
compare the performance of the STAR-RIS model with that of
reflecting-only RIS in the near- and far- fields to demonstrate
the benefit of applying STAR-RISs in a wireless network.
Their numerical results verified that the STAR-RIS can extend
coverage and achieve a higher diversity order on both sides of
the surface compared to conventional RIS.

The potential benefits of using STAR-RIS to support ISAC
was also investigated in [25], where a dual-functional BS
(DFBS) operating in full-duplex (FD) mode was used to simul-
taneously provide communication services to multiple users
linked with a single antenna and perform target sensing. The
main objective was to maximize the achievable total through-
put, while satisfying the minimum radar signal-to-interference-
plus-noise ratio (SINR) requirement, active STAR-RIS hard-
ware constraints, and total power budget for DFBS and
STAR-RIS. Numerical results demonstrated the performance
enhancement of the sum-rate and radar SINR compared to
passive STAR-RIS or non-RIS benchmarks. In [26], STAR-
RIS was applied to assist train-to-ground communications with
a low earth orbit satellite, a moving train and a single airship
located between two BSs. The work aimed at optimizing
the transmission scheduling to meet QoS requirements for
flows in STAR-RIS-assisted train-to-ground communications
while addressing interference and coverage gaps in SAGIN.
Numerical results demonstrated the superiority of the approach
over traditional algorithms in different train speeds, airship
heights, QoS requirements, numbers of STAR-RIS cells, and
numbers of carriages.

B. Motivation and Contributions

Despite numerous investigations into optimizing STAR-
RIS-aided wireless communications, most of the work is built
upon assumption that STAR-RISs elements are continuous
phase shifts to modify their reflection angle and refractive



3

angle at high precision. In practice, this is very difficult
to achieve. The implementation of STAR-RIS is extremely
challenging due to the high accuracy and current hardware
limitations [27]. Therefore, employing STAR-RIS with dis-
crete phase shifts is more realistic. Another limitation is that
optimal resource allocation algorithms are cost-effective, such
as cross-entropy optimization along with zero-forcing beam-
forming [28]–[30], hybrid deep deterministic policy gradient,
and joint DDPG with a deep-Q network-based algorithm.
These methods are still highly complex and limited to clas-
sical computing systems, whose linear scalability with added
resources makes them inefficient for problems of exponential
complexity. The alternating optimization (AO) method in [28]
also provided an effective direct solution for each iteration,
which ensures a local optimal solution; however, the applica-
bility of this approach is limited when extended to problems
with more intricate designs and numerous constraints, which
preclude the derivation of direct or approximate solutions. It is
therefore clear that developing new methods capable of solving
these high-complexity problems is essential for managing the
increasing scale of modern communication networks.

Quantum approximate optimization algorithm (QAOA) is
a promising method for addressing NP-hard mixed-integer
problems (MIPs), suited for implementation on both noisy
intermediate-scale quantum (NISQ) hardware and quantum
simulators such as Qiskit Aer [31]–[33]. In short, QAOA
is a hybrid quantum-classical approach in which the an-
gle parameters of its quantum circuit layers are iteratively
optimized using a classical computer, while the solution is
derived from the measurement outcomes of the QAOA circuit
executed on a quantum computer. Several studies on QAOA
have verified its validity and robustness in different use cases
such as vehicle routing [34], electric vehicle charging [35],
satellite mission planning [36], supply chain [37] and edge
computing [38]. These findings provide strong evidence that
quantum optimization is a promising approach for a wide
range of applications, notably in STAR-RIS technology and
next-generation mobile networks.

Motivated by the aforementioned works, this paper in-
troduces a hybrid QAOA-AO method to address the joint
beamforming and discrete phase shift design in STAR-RIS-
assisted wireless network. The contributions of this work are
summarized as follows:

• We formulate a comprehensive problem for maximizing
the sum received signal power by jointly optimizing the
BS beamforming and the STAR-RIS discrete phase shifts,
while satisfying the maximum transmit power at the BS
and the minimum power allocation for each user. In ad-
dition, the system model considers different quantization
levels of the STAR-RIS phase shift to further examine
the improvement of total transmit signals compared to
the quantum bits (qubits) used in the algorithm.

• To tackle this problem, we split the considered problem
into two subproblems, where either a set of beamforming
variables or discrete phase shifts is fixed and the aim is
to optimize the other set. The phase shifts subproblem
is addressed by reformulating the considered objective
function into a quadratic unconstrained binary optimiza-

tion (QUBO) form and solving it using a quantum sim-
ulator, whereas the beamforming subproblem is solved
by utilizing the Rayleigh quotient solution and balancing
the beamforming amplitude based on the minimum power
constraint.

• After deriving separate methodologies to solve each sub-
problem, an AO algorithm is proposed to iteratively solve
for each variable set and automatically updated after each
iteration, until the convergence condition is reached.

• We validate the effectiveness and robustness of the
proposed QAOA-AO framework through comprehensive
numerical simulations. The results demonstrate two key
advantages: our framework significantly enhances the
total power delivered to users compared to benchmark
schemes, and it achieves optimal solutions that match
those found via a Brute-Force search.

Previously, an equivalent system model was studied in [7],
[28]; however, the system model uses multi-antenna BS to
serve only one single-antenna user and did not consider the
minimum power allocation for each user. In addition, the
algorithms used in these works are based only on classical
computing, which is challenging and inefficient when the
number of antennas utilized in the BS or the elements in
STAR-RIS grows exponentially. Different from these works,
this paper aims to propose a hybrid QAOA-AO algorithm to
make use of quantum computing and iteratively maximize the
total received power to users.

The remainder of this paper is organized as follows. Sec-
tion II introduces the system model and formulates the joint
optimization problem for two distinct cases of phase shift
quantization. Section III then proposes a detailed QUBO-AO
methodology to solve the first case, featuring two-level phase
shifts. This algorithm is extended in Section IV to address the
more complex four-level quantization case. In Section V, we
present and analyze the performance of our framework through
extensive Monte Carlo simulations. Finally, Section VI con-
cludes the paper with a summary of our key contributions and
directions for future research.

Notations: Throughout the paper, numbers are represented
by lowercase letters, while matrices and vectors are denoted
by bold uppercase and lowercase letters, respectively. For
example, Θ, v are used to describe the vectors and matrices
of variables, while regular letters such as hH

i,pm or p are given
parameters or a specific variable in the vectors of variables.
∥.∥ and |.| denote the Euclidean norm of a vector or a matrix,
and the absolute value of a scalar. x ∼ CN (µ, σ) means that
x is a scalar that follows the complex Gaussian distribution
with mean µ and covariance σ. ℜ{.} and ℑ{.} denote the real
and imaginary parts of the arguments, respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

In this study, we consider a STAR-RIS-aided downlink (DL)
wireless system, as shown in Fig. 1. Herein, a terrestrial
M -antenna BS is used to transmit the desired signals to
N terrestrial single-antenna users with the help of a STAR-
RIS implemented as an active beamforming relay to transmit
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TABLE I: Summary of Notations

Symbol Description

M Number of antennas attached in BS.

N
Number of users in the communication net-
work.

P Number of STAR-RIS reflecting elements.

Q
Number of bits used to discretize the phase
shifts.

DQ
Set of eligible discrete phase shifts in STAR-
RIS.

M Set of index from 1 to M .
N Set of index from 1 to N .
P Set of index from 1 to P .

φi
Path loss exponent from the BS to the STAR-
RIS.

φr
Path loss exponent from the STAR-RIS to
users.

φd Path loss exponent from the BS to users.
h̃ Rayleigh small-scale fading.

hH
i,p

Channel coefficient vector from the p-th ele-
ment to the STAR-RIS.

HH
I

Matrix of channel coefficients from the BS to
the STAR-RIS.

hH
r,n

Channel coefficient vector from the STAR-
RIS to the n-th user.

hH
d,n

Channel coefficient vector from the BS to the
n-th user.

θ
Set of phase shifts of the STAR-RIS reflecting
elements.

x The complex signal broadcasted by the BS.
wn The beamforming vector headed to user n.
sn Signal broadcasted to user n.

zn
The additive white Gaussian noise with zero
mean and variance σ2.

w
Set of beamforming vectors towards all users
from the BS

signals to users. Hence, the communications between the BS
and users consist of the direct link and STAR-RIS-reflected
transmission link. The number of reflecting elements of the
STAR-RIS is set as P . The set of these on-ground users,
BS antennas, and reflecting elements can now be denoted as
N ≜ {1, . . . , N}, M ≜ {1, . . . ,M}, and P ≜ {1, . . . , P},
respectively.

Let us denote hH
i,pm ∈ C as the channel coefficient of

the antenna m ∈ M to the STAR-RIS element p ∈ P ,
hH
i,p ≜ {hH

i,pm}m∈M ∈ C1×M and HH
I ≜ {hH

i,p} ∈ CP×M

as the channel gain vector coming from the element p and
the matrix of channel coefficients from the BS to the STAR-
RIS, respectively. Similarly, hH

r,np ∈ C is defined as the
channel gain from the reflecting element p ∈ P to the user
n ∈ N , and hH

r,n ≜ {hH
r,np} ∈ C1×P denotes the channel

gain vector from the STAR-RIS to user n. The channel gain
of the direct DL from antenna m ∈ M to user n ∈ N
can be assigned as hH

d,nm, and hH
d,n ≜ {hH

d,nm} ∈ C1×M .

Terrestrial BS

User k

STAR- RIS 
aided wireless 

network

Direct DL

Reflected DL

STAR- RIS DL

Fig. 1: An illustration of a simultaneous transmitting and
reflecting reconfigurable intelligent surface (STAR-RIS) de-
ployed in downlink communication system to enhance the
wireless network and signal quality.

Due to the complex propagation environment with multi-path
and arbitrary motions of the users, both direct and STAR-
RIS-reflected transmission channels follow the independent
small-scale Rayleigh fading. In other words, the channel
coefficient between components p and q can be written as
hH
X,pq = d

−φX/2
X,pq h̃, where φi, φd, φr denote the path loss

exponent in the STAR-RIS DL, direct DL and reflected
DL, respectively. h̃ is the Rayleigh small-scale fading, i.e.,
h̃ ∼ CN (0, 1), and the subscript X ∈ {i, r, d} is used to
distinguish channel categories. dX,pq is the Euclidean distance
between p and q.

Let θ ≜ [θ1, . . . , θP ] be the set of phase shifts of the
reflecting elements in the STAR-RIS. It is known that the
interference power can be steadily reduced by merely mod-
ifying the phase shifts of the STAR-RIS elements [39], so we
set the amplitude of these elements equals to 1. Furthermore,
the phase shift θp of the STAR-RIS is also restricted to
θp ∈ DQ ≜

{
2π(q−1)

2Q

}
, where Q is the number of bits

used to discretize the phase shifts and q = 1, . . . , 2Q. Let
Θ = diag

{
ejθ1 , . . . , ejθP

}
be the parameters that characterize

the way STAR-RIS elements modify the original transmitted
signal wave.

The complex transmitted signal broadcasted by the BS can
be expressed as x =

∑
n∈N wnsn, where sn represents the

signal needed to transfer to user n and wn ≜ {wnm} ∈ CM×1

is the associated beamforming vector. It is also assumed that
the transmitted signals sn,∀n ∈ N are independent and
identically distributed random variables with zero mean and
unit variance. Now, the signal transmitted from the terrestrial
BS to user n can be written as

yn = ydn + yrn

= hH
d,nx+ hH

r,nΘHH
I x+ zn

=
(
hH
d,n + hH

r,nΘHH
I

) ∑
n∈N

wnsn + zn, (1)

where zn is the additive white Gaussian noise (AWGN) with
zero mean and variance σ2.



5

B. Optimization Problem Formulation

In this paper, we focus on maximizing the total received
signal power by jointly optimizing the beamforming of the
BS w, and discrete phase shifts of STAR-RIS θ. The problem
of jointly optimizing beamforming and RIS phase shift to
maximize total powers received by users has been investigated
by [7]. In our system, maximizing the total received signal
power directly captures the quality of signal delivery from
the BS to the users through both the direct and STAR-RIS-
assisted links. This objective also serves as a tractable system-
level metric for evaluating and improving the proposed design.
However, this problem mainly focused on optimizing the
continuous STAR-RIS phase shift. In contrast, we consider
the discrete phase shift for STAR-RIS, which is easier to
implement and lower cost. Due to hardware limitations and
restricted number of qubits, we propose a hybrid quantum-
classical solution for the small number of discrete phase shifts,
e.g.,, this paper only studies two main cases as Q = 1 and
Q = 2. By denoting w ≜ {wn}n∈N , the total superimposed
signal optimization problem can be fully expressed as follows:

max
w,θ

∑
n∈N

∣∣(hH
d,n + hH

r,nΘHH
I

)
wn

∣∣2 ,
s.t. ∥w∥2 ≤ Pmax,

∥wn∥2 ≥ Pmin,∀n ∈ N ,

θp ∈ DQ,∀p ∈ P.

(2a)

(2b)

(2c)
(2d)

In the above problem, the objective (2a) maximizes the total
signal power of the ground users. The first constraint (2b)
limits the maximum transmitted power of the BS, and the
second constraint (2c) ensures that the BS allocates the trans-
mission power to each user and the minimum power must
not be lower than Pmin. Finally, constraint (2d) represents the
discrete variables θp.

III. PROPOSED QAOA SOLUTION FOR THE TOTAL SIGNAL
POWER MAXIMIZATION PROBLEM IN THE CASE OF Q = 1

Note that the maximum value of the objective can only be
reached when the equality of constraint (2b) is satisfied, i.e.,
∥w∥ = Pmax because of the scalability [40]. Therefore, the
primary problem can be reconstructed as follows:

max
w,θ

∑
n∈N

∣∣(hH
d,n + hH

r,nΘHH
I

)
wn

∣∣2 ,
s.t. ∥w∥2 = Pmax,

∥wn∥2 ≥ Pmin,∀n ∈ N .

θp ∈ D1,∀p ∈ P.

(3a)

(3b)

(3c)
(3d)

Herein, D1 = {0, π}. Although we have restricted our atten-
tion to the small discrete phase shift (Q = 1), the optimization
problem is still difficult to solve due to the discrete variables θ.
Moreover, the problem is NP-hard, i.e., extremely challenging
and time-consuming to find the optimal value computationally.
Hence, to tackle this optimization problem, we first apply
the AO algorithm to divide the original problem into two
subproblems. Each subproblem will have a subset of fixed
variables and we only need to optimize the remaining ones.

Specifically, considering the subproblem where the beamform-
ing power w is fixed, we will try to convert the terms related
to θ to expressions of binary variables. Then, this subproblem
will be transformed into a Hamiltonian formulation which can
be efficiently solved by the QAOA approach via quantum
processor. For the subproblem with the STAR-RIS elements
being fixed, we obtain the optimal beamforming power directly
due to the quadratic form of the objective.

A. Phase Shift Optimization Subproblem

To formulate this subproblem, let us first set w = w(t) ≜
{w(t)

n }, which is a feasible solution of (3). We also denote

P
(t)
T,θ(θ) ≜

∑
n∈N

∣∣∣(hH
d,n + hH

r,nΘHH
I

)
w

(t)
n

∣∣∣2. From these
denotations, we reformulate the subproblem as

max
θ

P
(t)
T,θ(θ),

s.t. θp ∈ D1,∀p ∈ P.

(4a)

(4b)

This subproblem is a discrete optimization problem with the
discrete variable θ. To achieve the Hamiltonian formulation,
we first need to reformulate this subproblem into a QUBO
expression. Generally, a QUBO problem can be described as

min
x

xTQx,

s.t. xi ∈ {0, 1} ,∀xi ∈ x.

(5a)

(5b)

In this general form, x ∈ {0, 1}n is the binary vector and
Q ∈ Rn×n is a symmetric matrix that describes the linear
terms of the variables in x and the interactions between two
different decision variables in x. Since our subproblem is the
maximization problem, we first convert it into a minimization
problem as

min
θ

− P
(t)
T,θ(θ),

s.t. θp ∈ D1,∀p ∈ P.

(6a)

(6b)

To simplify the objective in (6a), P (t)
T,θ(θ) can be separated as

the sum of the signal power components as follows:

− P
(t)
T,θ(θ)

= −
∑
n∈N

∣∣∣∣∣ ∑
m∈M

(
hH
d,nm +

∑
p∈P

hH
r,npe

jθphH
i,pm

)
w(t)

nm

∣∣∣∣∣
2

≜ −
∑
n∈N

Q
(t)
n,θ(θ), (7)

It is worth noting that ejθp = cos θp since sin θp is
always equal to 0. Following this, by defining T

r,(t)
nm ≜

ℜ{hH
d,nmw(t)

nm}, T i,(t)
nm ≜ ℑ{hH

d,nmw(t)
nm} and S

r,(t)
p,nm ≜

ℜ{hH
r,nph

H
i,pmw(t)

nm}, Si,(t)
p,nm ≜ ℑ{hH

r,nph
H
i,pmw(t)

nm}, ∀n ∈ N ,
we can rewrite Q

(t)
n,θ(θ) as
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Q
(t)
n,θ(θ) =

∣∣∣∣ ∑
m∈M

∑
p∈P

(Sr,(t)
p,nm + jSi,(t)

p,nm) cos θp

+
∑

m∈M

(T r,(t)
nm + jT i,(t)

nm )

∣∣∣∣2
=

[( ∑
m∈M

T i,(t)
nm +

∑
m∈M

∑
p∈P

Si,(t)
p,nm cos θp

)2

+

( ∑
m∈M

T r,(t)
nm +

∑
m∈M

∑
p∈P

Sr,(t)
p,nm cos θp

)2]
. (8)

Then, we denote T r,(t)
n ≜

∑
m∈M T

r,(t)
nm , T i,(t)

n ≜∑
m∈M T

i,(t)
nm , and Sr,(t)

p,n ≜
∑

m∈M S
r,(t)
p,nm,Si,(t)

p,n ≜∑
m∈M S

i,(t)
p,nm, Q(t)

n,θ(θ) can be rewritten as

Q
(t)
n,θ(θ) = (T r,(t)

n )2 + (T i,(t)
n )2 +

∑
p∈P

[
(Sr,(t)

p,n )2 + (Si,(t)
p,n )2

]
+ 2

∑
p∈P

cos θp(Si,(t)
p,n T i,(t)

n + Sr,(t)
p,n T r,(t)

n )

+
∑

p,q∈P
p̸=q

cos θp cos θq(Sr,(t)
p,n Sr,(t)

q,n + Si,(t)
p,n Si,(t)

q,n ). (9)

This formulation can be attained due to the fact that cos2 θp =
1,∀θp ∈ D1. Since cos θp ∈ {1,−1},∀θp ∈ D1, we can
introduce a binary variable ap ∈ {0, 1} to express θp as
θp = apπ. We can also represent the term cos θp as

cos (apπ) = 1− 2ap. (10)

By utilizing (10), (9) can be reformulated as

Q
(t)
n,θ(θ) =

∑
p∈P

ap

−4A(t)
p,n − 4

∑
q ̸=p

B(t)
pq,n


+ 4

∑
p,q∈P
p̸=q

apaqB(t)
pq,n + C(t)

n . (11)

In this expression, the auxiliary terms A(t)
p,n,B(t)

pq,n and C(t)
n

can be expressed as follows:

A(t)
p,n ≜ Si,(t)

p,n T i,(t)
n + Sr,(t)

p,n T r,(t)
n ,

B(t)
pq,n ≜ Sr,(t)

p,n Sr,(t)
q,n + Si,(t)

p,n Si,(t)
q,n ,

C(t)
n ≜ (T r,(t)

n )2 + (T i,(t)
n )2 +

∑
p∈P

[
(Sr,(t)

p,n )2 + (Si,(t)
p,n )2

]
+ 2

∑
p∈P

A(t)
p,n +

∑
p,q∈P
p̸=q

B(t)
pq,n. (12)

Next, to formulate our QUBO expression of −P
(t)
T,θ(θ), we

use the equation (7) and remove the constant terms C(t)
n in

each term Q
(t)
n,θ(θ). The QUBO expression of the objective

can be formulated by (7) as follows:

P(t)
QUBO ≜

∑
p∈P

ap
∑
n∈N

4A(t)
p,n + 4

∑
q ̸=p

B(t)
pq,n


− 4

∑
p,q∈P
p̸=q

apaq
∑
n∈N

B(t)
pq,n (13)

The formulation in (13) has now been converted to a QUBO
structure with binary vector a ≜ {ap}p∈P and our coefficient
matrix Q can be expressed as

Qpp =
∑
n∈N

(
4A(t)

p,n + 4
∑
q ̸=p

B(t)
pq,n

)
,∀p ∈ P,

Qpq = −4
∑
n∈N

B(t)
pq,n,∀p, q ∈ P, p ̸= q, (14)

where Qpq is the component of Q in row p and column q.
The next step of the process is to convert the QUBO problem
in (14) into the Hamiltonian expression. To do this, spin
variables zp = 1 − 2ap are introduced and for every p ∈ P ,
the binary decision variables ap are converted to zp by the
equation given as

ap =
1− zp

2
. (15)

Based on the expressions developed above, we implement our
Hamiltonian by substituting (15) into (13) and terminating the
constant term as

H
(t)
state ≜ −2

∑
p∈P

zp
∑
n∈N

A(t)
p,n −

∑
p,q∈P
p ̸=q

zpzq
∑
n∈N

B(t)
pq,n. (16)

Following from this, we propose a QAOA-based optimization

𝒆−𝒊𝜸𝟏𝑯𝟐𝒆−𝒊𝜷𝟏𝑯𝟏 𝒆−𝒊𝜸𝒑𝑯𝟐𝒆−𝒊𝜷𝒑𝑯𝟏
𝜷, 𝜸

⟨𝝍 𝜷, 𝜸 𝑯𝟐 𝝍 𝜷, 𝜸 ⟩

𝜸 = 𝜸𝟏, … , 𝜸𝒑 , 𝜷 = (𝜷𝟏, … , 𝜷𝒑)

𝑴

Fig. 2: An illustration of a QAOA circuit starts with an initial
Hamiltonian state H1 to the desired state H2. The parameters
are then updated until the convergence condition is held.

algorithm to tackle this problem, as illustrated in Algorithm 1.
The algorithm starts by initializing some parameters that
are required for the algorithm, i.e. the known parameters in
the mathematical model, feasible w(t) for the system, and
appropriate quantum backend specifications. Subsequently, a
parameterized quantum circuit (ansatz) is designed due to the
known Hamiltonian objective and MQ layers for measure-
ments. For simplicity, we use H1 =

∑
i Xi with ground state
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|+⟩⊗N , while our target Hamiltonian is H2 = H
(t)
state. Since

QAOA is inspired by the Quantum Adiabatic Theorem, the
initial state |+⟩⊗N will be converted to the ground state of
H2 by the updated layers for each QAOA iteration. For each
layer mQ, we set an initial parameter vector (βmQ

, γmQ
)

and set (β,γ) ≜ (βmQ
, γmQ

)mQ=1,2,...,MQ
. Then, a classical

optimizer, such as COBYLA, is deployed to minimize the ob-
jective value with respect to the variational parameters (β,γ).
Afterwards, the algorithm optimizes and updates the param-
eters iteratively until the convergence condition expressed in
1, or reaches the maximum number of iterations.

Algorithm 1 : Proposed quantum-centric optimization ap-
proach for solving the fixed-phase-shift subproblem.

1: Input: Required parameters M,N,P,HH
I ,hH

r,n,h
H
d,n,

φ, h̃, σ, Tmax, locations of network components in the
system model; feasible w(t), quantum backend settings;
classical optimizer.

2: Build a parameterized ansatz circuit with M layers and
an initial vector (β,γ).

3: Exploit a classical optimizer for optimizing and updating
parameters iteratively.

4: Insert the parameterized vector (β,γ) into the ansatz
circuit.

5: repeat
6: Optimize and update (β,γ) by the optimizer chosen in

Step 3
7: Measure the expectation value of the quantum state

H
(t)
min ≜

〈
β,γ|H(t)

state|β,γ
〉

and seek for convergence.

8: until |H(t+1)
min −H

(t)
min| < εtol

9: Output: Optimized STAR-RIS phase shifts θ(t+1) con-
structed by binary variables and the optimal value of the
objective P

(t+1)
T,θ (θ(t+1)).

B. Beamforming Optimization Subproblem

This subproblem is created by optimizing the BS beam-
forming factor w while θ = θ(t) remains constant. Let us
first denote Θ(t) ≜ diag

{
ejθ

(t)
1 , . . . , ejθ

(t)
P

}
and P

(t)
T,w(w) ≜∑

n∈N

∣∣∣(hH
d,n + hH

r,nΘ
(t)
HH

I

)
wn

∣∣∣2. The problem can now
be formulated as

max
w

P
(t)
T,w(w),

s.t. ∥w∥2 = Pmax.

∥wn∥2 ≥ Pmin,∀n ∈ N .

(17a)

(17b)

(17c)

In order to simplify the problem given above, let us
denote

(
vH
n

)(t)
≜ hH

d,n + hH
r,nΘ

(t)
HH

I and v
(t)
n ≜

(hH
d,n + hH

r,nΘ
(t)
HH

I )H ∈ CM×1. We also rewrite wn =
αnpn, where αn is the beamforming amplitude and pn

denotes the beamforming direction of wn. These beamforming
factors must follow the constraint (17b) and can be rewritten
as

∑
n∈N

α2
n = Pmax,

α2
n ≥ Pmin,

∥pn∥ = 1.

(18a)

(18b)
(18c)

Using these expressions, the objective P
(t)
T,w(w) can be rewrit-

ten as

P
(t)
T,w(w) =

∑
n∈N

|
(
vH
n

)(t)
wn|2

=
∑
n∈N

wH
n (vn)

(t)
(
vH
n

)(t)
wn

=
∑
n∈N

α2
np

H
n

(
(vn)

(t)
(
vH
n

)(t) )
pn

=
∑
n∈N

α2
np

H
n V(t)

n pn, (19)

where, V(t)
n ≜ (vn)

(t)
(
vH
n

)(t) ∈ CM×M . For constant αn, it
can be seen that maximizing pH

n V
(t)
n pn is equivalent to the

Rayleigh quotient maximization problem because of (18c) and
the fact that V

(t)
n is a Hermitian matrix. According to [41],

the maximum value of (19) is Pmaxλ
n,(t)
max and can be achieved

at pn = q
n,(t)
max , where λ

n,(t)
max is the largest eigenvalue of the

matrix V
(t)
n and q

n,(t)
max is the corresponding eigenvector of

V
(t)
n .
The other factor we need to optimize is the beamforming

amplitude αn. From (18a) and (18b), the beamforming ampli-
tude can always be bounded as√

Pmin ≤ αn ≤
√

Pmax − (N − 1)Pmin. (20)

We now denote j = argmaxn∈N {λn,(t)
max }, which means

that λ
j,(t)
max ≥ λ

n,(t)
max ,∀n ∈ N . Hence, we have the following

inequality demonstrated as

P
(t)
T,w ≤

∑
n∈N

α2
nλ

n,(t)
max

≤ (Pmax − (N − 1)Pmin)λ
j,(t)
max +

∑
n∈N
n ̸=j

Pminλ
n,(t)
max . (21)

The equality holds if and only if αn =
√
Pmin = α

(t)
n ,∀n ̸=

j and αj =
√
Pmax − (N − 1)Pmin = α

(t)
j . Hence, the

maximizer w of the subproblem (17) can now be formulated
as

w(t+1)
n = α(t)

n qn,(t)
max ,∀n ∈ N . (22)

The problem of finding the maximum eigenvalue λ
n,(t)
max and

the associated eigenvector qn,(t)
max of V(t)

n can be directly solved
thanks to available packages.

C. Proposed QAOA-AO Algorithm

Denote PT (w,θ) ≜
∑

n∈N

∣∣∣(hH
d,n + hH

r,nΘHH
I

)
wn

∣∣∣2
and suppose P

(t)
T ≜ PT (w

(t),θ(t)) is the maximum value
of (2) at iteration t. Throughout the subproblems developed
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in Sections III-A and III-B, the discrete optimization problem
in (2) can be iteratively solved by using the proposed AO
method as shown in Algorithm 2. The algorithm starts by
initializing feasible solutions of (2) as θ(0),w(0), setting
t = 0 and some appropriate parameters given in Algorithm 1.
Then, from Algorithm 1, we derive the new optimized phase
shifts θ(t+1) and update Θ(t+1), P

(t)
T,w. The maximizer of

the following subsection w(t+1) can be obtained from the
developments in the next Section III-B and the objective can
be updated as P

(t+1)
T . The counting index is then updated as

t = t+1 and the AO algorithm continues to operate until the
convergence is reached.

Algorithm 2 : Proposed AO Algorithm for solving (2).

1: Initialization: Set t = 0, maximum number of iteration,
Nmax; generate the initial feasible points θ(0) with the
corresponding optimized w(0) derived in Section III-B,
and choose the known parameters in Algorithm 1.

2: while P
(t)
T = P

(t−1)
T or t > Nmax do

3: Follow the developments in Section III-B and use (22)
to find the optimal beamforming vectors of the BS
w(t+1) from the STAR-RIS phase shift θ(t);

4: Implement Algorithm 1 to obtain the optimal STAR-
RIS phase shifts variables θ(t+1) from the beamforming
vector w(t+1);

5: Calculate P
(t+1)
T based on the optimal variables θ(t+1)

and w(t+1);
6: Update t = t+ 1;
7: end while
8: Output: optimal solutions of θ∗ and w∗ and the maxi-

mized total achievable rate P ∗
T .

IV. PROPOSED QAOA SOLUTION FOR THE TOTAL SIGNAL
POWER MAXIMIZATION PROBLEM IN THE CASE OF Q = 2

Following from Section III, the reformulated problem can
be expressed as follows:

max
w,θ

PT (w,θ),

s.t. ∥w∥2 = Pmax,

∥wn∥2 ≥ Pmin,

θp ∈ D2,∀p ∈ P,

(23a)

(23b)

(23c)
(23d)

where D2 = {0, π/2, π, 3π/2}. The key distinction is that
the number of phase shifts expands from two values D1 to
D2, meaning that sin θ is not always equal to 0. However, the
stages of solving this problem are still identical to those in
Section III, and we only need to handle the different phase shift
subproblem. Equivalently, this subproblem can be formulated
as follows:

min
θ

− P
(t)
T,θ(θ),

s.t. θp ∈ D2,∀p ∈ P.

(24a)

(24b)

As we know, the objective can be rewritten as (7). The
procedure continues by setting ejθ = cos θ + j sin θ, and the
term Q

(t)
n,θ(θ) can be reformulated as

Q
(t)
n,θ(θ) =

( ∑
m∈M

∑
p∈P

(Si,(t)
p,nm cos θp + Sr,(t)

p,nm sin θp)

+
∑

m∈M
T i,(t)
nm

)2

+

( ∑
m∈M

T r,(t)
nm

+
∑

m∈M

∑
p∈P

(Sr,(t)
p,nm cos θp − Si,(t)

p,nm sin θp)

)2

. (25)

Alternately, (25) can be reduced as

Q
(t)
n,θ(θ) = (T r,(t)

n )2 + (T i,(t)
n )2

+
∑
p∈P

[
(Sr,(t)

p,n )2 + (Si,(t)
p,n )2

]
+ 2

∑
p∈P

cos θpA(t)
p,n + 2

∑
p∈P

sin θpD(t)
p,n

+
∑

p,q∈P
p ̸=q

(cos θp cos θq + sin θp sin θq)B(t)
pq,n

+ 2
∑

p,q∈P
cos θp sin θqE(t)

pq,n, (26)

where D(t)
p,n = Sr,(t)

p,n T i,(t)
n − Si,(t)

p,n T r,(t)
n and E(t)

pq,n =

Si,(t)
p,n Sr,(t)

q,n −Sr,(t)
p,n Si,(t)

q,n . The term Q
(t)
n,θ(θ) is now related to

sin θp and cos θp. The next step is to perform them by linear
combinations of bits. The discrete phase shifts in D2 can be
illustrated as θp = (ap + 2bp)π/2, where ap and bp are bit
variables. Following this, the functions cos θp and sin θp can
be given as

sin θp = ap(1− 2bp),

cos θp = (1− ap)(1− 2bp). (27)

However, these linear combinations are suboptimal as the term
apbp is quadratic. Substituting it directly into (26) results in
a quartic polynomial or a higher-order binary optimization
expression, which significantly complexifies the problem. To
avoid this, for each p ∈ P , we denote auxiliary bits cp that
satisfies cp = apbp. To enforce this constraint, we use the
penalty function developed in [42] and [43] as

g(ap, bp, cp) = λp(3cp + apbp − 2apcp − 2bpcp), (28)

where λp is the parameter that impose a penalty on the term
3cp+apbp−2apcp−2bpcp if they are not equal to zero. Hence,
the formulations on (27) can be rewritten as

sin θp = ap − 2cp,

cos θp = 1− ap − 2bp + 2cp. (29)

The next step is to add the penalty terms from (28) and
substitute the linear combinations from (29) to (26) for the
QUBO formulation. Since the coefficients do not affect the
QUBO optimization problem, they are reduced and we can
reduce Q

(t)
n,θ(θ) as follows:
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Q
(t)
n,θ(θ)

=
∑
p∈P

ap

(
− 2A(t)

p,n + 2D(t)
p,n +

∑
q∈P
q ̸=p

(−2B(t)
pq,n + 2E(t)

pq,n)

)

+
∑
p∈P

bp

(
− 4A(t)

p,n − 4
∑
q∈P
q ̸=p

B(t)
pq,n

)

+
∑
p∈P

cp

(
4A(t)

p,n − 4D(t)
p,n +

∑
q∈P
q ̸=p

(4B(t)
pq,n + 4E(t)

pq,n)

)

+
∑

p,q∈P
q ̸=p

[
apaq(2B(t)

pq,n) + apbq(4B(t)
pq,n + 4E(t)

pq,n)

+ apcq(−8E(t)
pq,n) + bpbq(4B(t)

pq,n)

+ bpcq(−8B(t)
pq,n + 8E(t)

pq,n) + cpcq(8B(t)
pq,n)

]
. (30)

This formulation can be achieved thanks to the fact that
D(t)

p,n = D(t)
qp,n and E(t)

pq,n = −E(t)
pq,n. Note that the penalty

terms λp must be carefully chosen to ensure smooth conver-
gence. Using high penalty values forces the solver to strictly
satisfy the constraints, but this rigidity can make the problem
difficult to solve and significantly slow down convergence.
On the other hand, using low penalty values often allows for
faster convergence, but the solver may not be guided strongly
enough, risking a final solution that violates the constraints.
Thus, a good way to handle this is to set λp as an upper
bound of the function. It can be seen that the QUBO objective
is −

∑
n∈N Q

(t)
n,θ(θ) and the upper bound of this formulation

can be expressed as follows:

λp =∑
p∈P
n∈N

max

{
0, 2A(t)

p,n − 2D(t)
p,n +

∑
q∈P
q ̸=p

(2B(t)
pq,n − 2E(t)

pq,n)

}

+
∑
p∈P
n∈N

max

{
0, 4A(t)

p,n + 4
∑
q∈P
q ̸=p

B(t)
pq,n

}

+
∑
p∈P
n∈N

max

{
0,−4A(t)

p,n + 4D(t)
p,n −

∑
q∈P
q ̸=p

(4B(t)
pq,n + 4E(t)

pq,n)

}

+
∑

p,q∈P
q ̸=p
n∈N

[
max

{
0,−14B(t)

pq,n

}
+max

{
0,−4B(t)

pq,n − 4E(t)
pq,n

}

+max

{
0, 8E(t)

pq,n

}
+max

{
0, 8B(t)

pq,n − 8E(t)
pq,n

}]
. (31)

Following this, by taking the negative sum of Q
(t)
n,θ(θ)

and adding the penalty introduced in (28), the final QUBO
formulation can be formulated as follows:

P(t)
QUBO

≜ −
∑
n∈N

Q
(t)
n,θ(θ) +

∑
p∈P

λp(3cp + apbp − 2apcp − 2bpcp).

=
∑
p∈P

{
ap

∑
n∈N

(
2A(t)

p,n − 2D(t)
p,n +

∑
q∈P
q ̸=p

(2B(t)
pq,n + 2E(t)

pq,n)

)

+ bp
∑
n∈N

(
4A(t)

p,n + 4
∑
q∈P
q ̸=p

B(t)
pq,n

)

+ cp

[ ∑
n∈N

(
− 4A(t)

p,n + 4D(t)
p,n +

∑
q∈P
q ̸=p

(−4B(t)
pq,n − 4E(t)

pq,n)

)

+ 3λp

]
+ apbpλp − 2apcpλp − 2bpcpλp

}
+

∑
p,q∈P
q ̸=p

[
2apaqB(t)

pq,n − apbq(4B(t)
pq,n + 4E(t)

pq,n) + 8apcqE(t)
pq,n

+ 4bpbqB(t)
pq,n + bpcq(8B(t)

pq,n − 8E(t)
pq,n)− 8cpcqB(t)

pq,n

]
. (32)

Having obtained the formulation for the QUBO, we now
construct the minimization problem with the variable vector
x = [a,b, c]T , where a,b, c are {0, 1}1×P vectors which con-
tain the corresponding sets of variables ap, bp, cp, respectively.
The Q-matrix can be constructed as

Q =

 Q(aa) Q(ab) Q(ac)(
Q(ab)

)T
Q(bb) Q(bc)(

Q(ac)
)T (

Q(bc)
)T

Q(cc)

 . (33)

Herein, Q(uv),u,v ∈ {a,b, c} is the submatrix that repre-
sents the vector variables u horizontally and v vertically. The
components of these matrices at the p-th row and q-th column
can be denoted as Q

(uv)
p,q and as shown in (30), their values

can be given as

Q(aa)
p,q =



2
∑

n∈N
∑

q ̸=p
q∈P

B(t)
pq,n, p ̸= q,∑

n∈N

(
2A(t)

p,n − 2D(t)
p,n

+
∑

q ̸=p
q∈P

(2B(t)
pq,n + 2E(t)

pq,n)

)
, p = q,

Q(ab)
p,q =


∑

n∈N
∑

q ̸=p
q∈P

(
− 4B(t)

pq,n − 4E(t)
pq,n

)
, p ̸= q,

λp, p = q,

Q(ac)
p,q =

{
8
∑

n∈N
∑

q ̸=p
q∈P

B(t)
pq,n, p ̸= q,

−2λp, p = q,

Q(bb)
p,q =


4
∑

n∈N
∑

q ̸=p
q∈P

B(t)
pq,n, p ̸= q,∑

n∈N

(
4A(t)

p,n + 4
∑

q ̸=p
q∈P

B(t)
pq,n

)
, p = q,

Q(bc)
p,q =


∑

n∈N
∑

q ̸=p
q∈P

(
8B(t)

pq,n − 8E(t)
pq,n

)
, p ̸= q,

−2λp, p = q,

Q(cc)
p,q =



−8
∑

n∈N
∑

q ̸=p
q∈P

B(t)
pq,n p ̸= q,∑

n∈N

(
− 4A(t)

p,n + 4
∑

p∈P D(t)
p,n

+
∑

q ̸=p
q∈P

(−4B(t)
pq,n − 4E(t)

pq,n)

)
+ 3λp, p = q.

(34)
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In order to convert the QUBO formulation in (30) to the
Hamiltonian form, we denote the spin variables zxp = 1 −
2xp,∀x ∈ {a, b, c}, p ∈ P and get the reformulation xp =
1−zxp

2 ,∀x ∈ {a, b, c}, p ∈ P . The final Hamiltonian can be
obtained by substituting these equations directly into (32) and
expressed as follows:

H
(t)
final

=
∑
p∈P

[
zap

( ∑
n∈N

(−A(t)
p,n +D(t)

p,n −
∑
q ̸=p
q∈P

3B(t)
pq,n) +

λp

4

)

+ zbp

( ∑
n∈N

(−2A(t)
p,n +

∑
q ̸=p
q∈P

(−5B(t)
pq,n + E(t)

pq,n)) +
λp

4

)

+ zcp

( ∑
n∈N

(2A(t)
p,n − 2D(t)

p,n +
∑
q ̸=p
q∈P

2B(t)
pq,n)

)
− λp

2

)

+
∑
n∈N

(
zapzbp

λp

4
− zapzcp

λp

2
− zbpzcp

λp

2

)]

+
∑
q ̸=p
q∈P

∑
n∈N

[
zapzaq

B(t)
pq,n

2
− zapzbq (B

(t)
pq,n + E(t)

pq,n)

+ 2zapzcqB
(t)
pq,n + zbpzbqB

(t)
pq,n

+ zbpzcq (2B
(t)
pq,n − 2E(t)

pq,n)− 2zcpzcqB
(t)
pq,n

]
. (35)

After solving the phase shifts subproblem by QAOA, the
optimized phase shifts are substituted to the primary objec-
tive to attain the new objective P

(t)
T,w of the beamforming

optimization subproblem. This subproblem is subsequently
solved by following the methodology outlined in Section III-B.
The algorithm applied is Algorithm 2 where the factors are
alternatively optimized until convergence or the maximum
number of iterations is reached.

V. SIMULATION RESULTS AND DISCUSSIONS

A. Simulation Settings

In this section, we present the results of extensive simula-
tions to verify the proposed algorithm. For the simulations,
the number of antennas used at the BS was set to M = 8,
while the number of terrestrial users was N = 3. Without
loss of generality, the location of the terrestrial BS was set
to be [0, 0, 50] meters, while the terrestrial users had their
positions fixed at [100, 50, 0], [180,−40, 0] and [−75, 120, 0]
meters, respectively. The location of the center of the STAR-
RIS center was assumed to be [75, 50, 20]. The maximum
power broadcast by the BS was set to 40 dBm, and the
minimum power allocated to each user was 27 dBm. In
addition, the path loss exponents of different channel types
set at φi = 2.2, φr = 2.6, φd = 3.5, and the noise power
σ2 = −90dBm. The number of qubits used in the optimization
problem was configured to be in the range of [3, 18], while the
number of random Rayleigh channels simulated in this work
is 50.

Since our proposed optimization problem is discretized into
binary variables associated with phases, the number of qubits
we have to handle for each case varies differently. In the case

where the number of phases in set DQ is 2, i.e., Q = 1,
the number of qubits ap formed in the QUBO expression
is equal to the number of STAR-RIS elements P . However,
in the case of Q = 2, the number of qubits increases to
ap, bp and cp for each STAR-RIS element p. This signifi-
cantly increases the number of qubits to 3P . The simulations
were performed in Python using the simulation libraries as
qiskit, qiskit_aer and qiskit_algorithms. For
the optimizer used in QAOA, we use COBYLA with default
settings in qiskit library, whereas the initial parameters of
(γ, β) are randomized in [0, π/2]. The number of layers used
in our QAOA model is MQ = 1.

B. Numerical Results and Discussions
In both Figs. 3a and 3b, we can observe that the convergence

curve of the QUBO objective is overwhelmingly flat as the
number of qubits increases. Although the angles γ, β are
repeatedly updated by the classical COBYLA optimizer, the
landscapes of the multiple-qubit QUBO objectives remain
almost flat. This behavior might be caused by the barren
plateau problem in variational quantum computing [44], [45].
Mathematically, the variance of the cost function in parameter-
ized quantum circuits decreases exponentially with the number
of qubits. Consequently, the cost function gradient is close to
zero, yielding an almost flat QUBO landscape and making the
problem harder to train. Thus, barren plateaus represent one
of the main challenges in training quantum circuits, and their
mitigation will be a key focus of our future work to enhance
trainability in larger systems.

Figs. 4(a) and 4(b) represent the QAOA-AO convergence in
all AO iterations for 18 qubits. In general, each AO loop takes
around 25 iterations to converge, in which the first 20 iterations
are used in the exploration phase. After looking for the
minimum value of the QUBO objective and achieving the new
optimized phase shift θ(1), the optimized BS beamforming
w(1) is attained by the direct solution. Then, Algorithm 1 is
utilized again to derive the better optimized phase shift θ(2)

from the newly optimized beamforming w(1) in the BS. In
both Figs. 4a and 4b, the minimized values of the second AO
loop are lower than those of the first AO loop, which shows
that the proposed AO algorithm works well for a relatively
high number of qubits.

Figs. 5(a) and 5(b) depict the improvement in total transmis-
sion power to ground users in the STAR-RIS-aided wireless
networks. In particular, the Beam Opt results are given by
only optimizing the beamforming vectors of the initial feasible
points while keeping the phase shifts fixed, as demonstrated
in Section III-B. Theoretically, the AO algorithm ensures that
the solution converges at a local optimum point; therefore,
the performance of the AO algorithm might be lower than the
exhaustive search, since they always derive the global optimum
point. However, the numerical results of these two approaches
are quite close. Moreover, the performance of the QAOA-AO
method is superior to that of the only optimizing beamforming
method, which validates the efficiency of the proposed method.
When deploying a STAR-RIS with a fixed number of reflecting
elements, it is widely known that using a quadrature quan-
tization phase set (Q = 2,D2 = {0, π/2, π, 3π/2}) typically
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Fig. 3: Convergence behavior of Algorithm 1 in the same DL
channel, regarding the last AO iteration with multiple qubits
ranging from [3, 18] . (a) The Q = 1 case, (b) The Q = 2
case.

outperforms binary phase quantization (Q = 1,D1 = {0, π}).
Nevertheless, in this study, both quantization schemes share
the same qubit budget, such that the number of RIS elements
controllable in the Q = 1 case is three times greater than
in the Q = 2 case. In both quantization scenarios (Q = 1
and Q = 2), the total power transmitted from the BS to the
users is substantially higher for Q = 1 than for Q = 2 when
normalized to the same qubit budget. This result indicates
that with the limitation of the number of qubits used in real
quantum computers or simulators, allocating qubits to achieve
finer phase resolution (Q = 2) across fewer RIS elements is
less effective than distributing them to control a larger number
of RIS elements with coarser phase quantization Q = 1.

Fig. 6 demonstrates the difference in the average iterations
of the QAOA-AO algorithm in the Q = 1 and Q = 2 cases.
Each AO run requires a minimum of two iterations, as the final
iteration is reserved for verifying the convergence condition.
Notably, as the number of qubits increases, the average number
of iterations needed for QAOA-AO to converge increases
gradually, though this growth rate diminishes at higher qubit
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Fig. 4: Convergence behavior of the QUBO objective function
across the first two AO iterations in the 18-qubit case. (a) The
Q = 1 case, (b) The Q = 2 case.

counts. Importantly, the iterations taken in the case Q = 1 is
higher than those in the case Q = 2, mainly because the
QUBO formulation of the case Q = 2 is affected by the
penalty component λp. Since the value of λp is carefully
chosen to be much larger than the range of values of the
constraint objective

∑
n∈N Q

(t)
n,θ(θ), the exploration phase of

the QAOA algorithm can quickly eliminate infeasible points.
Moreover, the penalty λp only affects the linear and some of
the quadratic terms of the QUBO expression, creating a vital
imbalance between the quadratic terms and the linear terms,
so that the QAOA optimization process can focus on the most
valuable components of the expression.

Figs. 7(a) and 7(b) show the exponential growth of the
runtime ratio between the QAOA-AO and the brute force
approaches, considering the same increase in the number of
qubits from 6 to 18 qubits. The runtime for each N -qubit
scenario is normalized by the runtime of the 3-qubit case.
In both figures, the time ratio from the brute force approach
is enormous compared to the time ratio of the QAOA-AO
method. Additionally, the brute-force runtime grows signif-
icantly faster than QAOA-AO as qubit count increases. This
result also validates the robustness of the proposed QAOA-AO
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Fig. 5: Enhancement of total power transmitted from BS to
users with the help of STAR-RIS. (a) The Q = 1 case, (b)
The Q = 2 case.

method and further validates the potential that the operation
time of the hybrid quantum-classical methods can be much
smaller than the classical computing, especially for intractable
or NP-hard problems involving a large number of qubits.

VI. CONCLUSION

In this paper, we have investigated the integrated chal-
lenge of addressing the STAR-RIS optimization problem using
quantum computing by proposing the AO-based framework.
The proposed QAOA-AO method has been employed to
decompose the original problem into two parts: a phase
subproblem, tackled with a QAOA-based algorithm, and a
beamforming subproblem, which is solved by a closed-form
expression. Numerical solutions demonstrate that our proposed
QAOA-AO method generally surpasses classical exhaustive
search in runtime efficiency for sophisticated problems which
seem classically intractable. The QAOA-AO algorithm also
achieves near-optimal solutions compared to the brute force
method and outperforms the beam optimization-only method.
These findings have demonstrated the strong potential of
hybrid quantum-classical approaches in handling discrete
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algorithm applied in Q = 1 and Q = 2 cases for qubits in
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Fig. 7: The time ratio of QAOA-AO algorithm compared with
brute force at two Q = 1 and Q = 2 for qubits in range [6, 18].
(a) The Q = 1 case, (b) The Q = 2 case.

phase shift STAR-RIS problems, which is more practical
than those of continuous phase shift. Looking ahead, future
work could explore more advanced quantum-classical hybrid
techniques—such as adaptive variational algorithms and BP
mitigation strategies—to enhance both the performance and
scalability of quantum optimization for STAR-RIS phase de-
sign.
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