International Conference on Advanced Communications Technology (ICACT)

193

Deep Reinforcement Learning Based Beamforming
in RIS-assisted MIMO System Under Hardware
Loss

Yuan Sun', Zhiquan Bai'”, Jingiu Zhao!, Dejie Ma!, Zhaoxia Xian', and KyungSup Kwak?
Shandong Provincial Key Lab. of Wireless Communication Technologies,

School of Information Science and Engineering, Shandong University, Qingdao, Shandong, China
’Department of Information and Communication Engineering, INHA University, Incheon 22212, Korea
202212666 @mail.sdu.edu.cn, quai@sdu.edu.cn*, 202020373 @mail.sdu.edu.cn,
madj0212@163.com, xianzhaoxia2000@ 163.com, kskwak @inha.ac.kr

Abstract—Reconfigurable intelligent surface (RIS) is consid-
ered as one of the key enabling technologies for future 6G wireless
communication by realizing an intelligent radio environment. RIS
is used as reflective array to change the transmission and cov-
erage of radio frequency (RF) signals. In this paper, we propose
a deep reinforcement learning (DRL) based RIS beamforming
design in practical scenarios where RIS may have hardware loss,
and the soft actor-critic (SAC)-exploration algorithm is presented
to solve the beamforming design. The algorithm reduces the
prediction error by introducing a perturbation signal to influence
the action prediction. Simulation results show that our proposed
SAC-exploration algorithm has significant improvement over the
typical SAC algorithm, which verifies the effectiveness of the
proposed algorithm.

Index Terms—Reconfigurable intelligent surfaces (RIS), radio
frequency, multiple input multiple output (MIMO), soft actor-
critic (SAC), time division duplex (TDD).

I. INTRODUCTION

Reconfigurable intelligent surface (RIS) is an emerging
technology that is widely recognized as a foundational tech-
nology for the forthcoming generation of wireless communi-
cations [1]. It comprises multiple reflectors with adjustable
impedances to achieve the desired phase shifts of the reflected
wave. Consequently, RIS improves radio frequency (RF) signal
transmission performance, reduces signal interference, extends
signal coverage, and thus improves communication quality.

Recently, the research of RIS has focused on how to perform
beamforming design of RIS to achieve the optimal system
performence. In [2], passive beamforming is designed for the
RIS to maximize the sum rate of the RIS-assisted cellular
network considering the frequency selectivity characteristics of
the RIS. The signal-to-noise ratios (SNRs) of the target detec-
tions are weighted and maximized in [3] by jointly optimizing
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the transmit beamforming and the RIS reflection coefficients
while satisfying the quality of service (QoS) requirements of
communication.

Considering the increasingly intricate radio environment,
traditional optimization algorithms have become impractical
for their complexities. However, with the continuous advance-
ments in hardware design, computers now possess signifi-
cantly enhanced computing capability. Consequently, a new
alternative algorithm called reinforcement learning (RL) has
emerged as a main method for machine learning (ML) based
RIS-assisted communication. It gets applications in various
areas, such as computing offloading of edge devices and
fog computing [4], communication and trajectory planning
within the internet of vehicles domain [5], system capac-
ity enhancement in unmanned aerial vehicle (UAV)-assisted
nonorthogonal multiple access (NOMA) network [6], and the
optimization of beamforming and the phase design of RIS
for efficient transmission [7] [8]. The phase design of RIS in
previous scenarios has been idealized, and there is a lack of
consideration for the hardware loss of the RIS.

In this paper, a deep reinforcement learning (DRL) approach
is used for the RIS beamforming design in the RIS-assisted
multiple input multiple output (MIMO) communication to
maximize the system sum rate in the downlink transmission.
The main contributions of this paper are summarized as
follows. (1) We consider the hardware loss of RIS and propose
a phase shift design for RIS-assisted MIMO communication.
(2) We design a DRL based RIS beamforming algorithm for
the above scheme, by introducing interference signals and
interfering with action selection to prevent from falling into
local optimal solutions, and the simulation results show that
the proposed algorithm has a significant improvement over the
typical algorithm.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

For the RIS-assisted wireless communication system, the
system diagram is shown in Figure 1, with k single antenna
users and one RIS with L elements, the channel model
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Fig. 1. RIS-assisted MIMO System

between the base station (BS) and the user k£ can be expressed

as
L

he = hyo + D hyeidihi, e
=1

where hy, p € CVEX1, hy ;€ CVEXL and hy  respectively
denote the channel vector from the BS to the user k, from the
BS to the RIS, and from the RIS to the user k. Considering the
conditions of hardware loss, the phase-independent amplitude
model of RIS [9] can be obtained as

q)édiag(¢lv"'v¢L) € (CLXLa (2

where ¢; = () €% is phase-independent amplitude model
for each RIS, the phase-shift is ¢; € [0, 27), and the amplitude
satisfies

1 K
M+ ) o )

sin (p; —

() = (1= Guun) (222
where (nin € [0,1], u > 0, and k > 0 are constants depend
on the hardware configuration of RIS.

The single-user channel is aggregated to obtain the multi-
user channel, which is denoted as

H=H,; + Hp rPHRr v, 4
with
H; = [h;,hy,... hg],
HB,U = [hbs,la hb8,27 s 7hbS,K] )
and
hii,hi2,... h
h2,17 h‘2,27 ) h2,K
Hgpy = . .
hrpi,hro,....hp Kk
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B. Problem Formulation

The time division duplex (TDD) technique is utilized to
implement the wireless transmissions in order to validate
the advantages of the proposed algorithm and ensure its
applicability and generality [10].

In the uplink stage, the BS simultaneously receives the pilot
signals transmitted by the k users. The pilot signal vector
received by the BS is expressed as

Y, =HP +N, &)

where P € CEXE s the pilot pattern.

The BS uses minimum mean square error (MMSE) to
estimate the channel matrix of the received pilot signals, that
is

H =Y P! (PPH + JQUI) o ©)

When P is a unitary matrix, the above estimated channel
matrix can be transformed.

(7

In the downlink transmission, data transmission with zero-
forcing (ZF) precoding is performed with the following ex-
pression

N ~\—L .
C= [c17027"'vCK]H :Pnorm <HHH) HH; (8)

where P, is the normalized power matrix and written as

1 1 1
P.or :diag<[ , ey }) )]
o lleally ™ [lez2ll ekl

The signal received by the k-th user is

K
" o
ypr = Cj, hpxy + E c, hpx, +ny,
z#k

(10)

where zj is the signal sent to the user k, nj is additive
gaussian white noise. For the RIS-assisted wireless communi-
cation MIMO system, we will use the sum downlink rate as
an indicator to measure the performance of the system. Thus,
the problem can be expressed as

max P,
¢
st. pe€ [0,27r), (an
p=>0
k>0
K K
where P, = Y 1 = Y loga(1+ SINRy), the signal to
k=1 k=1
interference plus noise ratio (SINR) is given as
h
SINRy, = i (12)

- .
S F et hy[2 + o7
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III. DEEP REINFORCEMENT LEARNING ALGORITHMS

In this section, we propose the deep reinforcement learning
framework. We will introduce the principle of soft actor-critic
(SAC) algorithm first, and then we present the improved SAC
algorithm with the environment parameters.

A. Soft Actor-Critic Algorithm

In contrast to typical DRL algorithms, we use the advanced
SAC algorithm [11]. The training of the algorithm involves
a trade-off between the maximized expected returns and the
maximized entropy. Unlike on-policy algorithms, SAC is an
of f-policy algorithm that requires an experience replay buffer
for caching experiences to facilitate the subsequent model
training. By introducing entropy regularization, the SAC al-
gorithm enables the agent to explore more possible actions
while preventing it from getting trapped in local optima.

The SAC agent consists of three networks: two Q networks
and a random policy network (or actor network). Each of them
is a multi-layer perceptron (MLP). The reason for taking two
Q networks is to reduce the overestimation of Q values. The
Q networks take the states provided by the environment and
actions produced by the actor network as inputs and produce
Q-value estimates, which are scalar values. Given a network
of actors my parameterized by 1, the Q network is trained
jointly in the SAC algorithm as

}A’ £¥ + l@i% Q@; (Slva/) ‘a’w'frd,(<|s’) - alOg (a/ | S/) , (13)

30) = 15— Qo (s.2)]12,

¥ (14)

where (s,a,r,s’)Y | is a small batch of experience tuples

randomly drawn from the experience replay buffer, /N denotes
the size of the experience tuple. 6; is the network parameter of
the ith Q-network. « is the entropy regularization term, and
[| - ||2 is the Lo norm.

Similarly, the policy network takes state vectors from the
environment as inputs and produces numerical action vectors.
The loss function for the policy network in the SAC algorithm
is calculated as

N
TW) £ D alogm (@ |- min Qu, (51,45,
Z (16)
For the update of the policy network, we use the stochastic
gradient algorithm for the policy gradient V., J(¢)) and the
gradient ascent algorithm to update the parameter of the policy

network as

=Y+ nVyJ(Y).

Finally, the regularization factor of entropy, « is a hyper-
parameter, and a larger value of « means that the agent will
have a larger exploration space, which enables agent to explore
more possibilities instead of being limited to the current action.

a7
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B. SAC-exploration

Environments for RL are categorized as episodic and non-
episodic. When the termination condition is satisfied, the
agent stops interacting with the environment, whereas the non-
episodic tasks, that donot have a defined termination condition
will lead to endless interaction between the agent and the
environment. Therefore, we need to set a systematic threshold
as a condition for termination.

e Action: For the optimization problem we have con-
structed, the action of the agent is the beamforming
design of the RIS. Since the neural networks cannot
handle complex numbers, we need to separate the real
and imaginary parts of the RIS phases, and the action
space contains 2L elements.

« State: To take full advantage of the information obtained
by the agent interacting with the environment, we define
the state space as H and @, the equivalent wireless
channel matrix and RIS beamforming. In order to reduce
the influence of the correlation of the channel state
matrix, we perform a whitening operation on the channel
matrix after each environmental interaction.

¢ Reward: For each episode, we will use the sum rate
of the downlink transmission to determine the reward in
order to choose the right action to get a higher reward
for the agent.

For the RL, we cannot just focus on the reward that we
get instantaneously, future gains are necessary to consider. We
can increase or decrease the size of the future influence on the
present reward by adjusting -, and we set initially v = 1.

For the non-episode task, we can use average reward instead
of the instantaneous reward to allow the agent to learn from
the environment as

Fa (18)
where r is the immediate reward computed by the environment
in the current state and r is the average of the rewards collected
before the current state. For the typical SAC algorithm, it is
not a good solution of our proposed problem. Therefore, we
propose an SAC-exploration algorithm that adds the explorer
network to the typical SAC algorithm to interfere with the
actions chosen by the policy, and constantly maximize the
prediction error of the Q network. As a result, this causes
the agents to enter the state-action space where Q prediction
is difficult to perform, thus allowing them to correct the
prediction error of the unknown or less-selected actions as
T

r—T,

ag £ aON-E(s) = QASE = [élej«n (el (19)

where © is the Hadamard product and the A € (0,1] is
used to restrict the explorer network from influencing the
policy network to choose the wrong action. At each update
step, perturbed actions are sampled from the experience replay
buffer instead of the original actions generated by the policy
network, and then the loss functions for the Q network and
the actor network are as follows

ye 2 F+ min Qy (5,2’ © A+ &u(s) —alog (| ), (20)
=1,
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Algorithm 1 Proposed SAC- exploration Algorithm

1: Initialize Q-networks (), with parameters v, 61, 62, actor
network y, and explorer network &, with parameters w

2: Initialize target networks: 0, «— 0, 04 + 02, W' + w and
experience replay buffer M

3: for each environment step do

4: Observe state s and select an action a «~ 7y (+|s)

5: Perturb the selected action: a; = a © A - {u(s)

6: Importa, and observe reward r and next state s’

7 Store(s, a, ag,, ') into the experience replay buffer

8: end for

9: for each update step do

10: Randomly select an empirical tuple (s, a,asr, s’ N,

11: Update Q-networks by(20)and(16);

12: Update the actor network by(19);

VY +nVyJ (1))
13: Update the explorer network by(23)(24) and (25)
14: Update the target networks:

Oic10 ¢ (L=7)0i_1 5+ T0iz12
W 1-7)w + 1w
15: end for
1. 2
Je 092 5 |55 = Qo (s:25)] D
and
Jé(w Zalogww (&; | si)— mln Q@ (si,éé,i)

which a3; = a © A - &,. We define the loss function of
the explorer network by maximizing the sum of the absolute
temporal-difference (TD) errors corresponding to the two Q
networks as

L

0z, (s,a0) = S 11¥e — Qo.(s,20) 3, (23)

aé) + 562 (S, af)

J, =96 & (s, (24)

The deterministic exploration policy gradient is then com-
puted by the deterministic policy gradient algorithm [12] and
used to perform the gradient ascent over the TD errors defined
by (23),

2
Vw‘](w) = Z E[V)\-Ew (S)Sél (S7 aé)vwgw (S)], (25)
=1
w4 w+nVu,J(w). (26)

Overall, we refer to the resulting algorithm as SAC-
exploration and provide the pseudocode in Algorithm 1.
IV. SIMULATION RESULTS

The BS is equipped with a uniform linear array (ULA) that
is placed at [1, O, O] (i.e., x-axis), and RIS is a ULA, and
located at [0, 1, O] (i.e., y-axis), and the user is equipped with
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single antenna and is randomly generated in a circular range.
We set the number of the BS antennas as 4, the number of
users as 4, and the number of RIS elements as 32. One channel
episode includes 20 channel blocks. The parameters of the Q
network and the parameters of the RIS hardware loss model
are given in Table 1.

TABLE I
Hyper-Parameter Value
hidden layers 2
units in each hidden layer 256
Hidden layers activation ReLU
actor final layer activation tanh
explorer final layer activation tanh
Total time steps per training 20000
Mini-batch size 16
Discount term ~y 1
Learning rate for target networks 7 | 105
Initial o 0.2
m 0
K 1.5

To verify the effectiveness of the proposed algorithm, we
compare the three algorithms, SAC, SAC-exploration and
random, under the same configuration. Since the DRL is
highly randomized, we conduct 10 experiments and average
them in order to facilitate the observation, which makes the
results more convincing. In Fig. 2, we analyze the influence

b
14

Pm (bps\Hz

Fig. 2. Effect of different algorithms on Py, at ( = 0.6 and L = 32.

of different algorithms on the system sum rate. Compared
to the random algorithm, the RIS beamforming design can
significantly improve the system sum rate, and the proposed
algorithm achieves significant improvement over the SAC
algorithm. This is because, unlike the typical DRL algorithm,
the error in the value function for the proposed algorithm can
be corrected by introducing a perturbation signal to interfere
with the action selection. Thus, the agent may select the
optimal action more accurately, and the effectiveness of the
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proposed algorithm can be verified by the fact that the system
sum rate P, is significantly improved.

Pm (bps\Hz)

—— SAC zeta=014
— SAC-exploration zeta=(14
SAC zeta=0.8
SAC-exploration zeta=0.8

0 0.2 4 0.6 08 | | e 4 1.6

Episode w10t

Fig. 3. Effect of different ¢ values on P, at L = 32.

The performance of the proposed algorithm for different ¢
is investigated in Fig. 3. For the convenience of observation,
we set the typical SAC algorithm as a benchmark. Comparing
with Fig. 2, it can be seen that the proposed DRL algorithm
with ¢ = 0.6 has a significant improvement in the system
sum rate over the SAC algorithm, and it is also observed that
the system sum rate P, of the proposed algorithm increases
as the value of ( increases, which is due to the fact that the
larger the value of (, the closer it is to the ideal condition,
thus validating the effectiveness of the algorithm.

Max Pm (bps\Hz)

0 0.2 0.4 0.6 0.8 1 12 14 1.6 1.8
Episode %10

Fig. 4. Effect of different number of RIS elements on the maximum system
performance at ¢ = 0.6.

Fig. 4 depicts the effect of different number of RIS ele-
ments on the system sum rate performance for the proposed
algorithm. In order to better observe the experimental results,
we take the max P,, within 1000 episodes for the simulation
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analysis. We can observe that, as the number of RIS elements
L increases, the maximum system sum rate P,, increases,
and the increase in the P, is achieved at the expense of
the complexity. The simulation results show that the proposed
algorithm has significant advantages in future practical appli-
cations as well.

V. CONCLUSION

In this paper, we study the RIS beamforming design in the
RIS-assisted MIMO communication and propose a modified
SAC-exploration algorithm to solve the RIS beamforming
design considering the RIS hardware loss. The simulation
results show that the proposed algorithm is able to realize
better RIS beamforming and has a significant improvement
in the downlink system sum rate compared with the typical
SAC algorithm. Considering the case of multiple RISs, we will
consider the multi-agent algorithm to solve the beamforming
design problem in the future.
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