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Abstract: In practical intelligent reflecting surface (IRS)-assisted multiuser communication systems, inevitable
imperfections such as hardware impairments, imperfect channel state information (CSI), and the limited resolution
of the IRS phase shifts would introduce interference and thus cause significant performance degradation. As an
interference management strategy, rate-splitting multiple access (RSMA) employs the rate-splitting (RS) principle
to partition user information into common and private parts, thereby offering enhanced robustness. Accounting for
practical imperfections, this study investigates robust beamforming design in IRS-assisted multiuser systems under
the RSMA architecture. First, we introduce a system model that captures these non-ideal factors and evaluate
their impacts on communication performance. To enhance the performance of the considered system, a weighted
sum rate maximization problem is formulated, for which a sample average approximation (SAA)-based robust
algorithm is proposed to jointly optimize the IRS phase shifts and the beamforming matrix at the base station (BS).
Simulation results demonstrate that the IRS-assisted RSMA system exhibits superior robustness compared to the
IRS-assisted space division multiple access (SDMA) system in the presence of inevitable imperfections. Furthermore,
the proposed SAA-based robust algorithm outperforms existing benchmark algorithms, highlighting its effectiveness
and robustness.

Key words: Intelligent reflecting surface; Rate-splitting multiple access; Discrete phase shifts; Hardware
impairments; Imperfect channel state information; Robust beamforming
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1 Introduction

1.1 Background

The next-generation wireless communication
systems aim to enhance existing 5G technologies
while exploring novel solutions to support ultra-high
data rates and massive connectivity (Tataria et al.,
2021). Recently, intelligent reflecting surface (IRS)
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has emerged as a key technology for next-generation
systems due to its low cost, wide coverage, and abil-
ity to adaptively control wireless propagation envi-
ronments (Wu and Zhang, 2020; Wu et al., 2021;
Zhang YP et al., 2023). An IRS is typically com-
posed of a large array of passive reflecting elements,
each capable of independently adjusting the ampli-
tude and phase of the incident signal. Therefore,
substantial passive gains can be provided without re-
quiring additional power or active signal processing.
Owing to these advantages, IRS can be seamlessly
integrated with various advanced technologies to en-
hance system performance, such as massive multiple-
input multiple-output (MIMO), integrated sens-
ing and communication (ISAC), movable antenna
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(MA) technique, and orthogonal time frequency
space (OTFS) modulation (Xu et al., 2021; Ma
et al., 2024; Peng et al., 2024a, 2024b).

Despite its promising potential, the perfor-
mance of IRS-assisted systems suffers significant
degradation due to inevitable imperfections (Schenk,
2008; Björnson et al., 2013; Papazafeiropoulos et al.,
2017; Kolawole et al., 2020; Wang ZR et al., 2020; Fu
et al., 2021). First, the effectiveness of beamforming
gain maximization is fundamentally limited by chan-
nel state information (CSI) acquisition accuracy. In
IRS-assisted systems, CSI estimation is inherently
challenging due to the limited number of pilot sym-
bols and the passive nature of the IRS. These limi-
tations lead to non-negligible CSI errors and intro-
duce undesired interference, degrading overall sys-
tem performance (Wang ZR et al., 2020). More-
over, inevitable hardware impairments in practical
transceiver hardware can distort both transmitted
and received signals (Papazafeiropoulos et al., 2017).
While calibration and compensation techniques can
partially mitigate these distortions, a certain amount
of distortion and interference remains, significantly
undermining the system’s performance. Addition-
ally, IRS phase shifts are inherently discrete rather
than continuous, which makes it crucial to design ef-
ficient beamforming strategies that operate over dis-
crete phase shift (DPS) sets (Fu et al., 2021). Over-
all, a robust algorithm design that explicitly accounts
for these practical limitations is essential for exploit-
ing the full potential of IRS-assisted communication
systems.

Fortunately, rate-splitting multiple access
(RSMA) technology demonstrates strong robust-
ness against inevitable imperfections, enhanc-
ing the mutual benefits of combining IRS and
RSMA (Aboumahmoud et al., 2025). Unlike space
division multiple access (SDMA) and non-orthogonal
multiple access (NOMA), where the former treats
interference as noise and the latter fully decodes in-
terference (Mao et al., 2018; Clerckx et al., 2023),
RSMA is an interference management strategy that
leverages rate-splitting (RS) to manage interference
effectively. By dividing user information into com-
mon and private parts, RSMA can allocate more
power to the favorable parts and thus mitigate
interference. Then, these parts are flexibly de-
coded by the user, allowing them to retrieve both
parts and reconstruct the original message. As a re-

sult, RSMA offers superior interference management
and robustness, making it particularly well-suited
for IRS-assisted communication systems in practical
scenarios.

1.2 Related works

The integration of IRS and RSMA has been
shown to significantly enhance their mutual bene-
fits (Yang et al., 2020; Bansal et al., 2021; Wein-
berger et al., 2022; Pala et al., 2024; Wang CJ et al.,
2025). Specifically, Weinberger et al. (2022) in-
vestigated a multiuser communication system and
demonstrated that RSMA alone can achieve nearly
a 95% improvement in energy efficiency (EE). With
the deployment of IRS, the overall EE gain exceeds
the sum of the individual improvements provided by
RSMA and IRS, separately. Moreover, IRS-assisted
RSMA systems consistently outperform IRS-assisted
NOMA and SDMA systems across various scenarios.
For instance, Yang et al. (2020) analyzed an IRS-
assisted multiuser system and demonstrated that the
IRS-assisted RSMA system achieves superior perfor-
mance gains compared to the IRS-assisted NOMA
system. Moreover, Wang CJ et al. (2025) explored
the joint optimization of active beamforming at the
base station (BS) and passive beamforming at the
IRS in a multi-IRS-assisted multiple-input single-
output (MISO) system, demonstrating that IRS-
assisted RSMA networks are more energy-efficient
than their NOMA and SDMA counterparts. Ad-
ditionally, Bansal et al. (2021) derived the closed-
form expression for the outage probability of cell-
edge users in IRS-assisted multi-cell networks, the-
oretically proving that RSMA performs better than
NOMA under various system parameters, such as
the number of IRS reflecting elements and node den-
sity. However, the above studies on IRS-assisted
systems ignore practical imperfections, which in-
evitably degrade beamforming performance in real-
world implementations.

Considering the impact of practical system
imperfections on IRS beamforming, extensive re-
search has been conducted on CSI estimation errors,
transceiver hardware impairments, and DPSs (Yan
et al., 2020; Shen et al., 2021; Khel and Hamdi,
2022; Tao et al., 2022; Wang JT et al., 2023; Efrem
and Krikidis, 2024). To assess the effect of CSI es-
timation errors, Tao et al. (2022) investigated the
ergodic capacity of users under imperfect CSI. By
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jointly optimizing the beamforming at the BS and
phase shifts at the IRS, the weighted sum rate can
be maximized, where a maximum ratio transmission
(MRT)-based beamforming scheme was proposed.
However, system performance remains limited due to
severe multiuser interference. Moreover, Yan et al.
(2020) developed a low-complexity channel uncer-
tainty handling scheme based on the sample aver-
age approximation (SAA) method. Unlike MRT-
based designs, this approach is not limited to fixed
beamforming at the BS, allowing full exploitation of
the capabilities of the IRS and demonstrating strong
robustness. Khel and Hamdi (2022) analyzed the
impact of hardware impairments and revealed that
transceiver hardware impairments impose a finite
limit on the ergodic capacity, which is independent
of the number of reflecting elements or BS anten-
nas. Building on this, Shen et al. (2021) designed a
robust algorithm in the presence of transceiver hard-
ware impairments to fully leverage the potential of
IRS. To jointly mitigate the impact of multiple prac-
tical imperfections on IRS-assisted communication
systems, Wang JT et al. (2023) investigated a prac-
tical IRS-assisted SDMA system in the presence of
transceiver hardware impairments, DPSs, and im-
perfect CSI. A robust joint beamforming at the BS
and IRS phase shift design algorithm was proposed,
which effectively mitigates the performance degrada-
tion caused by these inevitable imperfections.

However, the interference suppression capabil-
ity of SDMA is limited because it treats all the in-
terference as noise. To address this, Papazafeiropou-
los et al. (2017) evaluated the robustness of RSMA
systems, demonstrating that RSMA remains a reli-
able interference suppression strategy in the presence
of CSI estimation errors and hardware impairments,
leading to improved system performance compared
with SDMA. As a result, robust system design for
IRS-assisted RSMA has garnered significant atten-
tion (Fu et al., 2021; Li BJ et al., 2023; Li HY
et al., 2024; Asif et al., 2025; Wang WH et al., 2025).
Specifically, Li HY et al. (2024) investigated sys-
tem performance and proposed an SAA-based chan-
nel uncertainty mitigation algorithm, fully leverag-
ing the potential of IRS and demonstrating supe-
rior performance over SDMA and NOMA. More-
over, Fu et al. (2021) examined system performance
under quantized constraints on phase shifts, where
a DPS optimization scheme based on the succes-

sive convex approximation (SCA) method was pro-
posed. Meanwhile, Asif et al. (2025) considered an
IRS-assisted RSMA system for simultaneous wire-
less information and power transfer (SWIPT) in the
presence of transceiver hardware impairments and
developed a semidefinite relaxation (SDR)-based ro-
bust beamforming scheme. Additionally, Wang WH
et al. (2025) investigated robust resource allocation
design for active IRS-assisted RSMA systems, con-
sidering the impact of DPSs.

1.3 Contributions

Although the impact of CSI estimation er-
rors, DPSs, and hardware impairments is non-
negligible (Wang JT et al., 2023), the above studies
typically address only pairwise combinations of these
three inevitable imperfections. Reasonably, contin-
uing to treat these imperfections in the same way
may widen the gap between theoretical assumptions
and practical deployments. Considering more re-
alistic scenarios and accounting for more practical
imperfections, this study investigates the robust de-
sign for IRS-assisted multiuser systems by incorpo-
rating RSMA technology. The proposed algorithm
differs from Li HY et al. (2024) in several key as-
pects. While Li HY et al. (2024) focused on a beyond-
diagonal IRS (BD-IRS), our study uses the tradi-
tional diagonal IRS, which influences phase shift de-
sign and optimization. Our algorithm also specifi-
cally addresses DPSs due to hardware bit quantiza-
tion, which is not considered in the reference work.
Additionally, we account for hardware impairments,
while the reference paper assumes ideal hardware.
This makes our phase shift design more robust, ca-
pable of handling both DPS and hardware imper-
fections. Moreover, unlike previous studies that pri-
marily focused on SDMA, the robust RSMA system
design leads to a stochastic optimization problem.
Notably, existing optimization frameworks are not
applicable. The key contributions are summarized
as follows:

1. We provide an IRS-aided multiuser RSMA
framework under practical imperfections, including
transceiver hardware impairment, DPSs, and imper-
fect CSI. Through leveraging the relationship be-
tween ergodic and average rates for both common
and private streams, a stochastic optimization prob-
lem is formulated to enhance system performance.

2. To solve the challenging stochastic problem,
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we develop an SAA-based robust algorithm by ex-
ploiting the relationship between the weighted sum
rate and weighted minimum mean square error
(WMMSE). Additionally, we introduce an alternat-
ing direction method of multipliers (ADMM)-based
approach to efficiently optimize discrete IRS phase
shifts, ensuring computational feasibility.

3. Extensive simulation results are presented to
demonstrate the impact of different system imper-
fections on performance, highlighting the superior-
ity of RSMA in robust system design. Furthermore,
the proposed algorithm outperforms benchmark al-
gorithms, demonstrating its effectiveness and provid-
ing practical insights for implementing IRS-assisted
multiuser RSMA systems.

Notations: Scalars, vectors, and matrices are
denoted by italic lowercase, bold italic lowercase,
and bold italic uppercase letters, respectively. The
space of x×y complex-valued matrices is denoted by
Cx×y. The L2-norm of a vector or a matrix is repre-
sented by ‖ · ‖, and absolute value by | · |. Transpose,
complex conjugate, and Hermitian transpose are de-
noted by (·)T, (·)∗, and (·)H, respectively. diag{·}
denotes a diagonal matrix formed from a vector of
the diagonal elements of a matrix, ˜diag(A) denotes
the diagonal matrix whose diagonal elements are the
same as those of A, and tr(·) represents the trace.
Expectation is denoted by E{·}, and Re(·) indicates
the real part of a complex number. A circularly
symmetric complex Gaussian (CSCG) random vari-
able x with mean μ and variance σ2 is written as
x ∼ CN (

μ, σ2) (Gallager, 2008). For a vector a, the
ith entry is denoted by ai. vec(·) represents column-
wise vectorization of a matrix.

2 System model and problem formula-
tion

As depicted in Fig. 1, we consider an IRS-aided
multiuser RSMA system for downlink communica-
tion. An IRS equipped with NI reflecting elements
arranged in a uniform planar array (UPA) assists the
BS equipped with NB uniform linear array (ULA)
antennas in serving K single-antenna users. Ac-
counting for realistic hardware impairments, the re-
ceived signal at the kth user can be expressed as

yk =
(

hH
BU,k + ξTHH

eff,k

)

x+ nk + κR,k, (1)

IRS

BU,kh

BIH

IU,kh

Fig. 1 An IRS-aided multiuser RSMA communication
system. BS: base station; IRS: intelligent reflecting
surface; RSMA: rate-splitting multiple access

where hBU,k and HH
eff,k = diag

(

hH
IU,k

)

HBI rep-
resent the direct and the cascaded link of the kth

user, respectively. hIU,k and HBI are the chan-
nels from the IRS to the kth user and from the BS
to the IRS, respectively. The transmit signal vec-
tor x satisfies the power constraint E

{

xHx
} ≤ P ,

with P being the maximum transmit power. The
term nk ∼ CN (0, σ2

k) denotes additive white Gaus-
sian noise (AWGN) at the kth user, following a
CSCG distribution with zero mean and variance σ2

k.
The receiver distortion noise κR,k, which captures
residual hardware impairments after calibration, is
modeled as κR,k ∼ CN

(

0, β2
R,kE

{

ỹkỹH
k

}

)

, where

ỹk =
(

hH
BU,k + ξTHH

eff,k

)

x+ nk and βR,k ∈ [0, 1] is
the normalized distortion level (Schenk, 2008; Björn-
son et al., 2013; Kolawole et al., 2020). More-
over, ξ =

[

ejθ1, ejθ2 , · · · , ejθNI
]T is the phase shift

vector of the IRS. For practical IRS implementa-
tions, each phase shift θm (m = 1, 2, · · · , NI) is
constrained to discrete values from the set T �
{

−π, 2π
2b − π, · · · ,

2π(2b−1)
2b − π

}

, where b denotes

the number of quantization bits.

2.1 Modeling of imperfect CSI

Acquiring perfect CSI in IRS-assisted systems
is challenging due to the passive nature of IRS ele-
ments, estimation errors, and feedback delays. These
imperfections lead to mismatches between the actual
and estimated CSI. To address this, we model the
CSI errors as statistical, typically following a CSCG
distribution (Zhang J et al., 2011). This model ac-
counts for the inherent uncertainty and provides an
analytically tractable framework for studying perfor-
mance degradation due to imperfect CSI (Yan et al.,
2020; Tao et al., 2022; Wang JT et al., 2023). The
actual channel can be modeled as
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Heff,k = H̃eff,k + ΔHeff,k,hBU,k = h̃BU,k + ΔhBU,k,

(2)
where H̃eff,k and h̃BU,k denote the estimated cas-
caded and direct channels for the kth user, re-
spectively. The corresponding CSI errors, ΔHeff,k

and ΔhBU,k, are modeled as CSCG random vari-
ables, i.e., vec (ΔHeff,k) ∼ CN (

0, δ2
kININB

)

and
vec (ΔhBU,k) ∼ CN (

0, δ2
kINB

)

, where δ2
k quantifies

the estimation inaccuracy for the kth user.

2.2 RS with hardware distortions

To improve the performance of the system, this
study employs the commonly used 1-layer RSMA
architecture (Mao et al., 2018), where the signal in-
tended for the kth user is divided into a common part
and a private part. Therefore, the signal transmitted
by the BS is expressed as

x = wcsc +
K
∑

k=1

wp,ksp,k + κT = Ws+ κT, (3)

where the superimposed stream vector s =
[sc, sp,1, . . . , sp,K ]T consists of a common stream
sc and K private streams for the K users.
These streams are linearly precoded by W =
[wc,wp,1, . . . ,wp,K ], where wc and wp,k (k =
1, 2, ..., K) are the common and private precoding
vectors, respectively. Similar to the receiver distor-
tion noise κR,k, each element of the transmitter dis-
tortion noise κT is assumed to follow a CSCG dis-
tribution with variance proportional to the transmit
power of each antenna. This modeling approach is
supported by both theoretical and empirical studies,
which have shown that distortion noise from resid-
ual hardware impairments can be effectively modeled
as an additional Gaussian noise component whose
variance is directly proportional to the transmitted
signal power (Björnson et al., 2014). Specifically,
κT ∼ CN

(

0, β2
T
˜diag

(

WWH)
)

, where βT is the
normalized distortion level for the transmitter. Con-
sequently, the transmit power constraint becomes
E{xHx} =

(

1 + β2
T
)

tr
(

WWH) ≤ P .
By substituting Eq. (3) into Eq. (1), the signal

received at the kth user can be rewritten as

yk =
(

hH
BU,k + ξTHH

eff,k

)

·
(

wcsc +
K
∑

k=1

wp,ksp,k + κT

)

+ nk + κR,k.

(4)

Therefore, the average received power of the kth

user is computed as follows:

dc,k = E

{

|yk|2
}

=
∣

∣

(

hH
BU,k + ξTHH

eff,k

)

wc
∣

∣

2 + dp,k,

(5)
where dp,k denotes the interference power for the
common stream, represented by

dp,k =
∣

∣

(

hH
BU,k + ξTHH

eff,k

)

wp,k

∣

∣

2 + Ip,k, (6)

where Ip,k denotes the interference power for the pri-
vate stream, represented by

Ip,k =
K
∑

k′ �=k

∣

∣

(

hH
BU,k + ξTHH

eff,k

)

wp,k′
∣

∣

2

+
(

1 + β2
R,k

)

σ2
k +

(

hH
BU,k + ξTHH

eff,k

)

·
[

β2
R,kWWH + β2

T
(

1 + β2
R,k

) · ˜diag
(

WWH)
]

· (hBU,k +Heff,kξ
∗) .

(7)
Under the 1-layer RSMA architecture, each user

first decodes the common stream by treating the
K private streams, hardware distortion noise, and
AWGN as noise. Specifically, an equalizer, i.e., gc,k,
is applied to recover the common stream for the kth

user as ŝc,k = gc,kyk. Accordingly, the instantaneous
rate for decoding the common stream is

Rc,k = log2 (1 + γc,k) , (8)

where the corresponding signal-to-interference-plus-
noise ratio (SINR) is given by

γc,k =
∣

∣

(

hH
BU,k + ξTHH

eff,k

)

wc
∣

∣

2
I−1

c,k . (9)

To ensure successful decoding of the common
stream by all users, the common rate is limited
by the worst-case user, i.e., Rc = mink (Rc,k).
Therefore, the common rate is partitioned among
the users such that mink (Rc,k) =

∑

k rc,k, where
rc,k denotes the common rate allocated to the
kth user. After decoding and subtracting the
common stream via the successive interference
cancellation (SIC) method, the kth user applies
an equalizer gp,k to decode its private stream,
i.e., ŝp,k = gp,k

[

yk −
(

hH
BU,k + ξTHH

eff,k

)

wcsc

]

, by
treating the remaining K −1 private stream interfer-
ence and hardware distortions, encapsulated in Ip,k,
as noise. Thus, the corresponding instantaneous pri-
vate rate is

Rp,k = log2 (1 + γp,k) , (10)
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where the SINR γp,k is given by

γp,k =
∣

∣

(

hH
BU,k + ξTHH

eff,k

)

wp,k

∣

∣

2
I−1

p,k. (11)

Having decoded both the common and private
streams, i.e., ŝc and ŝp,k, the original message for the
kth user can be reconstructed. Based on the above
architecture, the total achievable rate for the kth user
is the sum of its private and allocated common rates,
which can be calculated as

Rk = Rp,k + rc,k. (12)

It is found from the total achievable rate ex-
pression that the achievable rate is determined by
the transmit beamforming matrixW , and the phase
shift vector of the IRS ξ. To improve the overall
performance of the IRS-assisted RSMA system, it
makes sense to optimize these key parameters.

2.3 Problem formulation

In this study, we adopt the average rate to char-
acterize the ergodic rate over the distribution of
CSI errors without predefining the BS beamform-
ing strategy. Following previous relevant work (Li
HY et al., 2024), for the kth user, the relation-
ship between the average common rate (R̄c,k =
EHeff,k|H̃eff,k,hBU,k|h̃BU,k

{Rc,k}) and ergodic common
rate (EHeff,k,hBU,k

{Rc,k}), as well as the relation-
ship between the average private rate (R̄p,k =
EHeff,k|H̃eff,k,hBU,k|h̃BU,k

{Rp,k}) and the ergodic pri-
vate rate (EHeff,k,hBU,k

{Rp,k}), can be expressed as
Eqs. (13) and (14) (see the bottom of this page),
respectively, indicating that the ergodic rate is de-
termined by the expected value of the average rates
over the estimated CSI.

Therefore, the ergodic sum rate maximization
problem with imperfect CSI is transformed into max-
imizing the average sum rate for each estimated CSI,

leading to the following optimization problem (P1):

max
W ,ξ,r̄c,k

K
∑

k=1

ηk

(

r̄c,k + R̄p,k

)

(15a)

s.t.
(

1 + β2
T
)

tr
(

WWH) ≤ P , (15b)
K
∑

k=1

r̄c,k ≤ R̄c,k, ∀k ∈ [1, K], (15c)

r̄c,k + R̄p,k ≥ Rth
k , ∀k ∈ [1, K], (15d)

θm ∈ T, ∀m ∈ [1, NI], (15e)

where ηk, r̄c,k, and Rth
k are the weight factor, the av-

erage common rate, and the rate threshold for the kth

user, respectively. The above stochastic optimiza-
tion problem is challenging due to the non-convexity
of the objective function, the common rate constraint
(15c), the DPS constraint (15d), and its stochastic
nature. To address this, we propose an SAA-based
algorithm to make the problem more tractable.

3 SAA-based robust algorithm design

Maximizing the stochastic optimization prob-
lem is challenging in the presence of hardware im-
pairments and imperfect CSI, as beamforming design
typically relies on perfect CSI. To overcome this, we
propose an SAA-based algorithm to jointly optimize
the IRS phase shifts and the BS beamforming matrix
by leveraging the statistical properties of the CSI.

3.1 Algorithm design

3.1.1 Problem transformation

We first apply the SAA method to transform the
stochastic optimization problem into a deterministic
one. According to Li HY et al. (2024), the SAA of
the average rate provides a tight approximation of
the average rate as the number of samples increases,
i.e., lim

A→∞
R̂c,k = R̄c,k and lim

A→∞
R̂p,k = R̄p,k, where

the SAA of the average common and private rates

EHeff,k,hBU,k
{Rc,k} = EH̃eff,k,h̃BU,k

{

EHeff,k|H̃eff,k,hBU,k|h̃BU,k

{

Rc,k | H̃eff,k, h̃BU,k

}}

= EH̃eff,k,h̃BU,k

{

R̄c,k

}

,

(13)

EHeff,k,hBU,k
{Rp,k} = EH̃eff,k,h̃BU,k

{

EHeff,k|H̃eff,k,hBU,k|h̃BU,k

{

Rp,k | H̃eff,k, h̃BU,k

}}

= EH̃eff,k,h̃BU,k

{

R̄p,k

}

.

(14)
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can be defined as

R̂c,k = 1
A

A
∑

a=1
Ra

c,k, R̂p,k = 1
A

A
∑

a=1
Ra

p,k, (16)

where Ra
c,k and Ra

p,k denote the common and private
rates in the ath channel realization, respectively. A

denotes the number of independent and identically
distributed (i.i.d.) channel realizations, which is rep-
resented as

Hk =
{

Ha
eff,k = H̃eff,k + ΔHa

eff,k|H̃eff,k,

ha
BU,k = h̃BU,k + Δha

BU,k|h̃BU,k, ∀a ∈ [1, A]
}

,

(17)
where ΔHa

eff,k and Δha
BU,k are the CSI errors in

the ath channel realization that follow the CSCG
distribution.

Therefore, the stochastic optimization problem
(P1) is transformed into a deterministic problem
(P2):

max
W ,ξ,r̄c,k

K
∑

k=1

ηk

(

r̄c,k +
1
A

A
∑

a=1
R̂a

p,k

)

(18a)

s.t. inequality (15b) and condition (15e),
K
∑

k=1

r̄c,k ≤ 1
A

A
∑

a=1
R̂a

c,k, ∀k ∈ [1, K], (18b)

r̄c,k + 1
A

A
∑

a=1
R̂a

p,k ≥ Rth
k , ∀k ∈ [1, K]. (18c)

Despite this transformation, the above opti-
mization problem remains non-convex. To address
this, we apply the WMMSE method to further sim-
plify the problem. The optimization can be itera-
tively solved using the following steps:

Recall the 1-layer RS architecture discussed
in Section 2.2. For the ath channel realiza-
tion, the estimate of the common stream sc,k

with equalizer ga
c,k is ŝa

c,k = ga
c,kya

k . Similarly,
after applying SIC, the estimate of the pri-
vate stream sp,k with equalizer ga

p,k is ŝa
p,k =

ga
p,k

{

ya
k −

[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]}

wcsc.

Therefore, the mean square errors (MSEs) for
the common and private streams at the kth user in
the ath channel realization are given by

εa
c,k =

{

∣

∣ga
c,kya

k − sc
∣

∣

2
}

=
∣

∣ga
c,k

∣

∣

2
da

c,k

− 2Re
{

ga
c,k

[

(

ha
BU,k

)H + ξT (Ha
eff,k

)H
]

wc

}

+ 1,

(19)

εa
p,k =

{

∣

∣ga
p,kya

k − sp,k

∣

∣

2
}

=
∣

∣ga
p,k

∣

∣

2
da

p,k − 2 Re
{

ga
p,k

[

(

ha
BU,k

)H

+ ξT(Ha
eff,k

)H
]

wp,k

}

+ 1.

(20)

The optimal equalizers that minimize the MSEs
are derived using the first-order optimality condition:

ga
c,k =

wH
c

(

ha
BU,k +Ha

eff,kξ
∗
)

da
c,k

, (21)

ga
p,k =

wH
p,k

(

ha
BU,k +Ha

eff,kξ
∗
)

da
p,k

, (22)

and the corresponding minimum MSE values are ob-
tained by

εa
c,k =

(

1 + γa
c,k

)−1
, εa

p,k =
(

1 + γa
p,k

)−1
. (23)

Based on the above relationship between SINR
and MSE, the WMMSE–rate relationship is given by

R̂a
c,k = log2

(

1 + γa
c,k

)

= log2
(

λa
c,k

)− λa
c,kεa

c,k + 1,

(24)
R̂a

p,k = log2
(

1 + γa
p,k

)

= log2
(

λa
p,k

)− λa
p,kεa

p,k + 1,

(25)
where λa

c,k and λa
p,k are the weights for the common

and private rates of the kth user in the ath channel
realization, respectively, defined as

λa
c,k = 1 + γa

c,k, λa
p,k = 1 + γa

p,k. (26)

Thus, the optimization problem (P2) can be
rewritten as problem (P3):

max
W ,ξ,r̄c,k

K
∑

k=1

ηk

(

r̄c,k + 1
A

A
∑

a=1

[

log2
(

λa
p,k

)

−λa
p,kεa

p,k + 1
]

)

(27a)

s.t. inequality (15b) and condition (15e),

1
A

A
∑

a=1

[

log2
(

λa
c,k

)− λa
c,kεa

c,k + 1
]

≥
K
∑

k=1

r̄c,k, ∀k ∈ [1, K], (27b)

r̄c,k +
1
A

A
∑

a=1

[

log2
(

λa
p,k

)− λa
p,kεa

p,k + 1
]

≥ Rth
k , ∀k ∈ [1, K]. (27c)
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Although problem (P3) remains non-convex
due to the coupling of optimization variables
W , r̄c,k, and ξ, the sub-problem corresponding to
one block, while fixing the others, is more tractable.
Specifically, we divide the optimization variables
into two blocks, i.e., {W , r̄c,k} and ξ, to solve it
efficiently.

3.1.2 Beamforming optimization at BS

With a fixed IRS phase shift matrix, the sub-
problem for optimizing the block {W , r̄c,k} is for-
mulated as problem (P4):

max
W ,r̄c,k

K
∑

k=1
ηk

(

r̄c,k − 1
A

A
∑

a=1
λa

p,kεa
p,k

)

s.t. inequalities (15b), (27b), and (27c).
(28)

Applying the equality aH
˜diag

(

bbH)a =
bH
˜diag

(

aaH) b and the decomposition WWH =

wcw
H
c +

K
∑

k=1
wp,kw

H
p,k, the following equations hold:

ξT
(

Ha
eff,k

)H
˜diag

(

WWH)Heff,kξ
∗

= ξT
(

Ha
eff,k

)H
˜diag

(

wcw
H
c +

K
∑

k=1
wp,kw

H
p,k

)

·Heff,kξ
∗

= wH
c
˜diag

(

Ha
eff,kξ

∗ξT
(

Ha
eff,k

)H
)

wc

+
K
∑

k=1
wH

p,k
˜diag

(

Ha
eff,kξ

∗ξT
(

Ha
eff,k

)H
)

wp,k,

(29)

ξT
(

Ha
eff,k

)H
WWHHeff,kξ

∗

= ξT
(

Ha
eff,k

)H
(

wcw
H
c +

K
∑

k=1
wp,kw

H
p,k

)

Heff,kξ

= wH
c H

a
eff,kξ

∗ξT
(

Ha
eff,k

)H
wc

+
K
∑

k=1
wH

p,kH
a
eff,kξ

∗ξT
(

Ha
eff,k

)H
wp,k.

(30)
Therefore, by substituting dp,k into condition

(28), the objective function of the optimization prob-
lem (P4) can be calculated as

K
∑

k=1
ηk

(

r̄c,k − 1
A

A
∑

a=1
λa

p,kεa
p,k

)

=
K
∑

k=1
ηk

(

r̄c,k − 1
A

A
∑

a=1
λa

p,k

(

∣

∣

∣ga
p,k

∣

∣

∣

2
da

p,k

−2Re
{

ga
p,k

(

hH
BU,k + ξTHH

eff,k

)

wp,k

}

+ 1
))

=

(

K
∑

k=1
ηk r̄c,k −

K
∑

k=1
ηk

1
A

A
∑

a=1

)

·
(

K
∑

j=1
wH

p,j

[

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
Ha

eff,kξ
∗ξT

(

Ha
eff,k

)H
]

wp,j

+
K
∑

j=1
wH

p,j

[

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

R,kH
a
eff,kξ

∗ξT
(

Ha
eff,k

)H
]

wp,j

+wH
c

[

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

R,kH
a
eff,kξ

∗ξT
(

Ha
eff,k

)H
]

wc

+wH
c

[

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

T

(

1 + β2
R,k

)

· ˜diag
(

Ha
eff,kξ

∗ξT
(

Ha
eff,k

)H
)]

wc

+
K
∑

j=1
wH

p,j

[

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

T

(

1 + β2
R,k

)

· ˜diag
(

Ha
eff,kξ

∗ξT
(

Ha
eff,k

)H
)]

wp,j

+λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2 (
1 + β2

R,k

)

σ2

−2λa
p,kRe

{

ga
p,kξ

T
(

Ha
eff,k

)H
wp,k

}

+ λa
p,k

)

.

(31)

Define the auxiliary variables Ωw
p,k, Λw

p,k,
(

ψw
p,k

)H
, Ωw,a

p,k , and Λw,a
p,k as

Ωw
p,k = 1

A

A
∑

a=1
Ωw,a

p,k , (32)

Λw
p,k = 1

A

A
∑

a=1
Λw,a

p,k , (33)

(

ψw
p,k

)H
= 1

A

A
∑

a=1
λa

p,kga
p,k

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]

,
(34)

Ωw,a
p,k =

(

1 + β2
R,k

)

λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2 (
ha

BU,k +Ha
eff,kξ

∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]

+λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

T
˜diag
{

(

ha
BU,k +Ha

eff,kξ
∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]}

(

1 + β2
R,k

)

,

(35)
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Λw,a
p,k = λa

p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

R,k

(

ha
BU,k +Ha

eff,kξ
∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]

+ λa
p,k

∣

∣

∣ga
p,k

∣

∣

∣

2
β2

T
˜diag
{

(

ha
BU,k +Ha

eff,kξ
∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]}

(

1 + β2
R,k

)

.

(36)
The objective function of (P4) can be rewritten

as
K
∑

k=1
ηk

(

r̄c,k − 1
A

A
∑

a=1
λa

p,kεa
p,k

)

=
K
∑

k=1
ηk r̄c,k −

K
∑

k=1
ηkw

H
c Λ

w
p,kwc

−
K
∑

k=1
ηk

(

K
∑

j=1
wH

p,jΩ
w
p,kwp,j

)

+2
K
∑

k=1
ηkRe

{

(

ψw
p,k

)H
wp,k

}

− 1
A

A
∑

a=1

[

λa
p,k + λa

p,k

∣

∣

∣ga
p,k

∣

∣

∣

2 (
1 + β2

R,k

)

σ2
k

]

.

(37)
Recall the definition of the average private rate

in Eq. (25), the left side of constraint in inequal-
ity (27c) of (P4) can be rewritten into

−
K
∑

j=1
wH

p,jΩ
w
p,kwp,j −wH

c Λ
w
p,kwc

+ 2Re
{

(

ψw
p,k

)H
wc

}

+ r̄c,k + βw
p,k, (38)

where

βw
p,k = 1

A

A
∑

a=1

[

log2

(

λa
p,k

)

−λa
p,k − λa

p,k

∣

∣

∣ga
p,k

∣

∣

∣

2 (
1 + β2

R,k

)

σ2
k + 1

]

.

(39)
Similarly, recall the definition of the average

common rate in Eq. (24), the auxiliary variable Ωw
c,k

is defined as Ωw
c,k = 1

A

A
∑

a=1
Ωw,a

c,k , and the other vari-

ables βw
c,k,

(

ψw
c,k

)H
, and Ωw,a

c,k are obtained by

βw
c,k = 1

A

A
∑

a=1

[

log2

(

λa
c,k

)

+ 1

−λa
c,k + λa

c,k

∣

∣

∣ga
c,k

∣

∣

∣

2 (
1 + β2

R,k

)

σ2
k

]

,

(40)

(

ψw
c,k

)H
= 1

A

A
∑

a=1
λa

c,kga
c,k

[

(

ha
BU,k

)H

+ξT
(

Ha
eff,k

)H
]

,
(41)

Ωw,a
c,k =

(

1 + β2
R,k

)

λa
c,k

∣

∣

∣ga
c,k

∣

∣

∣

2 (
ha

BU,k +Ha
eff,kξ

∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]

+ λa
c,k

∣

∣

∣ga
c,k

∣

∣

∣

2
β2

T
˜diag
{

(

ha
BU,k +Ha

eff,kξ
∗
)

·
[

(

ha
BU,k

)H
+ ξT

(

Ha
eff,k

)H
]}

(

1 + β2
R,k

)

.

(42)
The left side of constraint (27c) of problem (P4)

can be rewritten into

1
A

A
∑

a=1

[

log2

(

λa
c,k

)

− λa
c,kεa

c,k + 1
]

= −wH
c Ω

w
c,kwc −

K
∑

j=1
wH

p,jΩ
w
c,kwp,j

+2Re
{

(

ψw
c,k

)H
wp,k

}

+ βw
c,k.

(43)

Therefore, the problem (P4) can be simpli-
fied into problem (P4-1) after several mathematical
manipulations:

max
W ,r̄c,k

K
∑

k=1

ηk r̄c,k −
K
∑

k=1

ηkw
H
c Λ

w
p,kwc

−
K
∑

k=1

ηk

⎛

⎝

K
∑

j=1
wH

p,jΩ
w
p,kwp,j

⎞

⎠

+ 2
K
∑

k=1

ηkRe
{

(

ψw
p,k

)H
wp.k

}

(44a)

s.t. wH
c Ω

w
c,kwc +

K
∑

j=1
wH

p,jΩ
w
c,kwp,j

− 2Re
{

(

ψw
c,k

)H
wp,k

}

≤ βw
c,k −

K
∑

k=1

r̄c,k, ∀k ∈ [1, K], (44b)

K
∑

j=1
wH

p,jΩ
w
p,kwp,j +wH

c Λ
w
p,kwc

− 2Re
{

(

ψw
p,k

)H
wc

}

− r̄c,k

≤ βw
p,k − Rth

k , ∀k ∈ [1, K]. (44c)

Since Ωw
p,k, Λw

p,k, Ωw
c,k, and Λw

c,k are positive
definite, problem (P4-1) is convex and can be effi-
ciently solved using standard interior-point methods.

3.1.3 IRS phase shift optimization

Similar to the beamforming optimization at
the BS, with a fixed beamforming at the BS, the
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sub-problem for optimizing the IRS phase shifts can
be formulated as problem (P5):

max
ξ

−
K
∑

k=1

ηkξ
HΩξ

p,kξ + 2
K
∑

k=1

ηkRe
{

ξHψξ
p,k

}

(45a)

s.t. condition (15e),

ξHΩξ
c,kξ − 2Re

{

ξHψξ
c,k

}

≤ βξ
c,k −

K
∑

k=1

r̄c,k, ∀k ∈ [1, K], (45b)

ξHΩξ
p,kξ − 2Re

{

ξHψξ
p,k

}

≤ βξ
p,k − Rth

k + r̄c,k, ∀k ∈ [1, K], (45c)

where the superscript ξ identifies the quantities
related to phase shift optimization, and Ωξ

p,k =
1
A

A
∑

a=1
Ωξ,a

p,k, Ωξ
c,k = 1

A

A
∑

a=1
Ωξ,a

c,k ,

ψξ
p,k = 1

A

A
∑

a=1

[

λa
p,kga

p,k

(

Ha
eff,k

)H
wp,k

− λa
p,k

∣

∣ga
p,k

∣

∣

2
K
∑

j=1

(

Ha
eff,k

)H
wp,jw

H
p,jh

a
BU,k

− λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

R,k

(

Ha
eff,k

)H
WWHha

BU,k

− λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

T
(

1 + β2
R,k

) (

Ha
eff,k

)H

· ˜diag
(

WWH)ha
BU,k

]∗
, (46)

βξ
p,k = 1

A

A
∑

a=1

[

log2λa
p,k − λa

p,k

− λa
p,k

∣

∣ga
p,k

∣

∣

2 (1 + β2
R,k

)

σ2
k + 1

− λa
p,k

∣

∣ga
p,k

∣

∣

2
K
∑

j=1

∣

∣

∣

(

ha
BU,k

)H
wp,j

∣

∣

∣

2

− λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

R,k

(

ha
BU,k

)H
WWHha

BU,k

− λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

T
(

1 + β2
R,k

) (

ha
BU,k

)H

· ˜diag
(

WWH)ha
BU,k

+ 2λa
p,kRe

{

ga
p,k

(

ha
BU,k

)H
wp

}]

, (47)

ψξ
c,k = 1

A

A
∑

a=1

[

λa
c,kga

c,k(Ha
eff,k)Hwc

− λa
c,k

∣

∣ga
c,k

∣

∣

2 (
Ha

eff,k

)H
wcw

H
c h

a
BU,k

− λa
c,k

∣

∣ga
c,k

∣

∣

2
K
∑

j=1

(

Ha
eff,k

)H
wp,jw

H
p,jh

a
BU,k

− λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

R,k

(

Ha
eff,k

)H
WWHha

BU,k

− λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

T
(

1 + β2
R,k

) (

Ha
eff,k

)H

· ˜diag
(

WWH)ha
BU,k

]∗
, (48)

and

βξ
c,k = 1

A

A
∑

a=1

[

log2
(

λa
c,k

)− λa
c,k

− λa
c,k

∣

∣ga
c,k

∣

∣

2 (1 + β2
R,k

)

σ2
k + 1

− λa
c,k

∣

∣ga
c,k

∣

∣

2
K
∑

j=1

∣

∣

(

ha
BU,k

)H
wp,j

∣

∣

2

− λa
c,k

∣

∣ga
c,k

∣

∣

2 ∣
∣

(

ha
BU,k

)H
wc
∣

∣

2

− λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

R,k(ha
BU,k)HWWHha

BU,k

− λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

T
(

1 + β2
R,k

) (

ha
BU,k

)H

· ˜diag
(

WWH)ha
BU,k

+ 2λa
c,kRe

{

ga
c,k

(

ha
BU,k

)H
wc

}]

,

(49)
where

Ωξ,a
p,k =

[

K
∑

j=1
λa

p,k

∣

∣ga
p,k

∣

∣

2 (
Ha

eff,k

)H
wp,jw

H
p,jH

a
eff,k

+ λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

R,k

(

Ha
eff,k

)H
WWHHa

eff,k

+ λa
p,k

∣

∣ga
p,k

∣

∣

2
β2

T(1 + β2
R,k)

(

Ha
eff,k

)H

· ˜diag
(

WWH)Ha
eff,k

]∗
,

(50)

Ωξ,a
c,k =

[

λa
c,k

∣

∣ga
c,k

∣

∣

2 (
Ha

eff,k

)H
wcw

H
c H

a
eff,k

+
K
∑

j=1
λa

c,k

∣

∣ga
c,k

∣

∣

2 (
Ha

eff,k

)H
wp,jw

H
p,jH

a
eff,k

+ λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

R,k

(

Ha
eff,k

)H
WWHHa

eff,k

+ λa
c,k

∣

∣ga
c,k

∣

∣

2
β2

T(1 + β2
R,k)

(

Ha
eff,k

)H

· ˜diag
(

WWH)Ha
eff,k

]∗
. (51)
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While numerous methods exist to optimize IRS
phase shifts under unit-modulus phase-shift con-
straints, the phase shifts may not belong to the DPS
set due to their inherent limitations. To address
this, we introduce 2K + 1 auxiliary variables, de-
noted as {zi}2K+1

i=1 = ξ, transforming the problem
into a quadratically constrained quadratic program
(QCQP) with a single constraint. This reformu-
lation enables efficient computation of the optimal
solution for each auxiliary variable via the ADMM
method, significantly reducing computational com-
plexity (Huang and Sidiropoulos, 2016). The opti-
mization problem is reformulated as problem (P6):

min
ξ,{zi}2K+1

i=1

K
∑

k=1

ηkξ
HΩξ

p,kξ − 2
K
∑

k=1

ηkRe
{

ξHψξ
p,k

}

+ ρ

2K+1
∑

i=1
‖zi − ξ + μi‖2 (52a)

s.t. ∠[z2K+1]m ∈ T, ∀m ∈ [1, NI], (52b)

zH
k Ω

ξ
c,kzk − 2Re

{

zH
k ψ

ξ
c,k

}

≤ βξ
c,k −

K
∑

k=1

r̄c,k, ∀k ∈ [1, K], (52c)

zH
K+kΩ

ξ
p,kzK+k − 2Re

{

zH
K+kψ

ξ
p,k

}

≤ βξ
p,k − Rth

k + r̄c,k, ∀k ∈ [1, K],
(52d)

where ∠[z2K+1]m represents the phase of the mth

element of z2K+1, and μi and ρ represent the dual
variables and penalty factor, respectively. By decom-
posing the problem into three classes of subproblems,
the optimization problem can be solved iteratively.

Quadratic programming (QP) problem: opti-
mizing ξ with fixed {zi}2K+1

i=1 , the corresponding sub-
problem is given by problem (P6-1):

min
ξ

K
∑

k=1

ηkξ
HΩξ

p,kξ − 2
K
∑

k=1

ηkRe
{

ξHψξ
p,k

}

+ ρ
2K+1
∑

i=1
‖zi − ξ + μi‖2,

which can be optimally solved by the first-order op-
timality condition, yielding

ξ =

(

K
∑

k=1

ηkΩ
ξ
p,k + (2K + 1) ρINI

)−1

·
[

K
∑

k=1

ηkψ
ξ
p,k + ρ

2K+1
∑

i=1
(zi + μi)

]

.

(53)

QCQP with one constraint problem: optimizing
{zi}K

i=1 with fixed ξ and {zi}2K+1
i=K+1, the second class

of sub-problem is given by problem (P6-2):

min
{zk}K

k=1

‖zk − ξ + μk‖2 s.t. inequality (52c),

(54)
which can be optimally solved by the Karush–Kuhn–
Tucker (KKT) condition:

zk =
(

η1,kΩ
ξ
c,k + I

)−1

·
(

η1,kψ
ξ
c,k − μk + ξ

)

, ∀k ∈ [1, K],
(55)

where η1,k is the Lagrange multiplier factor deter-
mined by

η1,k = min

{

η1,k ≥ 0 : zH
k Ω

ξ
c,kzk − 2Re

{

zH
k ψ

ξ
c,k

}

≤ βξ
c,k −

K
∑

k=1

r̄c,k

}

,

(56)
which can be optimized efficiently via the bisec-
tion search method. Similarly, when optimizing
{zi}2K

k=K+1 with fixed ξ and {zi}K
i=1, the optimiza-

tion problem is given by problem (P6-3):

min
{zk}2K

k=K+1

‖zK+k − ξ + μK+k‖2

s.t. inequality (52d),
(57)

and can be solved by

zK+k =
(

η2,kΩ
ξ
p,k + I

)−1 (
η2,kψ

ξ
p,k − μK+k + ξ

)

,

∀k ∈ [1, K],
(58)

where the corresponding Lagrange multiplier η2,k is
determined by

η2,k = min
{

η2,k ≥ 0 : zH
K+kΩ

ξ
p,kzK+k

−2Re
{

zH
K+kψ

ξ
p,k

}

≤ βp,k − Rth
k + r̄ξ

c,k

}

.

(59)
QP with discrete constraint: optimizing z2K+1

with fixed ξ and {zi}2K
i=1, the optimization problem

is given by problem (P6-4):

min
{z2K+1}K

k=1

2
NI
∑

m=1
|[ς]m| cos (∠ [ς]m − ∠[z2K+1]m)

s.t. condition (52b),
(60)
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where ς = μ2K+1 − ξ. It is observed that [z2K+1]m
in problem (P6-4) decouples from both the objec-
tive and the constraint. Therefore, the optimization
variables can be updated in parallel, with the opti-
mal solution given by

z2K+1 = ej(arg minϑ∈T{mod (|ϑ−∠ς|,2π)−π}). (61)

Finally, update the dual variables by

μi ← zi − ξ + μi, ∀i ∈ [1, 2K + 1]. (62)

By iteratively solving these three classes of QP
problems, the objective function in condition (45a)
can be guaranteed to be non-decreasing, eventually
converging to stationary solutions that satisfy the
constraint {zi}2K+1

i=1 = ξ as proven in Huang and
Sidiropoulos (2016).

In summary, the proposed SAA-based algorithm
for the robust RSMA multiuser communication sys-
tem is outlined in Algorithm 1, where ε denotes the
optimization accuracy for the phase shifts. Addi-
tionally, initializing the optimization variables with
a feasible solution can improve the convergence speed
of the algorithm and reduce the likelihood of infea-
sible solutions (Peng et al., 2024b). Specifically, the
variables z0

i = ξ0 and μ0 = 0 are initialized to en-
sure feasibility. To ensure the convexity of the objec-
tive function, we set ρ to be the largest eigenvalue of
matrix

∑K
k=1 ηkΩ

ξ
p,k, i.e., ρ = λmax(

∑K
k=1 ηkΩ

ξ
p,k),

following Huang and Sidiropoulos (2016). Addition-
ally, the optimization variable r̄c,k is initialized to
zero, reducing the RSMA problem to an SDMA op-
timization problem, which is efficiently solved using
the SAA method and the algorithm from Tao et al.
(2022), providing feasible solutions W 0 and ξ0 that
satisfy the optimization constraints.

3.2 Algorithm analysis

In this subsection, we analyze the proposed
SAA-based algorithm from the perspectives of con-
vergence behavior and computational complexity.

3.2.1 Convergence behavior

The value of the objective function (15a) is
upper-bounded since the BS transmit power is lim-
ited. Additionally, the optimization variables are de-
coupled by dividing the optimization problem (P2)
into problems (P3), (P4), and (P6). To update
the weights and equalizers, the optimal solutions of

Algorithm 1 Proposed SAA-based robust algo-
rithm
1: Initialize variables W 0, r̄0

c,k, ξ0, μ0
i , z0

i , and ρ, and
set the inner and outer iteration indices tI = 1 and
tO = 1, respectively

2: repeat
3: Calculate the weights {λa

c,k, ∀k, ∀a}tO and
{λa

p,k, ∀k, ∀a}tO by Eq. (26)
4: Calculate the equalizers {ga

c,k, ∀k, ∀a}tO and
{ga

p,k, ∀k, ∀a}tO by Eqs. (21) and (22)
5: Update the beamforming at the BS W tO and r̄tO

c,k

by solving problem (P4-1)
6: repeat
7: Update the phase shift vector ξtI by Eq. (53)
8: Update the auxiliary variables {ztI

i }K
i=1,

{ztI
i }2K

i=K+1, and ztI
2K+1 respectively by Eqs.

(55), (58), and (61)
9: Update the dual variable μtI

i by Eq. (62)
10: Set tI = tI + 1
11: until the constraint violation indicator

maxi∈[1,2K+1]{‖ξ − zi‖F} is smaller than
ε or reaches the maximum number of inner
iterations TI, where ‖ · ‖F denotes the Frobenius
norm

12: Set ξtO = ξtI

13: Set tO = tO + 1
14: until the objective function (18a) converges or

reaches the maximum number of outer iterations TO

λa
c,k, λa

p,k, ga
c,k, and ga

p,k (∀a ∈ [1, A], k ∈ [1, K])
are derived, ensuring that the WMMSE–rate rela-
tionship holds. For updating r̄c,k and the beam-
forming matrix at the BS, the standard interior-
point method is applied, which guarantees the non-
decreasing behavior of the objective function. Simi-
larly, the ADMM algorithm used for optimizing the
phase shifts ensures that the objective function re-
mains non-decreasing. Hence, the proposed algo-
rithm is non-decreasing and upper-bounded, ensur-
ing the convergence of the proposed algorithm.

3.2.2 Computational complexities

The computational complexity for calculating
the weights (λa

c,k and λa
p,k) and equalizers (ga

c,k and
ga

p,k) is dominated by matrix multiplication, yielding
a complexity of O (AKNBNI). Optimizing W and
r̄c,k involves matrix multiplication and solving prob-
lem (P4-1) using the interior-point method, resulting
in complexities of O (AN2

BNI
)

and O (N3.5
B K3.5),

respectively. Similarly, optimizing the IRS phase
shifts requires matrix multiplication with complexity
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O (ANBN2
I
)

, while optimizing ξ and {zi}2K+1
i=1 in-

volves matrix inversion, contributing to a complexity
of O (KN3

I
)

. Additionally, updating the dual vari-
ables η1,k and η2,k via the bisection method intro-
duces a complexity of O (KN3

I log2 l
)

, where l rep-
resents the interval length of the search. Thus, the
overall computational complexity of the proposed al-
gorithm is O(ANBNI (NB + NI + K)+KN3

I log2l +
N3.5

B K3.5).

4 Numerical results

In this section, numerical results are provided to
evaluate the performance of the proposed SAA-based
algorithm for the IRS-aided multiuser RSMA system
under practical imperfections. The BS is deployed at
the origin [0, 0, 0], with the distance from the BS to
the IRS and from the IRS to the users set at 100 m
and 10 m, respectively (Li HY et al., 2023). The
large-scale path loss follows the model C0d−α, where
d is the distance, C0 = −30 dB is the path loss at a 1-
m reference distance, and α is the path loss exponent.
Due to extensive obstacles, the path loss exponents
between the BS and the users, between the BS and
the IRS, and between the IRS and the users are set
as 3.5, 2.2, and 2.2, respectively. Small-scale fading
is modeled using Rician fading with a Rician factor
of 5. All users have equal communication priority,
i.e., ηk = 1, and the number of channel samples is
A = 5000. Furthermore, the hardware distortion
level is set as βT = βR = β = 0.08, with CSI error
variance δk = 0.2 (Wang JT et al., 2023). Unless
otherwise stated, simulation parameters are set as
K = 4, NI = 16, σ2

k = −100 dBm, P = 30 dBm,
NB = 4, TI = TO = 1000, ε = 10−4, and Rth

k = 0.2
bit/(s·Hz) (Pala et al., 2024).

We first evaluate the convergence behavior of
the proposed SAA-based algorithm. As illustrated
in Fig. 2, the algorithm converges within a few it-
erations across varying numbers of users, transmit
power levels, and IRS elements. This swift conver-
gence stems from the closed-form structure of the op-
timization variables, which significantly accelerates
the process.

We then evaluate the ergodic weighted sum-
rate performance of IRS-assisted RSMA and SDMA
systems under practical conditions. As illustrated
in Figs. 3 and 4, both RSMA and SDMA systems
exhibit performance degradation compared to their
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Fig. 2 Convergence behavior of the proposed
SAA-based robust algorithm. SAA: sample average
approximation

respective ideal cases when practical impairments
are present. It is noted that the two subfigures in
Fig. 4 represent different scenarios. Specifically, the
“RSMA with perfect hardware” curve corresponds to
a case with CSI errors but no hardware impairments.
In contrast, the “RSMA with perfect CSI” curve rep-
resents a scenario with hardware impairments but
no CSI errors. The impacts of CSI errors and hard-
ware impairments are different and thus their hori-
zontal levels are different. However, the IRS-assisted
RSMA system consistently outperforms its SDMA
counterpart across all scenarios, including variations
in DPSs (Fig. 3), hardware distortion levels, and
CSI errors (Fig. 4). These results highlight the

(
·

)

b
b

b
b

Fig. 3 Performance comparison between RSMA
and SDMA under different quantization numbers.
RSMA: rate-splitting multiple access; SDMA: space
division multiple access
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Fig. 4 Impacts of hardware distortion level (a) and CSI estimation errors (b). CSI: channel state information;
RSMA: rate-splitting multiple access; SDMA: space division multiple access

robustness of IRS-assisted RSMA, demonstrating its
superior capability to mitigate practical limitations.
NOMA is not included in this work, as prior stud-
ies (Mao et al., 2019, 2022; Li HY et al., 2022) have
extensively demonstrated the superiority of RSMA
over NOMA. Moreover, IRS-assisted SDMA provides
a more competitive baseline for RSMA performance
evaluation, serving as a tighter benchmark compared
to NOMA (Li HY et al., 2024).

The impact of the number of IRS elements
on system performance is analyzed. As shown in
Fig. 5, increasing the number of IRS elements signif-
icantly enhances system performance. Additionally,
the proposed RSMA-based algorithm outperforms
the SDMA-based benchmark scheme, highlighting
the superior robustness of RSMA under practical
imperfections.

To comprehensively evaluate the proposed al-
gorithm, we compare the performance of the pro-
posed algorithm against the following benchmark
algorithms:

1. Perfect hardware: Assume ideal hardware,
i.e., βT = βR = 0, with imperfect CSI, serving as the
upper-bound performance for systems with hardware
impairments.

2. Benchmark HI 1 proposed by Li HY et al.
(2023): Use the proposed phase shift optimization
algorithm while adopting the BS beamforming de-
sign from Li HY et al. (2023), which ignores hard-
ware impairments.
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Fig. 5 Impact of the number of IRS elements on sys-
tem performance. IRS: intelligent reflecting surface;
RSMA: rate-splitting multiple access; SDMA: space
division multiple access

3. Benchmark HI 2 proposed by Tao et al.
(2022): Employ robust beamforming from Tao et al.
(2022) at the BS, with the IRS phase shift optimized
by the proposed algorithm.

4. Perfect CSI: Assumes perfect CSI, i.e., δ2
k =

0, with hardware distortions, representing the upper-
bound performance for systems with CSI errors.

5. Benchmark CSI 1 proposed by Xia et al.
(2024): Use the proposed phase shift optimization
algorithm while adopting the BS beamforming de-
sign from Xia et al. (2024), which ignores CSI error.

6. Benchmark CSI 2 proposed by Tao et al.
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(2022): Employ the robust algorithm from Tao et al.
(2022), with the IRS phase shift optimized by the
proposed method to mitigate hardware distortions.

7. Ideal phase shifts: Assume continuous IRS
phase shifts, serving as the upper-bound perfor-
mance for systems with DPSs.

8. Benchmark DPS 1 adopted by Wang JT et al.
(2023) with b=3: Randomly select DPS from the
discrete phase set with 3-bit quantization proposed
in Wang JT et al. (2023), while the BS beamforming
is optimized by the proposed algorithm.

9. Benchmark DPS 2 proposed by Peng et al.
(2024a) with b=3: Optimize DPS with 3-bit quanti-
zation proposed in Peng et al. (2024a), paired with
the proposed BS beamforming optimization.

Fig. 6 illustrates the impact of hardware distor-
tions on system performance. The results show sig-
nificant performance degradation in Benchmark HI
2. Compared to Benchmark HI 2, the performance
gain of the case with perfect hardware is limited.
This is because the proposed robust IRS design mit-
igates the impact of hardware impairments, bringing
Benchmark HI 2 closer to the ideal scenario with per-
fect hardware. However, the baseline scheme, which
uses the MRT approach, fails to effectively address
multiuser interference. Combined with CSI errors,
this issue leads to significant performance degrada-
tion. The results highlight the critical need to ac-
count for hardware impairments in practical systems
to enhance user quality of service (QoS). Further-
more, the proposed robust algorithm consistently
outperforms the benchmark algorithms, demonstrat-

         

(
·

)

Fig. 6 Performance comparison of different beam-
forming design algorithms under hardware distortions

ing its superior capability to mitigate hardware im-
pairments and improve overall system performance.

Fig. 7 illustrates the impact of CSI estimation
errors on system performance. The results reveal a
performance gap between the proposed robust algo-
rithm and the benchmarks. Specifically, unlike the
algorithm proposed by Tao et al. (2022), which re-
lies on fixed beamforming at the BS, the proposed
robust algorithm is better suited to address CSI un-
certainties in IRS-assisted multiuser RSMA scenar-
ios. Besides, although Benchmark CSI 1 accounts for
the impact of hardware impairments, system perfor-
mance degrades as transmit power increases, since
the power of the distortion noise is influenced by im-
perfect CSI. Moreover, by increasing the hardware
impairment level to βT = βR = β = 0.3, a clear
performance floor is observed in Fig. 7 due to the
presence of imperfections. This underscores the im-
portance of developing robust algorithms that jointly
account for CSI errors and hardware distortions to
improve system performance.

Fig. 8 shows the performance of the system un-
der different DPS design algorithms. It is demon-
strated that the proposed robust algorithm outper-
forms the benchmark algorithms. Moreover, a low-
resolution IRS DPS can achieve satisfactory perfor-
mance in the presence of practical hardware impair-
ments and CSI errors. Thus, the proposed algorithm
offers an effective and computationally efficient so-
lution for optimizing IRS phase shifts while ensur-
ing robust system performance. Unlike numerical
methods such as interior-point algorithms in CVX
(a MATLAB-based modeling system for convex op-
timization), the IRS phase-shift design proposed in
this paper provides closed-form solutions for the op-
timization variables, which accelerates convergence
and reduces the number of iterations needed to find
the optimal solution (Huang and Sidiropoulos, 2016).

5 Conclusions

This study investigates an IRS-assisted mul-
tiuser RSMA system, where practical system im-
perfections, such as hardware impairments, imper-
fect CSI, and discrete IRS phase shifts, are taken
into consideration. To mitigate the performance
degradation caused by these adverse imperfections,
an SAA-based robust algorithm is proposed. By
leveraging the relationship between WMMSE and
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Fig. 7 Performance comparison of different beamforming design algorithms under imperfect CSI with βT =

βR = β = 0.08 (a) and with βT = βR = β = 0.3 (b). CSI: channel state information
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Fig. 8 Performance comparison of different beam-
forming design algorithms under DPSs. DPSs: dis-
crete phase shifts

weighted sum rate, we jointly optimize the IRS phase
shifts and the beamforming matrix at the BS, de-
riving closed-form expressions for the optimization
variables. Simulation results demonstrate that both
IRS-assisted SDMA and RSMA systems experience
significant performance degradation due to imperfec-
tions. However, the RSMA system exhibits superior
robustness. Additionally, the proposed SAA-based
robust algorithm does not rely on fixed beamforming
at the BS, outperforming existing benchmark algo-
rithms. Furthermore, the proposed algorithm effec-
tively addresses the issue of DPSs at the IRS, with
simulation results showing that performance can be

guaranteed using 3-bit quantization in the presence
of imperfect CSI and hardware distortions.
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