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Abstract—Rate-splitting multiple access (RSMA) and simulta-
neously transmitting and reflecting (STAR) reconfigurable intel-
ligent surface (RIS) have emerged as promising technologies for
multiple access and relaying in sixth-generation (6G) networks.
This paper investigates a STAR-RIS-aided RSMA system that
minimizes transmit power while satisfying users’ quality of
service (QoS) requirements under spatially correlated channels.
The formulated non-convex optimization problem jointly opti-
mizes the precoding vector, common message ratio, phase shift
matrix, and transmission and reflection ratio. To solve this, the
problem is decomposed into three subproblems: (i) precoding
and common message ratio control at the base station (BS),
(ii) phase shift matrix design, (iii) transmission/reflection ratio
control at the STAR-RIS. These subproblems are transformed
into convex forms via penalty functions and linear approxi-
mations. A stationary solution is obtained using interior-point
initialization, successive convex approximation, and alternating
optimization algorithms. Through extensive simulations under
various channel environments, including spatially correlated sce-
narios, the proposed method achieves much lower transmit power
while meeting QoS requirements, outperforming conventional
(STAR-)RIS-aided RSMA, non-orthogonal multiple access, and
space-division multiple access. The performance gain becomes
more significant when the number of STAR-RIS elements or BS
antennas is limited.

Index Terms—Rate-splitting multiple access, simultaneously
transmitting and reflecting reconfigurable intelligent surface,
transmit power minimization.

I. INTRODUCTION

NEXT-generation wireless networks are expected to sup-
port a wide range of mission-critical applications and

services, including high-performance holography, tactile-based
communications, and immersive virtual experiences, and ubiq-
uitous device interconnectivity [1]. These services demand
high-spectral efficiency (SE) and energy efficiency (EE), which

This work was supported in part by the IITP (Institute of Information
Communications Technology Planning Evaluation) - ITRC (Information
Technology Research Center) (IITP-2026-RS-2022-00156353, 40%) grant
funded by the Korea government (Ministry of Science and ICT) and in part by
the National Research Foundation of Korea (NRF) grants funded by the Korea
government (MSIT) (No. RS-2023-00209125 / RS-2023-NR076382). The
editor coordinating the review of this article was B. Smida. (Corresponding
authors: Wonjong Noh; Sungrae Cho.)

D. Lee, C. Song, T.-V. Nguyen, J. Oh, D. Won, and S. Cho are with
the School of Computer Science and Engineering, Chung-Ang University,
Seoul 06974, Republic of Korea. (e-mail: {dhlee, chsong, tvnguyen, jsoh,
dwwon}@uclab.re.kr; srcho@cau.ac.kr)

Y. Lee is with the School of Computer Science Engineering and Converged
Technology, Duksung Women’s University, Seoul 01369, Republic of Korea.
(e-mail: yunslee@duksung.ac.kr)

W. Noh is with the School of Software, Hallym University, Chuncheon
24252, Republic of Korea. (e-mail: wonjong.noh@hallym.ac.kr)

can be achieved through dense base station (BS) deploy-
ment, massive device connectivity, and the utilization of high-
frequency and wideband channels. However, merely extending
existing technologies is insufficient to meet the stringent
performance requirements of future applications.

To this end, new multiple access (MA) schemes have re-
cently been proposed, such as non-orthogonal multiple access
(NOMA) and rate-splitting multiple access (RSMA). Space-
division multiple access (SDMA) reduces inter-user inter-
ference (IUI) through sophisticated beamforming techniques.
NOMA mitigates IUI via superposition coding and successive
interference cancellation (SIC) in the power domain. RSMA,
as a generalized framework bridging NOMA and SDMA,
employs common and private messages to manage IUI. The
common message partially decodes the IUI, leveraging the
benefits of NOMA, while private messages are user-specific
and are directed to the intended users, exploiting the spatial
separation in SDMA.

Recently, new signal relaying technologies such as reconfig-
urable intelligent surface (RIS) and simultaneously transmit-
ting and reflecting RIS (STAR-RIS) have emerged as promis-
ing solutions. RIS controls wireless channels between trans-
mitters and receivers by adjusting signal reflections through
multiple low-cost passive elements [2]. This enables an ad-
ditional degree of freedom (DoF) and supports the realiza-
tion of programmable wireless environments [2]. However,
conventional RIS can only reflect incident signals, which
limits deployment flexibility [3] and restricts cell coverage.
To address this, a novel architecture called STAR-RIS has
been introduced, which allows simultaneous transmission and
reflection of signals toward users [4]. This capability enables
deployment not only at cell boundaries but also within cell in-
teriors, thereby extending coverage [5]. A successful prototype
development by NTT Docomo has demonstrated the practical
feasibility of STAR-RIS.

Furthermore, RSMA has been explored beyond conven-
tional physical-layer designs. For instance, it has been studied
in conjunction with semantic communication that jointly con-
siders communication and computation resources, highlighting
its potential for future wireless networks [6], [7]. Concurrently,
RIS-assisted architectures have been extended to IIoT scenar-
ios through distributed RIS-enabled semantic communications
and joint resource optimization, further demonstrating their
wide applicability [8].

Motivated by these advancements, the integration of STAR-
RIS and RSMA is expected to play a crucial role in next-
generation wireless networks, as it can enhance network
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connectivity, improve SE and EE, and enable intelligent
control over wireless propagation with expanded coverage.
Nevertheless, several challenges persist, including waveform
and resource control for signal enhancement and interference
mitigation [9], physical layer security concerns [10], and
hardware complexity issues [11].

In this context, this paper investigates the performance ben-
efits of jointly integrating STAR-RIS and RSMA. Specifically,
we propose waveform and resource control strategies that
minimize power consumption while ensuring the QoS require-
ments of each user in STAR-RIS-aided RSMA networks.

A. Related Work

1) NOMA and RSMA with RIS: Several studies have in-
vestigated RIS-aided NOMA [12]–[14] and RIS-aided RSMA
[15]–[17] systems. Shehab et al. [12] studied sum rate max-
imization in RIS-aided downlink NOMA using a deep re-
inforcement learning (DRL)-based phase shift optimization
algorithm to solve the resulting non-convex problem. Wang
et al. [13] analyzed the trade-off between sum rate and
transmit power in RIS-aided downlink NOMA, and proposed
an alternating optimization (AO)-based algorithm for joint
beamforming and phase shift optimization. Li et al. [14]
assessed the phase shift matrix optimization of RIS according
to the transmit power of RIS-aided uplink NOMA users.
A closed-form phase shift was derived through semidefinite
programming (SDP) and majorization-minimization. Khisa et
al. [15] proposed a cooperative RIS-aided RSMA system,
where users close to the BS relay the common stream to
distant users, assuming that nearby users experience more
favorable channel conditions. The time domain was divided
into two phases to enable this cooperative transmission. Yang
et al. [16] studied EE maximization by jointly optimizing the
RIS phase shift and BS beamforming in a RIS-aided RSMA
system. Truong et al. [17] explored an RSMA-based downlink
system assisted by active RIS with low-resolution DACs and
phase quantization. The work focused on EE maximization
by jointly optimizing transmit power, RIS coefficients, and
quantization levels.

2) NOMA and RSMA with STAR-RIS: Several studies have
extended to STAR-RIS-aided NOMA systems. Fang et al. [18]
introduced a zero-forcing (ZF) precoding strategy combined
with a Dinkelbach method-based phase shift design. An AO
algorithm was used to iteratively optimize both beamforming
and STAR-RIS phase shifts until convergence. This approach
effectively enhanced the EE of the STAR-RIS-aided down-
link NOMA system. Zhao et al. [19] introduced an aerial
active STAR-RIS-assisted IoT NOMA network, where a UAV-
mounted surface enhances coverage through dynamic reflec-
tion and transmission control. An AO-based algorithm was
employed to jointly optimize the UAV trajectory and resource
allocation for sum rate maximization.

Finally, some studies have been conducted on STAR-RIS-
aided RSMA systems [20]–[23]. Katwe et al. [20] investi-
gated SE maximization in STAR-RIS-assisted uplink RSMA
systems. AO and fractional programming-based algorithms
were employed to optimize power allocation, decoding order,

user fairness, and beamforming design at the STAR-RIS.
Meng et al. [21] focused on sum rate maximization in a
STAR-RIS-aided RSMA system. A DRL-based algorithm was
proposed to jointly optimize the beamforming vector, common
stream rate allocation, and transmission and reflection coeffi-
cients. Maghrebi et al. [22] investigated a cooperative RSMA
framework assisted by an active STAR-RIS, where a relay
user forwards the common message to improve connectivity.
An AO-based algorithm was developed to jointly optimize
transmit beamforming and STAR-RIS coefficients for sum rate
maximization.

B. Motivations, Contributions and Organization

Most existing works [12], [14], [20], [21] have focused on
SE for network optimization. However, with the rapid growth
in mobile traffic and increasing demand for sustainable com-
munication, EE has become a critical concern. In this context,
transmit power minimization is fundamentally different from
sum rate maximization [24]: instead of trading users’ rates to
boost the aggregate throughput, it is a feasibility-driven design
that must satisfy all per-user QoS constraints, and the optimal
operating point typically lies on the boundary of these con-
straints. As a result, the design becomes sensitive to channel
conditions that shrink the feasible set, e.g., correlation-induced
channel alignment that weakens multi-user separability.

Although transmit power minimization under target QoS
constraint has been investigated in [25] and [15], these studies
considered only conventional RIS combined with NOMA [25]
and RSMA [15]. In addition, few studies assumed correlated
channels in STAR-RIS aided systems, which naturally arises
in practice [26]. Dhok et al. [27] studied STAR-RIS-assisted
RSMA systems over spatially correlated channels, but it does
not address the EE problem. While [15] and [22] focused on
improving SE and EE through cooperative RSMA frameworks,
they did not consider the inherent trade-offs of cooperation,
such as increased transmission delay and time resource loss
due to the BS being unable to transmit during user relaying.
Motivated by this gap, this work focuses on the design of
a STAR-RIS-aided RSMA system that minimizes transmit
power over spatially correlated channels while satisfying user-
specific QoS requirements without relying on user-side relay-
ing. The main contributions of this paper are summarized as
follows:

• We consider a STAR-RIS-aided single-layer multiple-
input single-output RSMA system operating under an
energy-splitting (ES) protocol. Here, spatial correlation
is assumed between RIS elements and BS antennas
based on their geometric configuration. A transmit power
minimization problem is formulated under users’ QoS
constraints by jointly optimizing the precoding vector,
common stream-rate allocation, phase shift matrix, and
transmission/reflection (T/R) ratio.

• The formulated problem is non-convex and involves
highly coupled variables. To address this, we decompose
the problem into three subproblems, (i) joint precoding
and common message ratio control, (ii) phase shift matrix
control, and (iii) T/R ratio control. These subproblems are
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solved alternately in an iterative manner. Additionally, we
introduce an interior point-based initialization method to
obtain a feasible starting point for the AO algorithm.

• For the first subproblem, we optimize the precoding
vector and common message ratio for a given RIS phase
shift and T/R ratio using an SCA method. The remaining
subproblems are cast as feasibility checks, where the
goal is to find a phase shift or T/R ratio satisfying the
target QoS. We apply penalty and SCA-based techniques
to solve them. In particular, the proposed penalty-based
method for the phase shift matrix subproblem achieves
lower computational complexity than SDP-based ap-
proach in [14], [15], especially when the number STAR-
RIS elements is large.

• We analyze that the proposed approach has polynomial
computational complexity and converges to a stationary
point stably and rapidly. Extensive simulations demon-
strate that the proposed scheme achieves the lowest trans-
mit power while satisfying QoS, outperforming legacy
(STAR-)RIS-aided RSMA, NOMA, and SDMA. The
performance gain is more pronounced when the number
of STAR-RIS elements or BS antennas is limited.

Notation: The operators ⊙ and ⪰ represent the Hadamard
product and componentwise inequality, respectively. R(x)
denotes the real part of a complex number x. Given a set A
with multiple elements, x̄ indicates all elements of A except
x. For example, if A = {x, y, z}, then x̄ = {y, z}.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a STAR-RIS-aided single-layer multiple-input
single-output RSMA system. The BS is equipped with a
uniform linear array (ULA) of M antennas and serves 2K
single-antenna users. The STAR-RIS is also equipped with
a ULA of N elements. Prior studies [2], [21] have shown
that STAR-RIS achieves the highest signal-to-interference-
plus-noise ratio (SINR) when deployed near the BS or users.
Based on this, it is reasonable to place the STAR-RIS at
the cell edge to assist users located farther from the BS, as
illustrated in Fig. 1.

Fig. 1: STAR-RIS-aided system model.

As illustrated in Fig. 1, all 2K users are assumed to be
located at the cell edge. The K users in the reflection region
are denoted as Υ := {1, . . . ,K} and the remaining K users in
the transmission region are denoted as Γ := {K+1, . . . , 2K}.
The Υ-users are supported via reflected signals, while the Γ-
users are served through transmitted signals from the STAR-
RIS. It is assumed that each Υ-user is paired one-to-one

with a Γ-user for STAR-RIS-assisted transmission [27]. For
convenience, in each pair, the Υ-user and Γ-user are labeled as
users r and t, respectively. Here, all users can be paired using
a low-complexity user scheduling algorithm such as [28].

However, in this work, we focus on a single user pair to
identify the link-level core controllability and effectiveness
of the proposed control. In particular, combined with some
user-pairing algorithm, hybrid multiple access schemes, such
as OFDMA-NOMA [28] and OFDMA-RSMA [29], can be
employed to manage multiple user pairs while reusing the
single-pair control architecture within each subchannel. This
hierarchical structure ensures that the techniques developed
and validated under the single-pair setting can be efficiently
adapted to more complex systems with minor algorithmic
modifications.

In the RSMA system, for a given user pair, the message
of user χ ∈ {t, r} is divided into two parts: a common
message Wc,χ and a private message Wp,χ. The common
messages from all users {Wc,r,Wc,t} are combined into a
single common message WC and encoded into a common
stream sc. The private messages Wp,r and Wp,t are encoded
into private streams sr and st, respectively. Thus, the signal
transmitted by the BS for a user pair is given by

x = pcsc + ptst + prsr, (1)

where pc ∈ CM×1 is the precoding vector for the common
stream, and pχ ∈ CM×1,∀χ ∈ {t, r} are the precoding
vectors for the private streams.

n

Incident signal sn STAR-RIS

Transmitted signalReflected signal

βt,ne
jθt,n

snβr,ne
jθr,n

sn

Fig. 2: ES protocol of the STAR-RIS.

For the STAR-RIS, we adopt the ES protocol [4], as
illustrated in Fig. 2. The incident signal sn to the n-th STAR-
RIS element is divided into the transmitted and reflected
components according to the T/R ratio β2

t,n and β2
r,n, re-

spectively. To satisfy the energy conservation law, the sum
of power coefficients satisfies β2

t,n + β2
r,n = 1. The reflected

and transmitted signals are then phase-shifted by ϕr,n = ejθr,n

and ϕt,n = ejθt,n , where θr,n, θt,n ∈ [0, 2π), and are delivered
to the corresponding user.

The received signal at user χ is expressed as

yχ =
(
hHχ ΘχG+ dHχ

)
x+ nχ, ∀χ ∈ {t, r}, (2)

where G ∈ CN×M denotes the channel gain be-
tween the BS and the STAR-RIS. The matrix Θχ =
diag{βχ,1ϕχ,1, . . . , βχ,nϕχ,N} ∈ CN×N represents the phase
shift matrix at the STAR-RIS, where ϕχ,n = ejθχ,n ,∀n ∈
{1, ..., N} and θn ∈ [0, 2π). In addition, hχ ∈ CN×1 denotes
the channel gain from the STAR-RIS to user χ, dχ ∈ CM×1

denotes the direct channel gain from the BS to the user χ, and
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nχ ∼ CN (0, σ2
n,χ) represents additive white Gaussian noise

at user χ. We assume a block fading channel model, where
the channel remains constant within each coherence block and
varies independently across blocks. The perfect channel state
information (CSI) is assumed to be available at both the BS
and users.

A. Channel Model

The presence of multiple BS antennas and STAR-RIS
elements leads to spatial correlation, which depends on the
signal wavelength and the antenna or element spacing. This
spatial correlation significantly affects the achievable rate.
To model spatial correlation between antennas, we adopt a
distance-based sinc correlation model under the assumption
of isotropic scattering. This model is physically justified,
as uniformly distributed multipath components over angles
lead to a correlation that depends on the element spacing
normalized by the wavelength, resulting in a sinc function.
Such models have been widely adopted in the RIS literature
and have also been considered for STAR-RIS under correlated
fading [26], [30]. The position of the m-th BS antenna
element is given by rm = dant · (m− 1),m ∈ {1, 2, . . . ,M},
where dant represents BS antenna spacing. Then, the (m, l)-th
entry of the BS correlation matrix RBS ∈ CM×M is defined
as:

[RBS]m,l = sinc

(
2

λ
· |rm − rl|

)
, (3)

where sinc(x) = sinπx
πx denotes the normalized sinc function.

Furthermore, λ = c
fc

denotes the carrier wavelength, where
c is the speed of light and fc is the carrier frequency. We
generate spatially correlated fading channels via singular value
decomposition RBS = UBSSBSU

H
BS. The spatially correlated

MIMO channel is then obtained by applying the square root
of the correlation matrix, R1/2

BS = UBS

√
SBSU

H
BS, to the i.i.d.

non-line-of-sight (NLoS) components. The same correlation
modeling approach is applied to the STAR-RIS, using a spatial
correlation matrix RRIS.

To investigate the impact of spatial correlation under various
channel conditions, each channel is modeled as a Kronecker
correlation model based on a Rician fading channel as

G = L1

(√
εg

εg + 1
Ĝ+

√
1

εg + 1
R

1/2
RISG̃R

1/2
BS

)
, (4)

hχ = L2,χ

(√
εh,χ

εh,χ + 1
ĥχ +

√
1

εh,χ + 1
R

1/2
RISh̃χ

)
, (5)

dχ = Ld,χ

(√
εd,χ

εd,χ + 1
d̂χ +

√
1

εd,χ + 1
R

1/2
BS d̃χ

)
, (6)

where RRIS ∈ CN×N denotes the spatial correlation matrices
for the STAR-RIS. Furthermore, ε denotes the Rician factor,
which indicates the power ratio between the LoS and NLoS
components. The terms with (̂·) and (̃·) represent the LoS
component and NLoS components, respectively. The NLoS
components are modeled as i.i.d. complex Gaussian vectors
or matrices with zero mean and unit variance, i.e., each entry

follows CN (0, 1). The scaling factors L1, L2,χ and Ld,χ
account for path loss. Both the BS and the STAR-RIS employ
uniform linear arrays (ULAs), and their array response vectors
are given by:

aM (ρ) =
[
1, ej2π

dant
λwav

sin ρ, . . . , ej2π
dant
λwav

(M−1) sin ρ
]H

, (7)

aN (ρ) =
[
1, ej2π

dRIS
λwav

sin ρ, . . . , ej2π
dRIS
λwav

(N−1) sin ρ
]H

, (8)

where ρ denotes the angle of arrival (AoA) or angle of
departure (AoD). Furthermore, dRIS and λwav represent the
element spacing at the STAR-RIS, and the signal wavelength,
respectively. Accordingly, the LoS components are given by
[31, p. 253]

Ĝ = aN (ρAoA,RIS)a
T
M (ρAoD,BS), (9)

ĥχ = aN (ρAoD,RIS,χ), (10)

d̂χ = aM (ρAoD,BS,χ), (11)

where ρAoA,RIS and ρAoD,BS denote the AoA at the STAR-RIS
and AoD at the BS, respectively. The parameters ρAoD,RIS,χ
and ρAoD,BS,χ refer to the AoDs from the STAR-RIS and BS
to user χ, respectively.

The correlation depends on the normalized element spacing
dRIS

λwav
and antenna spacing dant

λwav
, which affect the channels of

the STAR-RIS elements and BS antennas. In general, spatial
correlation is assumed to be negligible when the antenna or
element spacing is set greater than or equal to 0.5λwav .

B. Rate-Splitting Multiple Access Rates

To simplify notation in (2), let vχ := hHχ ΘχG+dHχ . Then,
the SINR of the received common stream sc at user χ ∈ {t, r}
is given by:

SINRc,χ(Θχ,p) =
|vχpc|2

|vχpr|2 + |vχpt|2 + σ2
χ

, (12)

and the SINRs of the private stream sp,χ for user t and r are
given by:

SINRp,t(Θt,p) =
|vtpt|2

|vtpr|2 + σ2
t

, (13)

SINRp,r(Θr,p) =
|vrpr|2

|vrpt|2 + σ2
r

, (14)

where p = [pHc ,p
H
r ,p

H
t ]H ∈ C3M×1 is the concatenated

precoding vector for all streams. The achievable rates for
common and private streams at user χ are defined as:

Rc,χ(Θχ,p) = log2(1 + SINRc,χ), (15)
Rp,χ(Θχ,p) = log2(1 + SINRp,χ), (16)

respectively. To ensure decodability of the common stream,
both users must decode it; thus, the common rate Rc ≜
min{Rc,t, Rc,r}.. We split Rc as Rc = Ct + Cr, where Cχ
is the portion assigned to user χ. Accordingly, the achievable
rate of user χ is Cχ +Rp,χ.
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C. Problem Formulation

This work aims to minimize the total transmit power of
the BS while satisfying the QoS requirements of each user
in the STAR-RIS-aided RSMA system. To fully exploit the
potential of STAR-RIS-aided RSMA systems, it is essential to
jointly optimize the four key parameters: the precoding vector,
the common message ratio, the phase shift matrix, and the
T/R ratio vector. These variables are mutually coupled in their
impact on the signal quality, interference suppression, and EE.
The optimization problem is formulated as:

(P1) : min
p,c,ϕ,β

||pc||2 + ||pt||2 + ||pr||2, (17a)

s.t. Cχ +Rp,χ ≥ Rthχ , ∀χ ∈ {t, r} , (17b)

Ct + Cr ≤ Rc,χ, ∀χ ∈ {t, r} , (17c)
|ϕχ,n| = 1, ∀χ ∈ {t, r} ,∀n ∈ {1, ..., N},

(17d)

β2
r,n + β2

t,n = 1, ∀n ∈ {1, ..., N}, (17e)

where c = [Cr, Ct] ⪰ 0, and ⪰ denotes the component-wise
inequality. In addition, ϕ = [ϕχ] and β = [βχ], where ϕχ =
[ϕχ,1, ..., ϕχ,N ] and βχ = [βχ,1, βχ,2, . . . , βχ,N ], χ ∈ {t, r}.
In problem (P1), equation (17a) denotes a total consumption
power at the BS as an objective function. Constraint (17b)
ensures the QoS requirement for each user χ, where Rthχ is
the minimum required data rate at user χ. Constraint (17c)
guarantees that the sum of the allocated common rates does
not exceed the achievable common rate for all users, ensuring
successful decoding of the common message. Constraint (17d)
imposes the unit-modulus constraint on the STAR-RIS phase
shift for each user χ at the n-th STAR-RIS element. Con-
straint (17e) enforces energy conservation by requiring the sum
of squared transmission and reflection coefficients to be one.

The optimization problem (P1) is non-convex problem due
to the non-convexity of constraints (17b), (17c), (17d), and
(17e), and the strong coupling among the control variables.
To address this challenge, we decompose the transmit power
minimization problem (P1) into subproblems and propose an
iterative algorithm based on SCA and AO techniques.

III. THE PROPOSED CONTROL ALGORITHM

A. Joint Optimization of Precoding and Rate-Splitting Vectors

Given the phase shift vectors in ϕ and T/R ratio vectors
in β, the goal is to optimize the precoding vectors and the
common stream rate-splitting vector at the BS. Accordingly,
the problem (P1) is reformulated as follows:

(P2) : min
p,c

||pc||2 + ||pt||2 + ||pr||2, (18)

s.t.(17b), (17c).

To solve this, we adopt the SCA method. It solves the non-
convex problem by iteratively constructing and solving convex
surrogate subproblems. In the following, we first approximate
the non-convex constraints accordingly.

Convex approximation for constraint (17b): To address the
non-convexity of constraint (17b), a slack variable γp = [γp,χ],
∀χ ∈ {t, r}, is introduced to represent the SINRs of the private

streams [15]. Using this, constraint (17b) can be reformulated
as:

Cχ + log2 (1 + γp,χ) ≥ Rthχ , (19)

|vχpχ|2

|vχpχ̄|2 + σ2
χ

≥ γp,χ, (20)

where χ̄ ∈ {t, r}, χ̄ ̸= χ. It can be verified that constraint (19)
is convex by proving that the left-hand side is concave. This
can be proved by employing the following lemma.

Lemma 1. Define G(Cχ, γp,χ) = Cχ + log2(1 + γp,χ), for
γp,χ ≥ 0. Then G(Cχ, γp,χ) is concave.

Proof. log2(1+γp,χ) is concave for γp,χ ≥ 0 and Cχ is affine;
hence G(Cχ, γp,χ) is concave.

On the other hand, constraint (20) is also non-convex due
to the fractional form of the left-hand side. To address this,
we introduce another slack variable ξp = [ξp,χ], ∀χ ∈ {t, r},
and reformulate (20) as follows:

|vχpχ|2

ξp,χ
≥ γp,χ, (21)

ξp,χ ≥ |vχpχ̄|2 + σ2
χ. (22)

Constraint (22) ensures that the denominator is greater than
the power of the interference-plus-noise term, enabling a
tractable reformulation. It can be observed that constraint
(22) is convex, while (21) remains non-convex due to the
(non-concave) fractional quadratic term on the left-hand side.
Fortunately, this term can be approximated using the general
form, f(u, v) = |v|2

u ,∀v ∈ C,∀u ∈ R+, which admits a
convex lower bound via a first-order approximation around
a feasible point (u[i], v[i]):

f(u, v) ≥ F
(
u, v;u[i], v[i]

)
=

2R
{
(v[i])Hv

}
u[i]

−

(∣∣v[i]∣∣
u[i]

)2

u,

(23)
where R(z) denotes the real part of a complex number z.
Applying (23) to (21), we obtain:

|vχpχ|2

ξp,χ
≥

2R
{
(p

[i]
χ )HvHχ vχpχ

}
ξ
[i]
p,χ

−

∣∣∣vχp[i]
χ

∣∣∣2 ξp,χ(
ξ
[i]
p,χ

)2 , (24)

where (p
[i]
χ , ξ

[i]
p,χ) are the values of (pχ, ξp,χ) at the i-th

iteration of the SCA. Therefore, the convex approximation of
constraint (21) is:

2R
{
(p

[i]
χ )HvHχ vχpχ

}
ξ
[i]
p,χ

−

∣∣∣vχp[i]
χ

∣∣∣2 ξp,χ(
ξ
[i]
p,χ

)2 ≥ γp,χ, (25)

which is a convex constraint.
Convex approximation for constraint (17c): To manage

this constraint, we introduce slack variables γc = [γc,χ],
∀χ ∈ {t, r} representing the SINRs of the common stream
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and ξc = [ξc,χ], ∀χ ∈ {t, r}. Accordingly, constraint (17c)
can be reformulated as follows:

Ct + Cr ≤ log2 (1 + γc,χ) , (26)

|vχpc|2

ξc,χ
≥ γc,χ, (27)

ξc,χ ≥ |vχpχ|2 + |vχpχ̄|2 + σ2
χ. (28)

Here, the convex approximation of (27) can be expressed as,
by applying the same approximation technique as in constraint
(21),

2R
{(

p
[i]
c

)H
vHχ vχpc

}
ξ
[i]
c,χ

−

∣∣∣vχp[i]
c

∣∣∣2 ξc,χ(
ξ
[i]
c,χ

)2 ≥ γc,χ, (29)

where (p
[i]
c , ξ

[i]
c,χ) denotes the value of (pc, ξc,χ) at the i-th

iteration of the SCA.
Finally, problem (P2) can be reformulated as:

(P3) : min
p,c,γc,γp,ξc,ξp

||pc||2 + ||pt||2 + ||pr||2, (30)

s.t. (19), (22), (25), (26), (28), (29).

Problem (P3) is convex and can be solved by standard solvers
such as CVX [32]. As summarized in Alg. 1, we apply an
SCA procedure that initializes the precoders, common rate,
and slack variables, and then iteratively solves a sequence of
convex surrogates to update all optimization variables until the
transmit power convergence.

Algorithm 1 Algorithm for Jointly Solving Precoding and
Rate-Splitting Vectors

1: Input: phase shift vectors ϕχ, T/R ratios βχ, threshold
Rthχ , tolerance ϵ1, maximum iteration Imax, and set the
current iteration index i = 0.

2: Initialize: p[0], c[0],γ
[0]
c ,γ

[0]
p , ξ

[0]
c , ξ

[0]
p , set P [0] ≜

∥p[0]
c ∥2 + ∥p[0]

t ∥2 + ∥p
[0]
r ∥2.

3: repeat
4: i← i+ 1;
5: Solve (P3) to obtain optimal solution

p∗, c∗,γ∗
c ,γ

∗
p, ξ

∗
c , ξ

∗
p;

6: Update p[i] ← p∗, c[i] ← c∗,γ
[i]
c ← γ∗

c ,γ
[i]
p ←

γ∗
p, ξ

[i]
c ← ξ∗c , ξ

[i]
p ← ξ∗p;

7: P [i] ≜ ∥p[i]
c ∥2 + ∥p[i]

t ∥2 + ∥p
[i]
r ∥2;

8: until |P [i] − P [i−1]| ≤ ϵ1 or i ≥ Imax

9: Output: popt, copt

On the other hand, it is important to initialize a feasible
point for Alg. 1. Towards this end, we introduce an infeasibil-
ity indicator, denoted as s ≥ 0, which quantifies how far the
constraints in (P3) are from being satisfied. In other words,
this parameter measures the violation level of the constraints.
When s = 0, all constraints are guaranteed to be satisfied.
Based on this idea, we can formulate the feasibility problem as
follows. Let x ≜ {p, c,γc,γp, ξc, ξp} collect the optimization
variables in (P3). Each constraint in (P3) can be rewritten
in the standard form gc(x) ≤ 0 by moving all terms to the

left-hand side. We define the constraint-violation function as
Gc(x) ≜ gc(x). For notational simplicity, each constraint is
indexed by c; for instance, the constraint in (19) for user χ
in denoted as c = (13, χ). This constraint can be equivalently
written as:

g13,χ(x) ≜ Rthχ −Cχ− log2(1 + γp,χ) ≤ 0, χ ∈ {t, r}. (31)

The remaining constraints in (P3), i.e., (22), (25), (26), (28),
and (29), can similarly be transformed into the gc(x) ≤ 0,
and are omitted for brevity. Based on this formulation, the
feasibility problem is given by:

min
p,c,γc,γp,ξc,ξp,s

s, s.t. Gc(x) ≤ s, ∀c, s ≥ 0, (32)

where s is an infeasibility indicator. When the optimal value
satisfies s = 0, all constraints in (P3) are satisfied. The initial-
ization procedure is outlined in Alg. 2, where the infeasibility
parameter s is iteratively reduced.

Algorithm 2 Initialization for Alg. 1

1: Input: threshold Rthχ , tolerance ϵ̃1 = 10−5, and set the
current iteration index ĩ = 0.

2: Initialize: randomly generate ϕ[0]
χ ∈ CN×1 satisfying

constraint (17d), β[0]
χ = [ 12 ,

1
2 , · · · ,

1
2 ]
T ∈ RN×1, and

C
[0]
χ = Rthχ /2, p[0] ∈ C3M×1, γ

[0]
p , ξ

[0]
p ,γ

[0]
c , ξ

[0]
c are

found by setting (19), (22), (26), and (28) to be equality.
3: repeat
4: ĩ← ĩ+ 1;
5: Solve problem (32) to obtain optimal solution

p∗, c∗,γ∗
c ,γ

∗
p, ξ

∗
c , ξ

∗
p, s

∗;

6: Update p[̃i] ← p∗, c[̃i] ← c∗,γ
[̃i]
c ← γ∗

c ,γ
[̃i]
p ←

γ∗
p, ξ

[̃i]
c ← ξ∗c , ξ

[̃i]
p ← ξ∗p, s

[̃i] ← s∗;
7: until |s∗| ≤ ϵ̃1
8: Output: Feasible initial p, c,γc,γp, ξc, ξp,ϕ,β.

B. Optimization of the Phase Shift

In this subsection, for given p, c, and β, we aim to find
the optimized phase shift ϕ = [ϕt,ϕr]. Accordingly, problem
(P1) can be reformulated as

(P4) : Find ϕt,ϕr, s.t. (17b), (17c), (17d). (33)

It is evident that constraint (17d), which imposes the unit-
modulus condition, is non-convex. This challenge can be
addressed by applying the penalty method [33]. According
to this approach, problem (P4) can be reformulated as

(P5) : max
ϕt,ϕr

Vϕt

N∑
n=1

(
|ϕt,n|2 − 1

)
+ Vϕr

N∑
n=1

(
|ϕr,n|2 − 1

)
,

(34a)
s.t. |ϕχ,n| ≤ 1, ∀n ∈ {1, ...N},∀χ ∈ {t, r}

(34b)
(17b), (17c),

where Vϕχ > 0 is a penalty parameter for each χ ∈ {t, r}.
The penalty function Vϕχ

∑N
n=1(|ϕχ,n|2 − 1) enforces the
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condition |ϕχ,n| − 1 = 0. The problem (P5) is still non-
convex problem because of the non-convex objective function
and constraints.

To address the non-convex objective function of (P5), we
approximate the penalty part of the objective function using a
first-order Taylor expansion as follows [16]:

2Vϕt

N∑
n=1

{
Re
(
ϕ
[l]
t,nϕt,n

)
−
(
ϕ
[l]
t,n

)2}

+ 2Vϕr

N∑
n=1

{
Re
(
ϕ[l]r,nϕr,n

)
−
(
ϕ[l]r,n

)2}
, (35)

where the superscript [l] indicates the value of the variable at
the l-th iteration. In addition, to address the non-convexity of
constraints (17b) and (17c), we adopt the same methodology
as used in solving (P2).

Convex approximation for constraint (17b): To linearize
constraint (17b), we first decompose Θχ into a phase shift vec-
tor and a T/R ratio vector, as ϕχ = [ϕχ,1, ϕχ,2, . . . , ϕχ,N ] ∈
C1×N , and βχ = [βχ,1, βχ,2, . . . , βχ,N ] ∈ C1×N , respec-
tively, where Θχ = diag(ϕχ ⊙ βχ). Here, ⊙ denotes the
Hadamard product. Next, we define tχψ := diag(hHχ )Gpψ ∈
CN×1 and δχψ := dHχ pψ ∈ C for ψ ∈ {c, t, r}. Then, the
term vχpψ can be rewritten as

vχpψ =
(
hHχ ΘχG+ dHχ

)
pψ

= hHχ ΘχGpψ + dHχ pψ
(a)
= hHχ diag(ϕχ ⊙ βχ)Gpψ + dHχ pψ
(b)
= (ϕχ ⊙ βχ) diag(h

H
χ )Gpψ︸ ︷︷ ︸

tχψ

+dHχ pψ︸ ︷︷ ︸
δχψ

= (ϕχ ⊙ βχ)tχψ + δχψ, (36)

where (a) follows from the definition Θχ = diag(ϕχ ⊙ βχ),
(b) follows form the identity aHdiag(b) = bdiag(aH), which
implies hHχ diag(ϕχ⊙βχ) = (ϕχ⊙βχ)diag(h

H
χ ). Lastly, we

introduce new slack variables λp = [λp,χ], ∀χ ∈ {t, r}, rep-
resenting the SINRs of the private streams, and µp = [µp,χ],
∀χ ∈ {t, r}. At the l-th iteration of the SCA, the non-convex
constraint (17b) can be approximated by

Cχ + log2 (1 + λp,χ) ≥ Rthχ , (37)

2R{((ϕ[l]
χ ⊙ βχ)tχχ + δχχ)

H((ϕχ ⊙ βχ)tχχ + δχχ)}

µ
[l]
p,χ

−

∣∣∣(ϕ[l]
χ ⊙ βχ)tχχ + δχχ

∣∣∣2 µp,χ
(µ

[l]
p,χ)2

≥ λp,χ, (38)

µp,χ ≥
∣∣(ϕχ ⊙ βχ)tχχ̄ + δχχ̄

∣∣2 + σ2
χ. (39)

Convex approximation for constraint (17c): Using new slack
variables λc = [λc,χ], ∀χ ∈ {t, r} and µc = [µc,χ], ∀χ ∈
{t, r}, the non-convex constraint (17c) can be approximated
as:

Ct + Cr ≤ log2 (1 + λc,χ) , (40)

Algorithm 3 Algorithm for Solving STAR-RIS Phase Shift

1: Input: precoding vector p, common rate c, threshold Rthχ ,
T/R ratios βχ, tolerance ϵ2, maximum iteration Imax, and
set the current iteration index l = 0.

2: Initialize: ϕ
[0]
t ,ϕ

[0]
r ,λ

[0]
c ,λ

[0]
p ,µ

[0]
c ,µ

[0]
p , set F [0] ≜ ob-

jective value of (35) at ϕ[0].
3: repeat
4: l← l + 1;
5: Solve (P6) to obtain ϕ∗

t ,ϕ
∗
r ,λ

∗
c ,λ

∗
p,µ

∗
c ,µ

∗
p;

6: Update ϕ
[l]
t ← ϕ∗

t ,ϕ
[l]
r ← ϕ∗

r ,λ
[l]
c ← λ∗

c ,λ
[l]
p ←

λ∗
p,µ

[l]
c ← µ∗

c ,µ
[l]
p ← µ∗

p;

7: Compute F [l] (objective value of (35));
8: until |F [l] − F [l−1]| ≤ ϵ2 or l ≥ Lmax

9: Output: ϕoptχ

2R{((ϕ[l]
χ ⊙ βχ)tχc + δχc)

H((ϕχ ⊙ βχ)tχc + δχc)}

µ
[l]
c,χ

−

∣∣∣(ϕ[l]
χ ⊙ βχ)tχc + δχc

∣∣∣2 µc,χ(
µ
[l]
c,χ

)2 ≥ λc,χ, (41)

µc,χ ≥
∣∣(ϕχ ⊙ βχ)tχχ + δχχ

∣∣2
+
∣∣(ϕχ ⊙ βχ)tχχ̄ + δχχ̄

∣∣2 + σ2
χ. (42)

Then, the non-convex problem (P5) is transformed into the
following convex optimization problem:

(P6) : max
ϕt,ϕr,λc,λp,µc,µp

(35), (43)

s.t. (34b), (37), (38), (39), (40), (41), (42).

Problem (P6) is convex and can be efficiently solved using
standard solvers such as CVX [32]; the overall procedure is
summarized in Alg. 3. In Alg. 3, the penalty parameters Vϕt
and Vϕr remain fixed and are specified in Sec. V.

C. Optimization of the Transmitting/Reflecting Ratio

Given the precoding vector p, common stream split vector
c, and phase shift vector ϕ, remaining task is to determine
the optimal T/R ratio vector β = [βt,βr]. This leads to the
following problem formulation

(P7) : Find βt,βr, s.t. (17b), (17c), (17e). (44)

To handle the non-convexity in (17e), we reformulate it via a
penalty method to obtain (P8):

(P8) : max
βt,βr

Vβ

N∑
n=1

(
β2
r,n + β2

t,n − 1
)
, (45a)

s.t. β2
r,n + β2

t,n ≤ 1, (45b)

(17b), (17c).

Here, Vβ denotes the penalty parameter. However, the objec-
tive function in (P8) is non-convex and it can be approximated
as

2Vβ
∑

χ∈{t,r}

N∑
n=1

{
β[k]
χ,nβχ,n −

(
β[k]
χ,n

)2}
, (46)
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where the superscript [k] represents the value of the variable
at the k-th iteration. To further address the non-convexity
of constraint (17b) and (17c), we introduce slack variables
ωp = [ωp,χ], ∀χ ∈ {t, r}, ωc = [ωc,χ], ∀χ ∈ {t, r},
ηp = [ηp,χ], ∀χ ∈ {t, r} and ηc = [ηc,χ], ∀χ ∈ {t, r}. Using
these slack variables, the non-convex constraint in (17b) can
be approximated as follows:

Cχ + log2 (1 + ωp,χ) ≥ Rthχ , (47)

2R{((ϕχ ⊙ β[k]
χ )tχχ + δχχ)

H((ϕχ ⊙ βχ)tχχ + δχχ)}

η
[k]
p,χ

−

∣∣∣(ϕχ ⊙ β[k]
χ )tχχ + δχχ

∣∣∣2 ηp,χ(
η
[k]
p,χ

)2 ≥ ωp,χ,

(48)

ηp,χ ≥
∣∣(ϕχ ⊙ βχ)tχχ̄ + δχχ̄

∣∣2 + σ2
χ. (49)

Similarly, the non-convex constraint in (17c) can be approx-
imated by

Ct + Cr ≤ log2 (1 + ωc,χ) , (50)

2R{((ϕχ ⊙ β[k]
χ )tχc + δχc)

H((ϕχ ⊙ βχ)tχc + δχc)}

η
[k]
c,χ

−

∣∣∣(ϕχ ⊙ β[k]
χ )tχc + δχc

∣∣∣2 ηc,χ(
η
[k]
c,χ

)2 ≥ ωc,χ,

(51)

ηc,χ ≥
∣∣(ϕχ ⊙ βχ)tχχ + δχχ

∣∣2
+
∣∣(ϕχ ⊙ βχ)tχχ̄ + δχχ̄

∣∣2 + σ2
χ. (52)

Finally, the T/R ratio optimization problem in (P8) is
reformulated as follows:

(P9) : max
βt,βr,ηc,ηp,ωc,ωp

(46), (53)

s.t. (45b), (47), (48), (49), (50), (51), (52).

Problem (P9) is convex and can be solved by standard solvers
(e.g., CVX [32]), as summarized in Alg. 4. The penalty
parameter Vβ is fixed in Alg. 4 and specified in Sec. V.

D. Solution Approach for the Primal Problem

To minimize the transmit power, the alternating optimization
(AO) method is employed, which iteratively executes Algs. 1,
3, and 4 until convergence is achieved. The complete algorithm
is presented in Alg. 5. This entire process starts with obtaining
a feasible initial point via Alg. 2. In each iteration, given all
feasible initial points, Alg. 1 optimizes the precoding vector
p and common rate vector c with fixed phase shift vector
ϕ and T/R ratio vector β. Then, Alg. 3 and Alg. 4 are
sequentially invoked: Alg. 3 optimizes ϕ while fixing p, c, and
β; Alg. 4 optimizes β while fixing p, c, and ϕ. The procedure
is repeated until convergence. The convergence property is
analyzed in the following section.

Algorithm 4 Algorithm for Solving T/R ratio

1: Input: precoding vector p, common rate c, phase shift
vector ϕχ, threshold Rthχ , tolerance ϵ3, maximum iteration
Kmax, and set the current iteration index k = 0.

2: Initialize: β[0]
t ,β

[0]
r ,η

[0]
c ,η

[0]
p ,ω

[0]
c ,ω

[0]
p , set F [0]

β ≜ objec-
tive value of (46) at (β[0]

t ,β
[0]
r ).

3: repeat
4: k ← k + 1;
5: Solve (P9) to obtain β∗

t ,β
∗
r ,η

∗
c ,η

∗
p,ω

∗
c ,ω

∗
p;

6: Update β
[k]
t ← β∗

t ,β
[k]
r ← β∗

r ,η
[k]
c ← η∗

c ,η
[k]
p ←

η∗
p,ω

[k]
c ← ω∗

c ,ω
[k]
p ← ω∗

p;

7: Compute F [k]
β (objective value of (46));

8: until |F [k]
β − F

[k−1]
β | ≤ ϵ3 or k ≥ Kmax

9: Output: βoptχ

Algorithm 5 Alternating Optimization Algorithm for (P1)

1: Input: threshold Rthχ , tolerance ϵ4, maximum iteration
Hmax, and set the current iteration index h = 0.

2: Initialize: a feasible point (p,Θ) using Alg. 2, set P [0] ≜
∥p[0]

c ∥2 + ∥p[0]
t ∥2 + ∥p

[0]
r ∥2.

3: repeat
4: h← h+ 1;
5: Apply Alg. 1 for given ϕ[h−1],β[h−1] to obtain the

solution p[h] and c[h];
6: Apply Alg. 3 for given p[h], c[h], and β[h−1] to obtain

the solution ϕ[h];
7: Apply Alg. 4 for given p[h], c[h], and ϕ[h] to obtain

the solution β[h];
8: Compute P [h] ≜ ∥p[h]

c ∥2 + ∥p[h]
t ∥2 + ∥p

[h]
r ∥2;

9: until
∣∣P [h] − P [h−1]

∣∣ ≤ ϵ4 or h ≥ Hmax

10: Output: Minimized transmit power.

IV. CONVERGENCE AND COMPLEXITY ANALYSIS

A. Convergence Analysis of Algorithms 1, 3, and 4

Let the feasible set of problem (P2), and (P3), the objective
value, and the sequence generated by the Alg. 1 at the i-th
iteration, be defined as follows:

X 0 = {p, c|(17b), (17c) are satisfied}, (54)

X [i] = {p, c,γc,γp, ξc, ξp|(19), (22), (25), (26), (28), (29)
are satisfied}, (55)

F [i] = min{||pc||2 + ||pt||2 + ||pr||2|{p, c,γc,γp, ξc, ξp}
∈ X [i]}, (56)

V [i] = {p[i], c[i]}. (57)

Following standard convergence arguments for SCA and AO
frameworks [34], [35], and the overview in [36], we analyze
feasibility, monotonic descent, and stationarity of the proposed
iterative procedures.

Proposition 1. (Feasibility) For every iteration i of Alg.1, the
following conditions hold: (a) X [i] ⊆ X 0. (b) V [i] ∈ X [i] ∩
X [i+1]. (c) V [i] is a feasible point of (P2).
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This property supports the convergence of Alg. 1, as demon-
strated below.

Proposition 2. (Convergence) The objective value sequence
{F [i]} is monotonically non-increasing, i.e., F [i] ≥ F [i+1].
Moreover, since the objective values are bounded below, Alg. 1
is guaranteed to converge.

Following the analysis in [35], we present the optimality
result in the next proposition.

Proposition 3. (Optimality) Let V∗ be the limit point of the
Alg. 1 and constraint approximation functions (in (25) and
(29)) satisfy the Slater condition at the point V∗. Then, V∗ is
a KKT point of problem (P2).

The convergence and optimality analysis for Algs. 3 and 4
are similar to that for Alg. 1, which is omitted for brevity.

B. Convergence Analysis of Algorithm 5

The convergence analysis of the overall Alg. 5 is presented
in the following proposition.

Proposition 4. Alg. 5 is guaranteed to converge to a sub-
optimal solution of (P1).

Proof. Let P1(p, c,ϕ,β) and P2(p, c) denote the objective
functions of problems (P1) and (P2), respectively. The fol-
lowing relations hold:

P1(p
[h−1], c[h−1],ϕ[h−1],β[h−1])

(a)
= P2(p

[h−1], c[h−1])

(b)

≥ P2(p
[h], c[h])

(c)
= P1(p

[h], c[h],ϕ[h−1],β[h−1])

(d)
= P1(p

[h], c[h],ϕ[h],β[h]), (58)

where (a) is due to the fact that two objective values are
the same for given (ϕ[h−1],β[h−1]); (b) is obtained because
(p[h], c[h]) is a minimizer of P2(p, c) at h-th iteration; (c)

is due to the fact that two objective values are the same for
given (ϕ[h−1],β[h−1]); (d) is due to the fact that two objective
values are the same after finding feasible values of (ϕ[h],β[h]).
It follows that

P1(p
[h−1], c[h−1],ϕ[h−1],β[h−1]) ≥ P1(p

[h], c[h],ϕ[h],β[h]).
(59)

Therefore, the sequence of the objective values of problem
(P1) is monotonically non-increasing. In addition, the transmit
power consumption is lower bounded due to the users’ QoS
requirements. Alg. 5 converges to a sub-optimal solution to
problem (P1).

C. Complexity Analysis

We evaluate computational complexity using standard re-
sults of the SCA method and interior-point algorithms. Specif-
ically, the number of SCA iterations required to achieve
ϵ-accuracy is O

(√
C log2(1/ϵ)

)
[16], and the complexity

of solving a convex subproblem with V variables and C
constraints via an interior-point method is O(V 2C) [37].

For Alg. 1, problem (P2) is solved through a sequence
of convex subproblems (P4). Let C2 denote the number of
constraints in (P2), and let (C4, V4) denote the numbers
of constraints and variables in (P4), respectively. Thus, the
overall complexity of Alg. 1 is O

(
V 2
4 C4 ·

√
C2 log2(1/ϵ)

)
.

For Alg. 3, (P4) is similarly approximated by con-
vex subproblems (P6) under the SCA framework. Let
(C6, V6) denote the number of constraints and variables
in (P6). Then, the overall complexity of Alg. 3 is
O
(
(V 2

6 C6 + 1/ϵ) ·
√
C4 log2(1/ϵ)

)
. Alg. 4 has the same order

complexity as Alg. 3, as it involves the same number of
variables and constraints. Alg. 5 iteratively applies Algs. 1,
3, and 4 until convergence. Therefore, its overall complexity
is the sum above, multiplied by the number of AO iterations.
In contrast, the SDP-based phase optimization in [14], [15]
can have complexity up to O(N4.5) due to the N ×N SDP
matrix, which becomes prohibitive for large N .

V. SIMULATION RESULTS AND DISCUSSION

For a comprehensive performance comparison, we consider
a total of nine benchmark schemes by combining MA strate-
gies: RSMA, NOMA, and SDMA, with three surface configu-
rations: STAR-RIS, conventional RIS, and no-RIS baseline.
This enables us to validate the effectiveness of the joint
design of STAR-RIS and RSMA in achieving EE and flexible
transmission. To ensure a fair comparison, all baseline schemes
are configured similarly to the proposed method wherever
applicable.

• NOMA: The BS employs the same beamforming algo-
rithm as the proposed scheme, except that no private
stream is assigned to the user with a higher channel gain.
Superposition coding is used, and the decoding order is
predetermined by the channel gains under ideal SIC and
assumed to be known.

• SDMA: The beamformers are designed using the same
algorithm as in the proposed RSMA method. The BS
transmits private streams to each user without rate split-
ting; i.e., no common stream is considered. No SIC is
performed at the receiver, and IUI is treated as noise.

• Conventional RIS: It serves only the user on the reflec-
tive side of the RIS. That is, there is no power splitting
for transmitted signal and reflected signal. The RIS phase
shifts are optimized using the same algorithm as in the
proposed scheme.

The power assignment strategies for the comparison schemes
are summarized in Table I.

TABLE I: Power assignment strategy

Multiple access scheme sr st sc

RSMA ⃝ ⃝ ⃝
SDMA ⃝ ⃝ ×

NOMA when the user r signal is stronger ⃝ × ⃝
NOMA when the user t signal is stronger × ⃝ ⃝

sr : private stream for user r, st: private stream for user t,
sc: common stream for both users.

In the simulation, a system is considered where one user is
located in front of the STAR-RIS and the other behind it. For
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simplicity, the BS is placed at the origin, and the STAR-RIS
is located at (200,0)m. User r is positioned at (190,0)m, while
user t is positioned at (210,0)m. The BS-to-RIS channel G,
and RIS-to-user channels hχ are modeled as Rician fading
channels with a LoS component (ε = 10). In contrast, the
direct channels from BS to users dχ are assumed to be Rician
channels without a LoS component (ε = 0), assuming that
users are located at the cell edge.

TABLE II: Simulation Parameters

Parameters Values
Path-loss for G and hχ (dB) 35.6 + 22.0 log(D)

Path-loss for d (dB) 32.6 + 36.7 log(D)

Noise power spectral density -170 dBm/Hz
Rician factor ε for dχ 0

Rician factor ε for hχ and G 10
Spacing between antennas of BS dant 0.5λwav , 0.4λwav , 0.3λwav

Spacing between elements
of STAR-RIS dRIS

0.5λwav , 0.4λwav , 0.3λwav

On the other hand, the path loss of dχ is smaller than that of
the cascaded channel through G and hχ so that direct channel
dχ cannot be ignored if it is not an extreme situation where
direct channel dχ is completely blocked. Table II summarizes
the system parameters used in the simulation, which are based
on the third generation partnership project (3GPP) propagation
environment [38]. The penalty parameters Vϕt , Vϕr , and Vβ
control the weights of the penalty terms that enforce the unit
modulus and power splitting constraints in the penalty-based
reformulations. We tested {0.01, 0.1, 1} and set Vϕt = Vϕr =
Vβ = 0.1, which yielded stable convergence and constraint
satisfaction in our simulations. All simulations were performed
over 100 times, and the average value was calculated.

Fig. 3 presents the convergence behavior for the system
parameters M = 2, N = 2, and M = 8, N = 8 with
Rthr = Rtht = 2 bps/Hz, respectively. It is observed that Alg. 5
converges stably with approximately 15 to 20 and 60 to 70
iterations, respectively.
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Fig. 3: Convergence of the Alg. 5 for Rth
χ = 2 bps/Hz.

Fig. 4(a) and Fig. 4(b) evaluate the scenario in which both
direct and cascaded channels are available for users r and t.
These figures show the impact of the number of BS antennas
and STAR-RIS elements on the total transmit power required
to achieve each user’s target rate. Given that both direct and
cascaded channels are available for all users, the threshold rate
Rthχ is set to 2 bps/Hz for each user.

In Fig. 4(a), increasing the number of BS antennas reduces
the transmit power for all schemes due to the higher spatial
DoF. A notable drop occurs when M increases from two to

three, since the BS can better separate the two users and the
STAR-RIS/RIS link. The proposed STAR-RIS-aided RSMA
consistently achieves the lowest transmit power. SDMA is
sensitive to limit spatial DoF (e.g., M=2) due to increased
IUI, whereas NOMA performs relatively well in this regime
thanks to SIC; however, when the spatial DoF becomes
sufficient, NOMA may degrade due to excessive SIC. RSMA
mitigates these drawbacks by balancing interference decoding
via the optimized power-splitting ratio c, behaving closer to
NOMA under low DoF and closer to SDMA under high DoF.
Moreover, STAR-RIS-aided RSMA outperforms conventional
RIS-aided RSMA because STAR-RIS can split the incident
signal between the r and t users via T/R ratio control, while
a conventional RIS reflects all energy toward a single side.
Finally, when dant = 0.4λwav and 0.3λwav , spatial correlation
increases the average transmit power by 5.79% and 12.09%,
respectively. compared with the uncorrelated case.

In Fig. 4(b), as the number of STAR-RIS elements increases,
the following observations are made. RSMA consistently
consumes less total transmit power than SDMA and NOMA
for all numbers of RIS elements. First, as the number of
RIS elements increases, the total transmit power decreases
across all schemes, except for those without RIS or STAR-RIS,
which is expected since more RIS elements provide higher
passive array gains and improved channel gains. Second, the
proposed RSMA with the STAR-RIS maintains the lowest
transmit power consumption. Third, RSMA with STAR-RIS
outperforms RSMA with conventional RIS. The performance
gap increases because the conventional RIS reflects the entire
signal to the user r while the STAR-RIS distributes the signal
to users r and t through T/R ratio control. Lastly, when the
distance between STAR-RIS elements dRIS is 0.4λwav and
0.3λwav , the power consumption decreases by an average of
3.45% and 11.37%, respectively, compared to the case without
spatial correlation. Specifically, spatial correlation at RIS can
be leveraged to reduce total transmit power by enhancing the
effective channel SINR.

Second, Fig. 5(a) and Fig. 5(b) evaluate the scenario in
which the direct channel is completely blocked. In this case,
users t and r are served only through the cascaded channels
via the STAR-RIS. Considering that only cascaded channels
are available, the threshold rate Rthχ is set to 0.2 bps/Hz for
each user.

Fig. 5(a) and Fig. 5(b) present the following observations.
First, the proposed RSMA-based approach performs similarly
to NOMA, regardless of the number of BS antennas. Without
direct channels, the cascaded channel conditions for user r
and t are similar, which reduces the performance gain of
RSMA over NOMA [39]. Second, the RSMA-based scheme
demonstrates superior performance compared to the SDMA-
based scheme. However, the performance gap narrows as the
number of STAR-RIS elements increases due to the saturation
of diversity gain. On average, the RSMA-based approach
achieves 11.77% and 17.18% lower power consumption than
the SDMA-based approach as the number of BS antennas and
RIS elements increases, respectively. Lastly, in Fig. 5(a), when
the distance between BS antennas dant is set to 0.4λwav and
0.3λwav , the power consumption decreases by an average of
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(a) Total transmit power vs. the number of BS antennas when N = 2,
and Rth

χ = 2 bps/Hz.
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(b) Total transmit power vs. the number of RIS elements when M = 2,
and Rth

χ = 2 bps/Hz.

Fig. 4: Total transmit power vs. the number of BS antennas or STAR-RIS elements.
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(a) Total transmit power vs. the number of BS antennas when N = 2,
Rth

χ = 0.2 bps/Hz and direct channels dχ are completely blocked.
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(b) Total transmit power vs. the number of RIS elements when M = 2,
Rth

χ = 0.2 bps/Hz and direct channels dχ are completely blocked.

Fig. 5: Total transmit power vs. the number of BS antennas or STAR-RIS elements when direct channels are completely blocked.

12.28% and 23.81% compared to the case without spatial cor-
relation, respectively. In Fig. 5(b), when the distance between
STAR-RIS elements dRIS is set to 0.4λwav and 0.3λwav ,
the power consumption decreases by an average of 27.45%
and 49.97% compared to the case without spatial correlation,
respectively.

Lastly, Fig. 6(a) and Fig. 6(b) evaluate the scenario in which
the direct channel of the user t is blocked. In this case, user
t is served only through the cascaded channel via the STAR-
RIS, while user r has both the direct channel and the cascaded
channel. The target rate for the user r is set to Rthr = 2 bps/Hz.
For user t, considering that only the cascaded channel is
available, the target rate is set to Rtht = 0.2 bps/Hz.

In Fig. 6(a), the proposed RSMA-based approach achieves,
on average, 45.27% lower power consumption compared to the
NOMA-based approach and 25.56% compared to the SDMA-
based approach. When the distance between BS antennas
dant is set to 0.4λwav and 0.3λwav , the power consumption
decreases by on average of 12.72% and 25.17% compared to

the case without spatial correlation, respectively.

In Fig. 6(b), the proposed RSMA-based approach achieves,
on average, 57.91% and 38.26% lower power consumption
compared to NOMA- and SDMA-based approaches, respec-
tively. When the distance between STAR-RIS elements dRIS is
set to 0.4λwav and 0.3λwav , the power consumption decreases
by an average of 14.39% and 28.19% compared to the case
without spatial correlation, respectively.

Fig. 7(a) and Fig. 7(b) illustrate the impact of spatial correla-
tion, arising from BS antenna spacing and STAR-RIS element
spacing, on the total transmit power required to meet users’
QoS constraints. In Fig. 7(a), increasing BS spatial correlation
causes the channel vectors of different users to become more
aligned, reducing the effectiveness of precoding in separating
users and intensifying IUI. Consequently, higher transmit
power is required to satisfy the rate constraints, leading to
the performance degradation observed in Fig. 7(a). RSMA is
generally less sensitive to IUI than SDMA since a portion of
the interference can be managed via the common stream and



12

2 3 4 5 6 7 8 9 10

Number of BS antennas

0

5

10

15

T
o
ta

l 
tr

a
n
s
m

it
 p

o
w

e
r

(a) Total transmit power vs. the number of BS antennas when N = 2,
Rth

r = 2, Rth
t = 0.2 bps/Hz, and direct channel for t-user dt is

blocked.
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(b) Total transmit power vs. the number of RIS elements when M = 2,
Rth

r = 2, Rth
t = 0.2 bps/Hz, and direct channel for t-user dt is

blocked.

Fig. 6: Total transmit power vs. the number of BS antennas or STAR-RIS elements when the direct channel for t-user dt is blocked.

(a) Total transmit power vs. BS antenna spacing when M = 4, N = 4,
Rth

χ = 2 bps/Hz.
(b) Total transmit power vs. STAR-RIS element spacing when M = 4,

N = 4, Rth
χ = 2 bps/Hz.

Fig. 7: Total transmit power vs. BS antenna spacing or STAR-RIS element spacing.

SIC. As the BS spatial correlation decreases, the performance
gap between RSMA and SDMA becomes negligible beyond
a certain spacing regime (around dBS/λ ≈ 0.3 in our setup).
This suggests that SDMA gradually recovers its multi-user
spatial separability, thereby reducing RSMA’s relative advan-
tage. In contrast, SDMA relies heavily on spatial separation
and is thus more vulnerable under strong correlation. NOMA
exhibits a different sensitivity, as it exploits power-domain
separation and SIC instead of relying on spatial separation.

Fig. 7(b) illustrates the impact of spatial correlation at the
STAR-RIS. For single-antenna users and passive reflection,
reducing the STAR-RIS element spacing increases correlation
among the reflected components, enabling more coherent
combining toward the intended direction. This results in a
more focused passive beam and improved effective array gain,
thereby reducing the required transmit power, as shown in
Fig. 7(b). Similar observations have been reported in RIS-
assisted MU-MISO systems, where stronger spatial correlation
across RIS elements can be beneficial for passive beamforming

designs [40].

To further evaluate system performance under various Ri-
cian factors of direct links εd, we consider scenarios where
the direction of the t user and r users are either similar or
different. For the similar-direction case, the r user is placed at
(190, 0), and the t user is placed at (210, 0). For the different-
direction case, the r user is placed at (190, 40), and the t
user is placed at (210,−40). Fig. 8 shows the initial channel
similarity between the two users, measured as ρ ≜ |vHr vt|

||vr||2||vt||2 ,
as a function of the number of BS antennas before applying
any optimization.

Fig. 8(a) illustrates a scenario where the two users are
closely aligned along the LoS direction. As the Rician factor
εd increases, the channels become highly collinear, sharply
increasing ρ. This leads to poor spatial separability, degrading
SDMA performance. A larger M further aligns the beams,
reinforcing this effect. In contrast, Fig. 8(b) considers users
with distinct angles. Even as εd increases, the channels remain
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(a) Channel alignment ρ vs. Rician factor for direct link εd, where the r
user is located at (190, 0) and the t user is located at (210, 0).

(b) Channel alignment ρ vs. Rician factor for direct link εd, where the r
user is located at (190, 40) and the t user is located at (210, -40).

Fig. 8: Channel alignment based on user location.

(a) Total transmit power vs. the number of BS antennas M , where the r
user is located at (190, 0) and the t user is located at (210, 0).

(b) Total transmit power vs. the number of BS antennas M , where the r
user is located at (190, 40) and the t user is located at (210, -40).

Fig. 9: Total transmit power based on Rician factor.

dissimilar, resulting in a lower ρ. Here, increasing M improves
angular resolution, further separating the channels. This setting
thus offers a more favorable geometry for SDMA.

Fig. 9 shows the total transmit power as a function of
user location, the number of BS antennas, and the Rician
factor εd of the direct link, with the number of STAR-RIS
elements fixed at N = 4. When the users are located in
similar directions, as in Fig. 9(a), increasing M reduces the
required transmit power thanks to array gain. However, with
strong LoS components, the user channels become highly
aligned, degrading spatial separability. In this regime, SDMA
suffers from ineffective interference suppression, leading to
higher power consumption. RSMA remains robust by splitting
messages and decoding interference via SIC, achieving lower
power, especially at small-to-moderate M . While NOMA is
less affected by spatial alignment due to its power-domain
nature, it still requires more power due to SIC overhead and
conservative power allocation. In contrast, Fig. 9(b) considers
users with distinct angular directions. The improved spatial

separability enables SDMA to perform effectively, achieving
low power. RSMA remains competitive; the advantage of the
SIC structure is minimal when spatial separation is sufficient,
and it operates similarly to SDMA. NOMA continues to
demand the most power, as it cannot fully exploit spatial DoF
and must maintain sufficient decoding margins under SIC.

To evaluate the performance of the proposed design, under
practical STAR-RIS hardware constraints, we consider two
non-idealities: (i) finite resolution phase shifters, and (ii)
coupled T/R phase (CP) responses. In practice, STAR-RIS
elements employ b-bit discrete phase shifters, and due to
passive circuit constraints, the t/r coefficients cannot be fully
decoupled [41]. These impairments restrict the feasible STAR-
RIS coefficient set and may increase the minimum transmit
power required to meet QoS constraints [42].

• Discrete phase quantization model: The phase of each
STAR-RIS element is quantized to a finite alphabet Fb =
{0,∆, 2∆, ..., (2b − 1)∆}, where ∆ = 2π/2b.

• Coupled phase constraint (CP) model: For passive and
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lossless STAR-RIS, the t/r phases are coupled as θt,n =
θr,n ± π/2, imposing a fixed offset.

To evaluate their impact, we first solve the original opti-
mization under the ideal continuous and decoupled STAR-
RIS model. Then, we apply two hardware-constrained map-
pings: (i) phase quantization and (ii) CP enforcement, using
Euclidean projection to approximate the ideal coefficients.
Since this may render the solution infeasible under power
constraints, we re-optimize the transmit power precoders with
the fixed, mapped STAR-RIS coefficients to restore QoS
satisfaction and quantify the resulting power penalty. Fig. 10
shows that lower phase resolution increases transmit power
due to limited beamforming flexibility, with the highest penalty
at 2-bits. As resolution improves, the power gap narrows, and
the 5-bit case approaches the ideal. Enforcing the CP con-
straint further raises power, confirming that practical STAR-
RIS hardware imposes stricter limits on performance.

Fig. 10: Total transmit power vs. phase resolution and coupled phase constraint
with M = 4, N = 4, and Rth

χ = 2 (in bps/Hz).

To evaluate the impact of channel estimation errors in
passive STAR-RIS systems, we adopt a normalized mean
squared error (NMSE) based bounded-error model [43] for
the effective channel vχ = v̂χ + eχ, where ∥eχ∥2 ≤ ηχ,
and v̂χ denotes the estimated channel while eχ represents the
estimation error. The NMSE is defined as

NMSE ≜
E
[
∥vχ − v̂χ∥22

]
E[∥vχ∥22]

, NMSElin = 10NMSEdB/10.

(60)

Following a standard conservation mapping from NMSE to a
deterministic uncertainty set, we set ∥ex∥2 ≤ ηx with ηx =√
NMSElin ∥v̂x∥2. For a given SINR target γ, the worst-case

common-stream SINR constraint for user χ is written as

min
∥eχ∥2≤ηχ

|(v̂χ + eχ)
Hpc|2

|(v̂χ + eχ)Hpr|2 + |(v̂χ + eχ)Hpt|2 + σ2
≥ γ.

(61)

We omit the private stream SINR case for brevity.
By rearranging (61), the constraint can be equivalently

expressed as a quadratic form:

eHχ Aeχ + 2ℜ{bHeχ}+ c ≥ 0, ∀ ∥eχ∥22 ≤ η2χ, (62)
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Fig. 11: Total transmit power vs. NMSE with M = 4, N = 4, and Rth
χ = 2

(in bps/Hz).

for some A, b, and c determined by {pc,pχ}, γ, and v̂χ.
Applying the S-lemma yields a tractable sufficient condition
(which is exact under mild regularity conditions) in the form
of the following linear matrix inequality (LMI):

∃τk ≥ 0 s.t.
[
A+ τkI b

bH c− τkη2k

]
⪰ 0. (63)

Therefore, for each NMSE level, the robust transmit beam-
forming step can be formulated as an SDP with LMI con-
straints [32]. This reveals a robustness-power trade-off: larger
NMSE (i.e., larger ηk) requires higher transmit power to meet
the QoS constraints, as quantified in Fig. 11.

To address scalability, we extend the proposed framework
to a general K-user STAR-RIS-assisted MU-MISO system,
where MU interference naturally arises. The transition from
single-user to single-layer RSMA in the MU-MISO setting is
straightforward. In (P1), the power objective generalizes to
||pc||2 +

∑K
k=1 ||pk||2, ans SIC constraint for the common

stream are enforced across all users to ensure decodability.
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Fig. 12: Total transmit power vs. the number of BS antennas, with K =
4, N = 10, and Rth
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When evaluating the SINR of the common stream at user k,
all K private streams are treated as interference. For private
streams, only the other users’ streams (j ̸= k) interfere after
common stream cancellation. Thus, the RSMA formulation
naturally extends to the MU-MISO case by scaling the power
and interference terms with K, while maintaining the same de-
coding structure. Consequently, the MU optimization problem
is formulated as follows:

(P1-MU) : min
p,c,ϕ,β

||pc||2 +
K∑
k=1

||pk||2, ∀k ∈ {1, ...,K}

(64a)

s.t. Ck +Rk,χ ≥ Rthk , ∀k ∈ {1, ...,K},
∀χ ∈ {t, r} , (64b)

K∑
k=1

Ck ≤ minRc,k, ∀k ∈ {1, ...,K} , (64c)

|ϕχ,n| = 1, ∀χ ∈ {t, r} ,
∀n ∈ {1, ..., N}, (64d)

β2
r,n + β2

t,n = 1, ∀n ∈ {1, ..., N}. (64e)

To evaluate the proposed algorithm in the MU-MISO sys-
tem, we conduct simulations with K = 4 users, where two
users are located in the reflection region and the other two
in the transmission region of the STAR-RIS. As baselines,
we consider K-user SDMA and power-domain NOMA using
a single cluster (i.e., without user grouping) to simplify the
comparison and highlight the scalability limitation of deep SIC
in MU scenarios.1

Fig. 12 illustrates the total transmit power versus the number
of BS antennas M in a K = 4 STAR-RIS-assisted MU-MISO
system. As M increases, both RSMA and SDMA significantly
reduce the required power, as the additional spatial DoF
enhance the separability of user channels and facilitate more
effective MU interference suppression. In particular, SDMA
exhibits a sharp drop in transmit power when M becomes
comparable to or exceeds K, reflecting a transition from a
heavily interference-limited regime to a spatially resolvable
one. RSMA consistently achieves lower or comparable power
than SDMA, especially in the small-array regime, as the
common stream enables additional interference management
and mitigates the need for strict spatial orthogonality. In
contrast, single-cluster power-domain NOMA exhibits only
marginal improvements with increasing M , indicating that
deep SIC and residual IUI limit its scalability in multi-user
scenarios. As a result, NOMA requires significantly higher
transmit power to meet the same QoS constraints.

VI. CONCLUSION

This paper investigated a power-efficient STAR-RIS-aided
RSMA system. The transmit power minimization problem was
formulated to ensure that users’ minimum target rates are
satisfied under spatially correlated channels. The formulated
problem is non-convex and involves joint optimization of the

1While practical deployments often employ user grouping, the single-cluster
setting is a commonly used stress-test baseline. Under this setting, the required
transmit power increases rapidly with K due to accumulated SIC constraints.

precoding vector, common message ratio, phase shift matrix,
and the T/R ratio. The original problem was decomposed
into three non-convex subproblems: (i) joint precoding vector
and common message ratio control at the BS, (ii) phase shift
matrix control at the STAR-RIS, and (iii) T/R ratio control
at the STAR-RIS. Each subproblem was transformed into
convex subproblems using penalty functions and linear ap-
proximations. They were solved iteratively using the proposed
interior-point initialization, SCA, and AO algorithms. It was
shown that the proposed approach has polynomial computa-
tional complexity and converges to a stationary point stably
and rapidly. Extensive simulations confirm that the proposed
control scheme achieves the lowest power consumption while
satisfying QoS requirements, compared to legacy STAR-RIS
and RIS-aided RSMA, NOMA, and SDMA schemes.
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