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Design Optimization of NOMA Aided Multi-STAR-RIS for Indoor Environments:
A Convex Approximation Imitated Reinforcement Learning Approach

Yu Min Park, Member, IEEE , Sheikh Salman Hassan, Member, IEEE , Yan Kyaw Tun, Member, IEEE ,
Eui-Nam Huh, Member, IEEE , Walid Saad, Fellow, IEEE , and Choong Seon Hong, Fellow, IEEE

Abstract—Non-orthogonal multiple access (NOMA) enables multiple users to share the same frequency band, and simultaneously
transmitting and reflecting reconfigurable intelligent surface (STAR-RIS) provides 360-degree full-space coverage, optimizing both
transmission and reflection for improved network performance and dynamic control of the indoor environment. However, deploying
STAR-RIS indoors presents challenges in interference mitigation, power consumption, and real-time configuration. In this work, a novel
network architecture utilizing multiple access points (APs), STAR-RISs, and NOMA is proposed for indoor communication. To address
these, we formulate an optimization problem involving user assignment, access point (AP) beamforming, and STAR-RIS phase control.
A decomposition approach is used to solve the complex problem efficiently, employing a many-to-one matching algorithm for user-AP
assignment and K-means clustering for resource management. Additionally, multi-agent deep reinforcement learning (MADRL) is
leveraged to optimize the control of the STAR-RIS. Within the proposed MADRL framework, a novel approach is introduced in which
each decision variable acts as an independent agent, enabling collaborative learning and decision making. The MADRL framework is
enhanced by incorporating convex approximation (CA), which accelerates policy learning through suboptimal solutions from
successive convex approximation (SCA), leading to faster adaptation and convergence. Simulations demonstrate significant
improvements in network utility compared to baseline approaches.

Index Terms—STAR-RIS, non-orthogonal multiple access, indoor environment, imitated learning, convex approximation, proximal
policy optimization, and deep reinforcement learning.

✦

1 INTRODUCTION

R ECONFIGURABLE Intelligent Surfaces (RISs) emerged
as a promising technology in wireless communica-

tion systems [1]. RISs, also known as intelligent reflecting
surfaces (IRSs) or metasurfaces, consist of numerous sub-
wavelength-sized elements that can dynamically manipu-
late the electromagnetic waves impinging upon them. These
surfaces enable the control and optimization of wireless
channels by adaptively modifying the phase, amplitude,
and polarization of the incident waves [2]. In recent years,
RISs have garnered significant attention from the research
community due to their potential to enhance the perfor-
mance of wireless networks in terms of coverage, capacity,
and energy efficiency. By intelligently manipulating the
propagation environment, RISs can mitigate path loss (both
mmWave [3] and THz [4]), eliminate interference, and im-
prove the signal-to-noise ratio. A RIS-aided hybrid wireless
network comprising both active and passive components
will be highly promising to achieve sustainable capacity
growth cost-effectively in the future [5]. Different elements
of a RIS can independently reflect the incident signal by
controlling its amplitude and/or phase and thereby col-
laboratively achieve fine-grained 3D passive beamforming
for directional signal enhancement or nulling [6]. A RIS-
assisted MEC-enabled UAV system in the context of 6G
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THz communication networks is analyzed to optimize UAV
computation power, RIS phase shifting, and THz sub-band
allocation to minimize network latency [7]. RISs offer excit-
ing possibilities for wireless networks but require significant
research advancements. However, the use of a conventional
RIS provides only reflection functionality, restricting its
ability to manipulate signal propagation in more complex
scenarios. It heavily relies on a line-of-sight (LoS) path
between the transmitter and receiver, making it less effective
in non-LoS scenarios. If a reflected signal does not reach
the target, energy is wasted. Finally, a conventional RIS is
typically not able to adapt to complex environments (e.g.,
indoor obstacles, multi-path propagation, and multi-user
scenarios). Due to these limitations, a conventional RIS is
mainly suited for outdoor environments and is less effective
in indoor applications [8].

As shown in Fig. 1, simultaneously transmitting and
reflecting (STAR)-RISs is a novel concept that has been
investigated in the literature [9]. The incident wireless signal
is divided into transmitted and reflected signals passing
into both sides of the space surrounding the surface, thus
facilitating a full-space manipulation of signal propagation
[10]. STAR-RIS addresses these limitations of a conventional
RIS by enabling simultaneous transmission and reflection,
significantly enhancing its ability to adapt to complex prop-
agation environments. This dual functionality allows STAR-
RIS to improve signal coverage, optimize resource utiliza-
tion, and perform effectively in both indoor and outdoor
environments. By overcoming the limitations of a conven-
tional RIS, STAR-RIS is emerging as a more versatile and
powerful technology for next-generation communication
systems [11]. By intelligently manipulating the phase and
amplitude of both the reflected and transmitted signals,
STAR-RISs can achieve improved coverage, increased spec-
tral efficiency, and enhanced communication reliability [12],
[13]. However, STAR-RIS alone is limited in scenarios with
multiple users due to its inability to handle resource allo-
cation effectively. Non-orthogonal multiple access (NOMA)
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is applied to STAR-RIS-assisted communications to address
this limitation by allowing multiple users to share the same
spectrum simultaneously, significantly increasing spectral
efficiency and reducing interference.

This research investigates the application of multi-STAR-
RIS technology with NOMA in indoor environments with
multiple users. Additionally, we propose a novel and com-
putationally efficient solution mechanism for network man-
agement in this complex scenario. This mechanism lever-
ages a novel approach where imitated learned input de-
cision variables are used for each agent. Multiple deep
reinforcement learning (MDRL) agents are then employed,
each responsible for optimizing a specific decision variable
based on its corresponding constraints. MDRL is particu-
larly motivated by the complex interplay between STAR-RIS
and NOMA, where dynamic and adaptive optimization is
required to manage multiple users and decision variables
simultaneously, ensuring efficient resource allocation and
system performance. Our key contributions include:

• We propose a novel network architecture for indoor
environment wireless communication where multi-
ple access points provide services to multiple users
with the aid of multiple STAR-RIS.

• Drawing upon the proposed system architecture,
we devise an optimization problem to address the
user assignment, AP active beamforming, as well as
amplitude and phase shift control of STAR-RISs.

• To address the problem mentioned above, we treat
each decision variable as an individual agent within
the framework of DRL, as the constraints associated
with each variable differ and do not yield optimal
rewards for each respective agent.

• Additionally, we present a novel solution ap-
proach that incorporates learned (sub-optimal) val-
ues, which are imitated with the help of the convex
approximation (CA) as referred to by the agent. This
approach allows for swift learning of the environ-
ment’s dynamics owing to the advantageous initial-
ization of these variables.

• Our simulation results were compared with conven-
tional reinforcement learning methods, numerical
optimization, and metaheuristic techniques. In the
same learning conditions and test case, the network
utility performs 15% higher than the baselines.

This paper is organized as follows. Section 2 provides a
comprehensive review of relevant prior research. Section 3
introduces the system model and the formulated optimiza-
tion problem. Section 4 details the proposed solution algo-
rithm. The simulation setup and results are presented in
Section 5. Finally, Section 6 concludes the paper by sum-
marizing our key findings and outlining potential future
directions.

2 RELATED WORKS

Few studies have addressed the joint management of phase
shifts of reflection and transmission, resource allocation,
and transmission techniques in indoor STAR-RIS network
environments. The work [14] introduces an overarching
optimization framework to address recent advancements
in Star-RIS technology. This framework offers remarkable
adaptability and demonstrably achieves optimal perfor-
mance across various application contexts. Moreover, in
[15], Authors formulate a problem that maximizes the sum

Input

signal

Reflected

signal

Transmitted

signal

Element for transmission

Element for reflection

Fig. 1: STAR-RISs architecture.

rate by jointly optimizing the trajectory, active beamforming
of the UAV, and passive transmission/reflection beamform-
ing of the STAR-RIS. The work in [16] investigates the appli-
cation of STAR-RIS in over-the-air computation (AirComp)
systems. To overcome the limitations of traditional RISs and
improve computation accuracy across a wider area, a joint
beamforming design is proposed that optimizes transmit
power, reflection/transmission at the STAR-RIS, and recep-
tion at the fusion center. Authors in [17] studied NOMA
communication systems aided by STAR-RIS. It proposes
a joint optimization approach for maximizing user data
rates, considering beamforming strategies at both the base
station and the STAR-RIS. The work in [18] addresses the
limitations of prior RIS research by proposing a coopera-
tive system combining double RIS and STAR-RIS technolo-
gies for enhanced coverage and performance in a massive
MIMO setup under fading conditions. It introduces effi-
cient channel estimation and low-complexity optimization
for maximizing spectral efficiency. Moreover, the work in
[19] explores covert communication using a multi-antenna
transmitter, a friendly jammer receiver, and a STAR-RIS. It
proposes an optimization approach to maximize covert data
rates while ensuring covertness and user quality of service.

NOMA is a promising technique for next-generation net-
works, allowing multiple users to share the same band
simultaneously through power level differentiation [20].
Downlink NOMA with successive interference cancellation
(SIC) offers improved capacity and cell-edge user perfor-
mance in both frequency-selective and non-selective fading
channels [21]. The work [22] explores NOMA in conjunction
with STAR-RISs. Authors investigate a coupled transmis-
sion and reflection phase-shift model for passive STAR-
RISs, enabling power consumption minimization for both
NOMA and Orthogonal Multiple Access where the joint
optimization of amplitude and phase-shift coefficients for
transmission and reflection is performed under user rate
constraints. Research work in [23] explores suboptimal algo-
rithms for maximizing the achievable sum rate in STAR-RIS-
NOMA systems, including decoding order, power alloca-
tion, and beamforming optimization. Furthermore, studies
demonstrate the performance benefits of STAR-RIS-NOMA
compared to traditional systems, particularly in Rician fad-
ing channels [24]. Spectral efficiency improvements are ex-
plored through the application of Index Modulation (IM)
in STAR-RIS-NOMA systems [25]. This approach allows for
additional information transmission by assigning subsur-
faces to users based on a predefined pattern. Finally, the
analysis extends to short-packet communications (SPC) with
NOMA and STAR-RISs, investigating the impact on com-
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mon block length minimization under Rician fading and
energy splitting protocols in scenarios with both continuous
and discrete phase shifts [26].

DRL is gaining traction for its ability to optimize network
performance through learning from interactions within dy-
namic network environments [27]–[29]. The work in [30]
explores DRL for optimizing communication systems aided
by STAR-RISs, which formulates a power-minimizing prob-
lem for a multi-user MISO system with coupled phase-shift
constraints, proposing the hybrid deep deterministic policy
gradient (DDPG) algorithm and the joint DDPG & deep-
Q network (DDPG-DQN) algorithms to address it. Another
study introduces MADRL-based JTORA for joint task of-
floading and resource allocation in NOMA-assisted MEC
systems with STAR-RIS, aiming to improve communication
quality under mode-switching protocols [31]. Furthermore,
DRL is being explored to mitigate challenges in robot com-
munications. One approach utilizes Federated DRL (F-DRL)
to address signal blockage and trajectory design for robots
operating in dynamic environments, combining NOMA
with RIS for improved connectivity [32]. Additionally, the
research explores DRL with MAPPO for optimizing RIS
deployment in satellite-based communication systems to
overcome long-distance signal attenuation [33].

We highlight the challenges and unexplored research av-
enues about STAR-RISs. In particular, attention is drawn
to critical areas requiring attention, including power allo-
cation, interference management, and practical implemen-
tation considerations. Furthermore, the existing literature
lacks a comprehensive exploration of the potential of multi-
STAR-RIS-assisted networking for indoor communication.
Prior research studies have not collectively addressed the
optimization of network utility in indoor environments en-
compassing multiple simultaneous users and multi-STAR-
RISs. Outdoor communication typically occurs over larger,
more open spaces where signals can propagate over longer
distances with fewer obstructions. The primary challenges
in outdoor environments include managing large-scale fad-
ing, mitigating weather effects, and maintaining connectiv-
ity for mobile users, such as vehicles or drones [34], [35]. In
contrast, indoor communication is heavily influenced by the
presence of dense obstructions such as walls, furniture, and
partitions. These barriers result in severe signal attenuation
and multi-path effects, making it challenging to establish
reliable communication links, particularly in non-line-of-
sight (NLoS) scenarios. The use of a multi-STAR-RIS is
particularly valuable in such settings as it enables simul-
taneous transmission and reflection, facilitating inter-room
communication and providing full-space coverage, even
in complex indoor layouts. Furthermore, the optimization
goals in indoor and outdoor environments differ. Indoor
scenarios prioritize fine-grained signal control to maximize
spectral efficiency and reliability in high-density user areas
with significant obstacles.

By addressing these distinctions in propagation environ-
ments, challenges, and objectives, the paper highlights the
unique advantages and potential of multi-STAR-RIS tech-
nology in optimizing indoor communication systems. In
addition, previous studies have typically fed raw environ-
mental data directly into the agent, which requires extensive
computational time to achieve threshold convergence or the
desired level of optimality. In contrast, we propose a novel
approach where imitated learned input values are provided
to the DRL agents, which enables swift convergence within
the intricate network environment.

Transmitted link

Reflected link

Inter Interference

Direct link

MU 1

MU 2

MU 4

AP 1

AP 2

STAR-RIS 1 STAR-RIS 3

MU 3

Intra Interference

Fig. 2: NOMA aided Multi-STAR-RIS indoor networks.

3 SYSTEM MODEL

3.1 Network Model

As illustrated in Fig. 2, we consider a downlink communi-
cation with multi-STAR-RIS aided NOMA in indoor envi-
ronments, which consists of a set B of B access points (APs)
with Nb antenna, a set L of L STAR-RISs and a set U of U
user equipments (UEs) with a single-antenna. In this work,
we assume that APs operate on different frequency bands.
As a result, there is no inter-cell interference between APs.
We also consider STAR-RISs with M = MhMv elements,
where Mh and Mv denote the number of elements along
the vertical and the horizontal, respectively. The locations
of AP b ∈ B, center of STAR-RIS l ∈ L and UE u ∈ U are
pb = [xb, yb, hb]

T , pl = [xl, yl, hl]
T and pu = [xu, yu]

T .
We assume that the environment under consideration

consists of several rooms, and some of the walls of the rooms
are composed of START-RIS. Downlink communication be-
tween APs and UEs in different rooms is possible through
walls composed of STAR-RISs. In this paper, we assume
that perfect channel state information (CSI) is available at
the AP to investigate the performance gain of STAR Multi-
RIS. The STAR-RIS adopts an energy splitting (ES) protocol,
where each element can operate simultaneous transmission
and reflection modes. For given transmission and reflection
amplitude coefficients, the signals incident upon each ele-
ment are split into transmitted and reflected signals having
different energy. When a single STAR-RIS is connected to
multiple APs operating over orthogonal frequency bands, it
does not operate only on a single frequency, but all frequen-
cies of the connected APs are also affected. In other words,
the amplitude and phase shift coefficients of the STAR-RIS
are dynamically optimized to enhance signal strength and
quality for each AP, independently.

3.2 Communication Model & Link Analysis

As shown in Fig. 2, in our system model, the reflection
and transmission surfaces of STAR-RIS are considered dif-
ferently depending on the location of the APs. Thus, we
assume that clockwise surfaces are forward side and other-
wise backward side. Therefore, the forward and backward
side passive beamforming vectors of STAR-RIS l are given
by:

ΦF
l = diag

{√
βF
l1
ejθ

F
l1 ,
√
βF
l2
ejθ

F
l2 , ...,

√
βF
lM
ejθ

F
lM

}
, (1)
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ΦB
l = diag

{√
βB
l1
ejθ

B
l1 ,
√
βB
l2
ejθ

B
l2 , ...,

√
βB
lM
ejθ

B
lM

}
, (2)

where βF
lm

and βB
lm

are amplitudes of the forward and
backward sides for STAR-RIS l’s element m. θFlm and θBlm are
phase shift coefficients of the forward and backward sides
for STAR-RIS l’s element m. The channel gain hb,u from AP
b to UE u can be formulated as:

hb,u =

√
κ

κ+ 1
hLoS
b,u +

√
1

κ+ 1
hNLoS
b,u , (3)

where κ is the Rician factor, hLoS
b,u ∈ CNb×1 and hNLoS

b,u ∈
CNb×1 are LoS and NLoS channel gains between AP b and
UE u, where CNb×1 denotes a complex matrix of size Nb×1.
Similarly, we can define the channel gain gb,l from AP b to
the STAR-RIS l and the channel gain gl,u from STAR-RIS l
to UE u as follows:

gb,l =

√
κ

κ+ 1
gLoS
b,l +

√
1

κ+ 1
gNLoS
b,l , (4)

gl,u =

√
κ

κ+ 1
gLoS
l,u +

√
1

κ+ 1
gNLoS
l,u , (5)

where gLoS
b,l ∈ CNb×M and gNLoS

b,l ∈ CNb×M are LoS and
NLoS channel gains from AP b to STAR-RIS l, and gLoS

l,u ∈
CM×1 and gNLoS

l,u ∈ CM×1 are LoS and NLoS channel gains
from STAR-RIS l to UE u. Hence, the combined channel gain
from AP b to UE u is given by

ĥb,u =


hb,u +

∑
l∈L

{
cbl (c

lF
u gb,lΦ

F
l gl,u + clBu gb,lΦ

B
l gl,u)

}
if cbu = 1,∑

l∈L

{
cbl (c

lF
u gb,lΦ

F
l gl,u + clBu gb,lΦ

B
l gl,u)

}
if cbu = 0,

(6)
where cbu, c

b
l , c

lF
u , c

lB
u ∈ {0, 1} are adjacency indicators. In

particular, cbl indicates whether AP b and STAR-RIS l are
located in the same room. and cbu indicates whether AP b
and UE u are located in the same room. clFu and clBu indicate
whether UE u is in the same room as the forward side lF or
backward side lB of STAR-RIS l.

In NOMA networks, intra-cluster and inter-cluster inter-
ference can be considered, where intra-cluster interference
occurs between UEs grouped in the same cluster of each AP,
and inter-cluster interference occurs between UEs grouped
in different clusters of each AP. Thus, we first introduce the
user association indicator as αb,u ∈ {0, 1}, where αb,u = 1
if UE u is associated with AP b, and 0 otherwise. Then,
the UEs associated with AP b ∈ B are further clustered
into Kb groups. Therefore, we define γbk,u ∈ {0, 1} as a
user pairing factor, where γbk,u = 1 if UE u is involved
in the cluster k of AP b, otherwise γbk,u = 0. Moreover,
let ωb = {wb,1, wb,2, ..., wb,Kb

} be the active beamforming
vector of AP b. Therefore, the received signal of UE u
associated with AP b in cluster k can be given by

ybk,u = ĥb,u

[
ωb,k

αb,uγ
b
k,upbs

b
k,u +

U∑
u′ ̸=u

αb,u′γbk,u′pbs
b
k,u′


+

Kb∑
k′ ̸=k

U∑
u′

αb,u′γbk′,u′ωb,k′pbs
b
k′,u′

]
+N0, (7)

where pb is power allocation coefficient of each UE asso-
ciated with AP b. We assume that UEs connected to the
same AP use power equally. Therefore, the power allocation
coefficient for AP b satisfies pb = 1/

∑U αb,u. sbk,u denotes

the signal transmitted by AP b for UE u in cluster k, and N0

is the additive white Gaussian noise (AWGN) with variance
σ2. Without loss of generality, for any cluster k ∈ Kb, δb,k(u)
denotes the UE index that corresponds to UE u decoded
order in the SIC procedure. For cluster k, after applying
the SIC decoding procedure [36], the intra-cluster and inter-
cluster powers of UE u associated with AP b on cluster k
can be given by:

Ib,intra
k,u = |ĥb,uωb,k|2

U∑
δb,k(u′)>δb,k(u)

αb,u′γbk,u′pb, (8)

Ib,inter
k,u =

Kb∑
k′ ̸=k

U∑
u′

αb,u′γbk′,u′ |ĥb,uωb,k′ |2, (9)

Accordingly, the received signal-to-interference-plus-noise
ratio (SINR) of UE u associated with AP b in cluster k is:

SINRb
k,u =

|ĥb,uωb,k|2αb,uγ
b
k,upb

Ib,intra
k,u + Ib,inter

k,u + σ2
, (10)

For any two UEs v and u with decoding order δb,k(v) >
δb,k(u) in the same AP b and cluster k, the received SINR of
the signal sbk,u at the UE v is given by:

SINRb
k,v→u =

|ĥb,vωb,k|2αb,vγ
b
k,vpb

Ib,intra
k,v→u + Ib,inter

k,v→u + σ2
, (11)

where Ib,intra
k,v→u = |ĥb,vωb,k|2

∑U
δb,k(u′)>δb,k(u)

αb,u′γbk,u′pb is
the intra-cluster interference power of the signal sbk,u at
UE v. Ib,inter

k,v→u =
∑Kb

k′ ̸=k

∑U
u′ αb,u′γbk′,u′ |ĥb,vωb,k′ |2 is the

inter-cluster interference power of the signal sbk,u at UE
v. It is worth pointing out that given a decoding order,
to guarantee the SIC performed successfully, the condition
SINRb

k,v→u ≥ SINRb
k,u with δb,k(v) > δb,k(u) must be

guaranteed. Therefore, the achievable data rate of UE u
associated with AP b in cluster k is calculated as:

Rb
k,u = log2

(
1 + SINRb

k,u

)
, (12)

3.3 Problem Formulation

We now define the detailed problem formulation based on
the proposed system model. This network’s primary goal is
to maximize the achievable sum rate of U UEs (considered
as a network utility), while jointly optimizing user associa-
tion α, user pairing factor γ, decoding order δ, active beam-
forming ω, and passive beamforming Φ =

{
ΦF ,ΦB

}
of

multi-STAR-RIS. Therefore, we can define our optimization
problem as follows:

P1: maximize
α,γ,δ,ω,Φ

B∑
b=1

Kb∑
k=1

U∑
u=1

Rb
k,u (13a)

subject to
B∑

b=1

Kb∑
k=1

Rb
k,u ≥ Rmin

u , ∀u ∈ U , (13b)

SINRb
k,v→u ≥SINRb

k,u,

δb,k(v) > δb,k(u),
, (13c)

αb,u, γ
b
k,u ∈{0, 1} ,

∀b ∈ B, ∀k ∈ Kb, ∀u ∈ U ,
,

(13d)
B∑

b=1

αb,u = 1, ∀u ∈ U , (13e)
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U∑
u=1

αb,u ≤ Qb, ∀b ∈ B, (13f)

Kb∑
k=1

∥wb,k∥2 ≤ Pmax, ∀b ∈ B, (13g)√
βt
lm
,
√
βe
lm
∈ [0, 1], ∀l ∈ L, ∀m ∈M,

(13h)
βt
lm + βr

lm = 1, ∀l ∈ L, ∀m ∈M, (13i)

θtlm , θ
r
lm ∈ [0, 2π), ∀l ∈ L, ∀m ∈M, (13j)

where Rmin
u is the minimum rate requirement of each UE.

Constraint (13b) guarantees the QoS requirement of each
UE, and constraint (13c) ensures the success of the SIC de-
coding. Furthermore, constraint (13d) represents the binary
variables. Constraints (13e) and (13f) guarantee that each UE
can be associated with only one AP and each AP b serves
at most Qb UEs in the network. Constraint (13g) ensures
the power budget constraint of each AP. Finally, Constraints
(13h) to (13j) indicate the requirements of each reflecting and
transmission element in STAR-RIS. To solve this proposed
problem, we provide a solution approach in the next section.

4 JOINT OPTIMIZATION OF MULTI-STAR-RIS
The transmission and reflection coefficients by multi-STAR-
RIS are highly linked in comparison to the conventional
NOMA network or the conventional RIS that uses only
reflection coefficients. Thus, it can be observed that the
formulated problem in (13) is a mixed-integer nonlinear pro-
gramming (MINLP) problem, which is a non-polynomial-
time (NP-hard) problem. Therefore, getting an optimal so-
lution within polynomial time is impossible. Thus, to solve
the problem realistically, we decompose the main problem
into two sub-problems: 1) UE assignment and pairing prob-
lem, and 2) beamforming vectors optimization for APs and
multi-STAR-RIS. Then, the decomposed sub-problems are
solved, sequentially. Fig. 3 presents an overview and work-
flow of the proposed problem decomposition and approach
for each sub-problem.

4.1 Two-Stage Matching for UE Association and Pairing
Before the active and passive beamforming optimization, we
try to reduce the complexity of the problem (13) by sepa-
rating AP-UE Association and UE Pairing. Therefore, given
the active and passive beamforming vector, we first try to
solve the 2-stage Matching problem for UE Association and
Pairing, which can be rewritten as

P1.1: maximize
α,γ

B∑
b=1

Kb∑
k=1

U∑
u=1

Rb
k,u (14a)

subject to (13b) ∼ (13f). (14b)

We propose a many-to-one matching for UE association and
correlation-based K-means clustering for solving, respec-
tively.

4.1.1 Many-to-One Matching-based AP-UEs Association
The UE association problem can be modeled as a many-
to-one matching game [37]. The concept of many-to-one
matching refers to a scenario where agents belonging to one
group can be matched with multiple agents from another
group. In this game, there are two disjoint sets of players:

Maximization of the 

achievable sum rate in 

user association, 

pairing, active 

beamforming, 

amplitude, and phase 

shift (15)

(non-convex)

MU association 

and Pairing (16)

(Two Stage 

Matching)

Optimization for 

active 

beamforming, 

amplitude and 

phase shift (16)

(nonconvex)

Correlation-based

K-Means Clustering

(Algorithm 2)

Convex Approximation-

imitated Multi-Agent 

Reinforcement Learning

(Algorithm 3)

AP-MUs 

Association

MUs Pairing

Active 

beamforming

Passive 

beamforming

MADRL

Two Stage

Matching
Many-to-One Matching 

(Algorithm 1)

Decoding Order

Fig. 3: The proposed decomposition and solution framework
for each subproblem and associated algorithm.

the set of UE clusters K, and the set of APs B. A UE cluster,
in this context, is a group of UEs designed to share resources
based on NOMA communication. Initially, these clusters
are formed randomly to provide a starting point for the
optimization process. Subsequently, in Section 4.1.2, the UE
pairing is optimized, and through iterative refinements, the
final solution is achieved. In our proposed matching game,
each UE cluster k ∈ K can be associated with at most
one AP. Moreover, each AP can serve a certain number of
clusters depending on the maximum number of allowable
clusters Qb at AP b ∈ B. Assume that each UE cluster k
has a preference list P (k) = b3, b2, b1, b4, ... which is a list in
which APs are sorted in order of UE cluster k’s preference.
For example, UE cluster k prefer AP b3 to AP b2. Therefore,
many-to-one matching can be defined as
Definition 1. A matching µ is a function from the set B∪K into
the set of unordered families of elements of B ∪ K such that:
(1) |µ(k)| = 1 for each k ∈ K and µ(k) = k if u is unassociated;
(2) |µ(b)| ≤ Qb for each AP b ∈ B;
(3) µ(k) = b if and only if k is associated with b and is an element
of µ(b).
where |µ(b)| = l means that l UE clusters are associated
with AP b and µ(b) = {k1, k2, ..., kl} is a set of UE clusters
associated with AP b.

For maximizing the achievable rate of UEs, each AP b de-
termines the achievable rate with each UE cluster k and has
a preference list in high order. In the many-to-one matching
problem of UE association, we define the preference of each
UE cluster k associated with AP b as

Ub,k =
∑
u∈Ck

Rb
k,u. (15)

Then we define the preference of each AP b as
Ub =

∑
k∈K

∑
u∈Ck

Rb
k,u. (16)

Thus, in this matching, each AP b has a strict preference
ordering ≻b over K. Each UE cluster also has a preference
relation ≻k over the set B ∪ {0}, where {0} denotes the UE
cluster is unmatched. Specifically, for a given UE cluster k,
any two APs b and b′ with b, b′ ∈ B, any two matchings µ
and µ′ are defined as

(b, µ) ≻k (b′, µ′)⇔ Ub,k(µ) > Ub,k(µ
′), (17)

which indicates that the UE cluser k prefers AP b in µ to BS
b′ in µ′ only if the UE cluser k can achieve a higher rate on
AP b than AP b′. Analogously, for any AP b, its preference
over the UE cluster set can be described as follows. For any
two subsets of UE clusters S and S ′ with S ≠ S ′, any two
matchings µ and µ′ with S = µ(b) and S ′ = µ′(b) are
defined as

(S, µ) ≻b (S ′, µ′)⇔ Ub(µ) > Ub(µ
′), (18)
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which represnets that AP b prefers the set of UE clusters S
to S ′ only when AP b can get a higher rate from S . Due
to the existence of peer effects and non-substitutability in
(10), the preference lists of players change frequently during
the matching process, which makes it difficult to design the
matching processes. To handle the peer effects and ensure
exchange stability, Given a matching function µ, and assume
that µ(i) = n and µ(j) = m, we define the swap matching
as

µj
i =

{
µ \ {(i, n), (j,m)}

⋃
{(j, n), (i,m)}

}
, (19)

where UE clusters i and j′ exchange their matched APs n
and m while keeping all other matching states the same.
Based on the swap operation in (19), we define the concept
of swap-blocking pair as follows [38].
Definition 2. A matching µ is two-sided exchange-stable if and
only if there does not exist a pair of UE clusters (i, j) such that:
(1) ∀k ∈ {i, j, n,m} , Uk(µ

j
i ) ≥ Uk(µ);

(2) ∃k ∈ {i, j, n,m} , such that Uk(µ
j
i ) > Uk(µ),

where Uk(µ) represents the utility of UE cluster k under
matching µ. However, swap matching depends on the per-
formance given the initial matching. Therefore, to achieve
the goal of stable initial matching, The deferred acceptance
(DA) algorithm was proposed and applied to the marriage
markets and college admission problems [39].

In the DA algorithm, the agents on one group propose
a pair formation with the agents of the other side group
according to their preference, and an iterative procedure. At
first, the matching procedure starts with building preference
lists, i.e., P (k) for UE cluster k. In each iteration, each UE
cluster k proposes to highest preferred AP for association
in the preference list. Each AP b accepts the proposal of UE
cluster k∗ with the highest rank among the UE cluster’s
proposal list G(b). At the same time, excludes AP b from
UE cluster k∗’s preferred list. However, when the current
number of proposals for AP b is greater than the maximum
capacity, i.e., |µ(b)| ≥ Qb, if a proposal from UE k∗ comes,
no further proposals are accepted and AP b is excluded
from the preference list of UE cluster k∗. The iterative
approach continues until every UE cluster has gotten an
acceptable proposal, at which point a stable solution to the
UE association problem is attained.

Finally, the output of the many-to-one matching µ is trans-
formed to the UE association vector α. The complexity of a
many-to-one matching game-based DA algorithm depends
on the required number of accepting/rejecting decisions
to attain the stable matching µ. Each UE cluster in the
network recommends an association with the AP at the top
of their preference list during each iteration. The AP then
decides whether to accept or reject the proposal. Each UE
cluster’s preference list can only be as large as |B| in this
case. As a result, the stable matching converges in O(UB)
iterations, where U and B are the number of UEs and
APs in the considered network. Algorithm 1 describes the
many-to-one matching based on the DA algorithm for UE
association. When the UE’s location changes or the channel
state changes, the stable matching may change due to the
peer effect. Thus, when the network state changes, a new
matching may be searched again through Algorithm 1 to
find a stable matching suitable for the changed environ-
ment.

4.1.2 Correlation-Based K-Means Clustering for UE Pairing
UEs whose channels are highly correlated should be as-

signed to the same group to make full use of the multiplex-

Algorithm 1 Many-to-One Matching for UE Association

1: Step-I: Initial matching based on DA algorithm
2: The sorted preference lists P (k) for all UE clusters based

on the scalar channel gain
∑

u∈Ck
|ĥb,u|2.

3: Kcur ← K
4: while Kcur ̸= ∅ do
5: G(b)← ∅,∀b ∈ B
6: for k ∈ Kcur do
7: G(b) = G(b) ∪ {k}, with P (k)[0] = b
8: end for
9: for b ∈ B do

10: if |G(b)| ≠ 0 then
11: Sort G(b) by the preference with the scalar chan-

nel gain
∑

u∈Ck
|ĥb,u|2

12: k∗ = G(b)[0]
13: if |µ(b)| < Qb then
14: µ(b) = µ(b) ∪ {k∗}
15: µ(k∗) = b
16: Kcur = Kcur \ {k∗}
17: else
18: P (k∗) = P (k∗) \ {b}
19: end if
20: end if
21: end for
22: end while
23: Output: The initial matching function µ0.
24: Step-II: Two-sided exchange stable matching for UE

Association
25: The initial matching function µ0.
26: repeat
27: ∀ UE cluster k ∈ µ0, it searches for another UE cluster

k′ ∈ µ0 \ µ0(µ(k)) to check whether (k, k′) is a swap-
blocking pair.

28: if (k, k′) is a swap-blocking pair then
29: Update µ = µk′

k
30: else
31: Keep the current matching state
32: end if
33: until No swap-blocking pair can be constructed.
34: Output: The optimal matching function µ∗ → UE asso-

ciation vector α∗.

ing gain, while UEs whose channels are uncorrelated should
be assigned to different groups to decrease interference. We
adopt the K-means clustering algorithm to implement the
UE pairing in the NOMA network. K-means clustering is
one way to divide given data into multiple partitions [40].
The K-means algorithm determines the cost function as the
sum of squares at the center of each group and the group’s
distance from the data subject. Clustering is also performed
by updating the group that each data object belongs to
to minimize the value of this cost function. Therefore, we
use the channel correlation between each UE for the cost
function for UE pairing. The normalized channel correlation
between UE i and UE j in the same AP b can be calculated
as [41]:

Corbi,j =
ĥH
b,iĥb,j

∥ĥb,i∥∥ĥb,j∥
. (20)

In order to cluster UEs connected to each AP b into Kb,
we select randomly Kb UEs assigned to clusters, Cb ={
Cb

1, C
b
2, ..., C

b
Kb

}
, one by one. Then, the channel correla-

tion between the unselected UE u′ and the selected UE
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Algorithm 2 Correlation-Based K-Means Clustering for UE
Pairing

1: Input: the initial passive beamforming vector Φ0, the
given user assignment α∗.

2: if b ∈ B then
3: Cb

pre, C
b = ∅

4: Randomly select χb
k from u ∈ Ub , ∀k = 1, ...,K

5: while Cb
pre ̸= Cb do

6: Cb
pre ← Cb

7: for u ∈ Ub with u ̸= χb
k , ∀k = 1, ...,Kb do

8: k∗ = argmax1≤k∗≤Kb
Corbu,χk∗

9: Cb
k∗ = Cb

k∗ ∪ {u}
10: end for
11: Update χb

k according to (22), ∀k = 1, ...,Kb

12: Cb
k = Cb

k \ u, ∀u ̸= χb
k ∈ Cb

k, ∀k = 1, ...,Kb

13: end while
14: end if
15: Output: The optimal clustering vector C∗ → UE pairing

vector γ∗.

u is calculated based on (20), and the UE u′ having the
highest channel correlation is assigned to the cluster to
which the UE u belongs. Therefore, each representative can
be selected from each cluster. The representative of each
cluster is updated as the one with the lowest correlation
with the other clusters to further reduce the correlation of
the channels between the various clusters. The correlation
between a UE to the other clusters is the total normalized
channel correlation between an UE to the UEs of the other
clusters. The correlation between a UE u in the cluster Cb

k at
the AP b to the other clusters is:

C̄orbu =
K∑
l ̸=k

∑
u′∈Cl

Corbu,u′ . (21)

After that, the representative χb
k of the cluster Cb

k is updated
as:

χb
k = arg min

u∈Cb
k

C̄orbu. (22)

Following the update of the representative for each clus-
ter, the other UEs are subsequently reassigned to their
respective clusters. The iteration is terminated when the
representatives of the clusters remain unaltered. Finally, the
optimal output C∗ of the clustering vector, is transformed
to the UE pairing vector γ∗. The Correlation-based K-means
Clustering is described in Algorithm 2. When executing the
UE paring in Algorithm 2, the computational complexity for
calculating the channel correlation is O(K2U), where K the
number of cluster of AP. During each iteration, the compu-
tational complexity for updating the cluster representative
and the user grouping are O(K2) and O(KM), where M
the number of RF chain, respectively. Therefore, the UE
pairing computational complexity for all APs belongs to
O(BN (K2U +K2 +KM)).

4.2 Decoding Order

Before handling the beamforming optimization problems,
the decoding order must be addressed because it is an
important one for the multi-STAR-RIS in the NOMA net-
work. Therefore, we propose a scheme to obtain the optimal
decoding order by the following lemma.
Lemma 1. Given the active beamforming vector ω and the passive

beamforming vector Φ, The decoding order for cluster k with |Cb
k|

UEs in AP b is defined as [36], [42].
gb,kδb,k(1)

≤ gb,kδb,k(2)
≤ · · · ≤ gb,k

δb,k(|Cb
k|)
, (23)

where gb,kδb,k(j)
=

|ĥb,uωb,k|2∑Kb
k′ ̸=k

∑
u′∈Cb

k′
|ĥb,uωb,k′ |2+σ2

is the equivalent-

combined channel gain [42], [43].
Lemma 1 indicates that the decoding order for each

cluster of the multi-STAR-RIS in the NOMA system is a
function of the active beamforming vectors ω, the passive
beamforming vectors Φ. For any two users u and v belong
to cluster k in the AP b, if the decoding order of the two
users satisfies

δ−1
b,k(v) > δ−1

b,k(u), (24)

where δ−1
b,k(·) is the inverse of mapping function δb,k(·).

Then, under the optimal decoding order, the following SIC
condition is guaranteed:

SINRb
k,v→u ≥ SINRb

k,u. (25)

Proof: For any two users u and v belonging to cluster
k in the AP b with the optimal decoding order δ−1

b,k(v) >

δ−1
b,k(u), according to Lemma 1, the equivalent combined

channel gains of the two users have to satisfy the following
condition

|ĥb,vωb,k|2∑Kb

k′ ̸=k

∑
v′∈Cb

k′
|ĥb,vωb,k′ |2 + σ2

≥

|ĥb,uωb,k|2∑Kb

k′ ̸=k

∑
u′∈Cb

k′
|ĥb,uωb,k′ |2 + σ2

(26)

(26) can be reformulated as

|ĥb,vωb,k|2

 Kb∑
k′ ̸=k

∑
u′∈Cb

k′

|ĥb,uωb,k′ |2 + σ2


≥ |ĥb,uωb,k|2

 Kb∑
k′ ̸=k

∑
v′∈Cb

k′

|ĥb,vωb,k′ |2 + σ2

 (27)

After multiplying both sides of (27) by pb, we proceed by
adding pb|ĥb,vωb,k|2|ĥb,uωb,k|2

∑U
δb,k(u′)>δb,k(u)

pb to both
sides. The inequality can be derived as follow

|ĥb,vωb,k|2pb
(
Ib,intra
k,u + Ib,inter

k,u + σ2
)

≥ |ĥb,uωb,k|2pb
(
Ib,intra
k,v→u + Ib,inter

k,v→u + σ2
)
. (28)

Rearranging (28), we have the following:
SINRb

k,v→u ≥ SINRb
k,u, (29)

which means that the SIC condition Rb
k,v→u ≥ Rb

k,u.
According to Proposition 1, the constraint in (13c) can be

removed under the optimal decoding order of the NOMA
system. This operation will not affect the optimality of the
problem (13). Furthermore, Lemma 1 guarantees that once
the association, pairing, and beamforming vectors are deter-
mined, the optimal decoding order in each cluster is fixed
[36], [42]. Thus, we developed the optimal beamforming
vectors for UEs in the multi-STAR-RIS NOMA based on this
observation.
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4.3 Convex Approximation imitated MARL Scheme

Since there is no inter-cell interference between APs, the
optimization problem in (13) for the beamforming vec-
tors optimization can be decomposed into B decoupled
subproblems. At the fixed UE association, pairing, and
decoding order, we can rewrite the beamforming vectors
optimization problem for any AP b as follows:

P1.2: maximize
ω,Φ

Kb∑
k=1

∑
u∈Cb

k

Rb
k,u (30a)

subject to
Kb∑
k=1

Rb
k,u ≥ Rmin

u , ∀u ∈ U , (30b)

(13g) ∼ (13j). (30c)

In this subsection, optimization of active beamform-
ing and passive beamforming through multi-agent rein-
forcement learning (MARL) is performed. Our proposed
multi-agent scheme diverges from traditional multi-agent
frameworks, in which agents generally signify autonomous
decision-making entities, such as distinct network devices
or users. In our approach, each agent represents an op-
timization variable rather than a real or logical execution
object within the network. This abstraction facilitates the
division of the intricate joint optimization issue into smaller
subproblems, allowing each agent to concentrate on improv-
ing a particular variable, such as STAR-RIS phase shifts
or AP beamforming vectors, within a common aim. In a
real communication environment, the outcomes generated
by these agents will inform network configurations, sub-
sequently implemented by centralized or distributed con-
trollers overseeing STAR-RIS and other network elements.
A central controller might consolidate the outputs of all
agents to ascertain the ideal configuration and thereafter
disseminate these settings to the STAR-RIS and access points
in the network.

In addition, we first propose a learning scheme that
convex approximation imitates reinforcement learning. Tra-
ditional methods, such as the CA algorithm, are effective
at providing suboptimal solutions in a computationally
efficient manner, which serve as strong initialization points.
However, these methods alone may struggle to fully ex-
plore the solution space or adapt to dynamic environments.
Existing numerical optimization cannot directly find global
optimal for non-convex problems, and only partial local opti-
mal can be obtained through conversion to convex problems
from non-convex problems. Furthermore, DRL can excel in
providing near-optimal solutions efficiently by leveraging a
trained neural model to explore large solution spaces and
adapt to dynamic environments, but as the complexity of
the agent’s observation, action, and environment increases,
convergence speed or convergence cannot be guaranteed.
By integrating the two approaches, the algorithm leverages
the strengths of both: the CA algorithm provides a reli-
able starting point, significantly reducing the exploration
required by the reinforcement learning model, while rein-
forcement learning further refines the solution to achieve
better overall performance.

Therefore, we first find a numerical root through a
method of iteratively finding a local solution by dividing the
active beamforming problem and the passive beamforming
problem. In addition, learning proceeds in the direction of
reducing the difference between the numerical root and the
action selected by the reinforcement learning agent, and

Fig. 4: Proposed Convex Approximation-imitated MAPPO.

gradually reduces the influence on the numerical root so
that the reinforcement learning agent can finally derive
the global root. As a result, in the next chapter, we first
derive the suboptimal value of numerical optimization for
imitation learning of the reinforcement learning agent for
each active beamforming and passive beamforming and
show how to apply the learning scheme to learning through
it.

4.3.1 Active Beamforming based on Convex Approximation

Given the user association, pairing, and the passive beam-
forming vector in the problem (13), the active beamforming
optimization subproblem for any AP b can be given by:

P1.3: maximize
ω

Kb∑
k=1

∑
u∈Cb

k

Rb
k,u (31a)

subject to (30b) and (13g). (31b)

To transform the subproblem (31) into a more tractable
form, we introduce slack variables

{
ζbk,u|k ∈ Kb, u ∈ Ub

}
and

{
ηbk,u|k ∈ Kb, u ∈ Ub

}
for any AP b such that

ζbk,u =
1

|ĥb,uωb,k|2pb
, (32)

ηbk,u = |ĥb,uωb,k|2
U∑

δb,k(u′)>δb,k(u)

pb

+
Kb∑

k′ ̸=k

|ĥb,uωb,k′ |2 + σ2. (33)

Then, the achievable data rate of UE u associated with AP
b in cluster k is calculated as

Rb
k,u = log2

(
1 +

1

ζbk,uη
b
k,u

)
(34)

Therefore, we can transform the problem (30) into

P1.4: maximize
ω,{ζb

k,u,η
b
k,u,R

b
k,u}

Kb∑
k=1

∑
u∈Cb

k

Rb
k,u (35a)

subject to log2(1 +
1

ζbk,uη
b
k,u

) ≥ Rb
k,u, ∀u ∈ U ,

(35b)

ζbk,u ≥
1

Tr(Wb,kHbku)pb
, (35c)
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ηbk,u ≥Tr(Wb,kHbku)
U∑

δb,k(u′)>δb,k(u)

pb

+
Kb∑

k′ ̸=k

Tr(Wb,k′Hbku) + σ2

,

(35d)
Kb∑
k=1

Tr(Wb,k) ≤ Pmax, , (35e)

rank(Wb,k) = 1, ∀k ∈ Kb, (35f)
Wb,k ≽ 0, ∀k ∈ Kb, (35g)

where Hbku = ĥHb,uĥb,u and Wb,k = ωH
b,kωb,k. Note that

f(x, y) = log2(1 + 1
xy ) is a convex function for x > 0 and

y > 0 [44]. However the subproblem (35) is still con-convex
problem due to the constraints (35b) and (35f). For the
convexity of the constraints (35b), we apply the first-order
Taylor expansion. The lower bound for the RHS of (35b)
with slack variables ζbk,u(n) and ηbk,u(n) can be expressed as

log2

(
1 +

1

ζbk,uη
b
k,u

)
≥ LOWb

k,u =

log2

(
1 +

1

ζbk,u(n)η
b
k,u(n)

)
−

log2 e
(
ζbk,u − ζbk,u(n)

)
ζbk,u(n) + ζbk,u(n)

2
ηbk,u(n)

−
log2 e

(
ηbk,u − ηbk,u(n)

)
ηbk,u(n) + ηbk,u(n)

2
ζbk,u(n)

. (36)

Next, to tackle the remaining nonconvexity of (35f), we
have the following theorem:
Theorem 1. The obtained solution ω∗ to the subproblem (31)
without the constraint (35f) can satisfy rank (Wb,k) = 1 [42],
[44].

Proof: Problem (35) is a convex problem. Therefore, the
optimal solution is characterized by the KKT conditions.
Specifically, the Lagrangian function of Problem (35) in
terms of the active beamforming Wb,k can be written as

|ĥb,vωb,k|2pb
(
Ib,intra
k,u + Ib,inter

k,u + σ2
)

≥ |ĥb,uωb,k|2pb
(
Ib,intra
k,v→u + Ib,inter

k,v→u + σ2
)
, (37)

where T denotes the terms which are independent of Wb,k.
ςku, τku, α and Yb,k are lagrange multipliers associated with
the corresponding constraints (35c), (35d), (35e), and (35g).
The KKT conditions for the optimal W∗

b,k can be:
ς∗ku, τ

∗
ku, α

∗ ≥ 0,Y∗
b,k ⪰ 0,Y∗

b,kW
∗
b,k = 0,∇W∗

b,k
L = 0,

(38)
where ς∗ku, τ

∗
ku, α

∗ and Y∗
b,k denote the optimal Lagrange

multipliers. Then, the condition ∇W∗
b,k
L = 0 can be ex-

pressed as

α∗I = Y∗
b,k +

∑
u∈Cb

k

ς∗kupb − τ∗ku U∑
δb,k(u′)>δb,k(u)

pb

HH
bku

−
Kb∑

k′ ̸=k

∑
u∈Cb

k

τ∗k′uH
H
bk′u. (39)

It is observed that the matrix Y∗
b,k is a positive semidefi-

nite matrix [45]. Therefore, we have rank(Y∗
b,k) = NT − 1.

Furthermore, if we assume that Y∗
b,kW

∗
b,k = 0, we can

deduce rank(W∗
b,k) + rank(Y∗

b,k) ≤ NT . Finally, we can
inferred that rank(W∗

b,k) = 1, because that W∗
b,k = 0 is

contradict with the minimum rate requirement constraints
of problem (35).

Based on Theorem 1, we can always obtain a rank one
solution by solving the subproblem (31) by ignoring the
constraint (35f). As a result, the relaxed problem is a convex
semidefinite program (SDP), which can be efficiently solved
via standard convex problem solvers such as CVX [46].

4.3.2 Passive Beamforming based on Convex Approxima-
tion

Similar to Section 4.3.1, given the user association, pairing,
and the active beamforming vector in problem Section.(30),
the passive beamforming optimization subproblem for any
AP b with the slack variables

{
νbk,u|k ∈ Kb, u ∈ Ub

}
and{

ξbk,u|k ∈ Kb, u ∈ Ub
}

can be given by

P1.5: maximize
Φ,{νb

k,u,ξ
b
k,u,R

b
k,u}

Kb∑
k=1

U∑
u=1

Rb
k,u (40a)

subject to [Bp
l ]m,m = βp

m, (40b)
Bp

l ≽ 0, (40c)
rank(Bp

l ) = 1, (40d)
(13i), (30b), (35b) ∼ (35d), (40e)

where ∀l ∈ L, ∀m ∈ M, Bp
l = Φp

lΦ
p
l , p ∈ {F,B}.

Note that problem (40) is nonconvex due to the rank-one
constraint (40d). To tackle this issue, we apply semidefi-
nite relaxation (SDR) by relaxing this constraint (40d) [47].
Then, we can efficiently solve the problem (40) without
rank one constraint (40d) by standard convex optimization
solvers such as CVX [46]. Therefore, by solving subproblems
(35) and (40), the active beamforming vector ω and the
passive beamforming vector Φ are alternately optimized.
The solutions obtained after each iteration are used as the
input local points for the following iteration. Algorithm 3
summarizes the proposed successive convex approximation
(SCA)-based algorithm to solve the problem (30). It is noted
that Algorithm 3 is guaranteed to converge to a locally
optimal solution of the subproblem (30) [48]. However,
we notice that the solution found using Algorithm 3 is
not a global optimal. This is because in Algorithm 3, we
replaced non-convex constraints with approximate formulas
to solve the problem (30) through convex approximation.
Therefore, we explain in the next section how to use this
suboptimal obtained through Algorithm 3 as mimic values
for reinforcement learning.

4.3.3 Convex Approximation Imitated-based DRL
As presented in Fig. 4, we propose a proximal policy
optimization (PPO)-based MARL to solve problem P1.2.
PPO is a widely used reinforcement learning technique
that is known for its simplicity in implementation and
applicability across diverse situations [49]. Furthermore, it
has demonstrated consistent and reliable performance. The
utilization of the PPO serves to streamline the intricate
computational process associated with trust region policy
optimization (TRPO). TRPO algorithm aims to optimize a
surrogate objective function in the following manner [50].

LTRPO
n (ϕ) = Ên

[
πϕ(An|Sn)
πϕold(An|Sn)

Ân

]
= Ên

[
rn(ϕ)Ân

]
, (41)
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Algorithm 3 Successive Convex Approximation (SCA) for
the beamforming vectors optimization

1: if b ∈ B then
2: Input: Initial slack variables ζbk,u(0), η

b
k,u(0), ξ

b
k,u(0),

νbk,u(0), and Initialize the initial vectors ω(0)
b ,Φ

(0)
b , and

set the iteration index n = 0.
3: Ξ(0) =

∑Kb

k=1

∑U
u=1R

b
k,u(ω

(0),Φ(0))
4: repeat
5: update ζbk,u(n+1), ηbk,u(n+1) and ω(n+1)

b by solving
problem (31)

6: update νbk,u(n+1), ξbk,u(n+1) and Φ
(n+1)
b by solving

problem (35)
7: Ξ(n+1) =

∑Kb

k=1

∑U
u=1R

b
k,u(ω

(n+1)
b ,Φ

(n+1)
b )

8: n = n+ 1
9: until

∣∣∣Ξ(n+1) − Ξ(n)
∣∣∣ ≤ ϵ

10: end if
11: Output: The active beamforming vector ω∗ and the

passive beamforming vector Φ∗.

where rn(ϕ) denotes the probability ratio, An and Sn
are an action and reward in time step n. The surrogate
objective function LTRPO of TRPO has a complicated for-
mula expansion and must calculate the second derivative.
Therefore, maximization of the surrogate objective function
LTRPO of TRPO would result in an unnecessarily large policy
update in the absence of a constraint. Therefore, in PPO,
the limitations of TRPO were addressed by incorporating
an approximation of the first derivative using the clipping
technique. The following is the objective function to which
the clipping is applied:
LCLIP
n (ϕ) = Ên

[
min(rn(ϕ)Ân, clip(rn(ϕ), 1− ϵ, 1 + ϵ)Ân)

]
,

(42)
where ϵ is a hyperparameter and Ân is a truncated version
of generalized advantage estimation which can be defined
as follows:

Ân = δn + (γλ)δn+1 + · · ·+ (γλ)N−n+1δN−1, (43)

where δn = rn + γV (sn+1) − V (sn). The function in (42)
takes a lower value when comparing the objectives used in
the TRPO with the objectives to which clipping is applied.
With this clipping method, we only consider the change in
probability ratio if it improves the objective. If it makes the
objective worse, we leave it out.

Subsequently, PPO incorporates an actor-critic network
architecture, wherein the policy and value functions share
the parameters inside the network design. In the context of
utilizing a neural network architecture to share parameters
between the policy function and the value function, it is
imperative to implement a loss function that effectively in-
tegrates the policy surrogate and an error term derived from
the value function. The objective is achieved by integrating
the policy surrogate with a value function error component
as follows:
LPPO
n (ϕ) = Ên

[
LCLIP
n (ϕ)− c1LVF

n (ϕ) + c2E[πϕ](sn)
]
, (44)

where c1 and c2 are coefficients, E denotes an entropy
function, and LVF

n is a squared-error loss. In this objective
LPPO can be further increased by adding an entropy bonus
E to ensure sufficient exploration.

In addition, we propose to imitate the locally optimal
solutions derived through Algorithm 3 as loss during the

Algorithm 4 Convex approximation imitated-based multi-
agent PPO (CAMAPPO)

1: Initialize: the initial network ϕω0 and ϕΦ0 for agent of ac-
tive and passive beamforming coefficients, respectively.

2: for episode= 1, 2, ..., E do
3: Initialize randomly each UE’s position and excute 2-

Stage Matching for UE Association and Pairing from
Section 4.1, i.e., α∗,γ∗.

4: for time slot= 1, 2, ..., N do
5: Update observation S(n).
6: Run policy Aω ∼ πω

ϕold
,AΦ ∼ πΦ

ϕold
.

7: Compute the common reward R(n).
8: Save (S(n),A(n),R(n),S(n + 1)) in memory of

each agent.
9: end for

10: Compute advantage estimates
〈
Âω

1 , ..., Â
ω
N

〉
,〈

ÂΦ
1 , ..., Â

Φ
N

〉
based on (43).

11: Optimize surrogate LTOTAL wrt ϕω , ϕΦ with minibatch
from memory based on (46).

12: ϕωold ← ϕω , ϕΦold ← ϕΦ

13: end for
14: Output: The proposed networks πω

ϕopt
, πΦ

ϕopt
.

learning process to ensure convergence and maximize speed
in the early learning process. Therefore, the difference be-
tween the action derived from the PPO model and the
locally optimal solution derived through Algorithm 3 can
be defined as follows:

LCA
n (ϕ) =

1

na

na∑
i=1

(Ãn(i)−An(i))
2, (45)

where na is the number of action space, Ãn is the locally
optimal solution derived through Algorithm 3, and An is
action determined by the policy ϕ being learned. Finally, we
define the loss of the following learning model as follows:

LTOTAL
n (ϕ) = LPPO

n (ϕ) + ψ · LCA
n (ϕ), (46)

where ψ is the imitation rate. We propose that the imitation
rate ψ is gradually reduced as learning proceeds from the
initial value, thus, learning can find the final optimal value.
In the simulations, we show the learning result according to
the change in the imitation rate and to the initial imitation
rate.

The proposed convex approximation imitated-based
multi-agent PPO (CAMAPPO) in this paper is for each
optimization variable (ω,Φ) PPO agents. Each agent learns
simultaneously in the same environment. Moreover, each
agent can determine the optimal action for a common re-
ward. Therefore, we introduce the markov decision process
(MDP) of the agents used for learning.
S(n) = {α∗,γ∗,ω(n− 1),Φ(n− 1), {ĥu}u∈U}, (47)

Aω(n) = {ωb(n)}b∈B, (48)
AΦ(n) = {ΦF

l ,Φ
B
l }l∈L, (49)

R(n) = minu∈U (Rk,u), (50)
where ω(n− 1) and Φ(n− 1) denote the active and passive
beamforming vector at the last step, Aω(n) and AΦ(n)
denote the active and passive beamforming agent. The
reward is determined by the lowest throughput of all users.
Maximizing the sum-rate can favor users with stronger
channel conditions, potentially leaving users with weaker
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Algorithm 5 Joint block coordinate descent(BCD)

1: Initialize: n = −1, the proposed network πω
ϕopt

, πΦ
ϕopt

and

α(0),γ(0), δ(0),ω(0),Φ(0).
2: Ξ(0) =

∑Kb

k=1

∑U
u=1R

b
k,u(α

(0),γ(0), δ(0),ω(0),Φ(0))
3: repeat
4: n← n+ 1
5: update α(n+1) for a given γ(n), δ(n),ω(n),Φ(n) ac-

cording to Algorithm 1;
6: update γ(n+1) for a given α(n), δ(n),ω(n),Φ(n) ac-

cording to Algorithm 2;
7: update δ(n+1) for a given α(n),γ(n),ω(n),Φ(n) ac-

cording to Section 4.2;
8: update ω(n+1),Φ(n+1) for a given α(n),γ(n), δ(n),

ω(n),Φ(n) by running network πω
ϕopt
, πΦ

ϕopt
, respec-

tively;
9: Ξ(n+1) =

∑Kb

k=1

∑U
u=1R

b
k,u;

10: until
∣∣∣Ξ(n+1) − Ξ(n)

∣∣∣ ≤ ϵ
11: Output: The proposed solution sets

α(n+1),γ(n+1), δ(n+1), ω(n+1),Φ(n+1) .

channels under-served [51]. To address this fairness issue,
additional constraints or objectives are often incorporated
along with sum-rate maximization. Therefore, we adapt
(50) as the reward function to promote fairness by ensur-
ing that the minimum rate among all users is maximized.
This approach effectively balances the trade-off between
maximizing the sum-rate and maintaining fairness among
users, indirectly satisfying the QoS constraints outlined in
(13b). Furthermore, using the minimum rate as the reward
function simplifies the learning process for the PPO agents
by providing a clear performance metric that aligns with
the system’s fairness requirements. Based on the MDP for
the proposed optimization problem, the solution of the
decision variable can be obtained by executing the proposed
CAMAPPO algorithm, such as Algorithm 4. For the pro-
posed RL approach, its computational complexity depends
mainly on the size of the neural network. Therefore, its
computational complexity is aboutO(

∑L
l=1 nl−1 ·nl), where

L is the number of network layers and nl is the number of
neurons in the l-th layer.

4.4 Convergence and Complexity Analysis
Active beamforming and STAR-RIS coefficients have a di-
rect impact on UE association and pairing, as they signif-
icantly influence channel conditions and achievable user
rates. Therefore, after training the model using Algorithm
5, we employ the block coordinate descent (BCD) method to
obtain the proposed solution, as detailed in [52]. To address
the interdependencies between decision variables within
the objective functions and constraints, our approach relies
on iterative optimization strategies referenced in [53] and
[54]. These strategies effectively manage the computational
complexity inherent in mixed-integer nonlinear program-
ming (MINLP) by decomposing the main problem into three
interrelated subproblems.

Moreover, our BCD algorithm achieves ϵ-optimal solu-
tions with a sub-linear convergence rate of O(1/n), as
demonstrated in Algorithm 5. The overall computational
complexity of the algorithm is expressed as O(BN bcd(U +
N pair(K2U + K2 + KM) +

∑L
l=1 nl−1 · nl), where N bcd

and N pair denote the number of iterations for the BCD
algorithm and the UE pairing process, respectively. This
comprehensive approach ensures computational efficiency
while effectively addressing the interdependencies among
decision variables.

5 SIMULATION SETTINGS AND RESULTS

We consider a region of 20 m2 served by three APs catering
to 20 UEs. This region is further divided into four rooms,
each enclosed by walls and equipped with four Star-RIS
units. Each AP implements a NOMA network with four
clusters. Initially, UEs are randomly distributed across the
rooms during the learning stage. For performance verifi-
cation as shown in Fig. 7, UEs are assigned to specific
clusters. The APs are equipped with four antennas oper-
ating at 6 GHz with a noise density of −100 dBm/Hz.
A Rician fading factor of 4 dB is adopted. By considering
the path loss model for the indoor hotspot scenario, as
presented in 3GPP TR 38.901 version 16.1.0 Release 16,
the path losses, at the reference distance of the LoS link
PLLoS = 32.4 + 17.3 log10 (d) + 20 log10 (f) and NLoS link
PLNLoS = 32.4 + 31.9 log10 (d) + 20 log10 (f), where d is
the distance between the transmitter and the receiver, and
f is the sub-carrier frequency. The channel between an AP
and an UE can be modeled as a Rician channel, which
includes one LoS path and several NLoS paths. Each Star-
RIS consists of 26 elements spaced 0.2 units wide and 0.1
units long. For learning purposes, an episode comprises 10
time slots. The learning network model utilizes two hidden
layers, each with 128 units. A correlation-based K-means
clustering algorithm is employed for UE pairing after the
initial random assignment at the beginning of each episode.
All simulations are performed on NVIDIA GeForce RTX
4070 super GPU, 32GB RAM, and AMD Ryzen 7 7800X3D
CPU.

The proposed CAMAPPO algorithm, a variant of MAPPO
with a convex approximation, is compared with four other
algorithms and their details are provided subsequently.

• CAMAPPO (proposed): Our proposed method treats
each beamforming vector variable as a separate
learning agent within a MAPPO framework. To en-
hance learning efficiency, it incorporates a convex
approximation (CA) approach.

• MAPPO: The algorithm employs a decentralized ap-
proach, where each variable is optimized by a sepa-
rate PPO agent, and convexity is not enforced during
the learning process.

• PPO: The general PPO approach performs a joint
optimization of all beamforming vector variables
through a single neural network.

• CA: For each variable, the approach leverages a con-
vex approximation technique to obtain a suboptimal
solution, which does not consider the requirement
for a dedicated learning component.

• WOA: The benchmark method utilized the whale
optimization algorithm, a meta-heuristic technique,
to find the sub-optimal value for each variable.

• Equal fair: The benchmark method assigns equal
power to every UE. For passive beamforming, the
reflection and transmission amplitudes are both set
to 0.5, maintaining uniform allocation across the
STAR-RIS elements.
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Fig. 5: Analysis of learning convergence with different conditions.
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Fig. 6: Analysis of system performance with different conditions.

Fig. 5a depicts the convergence process of the com-
pared reinforcement learning algorithms. Our proposed
CAMAPPO algorithm achieved convergence within approx-
imately 30, 000 steps, demonstrating significant improve-
ment in learning speed. It converged roughly twice as fast
as MAPPO and 2.3 times faster than the baseline PPO
algorithm. Interestingly, the final converged performance
levels were similar for CAMAPPO and MAPPO, with both
achieving a higher cumulative reward compared to PPO
(approximately 1% lower). These results suggest that the
imitation learning component within CAMAPPO plays a
crucial role in accelerating the convergence process. Fur-
thermore, the superior performance of MAPPO compared
to PPO highlights its effectiveness in handling complex vari-
able spaces by facilitating faster and more accurate learning.

Fig. 5b explores the convergence behavior of the algo-
rithm regarding the imitation rate (ψ). As observed, exclud-
ing the static case (ψ = 0.5), all scenarios achieved similar
levels of cumulative reward at convergence. This suggests
a potential influence of the imitation rate on learning per-
formance. Although a higher imitation rate (ψ closer to 1)
can be beneficial in the initial stages by guiding the learning
agent, it likely needs to be gradually reduced (ψ closer to 0)
during the later stages to steer the agent toward indepen-
dently finding the optimal solution for the specific problem.
Identifying the optimal dynamic adjustment strategy for the

imitation rate is an important area for future research efforts.
Fig. 5c illustrates the learning convergence behavior of

the proposed method as the number of STAR-RIS elements
increases. Each curve corresponds to a different configu-
ration, with varying numbers of STAR-RIS elements. The
results reveal two significant insights. First, as the number
of STAR-RIS elements increases, the system’s final per-
formance improves due to the finer beamforming granu-
larity and enhanced control over signal propagation that
additional elements provide. Second, despite the increase
in STAR-RIS elements, the number of iterations required
for convergence remains consistent. This demonstrates the
efficiency and scalability of the proposed method, as it
effectively handles the increased complexity. This analysis
highlights the robustness of the proposed approach and its
ability to maintain efficiency even as system complexity
grows. However, this improvement comes at the cost of
increased computational complexity and hardware require-
ments. Therefore, in future research, exploring methods to
identify the optimal configuration of STAR-RIS elements
tailored to environmental and system constraints will be a
valuable direction.

Fig. 6a depicts the network topology employed in our
simulation environment. This specific topology serves as the
benchmark for evaluating the performance of our proposed
algorithm against the chosen baseline algorithms. The sim-
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Fig. 8: Status of active beamforming allocation for clusters by algorithms.

ulated network consists of a 20 square meter region covered
by three APs responsible for serving 20 UEs. To introduce
environmental complexity, this region is further divided into
four separate rooms, each enclosed by walls. Additionally,
each room is equipped with four Star-RIS units. To account
for dynamic user distribution, the initial placement of UEs
within the rooms is randomized during the learning stage of
the algorithms. This initial random placement reflects real-
world scenarios where user locations can vary.

The clustering algorithm should be determined quickly
to determine the communication optimization of the users
indoors. Fig. 6b shows the execution time of the algorithm
for each available pairing number according to the number
of users in clustering. A typical NOMA network considers
two or four pairs, but in this experiment, up to six pairs were
considered to assume a harsh communication environment.
As a result, for users within 40, clustering could be deter-
mined with a time lower than 0.014 seconds in all pairings.
It took a while. Therefore, it can be determined that the
proposed algorithm can be applied to the communication
optimization of an actual indoor environment.

Fig. 6c represents the average UE throughput as a func-
tion of the transmission power for each AP. The proposed
CAMAPPO algorithm consistently achieves higher aver-
age throughput compared to all other benchmark algo-
rithms at all transmission power levels. Both CAMAPPO
and MAPPO used the same neural network architecture,
number of iterations, and other learning parameters, but
MAPPO showed an average lower performance of 2.5%.
This can be due to the inherent limitations of MAPPO in
complex learning scenarios, and additional learning itera-
tion is potentially required to achieve optimal performance.
As shown in Fig. 5a, PPO is a network model of the

same size, and learning is inadequate in the process of
optimizing all beamforming vectors. Therefore, the perfor-
mance of PPO also showed about 7% lower performance
on average when compared to CAMAPPO. It is noteworthy
that the performance improvement of CAMAPPO is much
more pronounced when compared to existing resource op-
timization algorithms such as CA and WOA. Compared
to CAMAPPO, WOA showed an average performance of
around 4%. In particular, CAMAPPO outperforms CA by
10% and up to 15%, on average. This gap arises from
the inherent limitations of CA in converting the original
non-convex optimization problem into a convex problem.
This conversion process often leads to suboptimal solutions
over the more flexible approaches used by CAMAPPO.
In addition, in terms of solution inference speed, CA and
WOA took 20s and 40s, respectively, but inference through
network models took 0.002s under the same conditions. The
proposed method has the additional advantage of deriving
faster solutions even in real-world environments.

Fig. 7 shows UE clustering results obtained after each AP
completes the two-stage matching process. This matching
process employs correlation-based K-means clustering to
group UEs with similar channel correlations. As evident in
the figure, the proposed algorithm effectively assigns UEs to
different clusters based on their physical locations (different
rooms) and channel characteristics. This spatial separation is
achieved by leveraging the correlation information within
the clustering algorithm. Notably, the proposed method
successfully pairs UEs situated in different rooms with the
corresponding APs, promoting efficient resource allocation
and potentially improved network performance, which val-
idates our proposal.

Fig. 8 illustrates the transmission power allocated by
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Fig. 9: Amplitude of each element of STAR-RIS derived through the proposed algorithm (CAMAPPO).

each algorithm to the APs depicted in the communication
environment as shown in Fig. 7. For AP 1, clusters 3 and
4 reside in a different room, limiting the potential for in-
creased overall throughput simply by raising the transmis-
sion power. To address this, CAMAPPO strategically allo-
cates higher transmission power to clusters 3 and 4, aiming
to compensate for the distance-related attenuation. Addi-
tionally, cluster 1, which has three UEs assigned, receives
more power compared to cluster 2 with only one UE. This
prioritization reflects the need to cater to a larger number of
users in cluster 1. In contrast, algorithms like CA and Equal
fair, which exhibited lower performance in Fig. 6c, likely
allocated transmission power unevenly, as indicated by the
irregular power distribution in the figure. This inefficient
allocation likely contributed to their lower overall through-
put. Similar trends are observed for AP 2 and AP 3. By
allocating higher transmission power to UEs located in the
same room as the corresponding AP, CAMAPPO prioritizes
those experiencing less path loss, ultimately maximizing the
final average throughput. This analysis highlights the effec-
tiveness of CAMAPPO’s dynamic power allocation strategy
in enhancing network performance compared to benchmark
algorithms.

Fig. 9 presents the element-wise amplitudes for all STAR-
RIS units as determined by the proposed CAMAPPO al-
gorithm. To gain deeper insights, we analyze the sum of
amplitudes across each element. For STAR-RIS 1, the ampli-
tude distribution exhibits a clear bias toward the forward
direction with a ratio of 15.141 : 10.858, compared to the
backward direction. Similarly, STAR-RIS 2 shows a forward
bias with a ratio of 10.201 : 15.798. Examining these results
in conjunction with the network topology (Fig. 6a), we can
infer that this prioritization of the forward direction aims to
enhance throughput for Clusters 3 and 4 associated with AP
1. These clusters are located in different rooms compared
to AP 1, making forward direction amplification crucial
for improved signal strength. The amplitude distribution
for STAR-RIS 3 and 4 reveals a contrasting pattern. Here,
we observe ratios of 21.138 : 4.861 and 5.861 : 20.138,
respectively. This significant bias towards reflection can be
attributed to the absence of an AP in the first quadrant for
these STAR-RIS units (refer to Fig. 6a). Consequently, the
proposed algorithm prioritizes reflecting the signal rather
than transmitting directly, effectively utilizing the STAR-RIS
units to manage signal propagation within the environment.
The analysis of STAR-RIS element amplitudes provides
valuable insights into how CAMAPPO dynamically adjusts
these elements to optimize network performance within the

TABLE 1: Inference seconds time to optimize beamforming
according to the number of users in the AP

Algo./Num. 18 22 26 30 34

CA 15.059 18.141 21.095 24.410 26.998
WOA 39.073 40.531 41.646 42.697 45.031
CAMAPPO 0.002 0.002 0.002 0.002 0.002
MAPPO 0.002 0.002 0.002 0.002 0.002
PPO 0.001 0.001 0.001 0.001 0.001

specific experimental environment.
In order to apply the algorithm proposed in a real-

world environment, it is essential to verify the inference
time. Table 1 shows the optimal inference time for each
algorithm according to the number of users. It can be seen
that the inference time of CA and WOA, which were used
for general optimization, linearly increases as the number
of users increases. However, reinforcement learning-based
methods were robust to the number of users and were able
to infer quickly. These results were obtained by evaluating
the trained model in a real-time scenario, and the times
do not include the computational cost of the CA algo-
rithm or the training process. The CA algorithm is utilized
during the training phase as an initialization step to pro-
vide suboptimal solutions that guide the learning process.
However, once the CAMAPPO model is fully trained, the
CA algorithm is no longer involved in the inference stage.
By decoupling the training complexity from the inference
process, CAMAPPO achieves a practical balance between
improved performance and real-time applicability. While
the training phase may require additional computational
resources due to the inclusion of CA, the inference phase
is optimized for efficient execution, making the algorithm
suitable for dynamic communication environments where
real-time decision-making is critical. However, the actual
learning time was faster in general reinforcement learning
methods because learning time requires additional time to
derive suboptimal values using CA. To solve this problem
in future work, data on suboptimal values will be created
before learning to save time to derive suboptimal values
during learning.

6 CONCLUSION

This work proposes a novel network architecture for indoor
wireless communication that seamlessly integrates multiple
APs with STAR-RIS units. This architecture aims to deliver
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exceptional service to a multitude of UEs. We depart from
traditional approaches by formulating a comprehensive op-
timization problem that tackles UE assignment, AP beam-
forming, and dynamic STAR-RIS control within a unified
framework. To address the inherent complexity arising from
heterogeneous decision variables with diverse constraints,
we introduce a decentralized DRL framework that empow-
ers each decision variable to act as an independent agent,
enabling them to learn and adapt within the dynamic envi-
ronment. Furthermore, we present CAMAPPO, a novel so-
lution approach that incorporates learned values and lever-
ages a CA for significantly faster learning and improved
convergence. Extensive simulation results demonstrate the
superiority of CAMAPPO which outperforms baseline al-
gorithms by a significant margin in terms of network utility,
solidifying its exceptional performance within the specified
network environment.
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