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ARTICLE INFO ABSTRACT

Keywords: Recent advancements in programmable metamaterial fabrication have led to the development of reconfigurable
Reconfigurable intelligent surface intelligent surfaces (RIS), recognized as a pivotal technology for creating smart radio environments in future wire-
Beamforming

less communication systems. Utilizing RIS as reflecting arrays can achieve similar performance to multiple-input
Deep reinforcement learning . . ., e . . . © e
Proximal policy optimization multlple—otlltput (MIMO) systems without req1.11r.1ng adfht.lon;:ll radio frequen.cy (RF) chains, leaz.ilng to significant
MISO energy savings. In this paper, we explore the joint optimization of base station (BS) beamforming and RIS phase
shift to maximize the weighted sum rate. The continuous movement of users necessitates continuous updates
of channel state information (CSI), resulting in a non-convex optimization problem. To address this problem,
we proposed an advanced deep reinforcement learning (DRL) technique, known as proximal policy optimization
(PPO), to achieve optimal beamforming (BS) and phase-shift matrix values (RIS) in continuous action spaces at
low complexity and low training overhead. The effectiveness and accuracy of the proposed algorithm are eval-
uated through extensive simulations and assessed against baseline approaches (i.e., deep deterministic policy
gradients (DDPG) and fractional programming (FP)). Simulation results demonstrate that the proposed PPO-
based algorithm outperforms DDPG and FP by 14.17 % and 29.38 %, respectively, in terms of weighted sum rate.
The corresponding time-complexity reductions are up to 3x and 5.2x, respectively, showing the efficacy of the

proposed solution.

1. Introduction

Over the past two decades, the world has witnessed a signifi-
cant rise in mobile subscribers and data usage. According to [1],
mobile subscribers are expected to reach 9.2 billion, with an aver-
age monthly data consumption of 56 gigabytes (GB) by the end of
2029. To meet this growing demand, massive multiple-input multiple-
output (MIMO) technology has been deployed, employing a large num-
ber of antennas at the base station (BS) to communicate efficiently
and simultaneously with multiple users at high data rates and low la-
tencies [2]. However, deploying mMIMO at the BS remains a chal-
lenging task, as large-scale antenna arrays are generally more costly,
physically limited, and consume more power than traditional MIMO
systems.

As an alternative, reconfigurable intelligent surfaces (RIS) are poised
to become a key enable technology for future wireless networks, i.e.,
sixth-generation (6G) [3-5]. RIS is made up of reflecting arrays com-
posed of varactor diodes or other micro-electrical mechanical systems
devices whose resonant frequencies are controlled electronically [6,7].

* Corresponding authors.

The microstructure of RIS fundamentally dictates its electromagnetic
(EM) characteristics, enabling the modulation of radio signals without
the need for mixing or radio frequency (RF) chains by manipulating the
amplitude, phase, frequency, and even the orbital angular momentum
of EM waves. In summary, RIS is envisioned to scale beyond mMIMO,
enabling smart radio environments and improving overall system per-
formance. Due to their low power consumption, reflective RIS units are
compact and lightweight, making them easy to install in various en-
vironments such as buildings, ceilings, moving trains, lamp posts, and
road signs [8-10].

It is important to distinguish the passive reflecting surface utilized
in RIS from those employed in other (e.g., radar and relay) systems. The
radar system cannot adjust the phase shifts of its passive reflecting el-
ements after fabrication, nor can its antenna phase shifts be controlled
to modify signal propagation. Unlike relay systems, reflective RIS mod-
ifies signal propagation solely by reconfiguring the meta-atoms on its
metasurfaces, eliminating the need for RF chains and avoiding an in-
crease in thermal noise due to reflection. Relay nodes require active RF
components for signal reception and emission and are thus classified
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as active beamformers, while reflecting RIS-assisted systems are passive
beamformers.

1.1. Related work

In recent years, RIS has gained considerable attention from both
academia and industry for its capacity to effectively alter phase shifts,
thereby improving EM propagation at a low cost and with minimal en-
ergy consumption. It has been reported that RIS is most frequently used
to develop hardware testbeds, such as metasurfaces and reflect-arrays,
and to conduct point-to-point experimental research [11,12]. Recently,
some work has been done attempting to optimize RIS-assisted network
performance. For example, [13] introduces an RIS-assisted framework
that reduces the total transmit power by jointly optimizing the BS trans-
mit precoding matrix and the RIS phase shift vector. In [14], fixed-point
iteration and manifold optimization techniques are employed to effi-
ciently maximize the sum rate by adjusting beamforming and phase
shifts for MISO systems. In [15], a concise closed-form expression is
presented to improve the sum rate of RIS-assisted MISO systems by pre-
cisely adjusting phase shifts based on available channel state informa-
tion (CSI). In [16,17], the secrecy rate performance for MISO systems
with a reflective RIS is maximized in the presence of an eavesdropper.
Most of these studies mainly focus on single-user MISO systems, which
do not scale well and can experience severe interference when multiple
users are involved.

To address these limitations, researchers have utilized RIS technol-
ogy to enhance the performance of multi-user MISO systems. For in-
stance, [18-20] investigate transmit beamforming and phase shifts at
the BS and the reflective RIS, respectively. These studies aim to max-
imize the sum rate and energy efficiency (EE) using zero-forcing (ZF)
and stochastic gradient descent (SGD) search methods. In [21], alter-
nating optimization (AO) is employed to jointly optimize beamforming
and phase shifts, aiming to minimize the total transmit power while en-
suring that each user’s quality-of-service (QoS) requirements are met.
The work in [22] demonstrates how large-scale system analysis can be
used to compute signal-to-interference-plus-noise ratios (SINR) from the
spatial correlation matrices of the RIS elements. The authors of [23]
demonstrated a RIS-based multi-user MISO system that optimizes the
sum rate and EE via BS transmission, RIS reflectors, and transmit power
allocation. In [24], the weighted sum rate performance is investigated
in a multi-cell network by simultaneously optimizing transmit beam-
forming and phase shifts, while accounting for power constraints and
unit-modulus requirements. In addition to the studies mentioned above,
RIS-assisted networks have been explored in more advanced and practi-
cal scenarios. For example, the joint design of RIS reflection and trans-
mission parameters is studied to enhance secrecy performance while
maintaining low detectability in cooperative networks [25]. Similarly,
[26] examined the effect of RIS on increasing the sum rate in a non-
orthogonal multiple access (NOMA) network powered by wireless en-
ergy harvesting. These studies primarily employ mathematical optimiza-
tion techniques, such as AO, ZF, SGD, and fractional programming (FP),
to design beamforming and/or phase shifts. However, the approxima-
tions in these methods can lead to suboptimal solutions that may not
meet the performance requirements of RIS-assisted multi-user MISO sys-
tems. Additionally, the network’s computational complexity increases
exponentially with the number of RIS elements, limiting the practical-
ity of these optimization techniques. Finally, future wireless networks
are expected to face greater uncertainties, posing significant challenges
for applying traditional methods to real-time decision-making.

Next-generation networks can experience significant improvements
through the implementation of artificial intelligence (AI)-based solu-
tions [27] and [28]. The success of model-free Al has motivated the
development of deep reinforcement learning (DRL) as an effective tool
for solving complex control problems. Due to its model-free nature, DRL
does not require any prior knowledge of the environment [29]. A key
feature of DRL is that its agent can learn through interactions with its
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environment, selecting the best actions to maximize rewards. Further-
more, DRL is less computationally complex and faster than traditional
optimization methods because it does not rely on complicated mathe-
matical formulations [30].

Due to these unique features, DRL is considered an effective and
alternative approach for solving optimization problems in RIS-aided
communication systems [31]-[32]. One major benefit of using DRL in
wireless communication systems is its capability to adapt to changing
radio channel conditions over time. DRL agents continuously interact
with their environment, gathering information through iterative up-
dates, which helps them find optimal solutions in dynamic situations
(e.g., wireless environments). As such, a DRL-enabled wireless commu-
nication system can learn and comprehend radio channels without re-
quiring explicit knowledge of the channel model or mobility patterns. A
few recent studies have used this ability to develop efficient and adap-
tive algorithms that solve complex optimization problems solely based
on observed rewards in the environment. For instance, in [33], hybrid
beamforming matrices are derived to maximize the sum rate and min-
imize the energy consumption using DRL. In [34], a cell vectorization
problem is addressed by selecting optimal beamforming matrices to op-
timize network coverage. In [35], a joint optimization problem is for-
mulated to address interference coordination, beamforming, and power
control. In [36], the joint optimization problem is addressed to maxi-
mize the sum rate. Note that most of these studies have examined the
performance of RIS-assisted multi-user MISO communication networks
using a deterministic policy gradient (off-policy), which requires con-
siderable execution time to determine an optimal solution. On the other
hand, stochastic DRL approaches (e.g., on-policy) have been extensively
studied for RIS-assisted systems. For example, joint beamforming and
RIS phase-shift control in multi-user MISO systems using statistical CSI
are demonstrated for the sum-rate [37]. A STAR-RIS-assisted network is
explored to maximize the achievable sum rate [38]. A DRL-based joint
beamforming and RIS phase configuration is proposed to maximize the
sum rate under imperfect CSI [39]. Although these works show how
to handle non-convex wireless optimization problems for sum rate, they
generally (i) assume static or long-term CSI instead of dynamic/outdated
CSI under user mobility, (ii) optimize only the RIS configuration or as-
sume fixed BS precoding or limited joint actions, and (iii) do not explore
explicit weighted-sum-rate objectives with mobility-induced CSI varia-
tions. To the best of our knowledge, no previous study has developed an
on-policy-based framework that jointly optimizes both BS beamforming
and RIS phase shifts for a multi-user MISO network with dynamic, out-
dated CSI while maximizing a weighted-sum-rate objective. The early
version of this work is presented in [40], where the proposed approach
achieves EE performance. Here, we extended our previous work to in-
clude weighted-sum-rate analysis.

1.2. Motivations and contributions

This paper aims to investigate an advanced DRL-assisted algorithm
to jointly optimize the transmit beamforming at the BS and phase shifts
at the RIS to maximize the weighted sum rate in multi-user MISO sys-
tems. This study is based on the assumption of a realistic scenario where
direct transmissions between the BS and users are completely blocked,
which is a common situation in modern wireless networks. Therefore,
employing RIS effectively will overcome signal blockage between the
BS and users. The proposed method improves system performance and
highlights the transformative potential of combining DRL with inno-
vative wireless communication technologies. A similar method is em-
ployed in an RIS-assisted full-duplex vehicular network to optimize the
RIS phase-shift matrices, thereby enhancing the overall sum-rate perfor-
mance [41]. The evaluation is conducted in high-mobility vehicular sce-
narios, with self-interference effects taken into account for full-duplex
operation. The optimization focuses only on the RIS phase shifts, and
the maximal-ratio combining/maximal-ratio transmission technique is
used for multiple-BS precoding, rather than jointly optimizing the BS
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transmit precoders and RIS configurations. The main findings of this
paper are summarized below.

1. To maximize the weighted sum rate performance, we formulate a
joint optimization problem that optimizes both the transmit beam-
forming matrices at the BS and the phase shifts of the RIS elements.
Due to user mobility, CSI becomes outdated at each time step ¢, and
the non-convex nature of the problem makes it challenging for tradi-
tional analytical optimization methods, which often rely on convex
approximations or computationally intensive iterative algorithms
that are less effective in dynamic CSI environments. To address this,
we reformulate the joint optimization problem as a Markov decision
process (MDP) and develop a DRL-based approach to solve it effi-
ciently. The proposed method is practical because the DRL agents
can be easily integrated into the BS, making them an integral part of
the communication network.

2. To effectively address the formulated optimization problem, we pro-
pose adopting a low-complexity proximal policy optimization (PPO)
algorithm. The PPO algorithms follow an on-policy approach, offer-
ing the advantages of a more straightforward implementation and
faster execution compared to other DRL approaches. The proposed
PPO-based algorithm learns the desired reward through interactions
with the environment. It performs better than off-policy methods,
such as deep deterministic policy gradients (DDPG), in continuous
action spaces because it reduces overall training overhead. Unlike
DDPG, the proposed PPO-based approach eliminates the backlog
node step and utilizes a clipped surrogate objective (CSO) instead of
a constraint function, thus minimizing the complexity of the mathe-
matical model. Furthermore, the proposed method enables updating
the current policy without deviating from the previous one, thereby
avoiding the performance degradation typically associated with tra-
ditional policy gradient (PG) techniques.

3. Based on an extensive simulation campaign, we evaluate and bench-
mark the performance of the proposed PPO-based approach against
two benchmark schemes (i.e., FP [23] and DDPG [36]). The proposed
PPO-based algorithm outperforms the considered benchmarks (FP
and DDPGQG) in terms of training overhead, time and computational
complexity, and system efficiency. Moreover, the impact of hyper-
parameters on the achieved performance has been evaluated. This
demonstrates the effectiveness of the proposed approach in terms of
performance and learning convergence.

Structure of the Paper : This paper is organized into four different sec-
tions. The system model and problem formulation are explained in Sec-
tion II. The proposed solution is presented in Section III, while compre-
hensive simulation results are discussed in Section IV. The conclusions
and future directions are provided in Section V.

2. System model and problem formulation
2.1. System model

As depicted in Fig. 1, we consider a downlink cellular network com-
prising a BS, a reflecting RIS, and multiple users. The BS is equipped with
Z antenna elements to communicate with a U single-antenna. Without
loss of generality, we assume that Z > U. Furthermore, an RIS com-
posed of low-cost R passive reflecting elements is mounted on the wall
of a nearby high-rise building to improve communication between the
BS and users. There are U data streams transmitted simultaneously from
the BS’s antennas Z to individual users, each stream intended for a spe-
cific user. The reflecting RIS receives signals from the BS and redirects
them toward the intended/targeted users. Typically, RIS is used to over-
come scenarios where significant signal blockages occur between BS and
users. For simplicity, we consider a realistic environment in which ob-
stacles, such as trees, block direct signals between the BS and users. The
RIS functions as a reflective array that adjusts the phase shifts of the in-
coming signals. By integrating electronic circuits into metasurfaces, the
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Fig. 1. RIS-assisted Multi-user MISO system.

reflecting RIS can be programmed to intelligently modify phase shifts in
response to changes in the wireless environment. In our system model,
we consider two different representations of channel. The first channel
exists between the BS and the RIS and is denoted H; € C**%), while
the second channel is between the RIS and the users and is represented
as h, 5 € C®*D for all users u. It is assumed that both channels are es-
timated using pilot signals and feedback channels. To support realistic
scenarios, we assume imperfect CSI due to user mobility and/or channel
estimation errors. Assuming fading of the flat frequency channel, let the
signal received at the uth user be

Vo= H\®h] ,Kx + R, 1

where K € C/4XU) represents the BS beamforming matrix, x indicates
the U x 1 dimensional column vector that represents the transmission
of data streams to all users, with zero-mean and unit variance entries,
€| x >= 1. M,, is the additive white Gaussian noise with zero mean and
variance af at the uth user. @ is the diagonal matrix, indicating the
RIS phase shaft matrix ® £ diag[¢;, $s, ..., $g], applied to the RIS re-
flecting elements, where ¢, = ¢U%), and 0, represents the phase shift in-
duced by each RIS element. In this paper, we consider continuous phase
shifts, where 6, € [0,2¢] V,, while developing a cutting-edge DRL algo-
rithm. The maximum power constraint applied to the BS ensures that
total transmission power remains within limits and is expressed as:

E{trKx(Kx)?} < P, (2)

where E{.}, H, and P, represent the statistical expectation, conjugate
transpose, and total allowable BS transmission power. Eq. (1) shows
that the reflective surface is modeled as a scatterer with reconfigurable
characteristics. Therefore, the phase-shifting operation ® is applied ef-
fectively to the signal expressed by K.x to capture the impinging infor-
mation. As a result, the RIS operates similarly to an AF relay without
requiring a power amplifier. Consequently, RIS coefficients have a unit
modulus. Additionally, RISs operate directly on RF signals rather than
performing decoding or digitalization [42,43]. Hence, RISs are expected
to consume much less energy than AF relays, requiring only a limited
static power supply. The expression in Eq. (1) is further expanded as

U
Vo= hl o ®H kX, + Y AL ®H kyx,+ R, 3)
(p.p#u)

such that k, indicates the column vector of the K matrix. Based on
Eq. (3), the SINR (§,) experienced by the uth mobile user can be ex-
pressed as

| Hi®hT,k, |*

9, = * : )
Zf.f,, | HY®R! Ky |2 + 62

The denominator of Eq. (4) is treated as co-channel interference, with
data streams from all users jointly undetected. Therefore, the data rate
achievable by the uth user can be expressed as

7, = Blog,(1+9,) 5)
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where B is the transmission bandwidth.
2.2. Problem formulation

This study aims to find the optimal beamforming K and phase shift
@ strategies to maximize the weighted sum rate using advanced DRL
techniques. Unlike conventional DRL algorithms, such as DDPG, which
assume that the policy is independent of the agent’s actions, our pro-
posed DRL method employs the same policy to select the most appro-
priate action. Furthermore, the proposed method is used to construct
each CSI in a given state and the algorithm runs continuously to obtain
the two matrices. The sum rate maximization problem can be formu-
lated as follows.

U
P omax 21 Eu
=
st. (Cl): r(KKT)< P,
(C2): 0< ¢, <2z,

©

r=1,...,R.

where &, indicates the priority weight assigned to the useruand ), = 1,
while constraints (C1) and (C2) specify the maximum transmit power
and the phase-shift range, respectively.

2.3. Problem formulation analysis

The optimization problem defined in Eq. (6) is nonconvex due to
the outdated CSI at each time step ¢, making it challenging to solve. A
common method to address problem Eq. (6) is the AO method, which
optimizes one variable at a time. Specifically, the suboptimal value of
K is determined by initially fixing ®, and the suboptimal value of ® is
derived by fixing K in each iteration. This process continues until the
algorithm converges [12,13], and [16]. However, recalculating the ob-
jective function from scratch at every iteration results in high computa-
tional overhead, limiting its practicality for real-time decision-making.
Another approach to solving the problem Eq. (6) is the exhaustive
search method, which finds the optimal solution for K and @ using clas-
sical mathematical tools. Although this approach guarantees an optimal
solution, its computational complexity grows exponentially with net-
work size, making it unsuitable for large-scale scenarios. Therefore, we
propose using an advanced DRL approach to overcome these limitations.
DRL is well-suited to non-convex optimization problems, as it efficiently
explores large state and action spaces, providing near-optimal solutions
with much lower computational requirements.

3. Proposed PPO-based solution

This section introduces the proposed DRL approach to address the
problem defined in Eq. (6).

3.1. Background information on DRL

DRL is a widely used Al approach that learns a policy mapping states
to actions through interaction with the environment. The advantage
of DRL is that it enables online learning and sample generation and
does not rely on training labels to handle complex tasks. In the case of
DRL, the agent can determine the optimal policy z* by choosing actions
that maximize its expected reward function [44]. There are two pri-
mary learning policies for DRL algorithms to solve the problem defined
in Eq. (6), i.e., off-policy and on-policy. In off-policy evaluation, the
action-value function is estimated based on actions taken in a specific
state, thereby keeping the policy independent of the agent’s actions. An
example of an off-policy learning algorithm is DDPG. On the other hand,
on-policy methods are used to analyze and improve policies that deter-
mine appropriate actions. Specifically, this policy algorithm implements
a Q-value function, Q(s,a), based on the current policy’s actions. Ex-
amples of on-policy learning algorithms include phasic policy gradient
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(PPG), PPO, and asynchronous advantage actor-critic (A3C) [45-47].
Both types of DRL methods can solve the problem formulated in Eq. (6);
however, on-policy methods are more appropriate for problem Eq. (6)
due to their more straightforward implementation and lower execution
time. Using a CSO function to update the existing policy while maintain-
ing its proximity, on-policy methods can efficiently solve the formulated
problem, especially when hyperparameter settings are properly tuned
for the RIS-assisted framework.

Enlightened by the above analysis, we propose a low-complexity on-
policy algorithm (i.e., PPO) to solve the optimization problem defined
in Eq. (6) for continuous action spaces. The proposed algorithm outper-
forms the DDPG while requiring less training overhead. The basic DRL
formulation is explained first in the following sub-sections, followed by
the proposed PPO-based algorithm.

3.2. Basic DRL formulation

In a basic DRL setup, the agent constantly observes the current state
of the environment. Based on this observation, the agent selects a spe-
cific action and receives a corresponding reward value. The problem
defined in Eq. (6) can be equivalently formulated as an MDP using a
four-element tuple < S,A,7,R >, where < S,A, 7T, and R, indicate the
state space, the action space, transition probability of the agent mov-
ing from one state to another, and the reward function, respectively. To
reformulate the problem Eq. (6) using MDP, < S, A, and < R can be
defined as follows:

1. State space (S): The agent state contains the information that is di-
rectly or indirectly known to the BS and is relevant to achieve the
reward, and can be expressed as

S =[H, +h], +®K] %)

At each time step 7, the current state s € S is determined by the trans-
mission power, the power received by the user uth, and the channel
matrix H; and hMT,2 € u. We assume that the total number of entries
spanned by the transmitted and received power levels of the user is
2U and 2U?, respectively. Similarly, the total number of entries as-
sociated with H, and hf,z is given by 2ZR + 2RU. In summary, the
dimension of the state space can be written as

D, =2U +2U% +2ZR+2RU, (€)

2. Action space (A): At each time step ¢, an action is taken to find the
optimal beamforming matrix K and the RIS phase shift matrix ®.
The dimension of the action space is given by

D,=27ZU +2R, )

3. Reward function: The agent’s objective is to find the optimal policy
7* that maximizes the accumulative reward. The primary objective
of this work is to jointly optimize the BS beamforming and RIS shift
matrices to maximize the weighted sum rate. For the learning process
to be effective, there must be a strong correlation between the reward
function and the state environment. Based on the objective function
considered in Eq. (6), we define the reward function at each time
step ¢ as follows.

T

R = Z exr (10)
=1

where €' represents the discount factor of the reward ' in step 7. It

is important to note that the agent moves to the next state depend-

ing on whether it receives positive or negative feedback, which is

determined by the current state and the selected action.

3.3. Proximal policy optimization

This work aims to develop a framework using an advanced DRL
method to determine optimal beamforming and phase-shift matrices
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Fig. 2. Proposed PPO-based Model.

that compensate for large-scale path losses and shadowing effects. Once
the framework is established, it becomes feasible to systematically ana-
lyze the impact of path loss, shadowing, user distribution, and the direct
link from the BS to users. This exploration can be facilitated by scaling
the deep neural networks (DNNs) and reconstructing the components of
the MDP.

In DRL, PPO is a classic PG algorithm with a more stable agent. Dur-
ing training, PPO limits the number of policy updates, allowing it to
adapt to changes in dynamic environments. PG algorithms are highly
sensitive to step size, making it challenging to select the optimal one.
One major advantage of PPO is its ability to update the objective func-
tion during training, effectively addressing issues related to step size.
The PPO policy #, (s;,a,) generally takes the state s,, the action q,
as inputs, and operates independently of the value function. However,
applying PPO directly to continuous action spaces creates challenges
in maintaining stable policy updates, avoiding significant policy diver-
gences, and lowering gradient variance estimates. To overcome these
challenges, we propose combining the following mechanisms to effec-
tively navigate continuous action spaces, thereby providing computa-
tional efficiency and superior performance in the joint optimization of
BS beamforming and RIS phase shift matrices.

1. Clipped Surrogate Objective Function (CSO): We employ a clip-
ping mechanism that constrains policy updates to a specific range,
preventing abrupt changes and ensuring stability during training.

2. Advantage Function: To reduce variance in gradient estimates, we
utilize an advantage function that enhances the robustness and effi-
ciency of the learning process.

3. Actor-Critic Architecture: The separation of policy learning (actor)
and value estimation (critic) enables effective optimization in con-
tinuous action spaces by independently addressing action selection
and value prediction.

4. Hyperparameter Tuning and Efficient Optimization: We carefully
tune hyperparameters and use the ADAM optimizer to ensure con-
vergence and minimize training overhead.

In the following subsection, the above mechanisms are explained in
more detail along with how they interact within our proposed method-
ology.

3.4. Proposed PPO-based methodology

We define a PPO agent at the BS responsible for gathering all in-
formation from the environment. The agent observes the current state
s, € S and executes the action a, at each time step ¢, following the pol-
icy z. All network parameters are initialized during training, while the
agent continuously observes the current state of the environment. Fig. 2
illustrates the
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Fig. 3. Neural network architecture.

architecture of the proposed PPO-based methodology, which in-
cludes actor and critic networks. The actor network updates its policy,
whereas the critic network estimates the value function under the cur-
rent policy. The internal architecture of the NN is shown in Fig. 3. The
proposed PPO-based methodology employs two distinct types of actions:
beamforming (BS) and phase-shifting (RIS). As a result, when designing
the neural network (NN), the critic network adopts the concept of deep
O networks to evaluate and predict the Q-values of taking action g, in
the state s, (Q(s;, a,)) based on a value function. The beamforming (BS)
and phase shift (RIS) are obtained using the critic network. Meanwhile,
the actor network selects actions based on the current policy. It takes the
current state as input and generates a probability distribution over possi-
ble actions. This distribution guides the agent’s decision-making process
to maximize future rewards. Training both networks teaches the agent
to optimize actions for the best possible reward. Iterative policy updates,
utilizing feedback from the environment and estimates of the Q-value
function of the critic network, aid in determining the optimal policy
#*. Thus, the optimal policy is obtained by using the probability ratio
of the current and old policies, which maximizes the expected reward.
Furthermore, the clipping surrogate technique (i.e., I’ “p) is employed to
constrain the current policy from diverging too much from the obtained
policy. As a result, a policy parameter (u) can be adjusted to optimize
the objective function. This adjustment aims to enhance the probability
of specific actions, thereby improving the associated reward values. The
DNN used in the proposed work represents the values of state variables
and the rewards of possible actions, respectively.

In PPO, the CSO function, which limits policy updates, is opti-
mized before using stochastic gradient ascent to update the weights.
This clipping operation helps remove unnecessary samples and reduce
training time. This aids the advantage function in comparing the fu-
ture discounted rewards of states and actions with their respective
value functions. Let the trajectory for each iteration be v = {s,,q,},
where t=1,...,T, and T indicate the total time required for each
episode. The mathematical representation of the objective function is as
follows:

I(w) = Ep ~ zp)[R(v)] 1D

where R(v) = ZIT=1 ¢' x r' represents the aggregate reward function for
each iteration. Furthermore, u can be updated as:

u=p+av, Iy 12)

where « is the learning rate. The PG algorithm uses the gradient ascent
method to determine optimal parameters. As a result, the gradient of
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Eq. (12) can be expressed as follows.

T
Vil =Eoop, [20 Vylogz,(a, | 5)Qy (s, a,)]
1=

T
ETN”M |:2 Vy IOg ”M(at | Sr) Anu (st! at):| (13)
t=0

[E,,M [...] represents the expected empirical value obtained through sam-
pling and optimization of a finite batch of data. The second function
used in Eq. (13) is the advantage function A, , which, at each time step
t, helps to reduce variance and prevent overfitting and can be defined
as follows:

A(,,M (5,a.) = O, (5p.a) — V,,M (s;) (14

where Ve, () shows the value function achieved in the given state s,
after executing an action g,. One disadvantage of using an off-policy
approach (e.g., DDPG) is that it requires step-size updates at every time
step t, potentially leading to degraded reward performance due to incor-
rect step-size settings. Additionally, such approaches are highly sensitive
to hyperparameters, resulting in high variance in PG. On the other hand,
an on-policy approach, such as PPO, uses a CSO technique to simplify the
algorithm by restricting policy updates to a specific range across multi-
ple training steps. This is achieved by employing clipping mechanisms
to limit the algorithm’s complexity. Thanks to CSO, the PPO algorithm
prevents large weight updates and can be formulated as

1ty = Elmin(, (). clip(,(u). 1 = .1+ 0) A ()] (15)

where o represents the clip factor value and A'(u,,) = Az o1 (51 ar)-
p.(u) indicates the probability ratio and can be expressed as
7, (s ap)
B(w) = m 1e)
Tora St
The value of the probability ratio significantly depends on the selec-
tion of policies. A policy is more likely to be under the current policy
if g,(u) > 1, and less likely under the previous policy if 0 < f,(u) < 1. By
clipping the probability ratio, we ensure that two consecutive policies
maintain a minimum required similarity. Therefore, we define the final
objective of the proposed algorithm as follows.

ELI, (1) = 1 C () + 0Em, )(5,)] a7

where ¢;, ¢,, and C'(u) represent two controlling coefficients and the
squared error loss, respectively. Furthermore, the squared error loss can
be represented as

C'(w) = (Vg (5) = Vit (18)

An advantage function is required for Eq. (18) to maintain stability,
which can be expressed as

Va,(s0) 19)

t -
Ippo() =

Al :r'+€V,[ (Spq1) —

where the state value function is given as V, = E[R | s, z]. The policy
network is trained by storing the four- element tuple < S, A, 7,R >ina
mini-batch memory B and then updating the parameters using gradient
descent to maximize the reward function.

Enlightened by the discussion above, we summarize the proposed
PPO-based method in Algorithm 1

to efficiently solve the problem defined in Eq. (6). At the beginning
of the algorithm, the system parameters, such as the PPO policy z,, the
value function V, , the optimizer (ADAM), and the experience replay
buffer D are set up and initialized (line 3). The algorithm then proceeds
through & episodes. In each episode, the initial state s, is obtained from
the environment. For each time step ¢ within the episode, an action q,
is taken according to the old policy x,  (line 7). The next state s, is
observed based on the action g, (line 8), and the corresponding reward r,
is recorded (line 9). The experience tuple < s,,4,, s,,1,r, > is then stored
in the D (line 10). The policy parameter yu is updated using Eq. (12) (line
11), the gradient vV, I(u) is calculated using Eq. (13) (line 12), and the
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Algorithm 1 Proposed PPO-based methodology for RIS-assisted multi-
user MISO systems.

1: Inputs: Channel matrices H, and H,

2: Output: Optimal action ¢* = {K*,®*} to maximize the objective
function in Eq. (11)

3: Initialize: Policy for PPO Ty value function V,,M s
and experience replay buffer D

4: for episode ==1to € do

5:  Obtain the initial state s; from the environment during the et

optimizer (ADAM),

episode
6: forr=1toT do
7: Following the old policy z, ., take an action g,
8: Observe the next state s,,; based on a,
9: Observe the obtained reward r,
10: Store (s, a,,s,,1,r,;) in the experience replay buffer D
11: Update the policy parameter y using Eq. (12)

12: Calculate the gradient V ,I(u) using Eq. (13)

13: Calculate the PPO objectlve l,0(;4) using Eq. (17)
14: Calculate the advantage function A’ using Eq. (19)
15: end for

16: Return optimal action a* = { K*, ®*}

17: end for

final objective of the PPO I ;, po(H) s determined using Eq. (17) (line 13).
Finally, the advantage function A’ is calculated using Eq. (19) (line 14).
This process repeats for each time step 7 in the episode, and the entire
cycle continues until all episodes are completed. The final output is the
optimal action a* = { K*, ®*} that maximizes the objective function (line
15).

In the following subsection, we present an off-policy DDPG algo-
rithm, which will be used to benchmark the effectiveness of the pro-
posed PPO-based algorithm.

3.5. Deep deterministic policy gradient (DDPG)

DDPG, which uses actor-critic networks, is one of the most widely
used DRL algorithms for solving wireless communication problems [36]
[48]. DDPG leverages the advantages of value-function-based methods
and policy search techniques to facilitate learning in continuous action
spaces. Specifically, the actor network selects the action a, from the con-
tinuous action space .4, employing a PG algorithm as a, = 6(s,, £,), where
&, represents the actor network parameter. Similarly, the critic network
models the Q-value function Q(s,, a;; &.), with &, denoting the parame-
ter of the critic network. Furthermore, DDPG minimizes the correlation
between training samples by updating the target network parameters.
Thus, the target actor network 6'(s,,&’) and the target critic network
0'(s;,a,3 &) are updated as

g e+ (1-0)¢ (20)

where 7 is the rate used to update the target networks. To implement
exploration in the DDPG algorithm, a noise policy factor (V') is added
to the policy as follows.

0'(s) = 0(s;, ) + N 21

The critic evaluation network updates as the learning process begins by
minimizing the loss function as follows.

B
1
= E ;(’i +70(S;41,0;4 |.§C) - 0(s;,aq; |.§C)) (22)

where B3 represents the batch size. Finally, the actor network is updated
using the PG and can be defined as:

B
1
Ve, ® 5 ; V,, 00 a; | €V, O(a;, 5 1,). (23)
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Table 1
Comparison between (PPO and DDPG) approach.

Approach  Stability ~Generalization Sample Efficiency Versatility ~Robustness

PPO High Good High Good High
DDPG Low Good Fair Good Low
Table 2
Simulation parameters.
Parameter Description Value
N, Noise power —90 dBm
B Bandwidth 28 GHz
P, Transmit power 20 dB
5} Clip factor 0.2
& Total number of episodes 1000
T Number of time steps 10000
£, Learning rate (actor network)  0.001
D Experience replay buffer 100000
€ Discount factor 0.9
T Update rate 0.95
a Learning rate 1073
N Noise factor {0,1}
& Learning rate (critic network) 0.001
B Batch size 64

The DDPG-based algorithm proposed in [36] will serve as a benchmark
to evaluate the proposed PPO-based methodology. Table 1 makes a com-
parison between these two approaches.

4. Simulation results

In this section, we present an extensive simulation results campaign
to verify the convergence and effectiveness of the proposed PPO-based
algorithm. For all simulation rounds, the channel matrices H, and H,
are randomly generated following the Rayleigh distribution. The DNN
parameters are updated using the Adam optimizer, with three hidden
layers containing 128, 128, and 64 neurons for the PPO and DDPG
schemes [49,50]. Moreover, we used the ReLU activation function in this
work. The system and configuration parameters considered are listed in
Table 2.

4.1. Benchmarking schemes

In this work, the following approaches will be compared:

1. PPO: Our proposed approach utilizes the on-policy technique to up-
date the current policy without deviating from the old policy by
employing a clipped surrogate objective function. For more details,
please refer to Section 3.3.

2. DDPG: This scheme uses the off-policy technique, in which the policy
remains independent of the agent’s actions in a particular state. For
more details, please refer to Section 3.5.

3. FP: This follows an iterative approach, where the objective function
is recalculated at the beginning of each iteration without using ma-
chine learning. The details of the FP approach can be found in [23].

4. No-RIS: This is a baseline scenario that does not leverage RIS. Trans-
mission occurs solely through the direct link between the BS and the
users. We have simulated our proposed approach without including
the RIS effect.

4.2. Convergence analysis

In Fig. 4, the reward function, i.e., the weighted sum rate of the
considered RIS-assisted multi-user MISO system, is shown as a function
of the number of episodes. As shown in Fig. 4,

the performance saturates after a certain number of episodes, de-
spite a gradual increase during the initial episodes. We can observe from
Fig. 4 that the proposed PPO-based algorithm achieves the maximum
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Fig. 5. Impact of transmit power on sum rate.

reward of 20.85 bits per second %, whereas the DDPG and FP algo-

rithms reached the maximum of 14.55 ';[L“; and 6.25 ’;IL“;, respectively.
The reward functions for the PPO, DDPG, and FP algorithms converge
approximately after reaching [700, 575, 470] episodes, based on the set
of parameters. The proposed PPO-based method utilizes entropy regu-
larization to enhance exploration within the objective function and the
trust region method to ensure stability and mitigate significant policy
changes, albeit at the expense of slower convergence. Although the pro-
posed PPO-based approach converges slowly compared to the other two
approaches, it exhibits better computational complexity and requires
less execution time. Moreover, due to the significant sampling imple-
mented in the proposed PPO-based approach, which involves collect-
ing significant MDP trajectories and performing multiple epochs of op-
timization on mini-batches of these data, the new policy cannot diverge
too far from its predecessor. This extensive sampling helps make policy
updates more stable and efficient, thereby improving the robustness of
the PPO approach compared to other methods. Furthermore, the pro-
posed PPO-based methodology can neglect irrelevant training, achieve
faster optimization, and yield higher rewards than other solutions by
adjusting the suitable discount factor, clipped factor, and learning rate.

4.3. Performance evaluation

In Fig. 5, we evaluate the performance of the weighted sum rate
against the transmit power P, for the proposed PPO-based approach
and compare it with the three other methods. Without loss of gener-
ality, we have considered the following parameter values for designing
our system model: Z = 16, U = 16, and R = 16. It can be observed from
Fig. 5 that the sum rate performance linearly increases with increasing
transmit power level P,. However, the proposed PPO-based approach
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achieves a significantly higher sum rate compared to other methods.
When the transmit power level is P, = 20dB, the proposed PPO-based

solution achieves a sum rate of 21.75%, while the other approaches

obtained 19.05 % and 16.81 %, respectively.

This means that the proposed PPO-based approach outperforms the
DDPG and FP approaches by 14.17 % and 29.38 %, respectively. More-
over, to highlight the impact of RIS, we also evaluate its performance
compared to the No-RIS scenario, i.e., where transmission occurs solely
through the direct link between the BS and users. Fig. 5 demonstrates
that the obtained sum rate is the lowest in the No-RIS scenario. Incorpo-
rating RIS, in addition to the direct link, offers a significant advantage
in achieving the desired QoS.

Next, we conducted another simulation to evaluate the impact of RIS
elements on observed performance, while keeping the transmit power
at P, =20dB. Fig. 6 illustrates the dependence of the sum rate on the
number of RIS elements (i.e., R). The other parameters for this scenario
are Z =32 and U = 32. The observed behavior indicates that the sum
rate performance improves across all approaches as the number of re-
flecting elements increases. The proposed PPO-based algorithm achieves
a 10 —20% improvement in the sum rate over other methods as the
number of RIS-reflecting elements increases. This improvement demon-
strates increased gain in each RIS, resulting in a significant increase in
SINR. In conclusion, deploying RISs with more elements can effectively
meet the desired QoS requirements even under constrained power bud-
gets.

4.4. Effect of loss function

Fig. 7 shows the loss functions for both PPO-based and DDPG-based
approaches as a function of the number of steps, for two different batch
sizes, i.e., B = [32,64]. It can be observed that, after an initial decrease
in the loss function, both schemes converge to a stable value after a cer-
tain number of steps. The proposed PPO-based methodology exhibits a
significantly lower policy loss compared to the DDPG scheme, especially
for batch size (3 = 64). This demonstrates the efficacy of the proposed
PPO-based schemes to efficiently learn policy functions from the envi-
ronment. Additionally, Fig. 7 illustrates that the proposed PPO-based
approach begins with a loss function value of 6.25 and gradually de-
creases to nearly 0 upon reaching the maximum number of time steps
(i.e.,10000) for B = 64. This highlights the importance of carefully se-
lecting the appropriate batch size to enhance the system’s performance
with minimal loss.

4.5. Analysis of time complexity

In this section, we analyze the time complexity of the proposed PPO-
based algorithm and compare it with that of the baseline approaches.
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Fig. 8 presents the total execution time needed for each of the consid-
ered schemes when considering 1000 episodes. To solve the optimization
problem defined in Eq. (6), the proposed PPO-based algorithm takes
approximately 1.45 m. In contrast, DDPG and FP take approximately
4.35 min and 7.57 min, respectively. We can conclude that the proposed
PPO-based algorithm is 3x and 5.2x faster than DDPG and FP, respec-
tively. Thus, thanks to the on-policy PPO algorithm, the training time is
reduced while stability is maintained. This is mainly because the PPO
employs a probability-ratio clipping technique in the CSO, reducing the
number of unnecessary training datasets and thereby saving training
time. This means that the PPO algorithm relies only on a small distribu-
tion gap between the old and current policies.

In addition to the empirical runtime evaluation shown in Fig. 8,
we analytically characterized the computational complexity of the pro-
posed PPO-based framework. During training, the PPO algorithm em-
ploys actor-critic networks with a total parameter dimension N,. For
each episode, the overall computational complexity of the proposed
PPO-based framework is Oppy = O(ET N,). Since PPO uses on-policy
updates and a CSO, it limits the need for significant policy changes
and prevents unnecessary gradient calculations. This results in fewer
update iterations being required for convergence than with off-policy
methods. To make a fair comparison, we have observed that PPO and
DDPG have similar per-update computational complexity when both
use a single gradient update per training step. However, in practice,
DDPG is an off-policy method and often performs multiple update steps
by repeatedly sampling mini-batches from the experience replay buffer
(D) to stabilize learning. Thus, when DDPG is used, the gradient is up-
dated per training step (U, > 1) and its per-episode complexity becomes
Opppc = OET NyU,). The extra cost in the DDPG method arises only
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from these additional updates, not from the algorithm’s basic structure.
Therefore, with equal update settings (i.e., U, = 1), PPO and DDPG have
similar computational complexity, but PPO converges more stably with
fewer updates. On the other hand, the FP-based optimization method
alternates between optimizing the BS beamforming vector and the RIS
reflection coefficients until convergence. The cost per iteration depends
on eigen-decomposition operations and matrix inversion, resulting in
Opp = O(UI(Z? + R?)), where I is the number of iterations required
for convergence. To summarize, the PPO-based method enhances sum-
rate performance in RIS-assisted multi-user MISO systems while keeping
computational complexity similar to DDPG under fair update conditions
and significantly lower than that of FP-based approaches.

4.6. Impact of clipped factor

To improve system performance, proper hyperparameter initializa-
tion is crucial. It is quite challenging to update the new policy from
the old one when the hyperparameters are not correctly set. This might
result in significant changes to the policy, leading to a lower system per-
formance. To address these limitations, PPO uses the clipping factor @
as a surrogate objective function. This aims to limit the probability ratio
and maintain a small gap between the new and old policies. Therefore,
selecting the appropriate value for the clipping factor w is crucial.

Fig. 9 shows the training time required by each of the considered
schemes against various values of . It can be observed that the lower
the clipping factor (i.e., @ = 0.2), the shorter the training time. This is
because the algorithm makes minor adjustments to the policy parame-
ters during training based on the observed rewards and gradients. The
algorithm can converge to a good policy faster with smaller adjustments,
resulting in smoother learning trajectories and less performance fluctu-
ation.

5. Conclusions and future work

In this paper, we investigate the performance of the RIS-assisted
multi-user MISO framework. We address a sum-rate maximization prob-
lem by jointly optimizing the beamforming at the BS and the phase-
shift matrices at the RIS. In order to efficiently solve the formulated
problem, we leverage an on-policy learning algorithm called proximal
policy optimization (PPO) and assess its performance compared to stan-
dard baseline methods (i.e., DDPG and FP). The proposed PPO-based
approach utilizes a clipping surrogate method to limit policy updates
during its training process. Using the clipping feature effectively helps
to outperform system performance compared to the baseline algorithms
considered in this study. It is evident from the simulation campaign that
the proposed PPO-based methodology surpasses the baseline approaches
(i.e., DDPG and FP) in terms of time complexity, resulting in reductions
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of 3x and 5.2x in the total execution time, respectively. Furthermore, in
addition to time complexity, the proposed PPO-based approach outper-
forms DDPG and FP in terms of sum rate performance by 14.17 % and
29.38 %, respectively.

In the future, we plan to extend the proposed framework to support
more complex settings (e.g., multi-cell environment and site-specific
real-world conditions) and enhance its robustness against eavesdrop-
ping attacks, which play a crucial role in physical layer security.
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