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Abstract

This paper proposes a continuous-control deep reinforcement learning (DRL) framework for the joint optimization of power al-
location, hybrid beamforming, and phase-shift configuration in simultaneously transmitting and reflecting reconfigurable intelligent
surface (STAR-RIS)-assisted millimeter-wave non-orthogonal multiple access (mmWave-NOMA) networks. The proposed system
supports heterogeneous services, including enhanced mobile broadband (eMBB) and ultra-reliable low-latency communication
(uRLLC), by maximizing the minimum signal-to-interference-plus-noise ratio (SINR) among users while satisfying quality-of-
service requirements. Practical hardware impairments, including imperfect successive interference cancellation (SIC) and in-
phase and quadrature imbalance (IQI), are explicitly incorporated into the system model to capture residual interference and
transceiver distortions. A continuous-control DRL framework based on Softmax Deep Double Deterministic Policy Gradients
(SD3) is developed to jointly optimize the network resources under these non-ideal conditions. Extensive simulation results
demonstrate that the proposed STAR-RIS-assisted SD3 framework consistently outperforms conventional RIS-based schemes and
benchmark DRL algorithms in terms of achievable sum rate and convergence performance. Furthermore, robustness evaluations
under imperfect channel state information (CSI), varying hardware impairment levels, and different Rician fading conditions show
that the proposed approach maintains superior performance despite channel uncertainty and practical transceiver impairments,
highlighting its effectiveness for next-generation mmWave communication systems.

Index Terms

Network slicing, non-orthogonal multiple access (NOMA), STAR-RIS, hybrid beamforming, deep reinforcement learning
(DRL).

I. INTRODUCTION

A. Background and Motivation

THE evolution toward sixth-generation (6G) wireless networks is driven by the need to simultaneously support hetero-
geneous services with stringent and often conflicting requirements, such as ultra-high data rates, ultra-low latency, high

reliability, and massive connectivity. While 5G has introduced several enabling technologies, it remains limited in addressing
these diverse demands in a scalable and energy-efficient manner. Consequently, 6G research has increasingly focused on the
joint design of intelligent radio environments, advanced multiple access techniques, and flexible network architectures.

Reconfigurable intelligent surfaces (RISs) have emerged as a key enabling technology for beyond-5G and 6G wireless
networks owing to their ability to intelligently manipulate the wireless propagation environment while improving spectral
efficiency, coverage, and energy efficiency [1]. Recent surveys have further highlighted their significant potential in future
communication, sensing, and green Internet-of-Everything applications [2]. However, conventional RIS architectures are limited
to reflection-only operation, meaning that incident signals can only be redirected toward one side of the surface. This half-space
coverage restricts deployment flexibility and limits the ability to simultaneously serve users located on opposite sides of the RIS.
To overcome this limitation, simultaneously transmitting and reflecting RIS (STAR-RIS) has recently been proposed. By jointly
controlling the transmission and reflection coefficients of each RIS element, STAR-RIS enables simultaneous signal transmission
and reflection, thereby providing full-space coverage and significantly improving coverage flexibility, user connectivity, and
resource utilization. These advantages make STAR-RIS particularly attractive for heterogeneous wireless networks, where users
with different quality-of-service requirements may be distributed on both sides of the intelligent surface [3]–[6].

In parallel, the rapid growth of data traffic and spectrum scarcity in 6G networks have propelled millimeter-wave (mmWave)
communications to the forefront due to their abundant bandwidth and ability to support large antenna arrays [7], [8]. When
combined with massive multiple-input multiple-output (MIMO) systems, mmWave technology significantly enhances spectral
efficiency (SE) through high beamforming gains. Hybrid beamforming, which integrates analog and digital processing, is
particularly important in mmWave systems to balance performance and hardware complexity [9], [10]. However, the highly
directional nature of mmWave transmissions leads to challenges in user scheduling, coverage continuity, and efficient resource
utilization, especially in dense and heterogeneous service scenarios.
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To address the inefficiencies of conventional orthogonal multiple access (OMA) schemes—such as time-division and frequency-
division multiple access—that limit one user per resource block, power-domain non-orthogonal multiple access (NOMA) has
been proposed as a key multiple access technique for future networks [11]–[13]. By enabling multiple users to share the same
time–frequency resources and employing successive interference cancellation (SIC) at the receiver, NOMA improves spectral
efficiency while supporting fairness and diverse quality-of-service (QoS) requirements. Importantly, the spatially correlated
channels created by narrow mmWave beams make mmWave systems particularly well-suited for NOMA transmission [14]–
[16]. Nevertheless, the performance of mmWave–NOMA systems critically depends on effective beamforming design, power
allocation, and interference management.

Beyond the physical layer, network slicing has been recognized as a fundamental architectural enabler for 6G, allowing
multiple virtual networks to coexist on a shared physical infrastructure [17]. Each slice can be customized to meet the specific
requirements of different services, such as enhanced mobile broadband (eMBB) and ultra-reliable low-latency communication
(uRLLC) [18], [19]. While eMBB prioritizes high throughput, uRLLC demands stringent latency and reliability guarantees,
leading to inherent tradeoffs in resource allocation [20], [21]. Traditional network slicing approaches rely on orthogonal
resource partitioning, which results in inefficient spectrum utilization. To overcome this limitation, recent studies have explored
physical-layer-aware slicing strategies, including heterogeneous OMA (Het-OMA) and heterogeneous NOMA (Het-NOMA),
where multiple services share the same physical resources [22]–[24]. In particular, Het-NOMA exploits SIC to enable service
coexistence, achieving notable performance gains by leveraging the robustness of uRLLC decoding in the presence of eMBB
interference.

Motivated by these observations, the integration of mmWave communications, advanced RIS architectures, NOMA-based
multiple access, and network slicing emerges as a promising paradigm for addressing the fundamental challenges of 6G
networks. Such a joint design has the potential to simultaneously enhance spectral efficiency, coverage flexibility, and service
differentiation while maintaining energy efficiency and scalability. Meanwhile, the joint optimization of beamforming, RIS
configuration, and resource allocation results in highly coupled and non-convex optimization problems, making conventional
optimization techniques computationally expensive for practical deployment. Recent studies have demonstrated that learning-
based methods provide an effective alternative for adaptive optimization and interference management in RIS-assisted wire-
less networks [25]. Motivated by these advances, this work investigates a STAR-RIS-assisted mmWave-NOMA network for
heterogeneous sliced services and develops a continuous-control deep reinforcement learning framework for joint resource
optimization.

B. Related Work

In [26], a joint optimization problem for STAR-RIS-NOMA systems was investigated, with the goal of maximizing the
achievable sum-rate. This was achieved by iteratively optimizing the decoding order, active beamforming, passive transmission
and reflection beamformings, along with the power allocation coefficients. In [26], this challenging optimization problem was
divided into separate sub-problems, which are solved in an alternating manner. As a result, their proposed approach is not
optimal and does not offer a comprehensive solution.

In [27] the deployment of an RIS to enhance communication between different services and a common base station (BS)
was investigated. It evaluates various radio access network (RAN) slicing strategies, including Het-OMA and Het-NOMA.

The study in [28] addressed STAR-RIS channel models by proposing distinct models for near-field and far-field regions.
Additionally, it derives closed-form expressions for the channel gains experienced by users receiving both transmission and
reflection signals. In [29], the authors explored the fundamental coverage characteristics of STAR-RIS-assisted two-user
communication networks. The study formulated problems aimed at maximizing the sum coverage range for both NOMA
and OMA systems. Furthermore, [30] addressed power consumption minimization in STAR-RIS-assisted unicast and multicast
systems, where both active and passive beamforming were optimized together for various STAR-RIS operating protocols.

In [31], a general optimization framework for rate splitting multiple access (RSMA) in beyond diagonal (BD) RIS-assisted
uRLLC systems was proposed. This framework provides suboptimal solutions for a wide range of optimization problems where
the objectives and constraints are linear functions of user rates and energy efficiency (EE). The study reveals that RSMA and
RIS are particularly beneficial in overloaded systems, where the number of users per cell exceeds the number of base station
(BS) antennas. As previously mentioned, one of the key objectives of 6G is to significantly enhance SE and EE, which are
particularly crucial in uRLLC systems. RIS have emerged as a promising technology to achieve these targets. In [32], a
NOMA-based scheme for a multi-cell multiple-input single-output (MISO) RIS-assisted broadcast channel (BC) was proposed.
The study demonstrated that RIS could substantially increase both the minimum rate and the EE of the network, highlighting
its potential in optimizing network performance. Similarly, [33] showed that RIS could significantly enhance the SE and EE
of a multi-cell multiple-input multiple-output (MIMO) BC, even when the transceivers experience in-phase/quadrature (I/Q)
imbalance. This indicates the robustness of RIS in improving communication system performance under various conditions.

The application of RIS technology to solve the resource allocation problem was explored in [34]. In this study, the resource
allocation challenge is formulated into two separate optimization problems. For the eMBB allocation, the authors jointly
optimize the resource block allocation, power distribution, and the RIS phase shift matrix, proposing a two-stage alternating
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TABLE I: SUMMARY OF PROPOSED METHOD AND RELATED WORKS

Objective Network
Slicing NOMA STAR-RIS Power

Allocation Beamforming max-min
Fairness Solution

Proposed

Designing active and
passive beamforming

matrix, power
allocation, Max-min

SINR

✓ ✓ ✓ ✓ ✓ ✓
DDPG, TD3,

SD3

[26]

Designing active and
passive beamforming

matrix, power
allocation, Maximizing

sum-rate

× ✓ ✓ ✓ ✓ × Iterative
Algorithm

[27]

Enhancing
communication

between different
services

✓ ✓ × × × × –

[29]
Resource allocation,

Maximizing
sum-coverage

× ✓ ✓ × × × Search-based
Algorithm

[30]

Designing active and
passive beamforming,

Minimizing power
consumption

× × ✓ × ✓ × Iterative
Algorithm

[31]

Designing
beamforming,

Maximizing SE and
EE

✓ × × × ✓ × Iterative
Algorithm

[32]
Power allocation,

Maximizing minimum
weighted rate and EE

× ✓ × ✓ × ✓

Improper
Gaussian
Signaling
Algorithm

[34]

Designing passive
beamforming, power
and RB allocation,

Maximizing capacity
and minimizing rate

loss

✓ × × ✓ ✓ × Iterative
Algorithm

[36]

Designing passive
beamforming,

positioning UAV,
Minimizing total

decoding error rate

✓ × × × ✓ × Direct Search
Method

iterative algorithm to maximize the total throughput capacity for eMBB users. On the other hand, for the uRLLC allocation,
the focus shifts to maximizing the uRLLC packet reception rate while minimizing the rate loss of eMBB users, ensuring
high-quality service for both uRLLC and eMBB. A heuristic uRLLC allocation algorithm based on a pre-configured RIS was
introduced to meet these objectives.

The works in [35]–[38] concentrated on single-service applications, either for eMBB or uRLLC. In [35], it was demonstrated
that RIS-assisted MIMO systems could achieve performance comparable to large-scale MIMO systems without RIS, but with
a significant reduction in the number of active antennas and RF chains. [36] focused on UAV-assisted short data uRLLC
scenarios, where the passive beamforming capabilities of RIS, combined with a direct search method, were used to optimize
the UAV’s location and block length in the theoretical model, resulting in a reduction in total decoding BER. In [37], an
authorization-free access scheme was proposed, leveraging RIS to enhance the reliability of uRLLC services. Additionally,
[38] presented a suboptimal iterative algorithm that employs a novel iterative rank minimization method to optimize all system
variables in each iteration, simplifying uRLLC services and yielding substantial performance improvements. Moving beyond
single-service cases, [39] investigated the coexistence of both eMBB and uRLLC services in RIS-assisted cellular networks.

The authors in [40] presented a multi-sector beyond diagonal RIS (BD-RIS) model, offered a detailed channel model that
includes antenna gain and demonstrated that their model can encompass configurations such as STAR-RIS. The paper derives
a scaling law for received power, showing a positive correlation with the number of sectors in a BD-RIS-assisted SU-SISO
system. Additionally, it examines the application of multi-sector BD-RIS in MU-MISO systems to maximize sum-rate under
different amplitude and phase shift settings.

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



C. Contributions

Considering the existing literature, a noticeable research gap exists integrating hybrid beamforming, STAR-RIS phase shift
matrix design, and power allocation within networks that simultaneously accommodate uRLLC and eMBB slices. This paper
addresses this gap by incorporating Het-NOMA into network slicing systems. The aim of this paper is to achieve max-min
fairness using the SINR metric, for which deep reinforcement learning (DRL) are employed specifically the softmax deep
double deterministic policy gradients (SD3) algorithm. Therefore, the main contributions of this paper are:

• A comprehensive examination of hybrid mmWave-NOMA networks, focusing on the coexistence of uRLLC and eMBB
services, considering the practical challenges posed by imperfect SIC and IQI impairments.

• Introduction of STAR-RIS deployment in scenarios with obstructed direct transmission paths, providing full-space coverage
that traditional RIS models cannot achieve, thus enhancing the network’s capability to serve both uRLLC and eMBB slices.

• Design of a general framework for analyzing and maximizing the minimum SINR to ensure max-min fairness in mmWave-
NOMA networks, particularly under the challenging conditions introduced by imperfect SIC and IQI.

• Introduction of DRL-based methods for the joint optimization of power allocation, beamforming design, and STAR-RIS
phase shift configuration, leveraging the SD3 algorithm to achieve the trade-offs between network efficiency and fairness,
effectively.

• Evaluation of the sum-rate performance of user clusters using various DRL methods, demonstrating the superior perfor-
mance of the SD3 algorithm. The study also shows that increasing transmit power improves the sum-rate of clusters, and
it compares the effectiveness of the proposed STAR-RIS system with traditional RIS systems, highlighting the advantages
of the former in enhancing overall network performance, even in the presence of hardware impairments.

Table I summarizes the characteristics of the related works and the proposed network.
The rest of this paper is organized as follows. Section II presents the system model of the proposed mmWave-NOMA

transmission network consisting of two slices and STAR-RIS. In Sections III, the proposed optimization problem and the
solving solution are explained. Numerical results are provided in Section IV, and finally, Section V concludes the paper.

II. SYSTEM DESCRIPTION

This paper investigates the mmWave-NOMA system configuration, comprising a BS equipped with N antennas and serving
K users, each equipped with a single antenna. BS and k-th user are located at the b = [xb, yb, zb] and uk = [xk, yk, zk],
respectively. Due to obstructive elements such as tall buildings, the direct communication link between the BS and users
is assumed to be blocked. In such scenarios, the STAR-RIS, equipped with NSR elements, acts as a relay to enhance
communication between the BS and users, which is located at the r = [xr, yr, zr]. To manage the system effectively, M
(M < N ) radio frequency (RF) chains are deployed at the BS, facilitating the transmission of Ns independent data streams
to the user terminals. To optimize the multiplexing gain, we assume Ns = M , aligning the number of data streams with
the RF chains. Initially, digital beamforming (DBF) precodes the Ns data streams using the baseband matrix D ∈ CM×Ns .
After undergoing RF processing, the signal in the digital domain traverses N phase shifters with a constant modulus for analog
beamforming (ABF), utilizing the beamforming matrix A ∈ CN×M . Consequently, the hybrid beamforming matrix, denoted as
W = AD = [w1,w2, . . . ,wM ], is formed, with each column normalized, i.e., ∥wm∥ = 1, 1 ≤ m ≤M [41]. Furthermore, to
simplify expressions of the phase shift matrix of STAR-RIS, the transmission (p = t) or reflection (p = r) beamforming vector

is denoted as vp =
[√

βp
1e

jθp
1 ,
√

βp
2e

jθp
2 , . . . ,

√
βp
NSR

e
jθp

NSR

]H
, and Θp = diag(vp) represents the corresponding diagonal

beamforming matrix. Moreover, we refer to the set of variables to the transmission and reflection coefficients as [42]:

Rβ,θ ={βt
n, β

r
n, θ

t
n, θ

r
n, |βt

n, β
r
n ∈ [0, 1];βt

n + βr
n = 1; θtn, θ

r
n ∈ [0, 2π]}. (1)

In NOMA transmission, K users are grouped into M clusters, each representing an independent data stream. Within each
cluster, users can employ NOMA and SIC techniques to manage intra-cluster interference, while inter-cluster interference is
addressed through beamforming. With M RF chains supporting a maximum of M data streams, ensuring at least one user
in each cluster is essential to prevent underutilizing RF resources. In the proposed network, the BS supports two groups of
users requiring uRLLC and eMBB services. The system operates in a downlink (DL) mode, with the BS transmitting to the
users. The overall system diagram is depicted in Fig. 1. To ensure low-latency services, each time slot, with a duration ∆, is
partitioned into S mini-slots, each lasting δ. This division aids in managing latency sensitive services efficiently. For eMBB
traffic, a single time-slot is sufficient. Conversely, for a uRLLC device a single mini-slot is used to leverage frequency diversity
and meet reliability criteria [23]. Given the stringent latency requirements, each uRLLC packet must be decoded within a
mini-slot’s duration and cannot span multiple mini-slots [43].

The Het-NOMA slicing of the radio resources for eMBB and uRLLC users is illustrated in Fig. 1, where the RBs can be
shared between the two services. In summary, each NOMA group consists of one eMBB user and one uRLLC user. The design
of hybrid beamforming, phase shift matrix, and power allocation are achieved through DRL algorithms.
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Fig. 1: System model enabling coexisting eMBB and uRLLC services with STAR-RIS assistance in 5G/B5G networks

A. Channel Model

1) Perfect CSI Model: The channel between the BS and STAR-RIS, G ∈ CNSR×N , is assumed to be LoS and can be
expressed as [44]:

G =

√
ρ0

∥b− r∥2
Ḡ, (2)

where ρ0 is the path loss at the reference distance of one meter. ∥.∥2 represents the Euclidean norm operation. Ḡ shows the
deterministic LoS component and defined as:

Ḡ = [1, e−j 2πd
λ cosϕ, · · · , e−j 2πd

λ (NSR−1) cosϕ]T , (3)

where cosϕ = xb−xr

∥b−r∥ is the cosine of the angle of arrival (AoA) from the BS to the STAR-RIS. Since mmWave channels
generally exhibit a dominant line-of-sight component together with several scattered paths, Rician fading has been widely
adopted for RIS-assisted wireless systems to accurately characterize channel propagation [45]. Also, the channel between the
STAR-RIS and users, hi ∈ CNSR×1, can be displayed as:

hk =

√
ρ0

∥r− uk∥α

(√
β

1 + β
h̄k +

√
1

1 + β
ĥk

)
, (4)

where α represents the path loss exponent of the RIS to user link, β denotes the Rician factor. The deterministic LoS component
is represented by h̄k and defined similarly to (3), while ĥk characterizes the random Rayleigh distributed non-LoS (NLoS)
component. With the channel models, the effective power gain between the BS and k-th user assisted by the STAR-RIS,
Hk ∈ C1×N , is given by

Hk =
∣∣hH

k ΘGwm

∣∣2 , k ∈ {uRLLC, eMBB}, (5)

where (.)H is the Hermitian.

B. Imperfect CSI Model

In practical STAR-RIS-assisted mmWave systems, acquiring perfect CSI is challenging due to the large number of reflect-
ing/transmitting elements and the cascaded channel structure. Therefore, the impact of channel estimation errors is considered
by modeling the actual channel as

hi = ĥi +∆hi, (6)

where ĥi denotes the estimated channel and ∆hi represents the channel estimation error. The estimation error is assumed to
follow a circularly symmetric complex Gaussian distribution as ∆hi ∼ CN (0, σ2

eI), where σ2
e controls the CSI uncertainty

level. Similarly, the estimated BS–STAR-RIS channel and STAR-RIS–user channels respectively can be represented as
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G = Ĝ+∆G, (7)

and

hk = ĥk +∆hk, (8)

These channel estimation errors introduce a mismatch between the actual propagation environment and the available CSI,
which affects the accuracy of the obtained beamforming and STAR-RIS transmission coefficients.

C. Signal Model

1) Perfect system: In a NOMA transmission scenario, the BS simultaneously transmits signals to K users by superimposing
their individual symbols into a single transmitted signal x. This signal is formulated as:

x =

K∑
k=1

√
ckPxk, k ∈ {uRLLC, eMBB} (9)

where ck represents the power allocation factor for the k-th user, xk is the symbol intended for the k-th user, and P denotes
the total transmission power of the BS. The symbols are normalized such that E[|xk|2] = 1, and the power allocation factors
sum to unity, i.e.,

∑K
k=1 ck = 1.

The users are arranged in ascending order based on their channel gains, such that the first user has the weakest channel
and the last user has the strongest channel. Accordingly, higher power coefficients are allocated to users with weaker channel
conditions, while users with stronger channels are assigned lower power. This ordering is essential for the SIC process. During
SIC, the k-th user first decodes and cancels the signals intended for users 1 through k − 1(i.e., users with weaker channels
and higher power allocation), and then decodes its own signal. The signals of users k + 1 through K are treated as residual
interference. Assuming perfect SIC at the k-th user, the received signal (yk) for this user can be expressed as:

yk =hH
k ΘGwm

√
ckPxk︸ ︷︷ ︸

Desired signal term

+hH
k ΘGwm

K∑
l=k+1

√
clPxl︸ ︷︷ ︸

User-interference term

+nk, (10)

where nk denotes the complex additive white Gaussian noise (AWGN) sample with zero mean and variance σ2
k at the k-th

user, nk ∼ CN (0, σ2
k).

2) Imperfect system: In this scenario, it is assumed that the strong user cannot perfectly reconstruct and cancel the decoded
signals during the SIC process. Consequently, a fraction of the interference associated with the previously decoded users
remains after cancellation. This residual interference is modeled through an imperfect SIC coefficient, which captures the
effects of channel estimation errors, hardware impairments, and practical receiver limitations.

In this setup, the transmit signal x remains as defined in (9), where the BS transmits a superimposed signal composed of
the individual symbols for all K users, i.e.,

x̂ = x, (11)

After performing SIC, the decoded users’ signals cannot be completely removed from the received signal. Therefore, a
residual interference term proportional to the imperfect SIC coefficient remains, while the signals of users that are not decoded
continue to act as ordinary multi-user interference. Accordingly, the received signal at user k under imperfect SIC can be
expressed as:

ŷk =hH
k ΘGwm

√
ckPxk︸ ︷︷ ︸

Desired signal term

+ξ hH
k ΘGwm

k−1∑
l=1

√
clPxl︸ ︷︷ ︸

Residual SIC

+hH
k ΘGwm

K∑
l=k+1

√
clPxl︸ ︷︷ ︸

User-interference term

nk, (12)

where 0 ≤ ξ ≤ 1 denotes the imperfect SIC coefficient. The value ξ = 0 corresponds to perfect SIC, while larger values
indicate stronger residual interference due to incomplete cancellation of the previously decoded users’ signals.
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3) IQI impairment: In practical communication systems, hardware imperfections may arise from components such as the
phase shifter, local oscillator (LO), and IQ mixer, resulting in amplitude and phase mismatches between the in-phase (I) and
quadrature (Q) branches. These impairments, commonly referred to as in-phase and quadrature imbalance (IQI), distort both
the transmitted and received signals, thereby degrading the overall system performance. Specifically, phase imbalance causes
the phase difference between the I and Q components to deviate from the ideal 90-degree, while amplitude imbalance results
from unequal gains of the I and Q branches. Both impairments introduce an image signal that cannot be completely eliminated,
leading to performance degradation.

To model the transmitter IQI, the equivalent time-domain baseband signal, x̄, is expressed as

x̄ =µtx+ ν∗t x
∗ = µt

K∑
k=1

√
ckPxk + ν∗t

K∑
k=1

√
ckPx∗

k, (13)

where x∗ denotes the complex conjugate of the transmitted signal, while µt and νt represent the transmitter IQI coefficients.
Following [46], these coefficients are given by

µt ≜
1 + gte

jϕt

2
, (14)

νt ≜
1− gte

−jϕt

2
, (15)

where gt and ϕt denote the transmitter amplitude and phase mismatches, respectively.
The IQI-impaired transmitted signal propagates through the STAR-RIS-assisted channel before being affected by the receiver

IQI. Accordingly, the received baseband signal prior to receiver IQI is expressed as

yk = hH
k ΘGwmx̄+ nk = hH

k ΘGwm

(
µt

K∑
l=1

√
clPxl + ν∗t

K∑
l=1

√
clPx∗

l

)
+ nk (16)

Applying the receiver IQI yields

ȳk = µryk + νry
∗
k

= µr

(
hH
k ΘGwm

(
µt

K∑
l=1

√
clPxl + ν∗t

K∑
l=1

√
clPx∗

k

)
+ nk

)
︸ ︷︷ ︸

Direct signal component

+ νr

(
hH
k ΘGwm

(
µt

K∑
l=1

√
clPxl + ν∗t

K∑
l=1

√
clPx∗

l

)
+ nk

)∗
︸ ︷︷ ︸

Image interference component

,

(17)

where y∗ denotes the mirror signal introduced by the IQI. The coefficients µr and νr denote the receiver IQI coefficients, and
(·)∗ represents the complex conjugate operation. The receiver IQI coefficients are defined as

µr ≜
1 + gre

jϕr

2
, (18)

νr ≜
1− gre

−jϕr

2
, (19)

where gr and ϕr are the receiver amplitude and phase mismatches, respectively, with gr ∼ N (0, σ2
gr ) and ϕr ∼ N (0, σ2

ϕr
).

Finally, the image rejection ratios (IRRs) at the transmitter and receiver are respectively defined as

IRRT ≜
|νt|2

|µt|2
, (20)

IRRR ≜
|νr|2

|µr|2
. (21)

D. Signal to Interference and Noise Ratio (SINR)

In this subsection, we derive the signal-to-interference-plus-noise ratio (SINR) expressions for the proposed STAR-RIS-
assisted mmWave Het-NOMA network under different operating conditions. Without loss of generality, we consider a single
NOMA cluster consisting of one eMBB user and one uRLLC user to facilitate the analytical derivation, while in the simulations
3 NOMA clusters were investigated. The derived SINR expressions can be readily extended to multiple NOMA clusters by
applying the same analysis independently to each cluster.
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1) Perfect system: As previously discussed, the BS implements Het-NOMA to serve both uRLLC and eMBB users. In
Het-NOMA, SIC is utilized at the receiver, enabling the strong user to mitigate interference from weaker users. uRLLC traffic
can occur at any mini-slot within a time slot t and requires immediate processing. Each uRLLC traffic must be completed
within a mini-slot to meet its latency and reliability requirements. Consequently, the uRLLC user treats the eMBB signal as
noise and focuses on decoding its own signal. Therefore, the SINR for the uRLLC user at mini-slot s of time-slot t can be
expressed as:

γs,t
u =

∣∣hH
u ΘGwm

∣∣2 cuP
σ2 + |hH

u ΘGwm|2 ceP
, (22)

where cu and ce represent the power gains from the BS to the uRLLC and eMBB users, respectively. σ2 denotes the noise power.
Although the proposed framework optimizes the physical-layer performance through the max-min SINR criterion, packet-level
metrics such as packet error rate and latency are not explicitly modeled. In practical uRLLC systems, the achievable rate under
finite blocklength transmission can be approximated as

R ≈ log2(1 + γ)−
√

V

n
Q−1(ϵ), (23)

where n is the blocklength, V denotes the channel dispersion, and ϵ is the target packet error probability. This relationship
indicates that improving the received SINR directly enhances the achievable reliability under finite-blocklength communications.

The eMBB user initially decodes the signal of the uRLLC user and applies the SIC technique to remove it. Hence, the SINR
of the eMBB user at time-slot t (γt

e) can be obtained as:

γt
e =

∣∣hH
e ΘGwm

∣∣2 ceP
σ2

. (24)

2) Imperfect system: This section considers the case with imperfect SIC. Despite the imperfections, the SINR for the uRLLC
user (γ̂s,t

u ) remains the same as in the case of perfect SIC, and is calculated as:

γ̂s,t
u = γs,t

u . (25)

For the eMBB user, however, the SINR at time slot t (γ̂t
e) is affected by the imperfect SIC process. It is defined as:

γ̂t
e =

∣∣hH
e ΘGwm

∣∣2 ceP
σ2 + ξ |hH

e ΘGwm|2 cuP
. (26)

In this equation, the SINR of the eMBB user is influenced by the residual interference from the uRLLC user due to imperfect
SIC. The term ξ represents the level of imperfection in the SIC process, meaning that some interference from the uRLLC
user remains and affects the eMBB user’s signal. The numerator reflects the desired signal strength for the eMBB user, while
the denominator accounts for both the noise and the residual interference from the uRLLC user. This model acknowledges
that in practical scenarios, perfect cancellation of interference is rarely achieved, and the residual interference can impact the
performance of eMBB users.

3) IQI impairment: Here, IQI impairment is taken into account. The SINR expression shows how the user’s signal strength
is affected by IQI, leading to potential interference from other users and noise. Therefore, the SINR for the uRLLC user,
considering IQI impairment at mini-slot s of time-slot t (γ̄s,t

u ), is given by:

γ̄s,t
u =

(|Au|2 + |Bu|2)cuP
(|Au|2 + |Bu|2)ceP + (|µr|2 + |νr|2)σ2

n

, (27)

where cu and ce are the NOMA power allocation coefficients for the uRLLC and eMBB users, respectively. The terms
Au = µrµth

H
u ΘGwm + νrνtw

H
mGHΘHhu and Bu = µrν

∗
t h

H
u ΘGwm + νrµ

∗
tw

H
mGHΘHhu represent the desired and

image components of the IQI-distorted effective channel, respectively.
Similarly, after decoding and removing the uRLLC signal through SIC, the eMBB user experiences only the IQI-induced

distortion and receiver noise. Therefore, assuming perfect SIC, the SINR of the eMBB user at time-slot t, denoted by γ̄t
e, is

expressed as

γ̄t
e =

(|Ae|2 + |Be|2)ceP
(|µr|2 + |νr|2)σ2

n

. (28)

where Ae = µrµth
H
e ΘGwm + νrνtw

H
mGHΘHhe and Be = µrν

∗
t h

H
e ΘGwm + νrµ

∗
tw

H
mGHΘHhe.

The above expressions show that IQI affects the communication performance by generating an image interference component,
which changes the effective channel gain and increases the received distortion. Consequently, both uRLLC and eMBB users
experience SINR degradation due to the transmitter and receiver IQ imbalance.
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III. PROPOSED RESOURCE ALLOCATION

In this paper, we present a general framework to analyze the max-min fairness, using performance index based on SINR. In
particular, the aim of the paper is on a hybrid mmWave-NOMA network, where the joint design of phase shift matrix at the
STAR-RIS, hybrid beamforming at the BS, and power allocation are considered. We assume that the BS has perfect CSI of
all users. Users initiate connection requests to the BS, and based on the requests, the BS forms NOMA clusters and designs
hybrid beamforming, phase shift matrix, and power allocation for each cluster. This is done by solving the defined optimization
problem outlined in the following.

A. Problem Formulation

Our goal is to enhance users’ communication performance in a fair manner. To achieve this, we address the max-min fairness
problem, aiming to maximize the minimum SINR among all users. This objective is achieved by jointly optimizing the hybrid
beamforming and phase shift design and power allocation. This approach ensures that each user receives a satisfactory level
of SINR, promoting fairness in the system while efficiently utilizing the available resources. The optimization problem can be
formulated as:

max
cu,ce,W,Θ

γt,min
i , (29)

subject to:
S1 : γm,t

k > γth,

S2 :

K∑
k=1

ck = 1,

S3 : βt
n + βr

n = 1; βt
n, β

r
n ∈ [0, 1],

S4 : θtn, θ
r
n ∈ [0, 2π],

S5 : ∥wm∥2F = 1, ∀m,

S6 : |A| = 1√
N

.

Constraint S1 demonstrates that the SINR of eMBB and uRLLC users must be higher than threshold values (γth) to satisfy
the minimum QoS requirements. The sum of transmission power gains of NOMA clusters must be one according to constraint
S2. Constraints S3 and S4 represent the constraints of transmission and reflection of the STAR-RIS. Finally, constraints S5

and S6 are the restriction of the power for the hybrid beamforming matrix and the restriction of constant modulus in the analog
domain, respectively.

B. Proposed Solution

In this context, we propose a solution for determining the beamforming matrix at the BS, the phase shift matrix at the
STAR-RIS, and power allocation, as outlined in (29). Due to the non-convex nature of the objective functions, conventional
convex optimization based approaches become ineffective. Thus, we advocate the use of DRL algorithms, with the following
parameters:
Agent: The BS acts as the agent in the DRL framework.
State: The state vector is composed of the latest received SINR feedback of the users, which is expressed as

st = [γu(t), γe(t)]. (30)

Since the optimization objective aims at maximizing the minimum user SINR, these values provide direct information about
the instantaneous quality of service experienced by each user. To improve numerical stability during training, the SINR values
are normalized as

γnorm =
γ − γmin

γmax − γmin
, (31)

where γmax and γmin denote the maximum and minimum SINR values observed during training, respectively. This compact
state design reduces the dimensionality of the learning space while maintaining effective performance feedback for the control
decision process.
Action: The continuous action vector, denoted as at, corresponds to the set of available beamforming, STAR-RIS phase shift
matrices, and transmission powers, which is defined as

at = [cu, ce,W,Θ]. (32)
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where the power allocation coefficients satisfy 0 ≤ cu, ce ≤ 1, cu + ce = 1, the beamforming matrix satisfies ∥W∥2F ≤ 1, and
the STAR-RIS phase shifts are constrained as βt

n, β
r
n ∈ [0, 1], βt

n + βr
n = 1 and θtn, θ

r
n ∈ (0, 2π].

Reward: The direction of the agent’s movement is dictated by the reward function, formulated based on the objective of
the DRL method. Considering (29), the aim of the optimization problem is to maximize the minimum SINR among all users
while satisfying the QoS for each slice [47]. Therefore, the reward function (rt) can be formulated as follows:

rt = γt,min
i − |γm,t

k − γth| − |
K∑

k=1

ck − 1| − |βt
n + βr

n − 1| − | ∥wm∥2F − 1| − | |A| − 1√
N
|. (33)

The following presents the details of the proposed solution.

C. Softmax Deep Double Deterministic Policy Gradients (SD3) Algorithm

The SD3 algorithm is a model-free reinforcement learning framework designed for continuous control problems. It follows
an actor–critic paradigm, where the objective is to learn an optimal deterministic policy π(s) that maximizes the expected
long-term discounted reward. In SD3, the policy and action-value functions are approximated by deep neural networks, referred
to as the actor and critic, respectively [48].

Let st ∈ S and at ∈ A denote the system state and continuous action at time slot t. The critic network estimates the
action-value function

Qπ(st, at) = E

[ ∞∑
k=0

γkrt+k

∣∣∣∣ st, at
]
, (34)

where rt is the immediate reward and γ ∈ (0, 1) is the discount factor. The actor network outputs a deterministic action
at = πθ(st), parameterized by θ, which aims to maximize the critic’s evaluation.

To mitigate overestimation bias commonly observed in standard DDPG, SD3 employs a double critic architecture consisting
of two independent Q-functions, Q1(s, a) and Q2(s, a). The target Q-value is computed using a clipped double Q-learning
strategy combined with a Boltzmann softmax operator. Specifically, the target value for critic update is given by

yt = rt + γ Tsoft

(
min
i=1,2

Q′
i(st+1, a

′
t+1)

)
, (35)

where Q′
i(·) denotes the target critic networks and a′t+1 = πθ′(st+1) is the action generated by the target actor network.

The Boltzmann softmax operator Tsoft(·) is defined as

Tsoft(Q) =
∑
j

exp(βQj)∑
k exp(βQk)

Qj , (36)

where β is the temperature parameter controlling the smoothness of the softmax approximation. This operator provides a
smooth estimate of the maximum Q-value, improving stability and robustness against noisy value estimates.

The critic networks are trained by minimizing the mean squared temporal-difference (TD) error

L(ϕi) = E(st,at,rt,st+1)∼D

[
(Qi(st, at;ϕi)− yt)

2
]
, (37)

where ϕi represents the parameters of the i-th critic network and D denotes the replay buffer.
The actor network is updated using the deterministic policy gradient, expressed as

∇θJ(θ) = Est∼D

[
∇aQ1(st, a)

∣∣
a=πθ(st)

∇θπθ(st)
]
, (38)

which encourages the actor to select actions that maximize the estimated Q-value.
To stabilize training, SD3 maintains target networks for both actor and critic, which are updated using a soft update mechanism

θ′ ← τθ + (1− τ)θ′, ϕ′
i ← τϕi + (1− τ)ϕ′

i, (39)

where τ ≪ 1 controls the update rate.
Furthermore, SD3 employs an experience replay mechanism, where past transitions (st, at, rt, st+1) are stored and randomly

sampled to decorrelate training data and improve sample efficiency. The complete actor–critic interaction and training procedure
are illustrated in Fig. (2), while the step-by-step implementation of the SD3 algorithm is summarized in Algorithm (1).
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Fig. 2: Block diagram of actor-critic reinforcement learning

Algorithm 1 Pseudo-code of the SD3 Algorithm

1: Initialize two critic networks Q1(s, a; θ1), Q2(s, a; θ2)
2: Initialize two actor networks π1(s;ϕ1), π2(s;ϕ2)
3: Initialize target networks: θ′i ← θi, ϕ′

i ← ϕi, ∀i ∈ {1, 2}
4: Initialize replay buffer D
5: for t = 1, . . . , T do
6: Observe current state st
7: Select action: at = πk(st;ϕk) + ϵ, ϵ ∼ N (0, σ) where k ∈ {1, 2} is chosen uniformly
8: Execute at, observe reward rt, next state st+1, and done flag dt
9: Store transition (st, at, rt, st+1, dt) in D

10: Sample a mini-batch of N transitions from D
11: for i = 1, 2 do
12: Sample K target action noises ϵk ∼ N (0, σ̄)

13: Generate perturbed target actions: a(k)t+1 = π′
i(st+1;ϕ

′
i) + clip(ϵk,−c, c)

14: Compute clipped double Q-values: Q̂(k) = minj=1,2Q′
j(st+1, a

(k)
t+1; θ

′
j)

15: Compute softmax Bellman target: Tsoft =
∑K

k=1 exp(βQ̂(k))Q̂(k)∑K
k=1 exp(βQ̂(k))

16: Compute TD target: yt = rt + γ(1− dt)Tsoft
17: Update critic by minimizing Bellman loss: L(θi) = 1

N

∑
(Qi(st, at; θi)− yt)

2

18: Update actor using deterministic policy gradient: ∇ϕi
J = 1

N

∑
∇aQi(s, a; θi)

∣∣
a=πi(s)

∇ϕi
πi(s;ϕi)

19: end for
20: Update target networks (soft update): θ′i ← τθi + (1− τ)θ′i, ϕ′

i ← τϕi + (1− τ)ϕ′
i

21: end for

D. Complexity Analysis

The computational complexity of the proposed DRL-based optimization framework depends on the dimensions of the state
and action spaces, as well as the complexity of the learning algorithm. For the considered STAR-RIS-assisted system, the
computational complexity of continuous-control DRL algorithms, including DDPG, TD3, and SD3, is approximately expressed
as O(2K2N2M), where K, N , and M denote the number of users, STAR-RIS elements, and BS antennas, respectively.
For comparison, an exhaustive search-based optimization approach requires searching all possible combinations of power
allocation, beamforming, and STAR-RIS transmission/reflection coefficients. Therefore, its computational complexity is given by
O(2KN2MLPLWLβLθ), where LP , LW , Lβ , and Lθ represent the quantization levels of the transmit power, BS beamforming
coefficients, STAR-RIS amplitude coefficients, and phase shifts, respectively. Due to the exponential growth of the search space,
exhaustive search becomes impractical for large-scale STAR-RIS deployments.

The computational complexity orders of different optimization approaches are summarized in Table I. Although SD3
introduces additional computational operations compared with DDPG and TD3 due to the utilization of multiple critics and
softmax-based critic aggregation, it still provides a significantly lower complexity compared with exhaustive search while
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achieving improved optimization performance.

TABLE I: COMPLEXITY ANALYSIS

Algorithm Complexity order

DDPG 2.1 × 106

TD3 3.2 × 106

SD3 3.9 × 106

Exhaustive Search 2.3 × 1010

Furthermore, the scalability of the proposed framework is affected by the dimension of the continuous action space. The
STAR-RIS phase-shift coefficients introduce an action dimension proportional to the number of controllable RIS elements. In
addition, the beamforming variables scale with the number of BS RF chains and served users. Therefore, the action dimension
approximately grows as O(N +MNRF), where NRF denotes the number of RF chains. Increasing the number of STAR-RIS
elements provides additional degrees of freedom for improving system performance; however, it also enlarges the exploration
space and increases the training complexity of DRL algorithms.

To further evaluate the practical computational cost, the empirical training time, number of environment interactions,
and performance variance are measured under identical simulation settings. Each DRL algorithm is trained using multiple
independent random seeds, and the average results are reported in Table II. Although SD3 requires higher training time than
DDPG and TD3 due to its additional critic networks, it achieves more stable convergence and higher optimization performance,
providing a favorable trade-off between computational cost and system performance.

TABLE II: EMPIRICAL TRAINING COMPLEXITY OF DRL ALGORITHMS

Algorithm Training Time (min) Environment Interactions Std. Dev.

DDPG 42.5 8 × 105 1.8
TD3 58.7 8 × 105 2.4
SD3 71.3 8 × 105 2.1

Finally, practical deployment of STAR-RIS-assisted systems introduces several implementation challenges. In particular,
large-scale STAR-RIS architectures require efficient control signaling mechanisms between the BS and the RIS controller to
update the transmission and reflection coefficients. Moreover, accurate CSI acquisition for the cascaded BS–STAR-RIS–user
channels remains challenging due to the large number of RIS elements and associated training overhead. Therefore, practical
implementations require low-overhead channel estimation techniques and efficient RIS control protocols to enable real-time
optimization.

IV. PERFORMANCE EVALUATION

In this section, we evaluate the performance of our proposed algorithms for beamforming design at the BS, phase shift
matrix design at the STAR-RIS, and power allocation. The values of the parameters used in the simulation are listed in Table
III.

A. Performance of Different DRL Methods

Here, we delve into the analysis of the sum-rate performance across different scenarios as illustrated in Figs. 3a, 3b, and
3c. These figures provide insights into how the sum-rate of clusters—representing the total data transmission rate across all
users within each cluster—varies depending on the DRL methods used, the presence of different system impairments, and the
impact of varying transmit power. In Fig. 3a, we explore the sum-rate performance under the assumption of perfect SIC, where
higher-priority signals are perfectly decoded, and interference is completely removed for subsequent signals. We compare the
performance of three DRL algorithms: Deep Deterministic Policy Gradient (DDPG), Twin Delayed DDPG (TD3), and SD3.
The results clearly show that the SD3 algorithm outperforms both DDPG and TD3 across different levels of transmit power.
This superior performance is attributed to SD3’s ability to more effectively optimize the beamforming at the BS, the phase
shifts of the STAR-RIS, and the transmission power, leading to a maximized sum-rate. In Fig. 3b, we introduce the challenge
of imperfect SIC, where the cancellation of interference from other users’ signals is not flawless. Here, the imperfect SIC
coefficient is set to 0.2 (ξ = 0.2), which means that a portion of the interference remains even after the SIC process. Despite
this complication, the SD3 algorithm again demonstrates its robustness by achieving a higher sum-rate compared to TD3 and
DDPG. The degradation in performance due to imperfect SIC is noticeable, yet SD3 maintains a lead by effectively managing
the residual interference and optimizing the system’s resources. Fig. 3c addresses the scenario where the system is affected by
IQI impairment, a common hardware imperfection that leads to phase and amplitude mismatches. IQI can severely degrade the
system’s performance by introducing signal distortions. Despite these challenges, SD3 continues to deliver superior sum-rate
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TABLE III: SIMULATION PARAMETERS

Parameter Value

Carrier frequency 28 GHz
Bandwidth 100 MHz
Time-slot duration 1 ms
Mini-slot duration 0.125 ms
Max transmission power 30, 40 dBm
Number of BS transmit antennas 16
Number of RF chains 3
Number of data streams 3
Number of RBs 9
Number of clusters 3
Number of UEs 6
Number of STAR-RIS elements 4, 16, 32
Noise power -174 dBm/Hz
Minimum SINR 2

DRL Training Hyperparameters

Actor network architecture FC(512)-FC(256)-FC(128)-FC(action dim)
Critic network architecture FC(512)-FC(256)-FC(128)-FC(1)
Activation function ReLU (hidden layers), tanh (output layer)
Replay buffer size 1× 106 transitions
Mini-batch size 256
Discount factor (γ) 0.99
Target update rate (τ ) 0.005
Optimizer Adam
Actor learning rate 1× 10−4

Critic learning rate 3× 10−4

DDPG exploration noise N (0, 0.22)
TD3 policy noise 0.2
TD3 noise clipping [−0.5, 0.5]
TD3 delayed policy update Every 2 critic updates
SD3 exploration strategy Softmax-weighted double critics with adaptive noise
SD3 noise decay σt = 0.3e−t/50000

Warm-up steps 10,000
Training episodes 4000
Steps per episode 200
Total environment interactions 8× 105

Gradient clipping Maximum norm = 1

performance compared to the other algorithms. The results indicate that SD3 is better equipped to mitigate the adverse effects
of IQI, ensuring that the system can still achieve a high level of data transmission efficiency.

Therefore, across all scenarios—whether with perfect SIC, imperfect SIC, or IQI—SD3 consistently outperforms TD3 and
DDPG. This suggests that SD3 is more effective in handling complex optimization problems involving the joint tuning of
beamforming, phase shifts, and power allocation. Also, increasing the maximum transmit power positively impacts the SINR
of users, leading to an improved sum-rate. This correlation highlights the importance of power control in maximizing network
performance, particularly in systems with sophisticated resource allocation strategies like those enabled by SD3.

B. Impact of CSI uncertainty

Figs. 4a, 4b, and 4c illustrate the impact of imperfect CSI on the achievable sum rate under three different scenarios:
the ideal system without hardware impairments, the system with imperfect SIC, and the system with IQI. In each case, the
performance is evaluated for different transmit power levels and CSI accuracy conditions. It can be observed that imperfect CSI
causes a noticeable degradation in the sum-rate performance compared with the perfect CSI case. This degradation is caused
by the mismatch between the actual channel state and the estimated channel information used for optimizing the STAR-RIS
coefficients and beamforming vectors. As the CSI uncertainty increases, the probability of selecting suboptimal transmission
parameters increases, resulting in a reduction of the achievable sum rate. Furthermore, the impact of CSI errors becomes
more pronounced in the presence of additional system impairments. In the imperfect SIC scenario, channel uncertainty further
increases the residual interference after SIC decoding, which leads to a larger performance loss. Similarly, under IQI, imperfect
CSI aggravates the distortion caused by the image signal component, resulting in additional degradation of the achievable sum
rate.
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(a) (b) (c)

Fig. 3: Performance comparison of different DRL methods for NSR = 16, ξ = 0.2, gt = gr = 0.8, and ϕt = ϕr = 5◦, a) Perfect system, b) Imperfect
system, c) IQI impairment

(a) (b) (c)

Fig. 4: Impact of CSI uncertainty for NSR = 16, ξ = 0.2, gt = gr = 0.8, and ϕt = ϕr = 5◦, a) Perfect system, b) Imperfect system, c) IQI impairment

(a) (b) (c)

Fig. 5: The achievable sum-rate versus the number of STAR-RIS elements with ξ = 0.2, gt = gr = 0.8, ϕt = ϕr = 5◦, and SD3 algorithm, a) Perfect
system, b) Imperfect system, c) IQI impairment

C. Impact of the Number of STAR-RIS Elements

Figs. 5a, 5b, and 5c, illustrate the performance of our proposed STAR-RIS system compared to a traditional RIS-assisted
setup utilizing SD3 algorithm. The key metric under consideration is the achievable sum-rate, which represents the total data
rate at which all users whithin a network. The figures show how this sum-rate varies with the number of RIS elements (NSR)
under different conditions: perfect SIC, imperfect SIC, and IQI impairments. In Fig. 5a, we assume that SIC is performed
perfectly, meaning that the interference from stronger users’ signals is completely removed for subsequent users. The figure
shows that as the number of RIS elements (NSR) increases, the achievable sum-rate improves for both the STAR-RIS and
traditional RIS systems. This improvement is expected because more RIS elements enhance the ability to manipulate and
direct the signal, leading to better signal strength and coverage. However, the STAR-RIS system consistently outperforms
the traditional RIS setup. The conventional system uses separate RISs for transmission and reflection, which limits its ability
to optimize signal paths fully. In contrast, the STAR-RIS system can dynamically adjust both transmission and reflection
at the same location, leading to a more effective utilization of available resources and a higher sum-rate. In Fig. 5b, we
introduce the challenge of imperfect SIC, where interference cancellation is not flawless, leaving some residual interference
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(a) (b) (c)

Fig. 6: Sensitivity analysis of hardware impairments: a) imperfect SIC coefficient, b) IQI amplitude mismatch, and c) IQI phase mismatch.

in the system. Despite this complication, the overall trend remains similar: an increase in the number of RIS elements (NSR)
leads to a higher sum-rate for both systems. However, the performance gap between STAR-RIS and traditional RIS systems
becomes more pronounced under imperfect SIC. This is because the STAR-RIS system’s ability to simultaneously manage
both transmission and reflection allows it to better mitigate the effects of residual interference, thereby preserving a higher
sum-rate compared to the traditional setup, which is constrained by its separate RISs. In Fig. 5c, the scenario considers the
presence of IQI impairment, a common hardware imperfection that causes mismatches in phase and amplitude. IQI typically
degrades system performance by introducing signal distortions. Even under these challenging conditions, increasing NSR still
leads to an improved sum-rate for both systems, but again, the STAR-RIS system significantly outperforms the traditional RIS
setup. This superior performance is due to the STAR-RIS’s enhanced flexibility in managing signal distortions caused by IQI,
optimizing the signal paths more effectively than a traditional RIS system, which has limited control over the transmission and
reflection process. Therefore, Fig. 5 highlights the benefits of STAR-RIS over traditional RIS systems, showcasing its ability to
achieve higher sum-rates through better resource optimization and increased robustness against common system impairments.

D. Impact of Hardware Impairments

To further evaluate the robustness of the proposed STAR-RIS-assisted framework, this subsection investigates the impact
of practical hardware impairments on the system performance. Specifically, three representative impairment parameters are
analyzed independently: the imperfect SIC coefficient, the IQI amplitude mismatch, and the IQI phase mismatch. In all
experiments, the proposed SD3-based optimization is considered, and the performance of the STAR-RIS is compared with that
of a conventional RIS. Fig. 6a illustrates the impact of the imperfect SIC coefficient ξ, where the IQI parameters are fixed
at gt = gr = 0.8 and ϕt = ϕr = 5◦. A larger value of ξ indicates stronger residual interference after SIC. As expected,
the achievable sum rate decreases as ξ increases because the residual interference degrades the decoding performance of the
NOMA users. Nevertheless, the proposed STAR-RIS consistently outperforms the conventional RIS over the entire range of SIC
impairment levels. Fig. 6b presents the effect of the IQI amplitude mismatch by varying the transmitter and receiver amplitude
mismatch factors while fixing the phase mismatch at ϕt = ϕr = 5◦. As the amplitude mismatch becomes more severe, the
image interference introduced by IQI increases, leading to SINR degradation and a corresponding reduction in the achievable
sum rate. Despite this performance degradation, the proposed STAR-RIS maintains a clear advantage over the conventional RIS
under all considered amplitude mismatch levels. Finally, Fig. 6c shows the influence of the IQI phase mismatch by varying the
transmitter and receiver phase imbalance while fixing the amplitude mismatch at gt = gr = 0.8. Increasing the phase mismatch
strengthens the mirror-image interference generated by the I/Q branches, resulting in additional signal distortion and reduced
system throughput. Although the sum rate decreases with increasing phase imbalance, the proposed STAR-RIS consistently
achieves higher performance than the conventional RIS, demonstrating its improved robustness to IQI impairments.

Overall, these results confirm that both imperfect SIC and IQI degrade the achievable sum rate. However, the proposed
STAR-RIS-assisted SD3 framework exhibits greater resilience to practical hardware impairments and consistently provides
superior performance compared with the conventional RIS.

E. Impact of Channel Propagation Conditions

Fig. 7 illustrates the impact of the Rician factor on the achievable sum rate, where the SD3 algorithm is employed for
resource optimization. As the Rician factor increases, the dominant LoS component becomes stronger, while the contribution
of the scattered NLoS component decreases. Consequently, the effective BS STAR-RIS user channel becomes more reliable,
resulting in higher received SINR and improved sum-rate performance for both the proposed STAR-RIS and the conventional
RIS schemes. Furthermore, the proposed STAR-RIS consistently outperforms the conventional RIS across the entire range
of Rician factors, demonstrating its ability to more effectively exploit favorable propagation conditions through simultaneous
transmission and reflection.
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(a) (b) (c)

Fig. 7: Impact of the Rician factor: a) Perfect system, b) Imperfect system, c) IQI impairment.

Fig. 8: Performance Comparison of different scenarios with NSR = 16, ξ = 0.2, gt = gr = 0.8, ϕt = ϕr = 5◦ and SD3 algorithm

F. Performance Comparison of Different Effects

In the analysis of different scenarios affecting system performance, it is evident from Fig. 8 that perfect SIC outperforms
both IQI and imperfect SIC. Perfect SIC represents an ideal scenario where all interference from stronger signals is completely
removed before decoding weaker signals. This scenario allows the system to operate under optimal conditions, resulting in the
highest achievable sum-rate or data transmission efficiency. The absence of residual interference in perfect SIC ensures that
each user receives their intended signal without any significant distortion, leading to superior system performance.

On the other hand, when comparing IQI and imperfect SIC, the system performance under IQI conditions proves to be better
than that under imperfect SIC. Although IQI introduces hardware-induced distortions due to phase and amplitude imbalances,
these distortions have a less severe impact on the system compared to the residual interference left by imperfect SIC. The
interference caused by imperfect SIC can be more unpredictable and damaging, leading to a greater reduction in overall
system performance. Therefore, while it is important to address hardware imperfections like IQI, the findings suggest that
improving SIC processes to minimize residual interference should be a key focus in system design to achieve closer-to-optimal
performance levels.

G. Convergence Analysis

The convergence analysis of DRL algorithms for the proposed problem is illustrated in Fig. 9. Among the evaluated
algorithms, DDPG exhibited the fastest convergence, stabilizing at an optimal solution more quickly than both TD3 and
SD3. Convergence, in this context, refers to the algorithm’s ability to reach a stable or optimal policy during training. A
faster convergence means that the algorithm identifies this optimal solution more quickly. While DDPG converged faster, SD3
showed slower convergence but ultimately demonstrated better performance than both DDPG and TD3. Despite taking longer to
stabilize, SD3’s final results surpass the others, indicating a trade-off between speed and long-term performance. This suggests
that while DDPG might be preferable when quick training is crucial, SD3 offers superior performance with extended training.
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Fig. 9: Convergence of DRL methods.

V. CONCLUSION

In this paper, we investigated the enhancement of hybrid mmWave-NOMA networks through the integration of STAR-RIS
and DRL. A joint optimization framework was developed to optimize power allocation, hybrid beamforming, and STAR-RIS
phase-shift design with the objective of maximizing the minimum SINR among users. Simulation results demonstrated that the
proposed SD3-based optimization consistently outperformed DDPG and TD3 in terms of convergence behavior and achievable
cluster sum rate. Moreover, STAR-RIS achieved significantly higher performance than conventional RIS, particularly at higher
transmit power levels, highlighting the benefit of simultaneous transmission and reflection. The robustness of the proposed
framework was further evaluated under several practical impairments. The impact of imperfect CSI showed that channel
estimation errors degrade the achievable sum rate due to the mismatch between the estimated and actual channels. In addition,
a comprehensive sensitivity analysis was conducted for hardware impairments, including the imperfect SIC coefficient, IQI
amplitude mismatch, and IQI phase mismatch. The results demonstrated that increasing the residual SIC interference or the
severity of IQ imbalance reduces the system performance; however, the proposed SD3-based STAR-RIS framework consistently
maintained superior performance and exhibited greater robustness than the benchmark schemes. Furthermore, the impact of the
Rician factor was investigated, showing that stronger LoS propagation improves the achievable sum rate for both STAR-RIS
and conventional RIS, while STAR-RIS consistently preserves a clear performance advantage across different propagation
environments.

Overall, the obtained results demonstrate that the proposed STAR-RIS-assisted SD3 optimization framework provides an
effective and robust solution for practical mmWave-NOMA systems operating under realistic channel conditions and hardware
impairments, offering valuable insights for the design of future beyond-5G and 6G wireless networks.
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