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Abstract: A simultaneously transmitting and reflecting reconfigurable intelligent surface (STAR-RIS) assisted multi-
user near-field wideband communication system is investigated, in which a robust deep reinforcement learning (DRL)
based algorithm is proposed to enhance the users’ achievable rate by jointly optimizing the active beamforming at the
base station (BS) and passive beamforming at the STAR-RIS. To mitigate the beam split issue, the delay-phase hybrid
precoding structure is introduced to facilitate wideband beamforming. Considering the coupled nature of the STAR-
RIS phase-shift model, the passive beamforming design is formulated as a problem of hybrid continuous and discrete
phase-shift control, and the proposed algorithm controls the high-dimensional continuous action through hybrid
action mapping. Additionally, to address the issue of biased estimation encountered by existing DRL algorithms, a
softmax operator is introduced into the algorithm to mitigate this bias. Simulation results illustrate that the proposed
algorithm outperforms existing algorithms and overcomes the issues of overestimation and underestimation.
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1 Introduction generation (6G) wireless networks (Xu et al., 2019).

This process has been marked by an insatiable de-

The relentless pursuit of more robust, efficient,
and faster wireless communication systems has led
to the continuous evolution of network technologies,
transitioning from the early generations to the cur-
rent fifth-generation (5G) and the forthcoming sixth-
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mand for increased data rates, reduced latency, and
higher reliability in data transmission, setting the
stage for groundbreaking innovations in the telecom-
munication field. The development of 5G wireless
networks and the ongoing evolution toward 6G wire-
less networks have positioned the reconfigurable in-
telligent surfaces (RISs) as a key technology for fu-
ture network enhancements (ElMossallamy et al.,
2020). Characterized by its ability to reflect sig-
nals, it offers a low-cost and energy-efficient solu-
tion to several longstanding challenges in network
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design (He et al., 2024; Hua et al., 2024a, 2024b;
Liu et al., 2024; Xiao et al., 2024b). However, de-
spite the significant advancements facilitated by RIS,
the pursuit for even more sophisticated solutions
has unveiled the limitations of traditional RIS ar-
chitectures, particularly in achieving comprehensive
coverage and maximizing network efficiency. Tra-
ditional RISs reflect only signals and face coverage
limitations due to their inherent 180° reflection ca-
pability (Li XW et al., 2022). This has led to the
emergence of the simultaneously transmitting and
reflecting reconfigurable intelligent surface (STAR-
RIS) (Mu et al., 2022), which extends the capabilities
of the RIS by providing dual-functionality elements
that can significantly improve network performance
and flexibility (Guo et al., 2023; Li XW et al., 2024).
Recent advances have focused on using the STAR-
RIS for achieving diverse goals within wireless net-
works, including enlarging coverage areas (Wu et al.,
2021), simultaneously reducing transmission power
(Mu et al., 2022), and boosting spectrum and energy
efficiency (Wang ZL et al., 2023). Wu et al. (2021) in-
vestigated the potential of the STAR-RIS to expand
network coverage in an STAR-RIS-assisted non-
orthogonal multiple access (NOMA) communication
system. Mu et al. (2022) explored joint beamform-
ing to reduce the base station (BS) transmit power
under three STAR-RIS protocols. Wang ZL et al.
(2023) introduced a power consumption model for
the STAR-RIS and enhanced both spectrum and en-
ergy efficiency in wideband multiple-input multiple-
output (MIMO) systems within the terahertz fre-
quency range. Furthermore, as 6G approaches, the
demand for high-frequency wideband communica-
tions is increasing. The architecture of full-digital
beamforming, where each antenna is linked to a ded-
icated radio frequency (RF) chain, is often deemed
impractical due to excessive cost and high power con-
sumption (Han et al., 2021). Consequently, Yu et al.
(2016) proposed a hybrid analog-digital beamform-
ing architecture that uses fewer RF chains for digi-
tal processing and incorporates cost-effective phase
shifters for analog shaping. Additionally, Wang ZL
et al. (2023) integrated true time delayers (TTDs)
into the conventional hybrid beamforming frame-
work to mitigate the beam split issue.
the studies mentioned above primarily focused on
far-field communications, assuming planar wave con-
ditions where electromagnetic (EM) wave propaga-

However,

tion was simplified using far-field channel models.
With increased antenna/element number and higher
frequencies, it is anticipated that wireless communi-
cations will transition towards the near-field region,
which is defined by the Rayleigh distance (Kraus and
Marhefka, 2002). In the near-field domain, the spher-
ical wave based channels which include both angle
and distance information of users should be consid-
ered (Wang J et al., 2024). Xiao et al. (2024a) pro-
posed a hybrid near- and far-field channel estimation
scheme for an STAR-RIS system with hardware im-
perfections. Li HC et al. (2023) worked to maximize
users’ achievable rate in an STAR-RIS-assisted near-
field MIMO communication system. Unfortunately,
while the aforementioned studies have introduced
several STAR-RIS-assisted models, these models
are typically based on the assumption that STAR-
RIS elements have arbitrary transmission coefficients
(TCs) and reflection coefficients (RCs). However,
as highlighted in Abeywickrama et al. (2020), the
passive nature of STAR-RIS elements restricts their
ability to provide arbitrary phase and amplitude
responses.

Artificial intelligence (AI) has recently become
a groundbreaking solution for handling large-scale
data, complex non-linear problems, and computa-
tional challenges (Huang et al., 2019).
cations in wireless communication design and opti-
mization have gained significant interest and reflect
a consensus on its pivotal role in future networks
such as 6G wireless networks (Jiang et al., 2017;
Shafin et al., 2020). Al is particularly valuable in
large MIMO systems, where it simplifies the com-
plexity of dealing with numerous array elements.
Deep learning (DL), for instance, has streamlined

Its appli-

the process of determining the beamforming matri-
ces of MIMO systems by mapping channel data to
precoding designs and reducing complexity and com-
putational demands through offline predictions, de-
spite the need for extensive data for online training.
Zhu FH et al. (2024) employed a Wasserstein gen-
erative adversarial network with gradient penalty
(WGAN-GP) to efficiently infer high-dimensional
beamforming matrices from minimal channel infor-
mation for holographic antenna arrays, aiming to
reduce the computational overhead typically associ-
ated with traditional beamforming methods. Zhu
FH et al. (2023) developed a robust beamforming
method for millimeter wave communication systems
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using a self-supervised hybrid DL approach, tested
on two distinct datasets to demonstrate strong per-
formance across different environments. It is note-
worthy that this method is based on self-supervision
and uses the data to generate labels as supervi-
sory signals for the learning process, which makes
it highly dependent on the data. In complex RIS-
assisted communication scenarios, deep reinforce-
ment learning (DRL) has been applied to tackle op-
timization challenges; it does not rely on manually
provided or generated labels, but instead uses feed-
back signals from the environment to guide the learn-
ing of optimal strategies. Huang et al. (2020) used
the deep deterministic policy gradient (DDPG) algo-
rithm to jointly optimize the transmit beamforming
matrix of the BS and the phase-shift matrix of the
RIS. Samir et al. (2021) developed a proximal pol-
icy optimization (PPO) algorithm aimed at reduc-
ing the expected age-of-information (Aol) for aerial
RIS systems. Within STAR-RIS-assisted communi-
cation scenarios, Ni et al. (2021) suggested a feder-
ated learning approach to increase the data rates in
a heterogeneous NOMA network.

Despite the advantages of the hybrid beamform-
ing architecture and the STAR-RIS, the joint design
of active beamforming at the BS and passive beam-
forming at the STAR-RIS has emerged as a new
challenge. In practical applications, the EM char-
acteristics of STAR-RIS elements restrict the inde-
pendent adjustment of TCs and RCs. This leads to
the implementation of a hybrid continuous and dis-
crete control approach for passive beamforming at
the STAR-RIS. Additionally, the hybrid phase-shift
control at the STAR-RIS is particularly beneficial
for enabling the algorithm to learn adaptive strate-
gies for the dynamic nature of near-field communi-
cation channels. However, existing solutions based
on convex optimization and machine learning typi-
cally support only either continuous or discrete con-
trol. Therefore, we introduce a DRL framework for
DRL proves to be
especially advantageous in wireless communication
systems where radio channels fluctuate over time. It
enables these systems to learn and adapt to the radio
environment without prior knowledge of the channel

the joint beamforming design.

model or mobility patterns. By observing environ-
mental rewards, DRL facilitates the design of effi-
cient algorithms and addresses complex optimization
challenges. For instance, in Zhou et al. (2020), DRL

was employed to derive hybrid beamforming matri-
ces at the BS, where the sum rate and the elements
of the beamforming matrix were considered as states
and actions, respectively. Similarly, in Shafin et al.
(2020), the cell vectorization problem was framed as
the selection of an optimal beamforming matrix to
enhance network coverage, with DRL tracking the
user distribution patterns. In Mismar et al. (2020),
DRL was used to solve a non-convex optimization
problem involving the joint design of beamforming,
power control, and interference coordination to max-
imize signal-to-interference-plus-noise ratio (SINR).
Additionally, considering the issue of biased esti-
mation faced by existing DRL algorithms, we pro-
pose a robust DRL algorithm aiming to mitigate the
bias. In this study, we propose a near-field wide-
band communication system assisted by an STAR-
RIS, where the system architecture enables the BS
to efficiently serve multiple users. The core contribu-
tions of our research are as follows: First, we intro-
duce an STAR-RIS model designed to broaden the
coverage capabilities of the conventional RIS model.
This model accounts for the EM properties inherent
in the STAR-RIS elements which intricately couple
the phase shifts in both transmission and reflection
processes. By leveraging this model, we enhance
the achievable data rates for all users by jointly de-
signing the active and passive beamforming of the
BS and the STAR-RIS, adhering to the power con-
sumption constraints of the BS. Then, we introduce a
robust DRL algorithm named SD3 to address the for-
mulated optimization problem. The SD3 algorithm
shows good performance in high-dimensional action
control and provides an effective solution for dynamic
resource allocation in our system. Finally, the simu-
lation results illustrate the SD3 algorithm’s superior
capabilities. Compared with established methods
such as DDPG and twin delayed DDPG (TD3), the
SD3 algorithm distinguishes itself through its rapid
convergence rates and superior overall performance
metrics.

Notations: The space of N x M complex matri-
ces is represented by CV*M || denotes the mag-
nitude of scalar a, ()T denotes the transpose, I de-
notes the identity matrix, E [-] denotes the statistical
expectation, det (-) denotes the determinant of the
matrix, and ® and ® denote the Hadamard product
and the Kronecker product, respectively.
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2 System model and problem formula-
tion

2.1 Scenario description

Fig. 1 shows a near-field wideband communi-
cation system assisted by STAR-RIS. The BS is
equipped with M antennas, and the STAR-RIS com-
prises N elements. Considering a downlink scenario,
within the operational range of the STAR-RIS, there
are a total of K users each equipped with a single
antenna. The STAR-RIS inherently partitions users
into two distinct clusters based on their locations,
and the number of users obeys K = Ky + K, where
Kg and K7 are the numbers of reflection users and
transmission users, respectively.

STAR'F’{’I§I — —» Transmitted signal
,,ll —— —J» Reflected signal
' X — P Incident signal

i1 Planar wave

Spherical ;-
wave /i

Fig. 1 System model of STAR-RIS-assisted near-
field wideband communication network (STAR-RIS:
simultaneously transmitting and reflecting reconfig-
urable intelligent surface)

We adopt an energy-splitting model for the
STAR-RIS that divides the incident signal into trans-
mitted and reflected components (Mu et al., 2022).
The TC and RC of each STAR-RIS element are de-
noted as Bt ,eTn and fg ,el%"n n=1,2,... N,
respectively. S1.,,Brn € [0,1] represent the am-
plitude coeflicients for transmission and reflection,
respectively, whereas O .,,,0r, € [0,27 represent
the corresponding phase shifts introduced by the n'®
element. In this study, we take into account the cou-
pled phase shifts of the STAR-RIS (Zhu BO et al.,
2014). Thus, the relationships between the ampli-
tude coefficients and phase shifts can be denoted as

ﬂT,n\ /1 — ﬂl%,n COSs (QR,n — eT,n) =0. (1)

It implies that if 0y, is fixed, 61, can be se-
lected from a finite set because the difference be-
tween O, and Or, is either 7t/2 or 37/2. Ac-
cordingly, for an N-element STAR-RIS, the reflec-
tion and transmission matrices can be denoted as
®Or and O, respectively. In this study, the ampli-
tude and phase-shift coefficients are assumed to be

continuously adjustable to determine the best per-
formance. For practical hardware implementations,
the obtained continuous solutions can be quantized
It has shown that the perfor-
mance degradation caused by phase-shift quantiza-
tion is small when the resolution is larger than 3 bits
(Mu et al., 2020). Therefore, we assume that the TC
and RC are “b-bit controllable,” where 2 possible
phase shifts can be defined.

to discrete values.

2.2 Channel model

For the STAR-RIS deployed near users, a far-
field wideband channel model is appropriate for the
BS-to-STAR-RIS link owing to the relatively long
Conversely, the STAR-RIS-to-user link
employs a near-field wideband channel model. In
this study, we adopt orthogonal frequency division
multiplexing (OFDM) modulation, and the center
frequency, bandwidth, and number of subcarriers
are represented by f., B, and L, respectively (Li
HY et al., 2020). We assume that the spacing be-
tween the BS antenna arrays and the STAR-RIS
elements is d = \./2, where \. is the wavelength.
The channel matrix from the BS to the STAR-RIS is
represented by G € CM*NXL whereas the channel
matrix from the STAR-RIS to the users is denoted
by h € CNXEXL  Typically, a communication chan-
nel comprises a line-of-sight (LoS) path along with
multiple non-LoS (NLoS) paths (Han and Akyildiz,
2016).

Consider a wideband channel with Ly, ¢ NLoS
paths between the BS and the STAR-RIS on the I*®
subcarrier of frequency f; = f. — % + %B. The
channel matrix G; can be denoted as

distance.

Gl _ G}_JOS + G%\ILOS’ (2)

where G{“OS and G}\ILOS represent the LoS and NLoS
paths respectively, which can be further expressed as

G = age P 0q (fi, 400, 00) b (f1,00),  (3)
Ly s
GNEoS — Z e T (fy 4 0;) BT (1, 00).
1=1
(4)

Here ag, 19, and g represent the path gain, delay,
and departure angle of the LoS path, respectively,
and «;, 7;, and @; represent the path gain, delay, and
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departure angle of the i*" NLoS path between the BS
and the STAR-RIS, respectively. 1y and 9 represent
the azimuth angle of arrival (AOA) and the elevation
AOA associated with the STAR-RIS, and v; and v;
represent the azimuth AOA and the elevation AOA
of the i*® NLoS path, respectively. a (f1,,7) and
b (f1,¢) represent the array response vectors of the
uniform plane array (UPA) at the STAR-RIS and the
uniform linear array (ULA) at the BS, respectively,
which are given by

(fl»lZJ 19)
[1 i’ ldsmwsmﬁ oI (N, 1) sin g sind T
@ [1, 673" deond o3 <Ny—1>azcow}T
(5)
b(fl ) |:1 o fldsuup o 2ncfz (Mfl)dsingp]T

(6)

where the dimension of the UPA at the STAR-RIS is
assumed to be N, x N, and c is the speed of light.
As shown in Fig. 2, taking into account the
deployment of the STAR-RIS in close proximity to
users, the near-field wideband channel from the n'®
STAR-RIS element to the k" user is given by

e (f1) = bS8 (1) + WSS (f0) - (7)

Especially, the LoS channel can be expressed as

cC —JQde’kfl
f) = —F7— CHEN 8
( ) 47Tfl nk ( )
where m and d,, ; denote the free space path-

loss coefficient and the distance from the n'®* STAR-
RIS element to the k" user, respectively. Assuming

2 A STAR-RIS

5

e

Reference
element

NS\RNRN

Spherical wave

Spherical wave

ANNSNRN

-
X

Fig. 2 Near-field line-of-sight (LoS) channel

that there are Lg ,, paths between the STAR-RIS and
users, the NLoS channel can be expressed as

hNLoS (fl)

Lb & 27[fl7'7, .]27le ( n,k Sin0; cos ¢;+dy, p sinb; sind; )
E ae I T

i=1

c
)

(9)

where 7; and «; represent the delay and loss of each
path between the STAR-RIS and users, respectively.
0; and ¢; are the angles of arrival.

2.3 Delay-phase hybrid beamforming

The classical hybrid precoding is based on the
narrowband assumption, making it difficult to ap-
ply directly to wideband communication. Specifi-
cally, hybrid precoding consists of two parts, low-
dimensional digital precoding and high-dimensional
analog precoding, design of high-
dimensional analog precoding directly determines
the performance of the hybrid precoding. Classi-
cal analog precoding is typically implemented us-

where the

ing a phase shifter array, which can achieve only
frequency-independent phase shifts (Headland et al.,
2018). This phase shifting method is quasi-optimal
in narrowband systems (Zhang and Huang, 2014),
but in wideband communication, there exists a se-
vere beam split effect, where the beams generated
by the phase shifters propagate in different direc-
tions at different frequencies, deviating from the di-
rection of the user, thereby introducing significant
array gain loss (Gao et al., 2019). The beam split
effect severely restricts the achievable rate for users,
becoming a key bottleneck in the application of hy-
brid precoding to wideband communication. To ad-
dress this, we adopt the delay-phase hybrid precod-
ing structure proposed in Dai et al. (2022) instead
of the conventional hybrid precoding structure as
shown in Fig. 3. The delay-phase hybrid precoding
structure incorporates a small-scale time-delay net-
work between the large-scale phased arrays and the
RF chains. This leverages the frequency-dependent
phase shifts offered by time-delay elements to bet-
ter align with frequency-dependent steering vectors,
thus cost-effectively mitigating the beam-splitting
phenomenon. The model of delay-phase hybrid pre-
coding will be detailed below.

We denote the number of data streams trans-
mitted between the BS and the users as Ny, and the
number of RF chains at the BS as Ngp, satisfying
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Fig. 3 Delay-phase hybrid precoding architecture

Ny < Nryp. Assuming that the information sequence
transmitted at frequency point f; is s;, the signal sent
by the BS is expressed as

z; = Wis, (10)

where W, is the active beamforming matrix and can
be denoted as

W, = A/D,, (11)

where A; is the high-dimensional analog precoding
matrix, and D; € CVrrxNe g the low-dimensional
digital precoding matrix. During downlink transmis-
sion, the transmitted data first pass through D; and
then enter the analog component through the RF
chains, where they are processed by the analog pre-
coding matrix A; before being radiated into space by
the transmit antennas. In the analog precoding com-
ponent, each RF chain is connected to N; time-delay
units, with each time-delay unit connecting Np =
M /Ny phase shifters. On one hand, time-delay units
produce frequency-dependent phase shifts, thereby
matching frequency-dependent steering vectors. On
the other hand, the number of time-delay units con-
nected to each RF chain N; is significantly smaller
than the actual number of antennas M, which re-
sults in a relatively low additional cost. The ana-
log precoding matrix A; consists of two parts, a
frequency-independent high-dimensional phase shift
matrix and a frequency-dependent low-dimensional
time-delay matrix. Therefore, A; can be represented
as

Al:AQ(E(g)eNP)v (12>
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where A € CM*Nrr denotes the phase shift matrix
generated by large-scale phase shifter arrays, which
satisfies the |A (i, )| = 1 constraint. ey, represents
a vector of dimension Np x 1 filled with ones. The
dimension of T; is Ny X Nrp, which represents the
phase adjustment matrix generated by a small-scale
time-delay array at the frequency point f;.

2.4 Problem formulation

At time slot ¢ and frequency point f;, consid-
ering the scenario where users are equipped with a
single antenna, the information sequence and the ac-
tive beamforming vectors for reflection user r can
be denoted as s, ¢; and w; , respectively. The re-
ceived signal at user r is given by

Kr
Yrid = (GriOr i) Zwr,t,lsr,t,l +mno, (13)

r=1

where ng represents the Gaussian noise. Given the
received signal, the SINR of user r is given by

|Gt,l @R,t,l hr,t,l’wr,t,l |2

Tr,t,l = D) ) (14>
G1Or by Y, wgy| +o0?
k<K ktr
where o2 represents the noise power. Therefore,

given a bandwidth B, the achievable rate of user
r is given by

Rr,t,l = 10g2(1 + T’r,t,l)- (15)

Correspondingly, the achievable rate of the
transmission user can also be obtained. In this study,
we aim to maximize the achievable rates for all users
by simultaneously optimizing the active and passive
beamforming matrices of the BS and the STAR-RIS.
The optimization problem is formulated as

T K L

max_ y. > > Rpty (16a)
OR,OT (=] =1 =1

s.t. — < Oy < 70,0, VE, (16b

- < Op .t < T, VN,VE, (16¢
0< fBnt <1,Vn,Vt, (16d

)
)
)
Brir/1— B2 cos (Orm,i — Or,ne) =0, (16e)
)
)

(
Rit1 > Rqos, Yk, Vt, VI, (16f

Pt S Pma)u (16g

where constraints (16b) and (16¢) set the allow-
able ranges for the TC and RC, respectively.
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Constraint (16d) limits the amplitude of each STAR-
RIS element due to energy conservation, whereas
constraint (16e) details the interdependence of am-
plitudes and phases. Constraint (16f) ensures quality
of service (QoS), and constraint (16g) is the maxi-
mum power constraint at the BS. The main challenge
in solving the proposed optimization problem arises
from the coupled phase-shift model of the STAR-
RIS. In this model, each unit of the STAR-RIS can-
not independently control the TC or RC. For in-
stance, assuming 3, ; # 0, once the RC is determined
as Or.n,t, the TC can be selected only from a finite
set {GR,n,t + %, HR%t — %} (If Bn,t =0or ﬁn,t =1,
the STAR-RIS would operate in either the full trans-
mission or full reflection model, which does not meet
the conditions of the proposed problem). Existing
solutions based on convex optimization and machine
learning typically support only either continuous or
discrete control. Therefore, the requirement of hy-
brid control of the TC and RC motivates us to de-
velop a DRL algorithm for solving this challenge.

3 SD3 algorithm

Recent studies have prompted the adoption of
DRL-based approaches for resource allocation, fo-
cused on maximizing the achievable data rate, en-
suring required QoS, and minimizing energy con-
sumption in communication systems. However, tra-
ditional DRL algorithms often encounter issues of
overestimation and underestimation, which impacts
their effectiveness. In this section, we introduce a ro-
bust DRL-based algorithm, SD3, which integrates a
softmax operator and a clipped action space to miti-
gate these issues. Initially, the foundational concepts
of generalized DRL are reviewed before delving into
the specifics of the SD3 algorithm.

3.1 Overview of deep reinforcement learning
(DRL)

Current mainstream DRL tasks can be de-
scribed using the Markov decision process (MDP).
Within a complete decision-making unit, at time
step ¢, an agent receives state information s; from
the environment, selects an action a; based on its
policy 7 (at|s¢), and executes this action in the en-
vironment. The environment responds to the action
through a state transition function P, updating the
state s; to s;4+1 and returning a reward r; to the

agent for taking that action. The agent’s policy can
be optimized by maximizing the long-term cumula-
tive reward which is given by

max [E
U
t=0

T
D oAt (Stvﬂ(st))] ; (17)

where v € [0,1] is the discount factor that influ-
ences the significance of future rewards relative to
the present state. The action-value (Q-value) func-
tion is similarly described as

T
Qﬂ— (St,at) :Eatwﬂ(~|st) |:Z ’}/t’f‘t|80 = S,ap0 = a] .
t=0
(18)

Previous studies have shown that exploring con-
tinuous action spaces in Q-learning requires substan-
tial time (Silver et al., 2014). The DDPG algo-
rithm is a model-free, off-policy reinforcement learn-
ing method designed to work in continuous action
spaces. It uses two main components, an actor net-
work 7 (s|6™) that determines the best action given
the current state, parameterized by 67, and a critic
network @ (5, a|5Q) that evaluates the predicted Q-
value of the current state and action pair, parame-
terized by 6%. The actor network updates its policy
by using gradients from the critic network, aiming to
maximize the expected reward. The critic network is
trained using the Bellman equation and the tempo-
ral difference error. To stabilize learning and pursue
fast convergence, the DDPG algorithm employs tar-
get networks for both the actor and critic networks,
7! (s|5”/) and Q’ (s, a|(5Q/), and uses experience re-
play to update networks with a mini-batch size Ny,
of experiences drawn from a replay buffer D. The
actor network updates its policy with the following
policy gradient:

Ny,
ng J= NLb Z VaQ (si7ai|(5Q) ngﬂ' (81|5ﬂ>
i=1
(19)
The loss function for updating the critic network
is
1 &

2
L=+ > (i — Q (siailo?))”,

i=1

(20)

where y; is the target value of the Q-value function
in the current state and can be written as

yi =1 +9Q’ (5i+1771'/ (Sz’+1|5”l) ’(5("?/) . (21)
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Subsequently, the DDPG algorithm modifies
the weights of the target networks in the following
manner:

Q’ Q4 (1—9) 9
{5 — 069 + (1 —0) 69, (22

6™ «— 36 + (1 —9) 6™,

where 0 denotes the learning rate and 0 < 1.

A significant challenge with the DDPG algo-
rithm is the problem of overestimation (Mnih et al.,
2015). Employing deep neural networks to estimate
the action-value function (Q-function), DDPG se-
lects actions that maximize the Q-value through the
current policy network. Subsequently, this maxi-
mum Q-value is used to update the Q-function. This
repetitive process can lead to systematic overestima-
tion of Q-values, thereby impacting the learning ef-
ficiency of the algorithm and the performance of the
final policy. Recent studies suggest that the TD3 al-
gorithm considerably improves the convergence rate
and overall efficacy of the DDPG algorithm by imple-
menting clipped double estimators, ;1 and @, for
the critics. Similar to the DDPG algorithm, critic
networks )1 and @, are characterized by parame-
ters 091 and 692. In addition, the TD3 algorithm
selects the minimum estimation values of the critic
networks and can be written as

yr.y2 =7+ yminQ; (senm (se41[677) [697),
(23)

where 6™~ and 6977 € {1,2}, represent the pa-
rameters for the target actor and critic networks,
respectively. Therefore, any additional overestima-
tion of the target values can be mitigated. The proof
of the TD3 algorithm was clearly outlined in Fuji-
moto et al. (2018), but it faces an underestimation
problem that notably impacts its performance (Pan
et al., 2020). This is because selecting the smaller
value will further reduce the estimate when the es-
timates from both critic networks are low, thereby
constraining the learning of the policy.

3.2 Robust DRL-based scheme

Fig. 4 depicts the interaction between the algo-
rithm and the environment, where the policy net-
work uses the channel state information (CSI) as
the state to determine the optimal action. The SD3
agent then executes this action in the environment,
receiving the next state and reward. To tackle both
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Fig. 4 Structure of the proposed SD3 algorithm

the overestimation bias of the DDPG algorithm and
the underestimation bias of the TD3 algorithm, the
SD3 method incorporates a softmax operator in the
TD3 algorithm to mitigate biases. The softmax op-
erator is specified as

faEA exp(nQ(s,a))Q(s,a)da
exp(nQ(s,aty1))dasyr’

softmax, () = (24)

ajy1€A
where A is the finite set of actions and 7 is the param-
eter of the softmax operator. Therefore, an unbiased
estimation is obtained:

softmax, @ (s, )

- F eXP(ﬂQ(St+1,M+1))Q(St+17at+1)
- p(att1)

/Eat+1~P [CXP(”Q(SHA’%+1)):| )

platt1)

| e

At 1~p |:

where p (at.+1) represents the probability distribution
of the next time step action, which follows a Gaus-
sian distribution, and Q (S$t41, at+1) denotes the min-
imum estimation value between all critic networks.
The estimation value of the target critic network is
given by

y=r+7l5p3 (St+1) (26)

where I'sps(s¢41) = softmax, (Q (5t+1,')) repre-
sents the softmax operator for the SD3 algorithm
and the sampled action is derived by adding noise
N within the range [—c, ¢] to the target actor net-
work. This feature enables the SD3 algorithm to
provide accurate and reliable estimates of the soft-
max Q-function. The complexity of our system de-

sign, which includes four neural networks (a pair
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of actor networks and a pair of critic networks),
each composed of L layers and performing T steps
per episode, is expressed as O (4T (Zlel nml_l)),
where 7; denotes the total number of neurons in
the I'" layer. Correspondingly, the complexity of
the DDPG and TD3 algorithms can be denoted as
0] <2T (Zlel 77l77l71>) and O <3T (Zle 77l77l71)>7
respectively. A detailed explanation of the proposed
algorithm is provided in Algorithm 1.

3.3 State, action, and reward design

In this study, we explore the role of DRL within
an STAR-RIS-assisted wireless network, and the
state space, action space, and reward structure are
detailed subsequently to provide a comprehensive
understanding of the DRL framework’s application.

1. State. At each time step ¢, the state of the
environment consists of the CSI from the BS to the
STAR-RIS and from the STAR-RIS to all users, the
dimension of state space is Dy = 2NKL + 2MNL,
and s; is given by

St = {Re {Gt} ,Im{G’t},Re {ht},Im{ht}} . (27)

2. Action. At each time step ¢, the action in-
cludes the precoding matrix at the BS along with
the amplitude coefficients and phase shifts of the
STAR-RIS. With the TCs determined by RCs, the

dimension of the action space is D, = 3N + M Ngp +

NrrNi L+ NrrpK L, and a; can generally be denoted
as

a; = {Re {W;} , Im {W,},Or i, a1y, 5} . (28)

For a specific STAR-RIS element n, 61, can

be obtained by the binary discretized a

0Rnt+ﬂ aT n,t >0
Or it = ” 27 T = 29
Lot { GR,n,t - %7 aT n,t < 0. ( )

Due to limitations in materials, we assume that
the TC and RC are “b-bit controllable.” Therefore,
the discrete phase-shift values are obtained by uni-
formly quantizing the interval [—, 71|, and the con-
tinuous values outputted by the proposed DRL algo-
rithm will be rounded to the nearest discrete phase-
shift values.

3. Reward. The reward function at time step ¢
is the sum of the users’ achievable data rates, which
are expected to increase as training progresses.

M=

L
> Rk, if Rgyy > Rqos, Yk, Vi,
1i=

k=1

ry =

Q

1—

—

L
D > > R, if R <Rqos, 3k, 3,
=1

(30)

Algorithm 1 The robust SD3 algorithm

1: Initial: Actor networks m; (s|67%) and critic networks Q; (s,a|6%) with random parameters, i € {1,2}; target networks
™17 ¢ §T1, §R1T — §Q1 §T2— 4+ §72, §R2— + §Q2; experience replay buffer D;

2: for episode Ne =1 to Nepoch do
3: Collect the current G and h for the Neth episode;
4: for t=1toT do
5: Select action a; based on policies 71 and 72;
6: Execute action a; in the environment and obtain the reward r¢, the next state s¢41, and the done flag d;
7 Record (st,at, St+1,7¢,d) into D;
8: for i=1,2 do
9: Randomly sample a mini-batch of transition tuple from D;
10: Sample noise € ~ N (0,0);
11: Qg1 < m (se4110™7) 4 clip (€, —¢, ¢);
12: Q (5¢41,at+1) + minj—1,2 (Q; (s¢41,a4+1]6997));
13: softmaxy,Q (st+1, ) < Eaypr~p exP("Q(&tﬂ’:tdti)l)Q(stﬂ1at+1)} /]Eat+1~ » {exp(ningl’)atﬂ)) :
14: yi <+ (1 — d)softmax, (Q (st+1, ))7
15: Update the critic network parameters §9¢ with Bellman loss Nibzs (yi —Q; (s7 a|6Qi))2;
16: Update the actor network parameters §™i with the policy gradient
e X (VaQi (5,al89) |y o521y Vomim (5167) )3
17: Soft update the target network parameters §%i~ < 339 + (1 — 9)§Qi—,§™i~ ¢+ 3§™i + (1 — )™~
18: end for
19: end for

20: end for
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where C} is the penalty function to satisfy the mini-
mum reachable rate and is given by

K L
1
Cy = KL Z Z f(Rit1 — Rqos), (31)
k=1 1=1
and f () is the piecewise function defined as f (x) =
1forxz < 0and f(z)=0forz > 0.

4 Numerical results

This section outlines the simulation settings and
discusses the performance of the proposed algorithm.
Specifically, the proposed robust DRL algorithm,
SD3, is compared to the DDPG and TD3 algorithms.
The BS is located at [2000,2000,15] m, and the
STAR-RIS is located at [0,0,5] m. The default sim-
ulation parameters are listed in Table 1.

Table 1 Simulation parameters

Parameter Description Value
M Number of BS arrays 32
N Number of STAR-RIS elements 128

NRF Number of RF chains 2
fe Center frequency 28 GHz
B Bandwidth 2 GHz
L Number of subcarriers 10
K Number of users 2
Prax Maximum power per antenna 20 dBm
o2 Noise power —100 dBm
o7 Discount factor 0.99
3] Learning rate 0.0003
Np Replay buffer size 10 000
Ny Batch size 256

BS: base station; STAR-RIS: simultaneously transmitting and
reflecting reconfigurable intelligent surface

We assess the proposed SD3 approach described
in Algorithm 1 and two benchmarks, and the rewards
of different algorithms are shown in Fig. 5. As train-
ing progresses, the average reward of the DDPG algo-
rithm steadily increases, ultimately reaching approx-
imately 75. The TD3 and SD3 algorithms achieve
an average reward of 90, which represents a 20%
performance improvement compared to the DDPG
algorithm. Additionally, the SD3 algorithm boasts a
higher convergence rate compared to the TD3 algo-
rithm, providing a better hybrid beamforming and
phase adjustment scheme to our system.

In the SD3 algorithm, we employ fixed learning
rates for the actor and critic neural networks. Fig. 6
displays an evaluation of its performance across a
range of learning rates, specifically 0.01, 0.001, and
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0.0003. It is evident that the learning rate greatly
influences the effectiveness of the SD3 algorithm.
In particular, the algorithm with a learning rate of
0.0003 achieves optimal performance, though it re-
quires more time to converge compared to the rates of
0.01 and 0.001. Conversely, a higher learning rate of
0.01 results in a worse performance due to increased
oscillations. In conclusion, it is crucial to select an
appropriate learning rate, and avoid rates that are
either too high or too low.

Fig. 7 demonstrates the influence of the number
of STAR-RIS elements N on the SD3 algorithm per-
formance, where the system configurations are set
to N € {128,192,256} with corresponding rewards
over episodes. Similarly, we investigate the impact
of the number of BS arrays and users on the perfor-
mance of the SD3 algorithm shown in Figs. 8 and
9 respectively, in which we consider the system set-
tings M € {32,64,128} and Ky € {1,2,3}. Specif-
ically, as N and M grow, the average rewards also
increase progressively as anticipated, but it does not
increase the convergence time of the SD3 algorithm.
As the number of users increases, the achievable

90{ — DDPG
—TD3
— SD3
801

701
601

501

Average reward

401

301

0 200 400 600 800 1000

Episode index

Fig. 5 Performance of different algorithms
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Fig. 6 Average rewards under different learning rates
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Fig. 7 Average rewards under different numbers of
STAR-RIS elements
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Fig. 9 Average rewards under different numbers of
reflection users

rate decreases due to the intensified interference
among users, and the SD3 algorithm consistently
converges throughout the training process under var-
ious conditions. These results further indicate that
our proposed algorithm is robust across a broader
range of application scenarios and approaches opti-
mal performance.

Fig. 10 illustrates the performance of the SD3
algorithm under various maximum power consump-
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Fig. 10 Sum rate as a function of the maximum power
consumption

tion levels, along with two benchmark algorithms. It
is observed that, because the maximum power con-
sumption per antenna is set to Ppax € {—10, 0, 10,
20, 30} dBm, the sum rates increase progressively as
anticipated. Under each maximum power consump-
tion constraint, the SD3 algorithm achieves supe-
rior performance compared to the DDPG and TD3
algorithms.

5 Conclusions

In this study, we employed a DRL framework
to jointly design active and passive beamforming
for a multi-user downlink communication system as-
sisted by an STAR-RIS. Accounting for the coupled
phase shifts of the STAR-RIS and hybrid beamform-
ing structure of the BS, we introduced a robust DRL
algorithm, SD3, to address the joint beamforming
design challenge. The simulation results and anal-
ysis demonstrated that the SD3 algorithm outper-
forms other algorithms such as DDPG and TD3 in
complex communication scenarios, overcomes over-
estimation and underestimation, and exhibits vary-
ing performance under different learning rates and
numbers of elements, highlighting its superior per-
formance and wide applicability. For future work,
the joint beamforming design in MIMO scenarios is
expected to be an interesting research topic.
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