A Deep Reinforcement Learning Approach to
Two-Timescale Transmission for RIS-aided
Multiuser MISO systems

Huaqgian Zhang, Xiao Li, Member, IEEE, Ning Gao, Member, IEEE, Xinping Yi, Member, IEEE, and Shi Jin,
Senior Member, IEEE

Abstract—Reconfigurable intelligent surface (RIS) has drawn
great attention recently as a promising technology for future
wireless networks. In this letter, considering the two-timescale
transmission protocol, we investigate the joint design of the
transmit beamforming at the base station (BS) with instantaneous
channel state information (CSI) and the RIS phase shifts with
statistical CSI. Due to the large number of RIS elements, this
design issue usually suffers from high computational complexity.
To resolve the non-convexity issue with low complexity, we
propose a novel deep reinforcement learning (DRL) framework,
which contains two agents applying proximal policy optimization
(PPO) based algorithm. Experiment results demonstrate that the
proposed algorithm has comparable spectral efficiency perfor-
mance to the state-of-the-art methods with substantially reduced
computational delay.

Index Terms—Deep reinforcement learning, reconfigurable
intelligent surface, two-timescale optimization, beamforming.

I. INTRODUCTION

S the research of sixth-generation (6G) mobile communi-

cation emerges, RIS [1]-[3] has attracted great attention
thanks to its green, cost-effective and plug-and-play charac-
teristics. By dynamically adjusting its reflection elements, RIS
has made a significant impact on energy efficiency [4], system
throughput [5], [6], to name just a few.

However, the requirement of instantaneous CSI (I-CSI) in
many previous works inevitably causes a large amount of
CSI acquisition overhead. An alternative apporach is to use
statistical CSI (S-CSI), which changes more slowly and is
easier to obtain. In [7] and [8], only S-CSI was utilized
to design BS beamforming and RIS phase shifts. However,
for a complex and time-varying environment, or the line-
of-sight (LOS) component is relatively weak, using S-CSI
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alone will cause system performance degradation. Thus, [9]-
[11] further adopted the two-timescale (TTS) transmission
protocol, which design the RIS phase shifts using S-CSI, while
design the beamforming at the BS using I-CSI. Although
effective, the computational complexity of the applied iterative
optimization algorithms is relatively high. In recent years, with
the development of artificial intelligence, attempts of DRL in
RIS-aided transmission were carried out, such as [12] and [13]
with I-CSI, leading to low computational complexity solutions.

In this letter, to improve the spectral efficiency with low
complexity, we study the joint design of the BS beam-
forming and RIS phase shifts using DRL under the TTS
transmission scheme. To deal with the non-convex issue in
the joint optimization, we propose a two-agents PPO based
algorithm, where one agent is responsible for determining RIS
phase shifts and the other is responsible for determining BS
beamforming. The simulation results show that the proposed
algorithm has comparable performance to the near-optimal
numerical algorithm with substantially reduced computation
latency.

II. SYSTEM MODEL

Consider a multi-user multiple-input single-output (MISO)
downlink communication system in Fig. 1. It consists of a BS
equipped with a uniform linear array (ULA) of M antennas
and K single-antenna users. To better serve the users in a
specific area, a RIS is employed, which is constructed as a
uniform planar array (UPA) with V (N = N, x N, ) reflection
elements. To obtain the phase shifts configuration, the RIS is
linked to an intelligent controller which communicates with
the BS via a separate link. The signals reflected twice or more
by the RIS are omitted due to significant path loss.

Fig. 1. RIS-assisted multi-user MISO communication system.



Assuming that all channels are quasi-static frequency flat-
fading, we denote the channels from the BS to the RIS, from
the RIS to the k-th user, and from the BS to the k-th user as
G e CV*M B, € CN*!, and hy ) € CM*1, respectively.
As both LOS and non-line-of-sight (NLOS) components can
be present, the channels are modeled as follows
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where 31, 82,1 and B3 are the Rician factors of the corre-
sponding channels, Lg, Ly j and Lgj are the corresponding
path-loss coefficients. Moreover, é, flnk, and ﬁd,k are the
NLOS components, each element of which is modeled as
an independent and identically distributed complex Gaussian

random variable with zero mean and unit variance, while G,
h, j, and hy ;, are the LOS components modeled as follows
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where 04,4 and ¢a,4 are the azimuth and elevation an-
gles of arrival (AoAs) from the BS to the RIS, 040p,;
is the azimuth angle of departure (AoD) from the BS
to the RIS, 04,p and ¢a,p are the azimuth and ele-
vation AoDs from the RIS to the k-th user, and 04,p 2
is the azimuth AoD from the BS to the k-th user.
aM(g) _ [17 L. ,6j2ﬂ'd71 sin(@)’ L ’ejQW(]fol)dTl sin(G)]H and
aN(97 ¢) —_ [17 . 7ej27rd72(n1, cos(0) sin(¢)+n, sin(6) sin(q&))7 cee
6j27rd72 ((Nz—1) cos(0) sin(¢)+(N,—1) sin(6) sin(d)))}H are the array
responses of ULA and UPA, where d; and d, are the antenna
spacings, and A is the carrier wavelength.
The signal received at the k-th user can be expressed as

K
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where © = diag(¢1, ¢2,- -+, ¢n) represents the RIS diagonal
phase shifts matrix with ¢,, = eifn 9, € [0,27), and ny is
the complex Gaussian noise with variance U,%, w; € CMx1
is the transmit beamforming vector for the i-th user with
the power constraint Ef; |w;||*> < P, P is the maximum
transmit power at the BS, and x; represents the transmitted
signal for the i-th user satisfying E[z?] = 1. Let us define
W =[wy, -, Wkl

Thus, for the k-th user, we can obtain its signal-to-
interference-plus-noise ratio (SINR)
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and the corresponding spectral efficiency is
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We consider the TTS transmission scheme [11], where
the BS beamforming and the RIS phase shifts are designed
exploiting I-CSI and S-CSI, respectively. The design objective
is to maximize the average sum spectral efficiency, subject to
the transmit power constraint and the unit module constraint
of ®. Thus, we have the following optimization problem

K
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The objective function of problem (P1) includes an inter-
nal rate-maximization problem, which optimizes the short-
term transmint beamforming at BS to maximize the spectral
efficiency of each time slot given the RIS phase shifts.
Additionally, there is an outer rate-maximization problem
that optimizes the long-term RIS phase shifts to maximize
the average spectral efficiency within the channel statistics
coherence time. However, the coupling of the BS beamforming
and the RIS phase shifts in the objective function makes it
difficult to solve. Although numerical methods such as the
stochastic successive convex approximation (SSCA) algorithm
[11] have been proposed, the computational complexity is
extremely high.

(10)

III. DRL BASED OPTIMIZATION ALGORITHM

In this section, to solve the optimization problem (P1) with
low complexity, a novel two-agents PPO based algorithm,
referred to as PPO©-PPOW, is proposed. Firstly, we will
provide a brief introduction of the PPO algorithm. Then, the
details of the proposed PPO based algorithm will be described.

A. PPO Description

PPO algorithm [14] is a policy based DRL algorithm
proposed by OpenAl, which can deal with the problems for
both continuous space and discrete space. The PPO agent
contains a critic network, an actor network, a replay buffer,
and an optimizer. The critic network is used to output the value
function that evaluates the current state with parameter vectors
€2, the actor network is used to obtain action with parameter
vectors €2,, the replay buffer U is used to store experience,
and the optimizer is used to optimize network parameters.
During timestep ¢ in each episode, the agent observes the
environment state s; and selects action a; according to the
policy mq, (at|st). When the action is done, the environment
goes to the next state s;;, and the reward 7, is provided. The
value function Vg (s) = E.[G|s; = s] is the expectation
of accumulated reward of state s under policy 7, where
Gy = > 72,7 re+r is the cumulative reward value with
the discount factor v € (0,1]. Then, the agent puts the
experience {st, at, T, (at|st), rt, St4+1} into the replay buffer.
The optimizer selects experience from the replay buffer with
minibatch B to update the network so as to maximize the
objective function

L(Qa) = Et [mln (Tt(ﬂa)Ata Clip(’l"t(ﬂa), 1-— g, 1 =+ €)Af)} y
(11
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Q014 is the policy parameters before the update, clip (a, b, ¢)
is the function that clips the probability ratio a within the
range of [b,c], € is a hyperparameter controlling the clip
range, A; is the advantage function calculated by the general
advantage estimation (GAE) method to make the trade-off
between variance and bias, i.e.,

A = Zz 0 (’Yf) 5t+1a
52/ =7+ ’}/VQC (St-‘rl) - VST{C (St)7

where ¢ is the GAE parameter.

To further improve the exploration ability of the algorithm,
a policy entropy with coefficient ¢ can be added to (11), thus,
leading to the final objective function

L(Qa) :Et [Hlll’l (Tt (Qa)At, Chp(’f’t (Qa), 1
+ cH(ma, (s1)],

denotes the probability ratio,
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where H(mq, (+|s¢)) is the policy entropy.
B. Proposed PPO Based Algorithm

To tackle the optimization problem (P1), we propose a two-
agent PPO based algorithm to jointly optimize the beamform-
ing at the BS and RIS phase shifts, as shown in Fig. 2.
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Fig. 2. The proposed PPO®-PPOW algorithm framework.
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The proposed algorithm contains two agents named as
PPO® and PPOW, which are constructed based on PPO frame-
work. PPOO® uses S-CSI to obtain RIS phase shifts, while
PPOW uses I-CSI within each channel statistics coherence
time to obtain beamforming at the BS. Both PPO® and PPOW
contain a critic network with parameter vectors QC@, Q% and
an actor network with parameter vectors ﬂ?, QZV It is worth
noting that the action a; is obtained by sampling the Gaussian
distribution, which is formed by the mean and variance in the
actor network in this letter. Therefore, we also take the mean
in the actor network as action a,,; for the training of another
agent. Both agents also contain an experience replay buffer of
their own named Ul and U2. The state, action, and reward
of the two agents are designed as follows, where the timestep
t corresponds to the channel statistics coherence time, and
t’ corresponds to the time slot during each channel statistics
coherence time.

1) State: The state of PPOO at t1mestep t is set as sP =

{\/ 7’,1 hr,l ;\/Ld,l hd,l sV ’I”K hrK

Algorithm 1 The PPOO-PPOW Based Algorithm
Initialize Q7, QF, QF 14+ QF, QF,, + QF.
Initialize Y, QY. QW « QW QW

1: for episode =1,2,--- , L do

2:  Initialize the environment and replay buffer Ul and U2;
3 fort=1,2,---,7T do

4: PPOO observes state s and selects action af;

5: forn=1,2,---, Ty do

6 t =ty +n

7 PPOW observes state s,/ and selects action ay,;,;
8 end for

9: Get the reward rP and the next state S?H;

10: Store transition {s®,a®, TQe (aP|sP), 7,2 1} into

replay buffer Ul;
11:  end for

122 fort=T+1,T+2,- 2Td0

13: PPOO observes state s and selects action aﬁl),,

14: forn=1,2,--- Ty do

15: t =tTy +n;

16: PPOW observes state s}/ and selects action a}/ ;

17: Get the reward ;" and the next state s;7, ;

18: Store transition {s}} afy,ﬂnxv (a) sy )orl sy
into replay buffer U2;

19: end for

20: end for

21:  Compute advantages {Ae}t AW wsing (12);
22:  Compute {yP}7 , , {y}V}. 2T using (17);

23: for j=1,2,..,J do

24: Update 96 Qe QW QW with minibatch size B®,
BW respectively using (15) and (18);

25:  end for

26: update ﬂa Old < Q QC old < Q ﬂa old < QZV,
w
Qc,old A Qc
27: end for

VLak( hd x(t)}. PPOW observes the equivalent
channel vector h;, = hT +OG + hd’k, SO its state at the
time slot ¢’ is set as 3}5’}/ = {hy(¢'), -+ ,hg(¢')}. The
state with respect to the real and imaginary parts of CSI
is separately input into neural network.

2) Action: Set aP {61(t),--- ,0n(t)} as the action
of PPOO® at timestep ¢, the element of which is
the reflection phase shifts of the RIS. Set a}f =
{Re(W(t')),Im(W(t'))} as the action of PPOW at time
slot ¢/, which is normalized and reformulated into the
beamforming matrix as W (t') = VPW() 1t i worth

(W ()]
noting that in this algorithm, PPO© and Pli)OW need to
o

output action af’, ay)’, as well as action af),, a,),,. a5,
is generated by PPOO for the training of PPOW, while

u,t' is generated by PPOW for the training of PPOO.
3) Reward: PPOO takes into account the average perfor-
mance of all time slots under the same S-CSI, so the
reward at timestep ¢ is set as r® = [E [25:1 rk(t’)l,
which represents the expectation with respect to the I-SCI

during the channel statistical coherence time. The reward
of PPOW at time slot ¢’ is set as 7} Zk 17e(),



which is the short-term sum rate.

C. Training and Online Working Process

Noting that usually the BS can obtain global channel state
information through the channel estimation method and has
strong information processing capability, we consider deploy-
ing the two agents at the BS. In this case, the agents can
obtain channel state information from the BS, take it as the
input, and output the corresponding action. Then, the action
of PPOO is transmitted through a separate link to the RIS
controller to adjust the RIS phase shifts. Based on the channel
state information and output actions, each agent can calculate
the its reward at the BS.

In the I-th episode, 27" sets of S-CSI are used for training,
and each S-CSI contains T time slots. The training process
is described as follows.

The first 7' S-CSI is for generating PPOO experience: At
timestep ¢, PPOO© observes the current state s? , inputs it to
critic network and actor network: the former outputs value
function Ve ld(s?), and the latter outputs action a®. Then
the RIS phascén shifts of timestep ¢ are configured using action
aP. At time slot ¢/, PPOW observes the current state s}/ and
the actor network outputs the action am,. Then the beam-
forming of BS is configured using the action a}ft,. After Ty
time slots, the environment issues a reward 7 and is updated
to the next state sg;, then {sf,a?,ﬂﬂ? (a9]s9), 12, 21}
is stored in the replay buffer Ul.

The last T S-CSI is for generating PPOW experience: At
timestep ¢, PPO© observes the current state s© and the actor
network outputs the action ag’t. Then the RIS phase shifts
of timestep ¢ are configured using action agt. At time slot
t', PPOW observes the current state sf,V , critic network and
actor network output value function V;{XVDM(SXV ) and action

afy respectively. Then the transmit beamforming of BS is con-
figured using the action a}) . After the action a}! is executed,
the environment issues a reward 7)) and is updated to the
next state sy, ,, then {s}\', a}), mqw (a})|s{"), 7}V, s{/\ 1} is
stored in the replay buffer U2.

Each episode carries out J times of parameter updates. In
each time j, the optimizer randomly samples minibatches of
size B from the replay buffer. The purpose of updating actor
network is to maximize L(€2,), with the policy gradient

1 B .
AR, =5 3 Va, lmin(ri(€2,)4;,

clip(ri(Qa), 1 — €, 14 ¢)4;) + cH (7 (:|s:))]. "
The loss function of the critic network is given by
J(92) = Ee [(ye — Vae(s:)?] (16)
where
yr = As + Va, 1. (5t)- a7
The update gradient of critic network is denoted as
A= 53" Valwi- Vo) (9

The details of the proposed algorithm are given in Algorithm
1. In the online working stage, during the channel statistics

coherence time, PPO®© observes the current S-CSI state and
gets actions ag’t to configure the RIS phase shifts. At each
time slot, PPOW observes the current I-CSI state and gets
actions a,ff_/t/ to configure the beamforming of the BS, which
takes a low runtime. As the RIS phase shift is discrete in
practice, it can be quantized to the closest discrete value to
meet the requirements of practical configuration.

IV. EXPERIMENT RESULTS

In this section, we evaluate the performance of our proposed
algorithm through the simulation results. The BS and the RIS
are positioned at (Om, Om, 30m) and (100m, 20m, 10m),
respectively. Users are uniformly distributed within a circular
region centered at (150m, Om, 1.5m) with a radius of 8m.
The large-scale fading is modeled as L = CO(D%)_‘X, where
Cy = —30dB is the path loss at the reference distance Dy = 1
m, « represents the path loss exponent, and d represents the
link distance. The path loss exponents for the BS-RIS, BS-
users, and RIS-users links are set to ag, = 3.8, agpr = 2.4,
QaRpy = 2.2 [15]. Unless otherwise specified, other system
parameters are set as follows: a,% = —90dBm, P = 10dBm,
Thg =10, M =8, K =2, 1 = B2, = 5dB, B3 = 2dB.

In the proposed PPOO-PPOW framework, all neural net-
works are four-layered DNN, which consists of two hidden
layers of 256 and 128 neurons. We use the Adam optimizer to
update the parameters. In terms of the hyperparameter settings
of PPO, the batch sizes are set to B® = 64, BW = 128, and
the learning rates of the actor network and critic network are
ug = 0.0001, u, = 0.0003, respectively. We set the discount
reward factor v = 0.9, the GAE parameter ¢ = 0.95, the clip
fraction ¢ = 0.2, the number of parameter updates J = 10,
and the policy entropy coefficient ¢ = 0.01. Moreover, 2200
sets of S-CSI are simulated, where 2000 are used for training
and 200 for validation.

For comparison, we consider the WMMSE-RCG algorithm
[5] and SSCA algorithm [11] as baselines, which are near-
optimal numerical optimization algorithms with only I-CSI
and under TTS transmission schemes respectively. At the same
time, we also show the performance of a so-called PPOO-
WMMSE algorithm, which replaces the RIS phase shift design
part of the SSCA algorithm in [11] by the PPOO we proposed.

Figure 3 illustrates the convergence performance of the pro-
posed PPOO®-PPOW algorithm, where the number of reflecting
elements on RIS is N = 64. We can notice that with the
increase of episodes, the rewards of both agents rise steadily
and reach convergence at about 3000 episodes.

Figure 4 demonstrates the spectral efficiency performance
of various algorithms versus the BS maximum transmit power.
In this figure, N = 64. It shows that the deployment of RIS
and proper phase shift can significantly improve the system
performance. Notably, the difference in performance between
the SSCA algorithm and the WMMSE-RCG algorithm is
small, further confirming the feasibility of the TTS transmis-
sion scheme. Most importantly, it is evident that the spectral
efficiencies of the proposed PPOO-WMMSE and PPOO-
PPOW algorithms are close to that of the SSCA algorithm,
which can reach 95.85% and 91.82% of the SSCA respectively
when P = 10dBm, and the proposed PPOO-WMMSE is
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Fig. 3. Convergence performance of the proposed algorithm.
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Fig. 4. Spectral efficiency vs. total power budget P.

even better than the SSCA algorithm when P = 2dBm. In
addition, to illustrate the generalization ability of the proposed
algorithm, we consider expanding the test area of users by
keeping the center of the test area unchanged and extending
the radius to 12m in the online working stage. In this case,
the spectral efficiencies of the PPOO-WMMSE and PPOO-
PPOW algorithm can still reach 93.54% and 89.82% of SSCA
algorithm respectively when P = 10dBm.

In Fig. 5, we compare the spectral efficiency under different
number of RIS elements with N, = 8. As the number of
reflecting elements in the RIS increases, the performance of
all algorithms will become better. Meanwhile, the proposed
algorithm is stable under different number of RIS elements.

Table I compares the online running time of various algo-
rithms under different number of RIS reflecting elements. It
is evident that the time consumption of the SSCA algorithm
increases significantly with N. In contrast, the PPOO-PPOW
algorithm can achieve comparable performance with an ex-
tremely short time, while the PPOO-WMMSE algorithm has a
longer online processing time but slightly better performance.

V. CONCLUSION

In this letter, we investigated beamforming optimization of
RIS-assisted multi-user MISO system with the TTS transmis-
sion scheme. A two-agents PPO based algorithm, referred to
as PPO®-PPOW algorithm, was proposed to jointly optimize
short-term transmit beamforming at the BS and long-term RIS
phase shifts. Experimental results indicated that the proposed
algorithm can approximate the performance of the SSCA
algorithm with extremely low time overhead.
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1.4 1 —«=- PPO®-PPOW

—— Random RIS

—— Without RIS
124
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Fig. 5. Spectral efficiency vs. the number of elements N on RIS.
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RUNNING TIME COMPARISON

N Running Time(ms)
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