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Abstract—Virtual reality (VR) applications require wireless
systems to provide a high transmission rate to support 360-
degree video streaming to multiple users simultaneously. In this
paper, we propose an intelligent reflecting surface (IRS)-aided
rate-splitting (RS) VR streaming system. In the proposed system,
RS exploits the shared interests of the users in VR streaming, and
the IRS creates reflected channels to facilitate a high transmission
rate. The IRS also mitigates the performance bottleneck caused
by the requirement that all RS users have to be able to decode
the common message. We formulate an optimization problem
for maximization of the achievable bitrate of the streamed 360-
degree video subject to the quality-of-service (QoS) constraints
of the users. We propose a deep reinforcement learning (DRL)-
based algorithm, in which we leverage imitation learning and the
hidden convexity of the formulated problem to optimize the IRS
phase shifts, RS parameters, beamforming vectors, and bitrate
selection of the 360-degree video tiles. Simulations based on a
real-world dataset show that the proposed IRS-aided RS VR
streaming system outperforms two baseline schemes in terms of
system sum-rate and average runtime.

I. INTRODUCTION

Virtual reality (VR) streaming provides the users with an
immersive experience by rendering 360-degree videos using
head-mounted devices (HMDs). The growing demand for
VR streaming introduces new challenges for current wireless
systems since the bitrate of a 360-degree video can be much
higher than that of conventional multimedia applications.
Hence, wireless systems have to be able to support a very
high data transmission rate to meet the requirement of 360-
degree video streaming.

In multiuser VR streaming, the same 360-degree video
segment may be requested by multiple users due to their
shared interests. As an example, for the streaming of a 360-
degree soccer match video, the supporters of a particular
soccer team may frequently request those video tiles that
include the players of their team. Rate-splitting (RS) is a
physical layer technique in which the information intended
for the users is split into two parts, namely a common
message and private messages [1], [2]. In RS, each user
needs to decode the common message first. The user then
subtracts the common message from the received signal using
successive interference cancellation (SIC) and subsequently
decodes its private message [1]. These features of RS make
it a promising technique for multiuser VR streaming systems
since (a) the data related to the shared interests of the users can
be encoded into the common message to achieve multiplexing

gains, and (b) the unique data requested by each user can
be encoded in its private message to ensure that all the
requested video tiles can be received. Most existing works
studied RS systems where the data for different users are
independent and uncorrelated, see, e.g., [2], [3], while the
shared interests of the users have not been explored. The
authors in [4] considered an RS non-orthogonal unicast and
multicast (RS-NOUM) system, where a multicast message
needs to be received by all the users in the system and each
user’s private message is being sent via unicast. The authors
in [5] studied RS multigroup multicast systems, in which the
same message is requested by the users of the same group.
Although the RS-based multicasting schemes considered in
[4], [5] exploit the multiplexing gain, they assumed that a part
of the information is requested by every user in the system or
in the same group. However, this assumption may not always
hold in RS VR streaming systems when some users do not
request the same video tile. Therefore, a new RS scheme needs
to be designed for multiuser VR streaming systems to tackle
this issue and exploit the shared interests of the users.

Besides RS, we propose to deploy an intelligent reflecting
surface (IRS) to improve the performance of the RS system.
IRSs are reconfigurable planar surfaces with a large number of
passive reflecting elements. IRSs can effectively improve the
minimum signal-to-noise-plus-interference ratio (SINR) in RS
systems because users who suffer from a large path loss can
benefit from the additional propagation channels created by
the IRSs. IRSs also introduce additional degrees of freedom
(DoF) that can be exploited to mitigate interference [6]. The
authors in [3] designed an on-off phase shift control scheme
for an IRS-aided rate-splitting multiple access (RSMA) sys-
tem. The authors in [7] proposed an alternating optimization
(AO) algorithm to maximize the minimum achievable rate
of an IRS-aided RSMA system. However, multiuser VR
streaming systems was not studied in [3], [7]. In IRS-aided
RS VR streaming systems, the joint optimization of the IRS
phase shifts, RS parameters, beamforming vectors, and bitrate
selection of the video tiles based on the video tile requests and
channel state information (CSI) of the VR users is crucial for
achieving a high performance. Therefore, the results reported
in [3], [7] are not applicable to the problem investigated in
this paper.

In this paper, we propose an IRS-aided RS VR stream-
ing system, where RS is applied to exploit the shared VR



streaming interests of the users, and IRSs are used to improve
the minimum SINR experienced by the common message
across the users. We aim to maximize the achievable bitrate of
the 360-degree video subject to the quality-of-service (QoS)
requirements of the users. We propose a deep reinforcement
learning (DRL)-based algorithm to solve the formulated prob-
lem in a computationally efficient manner. The contributions
of this paper are as follows:

e We propose an IRS-aided RS VR streaming system,
and formulate an optimization problem for maximization
of the achievable bitrate of the 360-degree video. In
particular, we aim to jointly optimize the beamforming
vectors, IRS phase shifts, RS parameters, and bitrates of
the 360-degree video tiles.

o We propose a DRL-based algorithm, in which imitation
learning and actor-critic method are exploited to solve the
formulated problem. The proposed algorithm can learn
the policy by leveraging both exploration and solutions
obtained with conventional optimization methods.

o We design a DNN module in which differentiable convex
optimization (DCO) layers [8] is applied to tackle the
convex constraints of the formulated problem.

o Simulations based on the VR streaming dataset from
[9] show that the proposed algorithm outperforms two
baseline schemes [4], [6] in terms of the system sum-
rate and average runtime.

The remainder of this paper is organized as follows. The
system model and problem formulation for IRS-aided RS VR
streaming systems are presented in Section II. In Section III,
we develop the proposed DRL-based algorithm. Simulation
results are presented in Section I'V. Conclusions are drawn in
Section V.

Notations: We use upper-case and lower-case boldface
letters to denote matrices and column vectors, respectively.
CM>*N denotes the set of M x N complex-valued matrices.
A" denotes the conjugate transpose of matrix A. vec(A)
returns a vector obtained by stacking the columns of matrix
A. diag(x) returns a diagonal matrix where the diagonal
elements are given by the elements of vector . ~ means
“distributed as”. E[-] represents statistical expectation. 1(-)
denotes the indicator function, which is equal to 1 if its
argument is true and equal to 0 otherwise.

II. IRS-AIDED RS VR STREAMING SYSTEM AND
PROBLEM FORMULATION

As shown in Fig. 1, one base station and an IRS are de-
ployed in an indoor facility to provide VR streaming service to
N users. Let N = {1,2,..., N} denote the set of users. The
base station has N, antennas, while the IRS has L reflecting
elements. The HMD of each user has one antenna. We denote
¢ € 10,2m), 1 € {1,...,L}, as the phase shift of the I-th
reflecting element of the IRS. Time is slotted into intervals of
equal duration. Let 7 = {1, 2, ...} denote the set of time slots.
The time interval [¢,¢ 4 1) is referred to as time slot ¢ € T.
The channel gain between the base station and user n € N
in time slot ¢ is denoted by h,, p(t) € CNt. The channel
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Fig. 1. An IRS-aided RS VR streaming system. The upper part of the figure
shows an indoor facility for VR streaming. The lower part of the figure
illustrates a 360-degree video frame.

gain between the base station and the IRS in time slot ¢ is
denoted by G(t) € CL*Nt_ The phase shift matrix of the IRS
in time slot ¢ is denoted by W(t) = diag(e7¢1() ... ei®L(®),
The channel gain between the IRS and user n € N in time
slot ¢ is denoted as h,, r(t) € CL. In order to investigate
the performance upper bound of the considered system, we
assume that perfect CSI can be obtained by the base station.

Each 360-degree video frame is divided into I, video
tiles. We define Z = {1,2,..., I }- The indices of tiles
requested by user n in time slot ¢ are collected in set Z,,(¢). We
define Z(t) = (J,,cpr Zn(t), t € T. At the beginning of time
slot t € T, user n € N informs the base station about Z,, (¢).
After receiving the video tile requests from the users, the base
station needs to determine the bitrate of each requested video
tile. We assume there are M available bitrate selections of the
video tiles, i.e., v1 < --- < vps. Let v, 4(t) denote the bitrate
of tile 7 € Z,,(¢) requested by user n in time slot . We have

Cl: v, (t) eV={v1,...,om}, 1 €L, (t),neN, (1)

and define v,,(t) = (vy,(t), i € T,,(t)).
The utility obtained by user n in time slot ¢ is given by

un(t) = Ziezn(t) Vpi(t) — KM () ne N, (2)

where /"(¢) is the intra-frame quality switch loss of user n
in time slot ¢, and k™ > 0 is a scaling factor for £M""(¢).
/w3 (¢) is determined by the variance of the elements of vector
v, (t). The utility function in (2) is motivated by the current
standardization of video streaming in wireless systems [10]. It
takes into account two important metrics for measuring video
streaming quality, namely, the achievable bitrate of the video
and the bitrate switch during video streaming.

After receiving the video tile requests, the base station
needs to determine (a) the data of which tiles should be
included in the common message, and (b) what is the pro-
portion of the data of each tile in the common message. After
construction, the common message is encoded into a data
stream so(t) € C, where E [|so(¢)|?] = 1. The beamforming
vector for the common message is denoted as by (t) € CNe. A



private message s, (t) € C is constructed for user n € N to
encode the private part of the data requested by user n in time
slot t. We have E [|s,(t)|?] = 1. The beamforming vector for
the private message of user n is denoted as b, (t) € Ct.
We define b(t) = (by(t), by(t),...,bx(t)) € CNTUNe We
denote the maximum transmit power of the base station as
Phax. We have the following constraint:

C2: [|b(t)]3 < Prax- 3)

We define b/ (t) = h ,(t) + h[ z(t) ®(t) G(t). The
signal received by user n € N in time slot ¢ € T is given by:

yn(t) = Ry () bo(t)so(t) + D Ry (1) bin()sin(t) + 2a (D),
meN

where z,(t) is the additive white Gaussian noise (AWGN)

with zero mean and variance o? at user n in time slot ¢.

User n first decodes the common message by treating the

private messages of all users as interference. The SINR of the

common message at user n in time slot ¢ is given by:

H 2
e (t) = ’h"H(t)b"(t)‘ T neN. @
The achievable rate for the common message at user n in
time slot ¢ is RS (t) = logy(1 + ~5(t)). Let R°(t) denote
the transmission rate of the common message in time slot ¢.
To ensure successful decoding of the common message at all
users, we have the following constraint on R°(¢):

C3: RE(t) = min{RS(¢), ..., Ry ()} )

We denote the proportion of R°(¢) that is dedicated to the
data transmission of video tile ¢ € Z(¢) in time slot ¢ as ¢;(¢).

We have
c) (1) <
C4: sezt) ci(t) <1, (6)

C5: () >0, i€ I(t). )

After successful decoding of the common message, user n
removes the corresponding signal from y,,(¢) using SIC, and
decodes its private message. The SINR of the private message
at user n € N in time slot ¢t € T is given by [2]:

H 2
m(t) = i (Qb"(t)‘ ——neN. (@8
ZmEN\{n}|h’n (t)bm(t)’ + o2
The achievable rate of the private message of user n is given
by Rb(t) = logy(1+~h(t)). Let p,, ;(t) denote the proportion
of RY(t) that is used to transmit the data of tile i € Z,,(t) in
time slot ¢. We have

: ; <
Co: Yy o Pri®) SLnEN, ©)

(10)

C7: pni(t) >0,i€ZL,(t),neN.

Let J;, ;(t) denote the number of bits that user n obtains
from the common message for tile ¢ € Z,,(¢) in time slot t. We
have J5 ;(t) = WTpLci(t)RE(t), i € T (t), n € N, where W
and Tpy, are the downlink transmission bandwidth and time

duration, respectively. Let Jf;i(t) denote the number of bits
that user n obtains from its private message for tile i € Z,,(t)
in time slot t. We have J} ;(t) = WTpLp,,i(t)Rh (), i €
Z,(t), n € N. The total number of bits required by user n
to retrieve tile i with bitrate v, ;(t) is given by J(t) =
Tyvni(t), i € Z,(t), n € N, where T, denotes the time
duration of a video tile. In order to ensure that all data
requested by user n can be received within Tpy, we have

the following per-user per-tile QoS constraint:
C8: J5 (t)+ b (1) > JMN(t), i € To(t), ne N. (11)

In time slot ¢, we tackle the following utility maximization
problem for an IRS-aided RS VR system:

u(t) 23 wt)

neN

maximize
b(t), T(t), v, (t),neEN,
ci(t),i€Z(t),
pn,i(t)a i€Ly, (t); neN

constraints C1—C8,
C9: ¢i(t) € [0, 2m), 1 € {1,2,...

(12)
L)

subject to

Problem (12) is a mixed-integer nonconvex optimization prob-
lem. We present an AO algorithm for solving problem (12) in
the journal version of this paper [11]. Although a suboptimal
solution can be obtained with the AO algorithm, the AO
algorithm can be computationally expensive for VR streaming
applications. In the next section, we propose a DRL-based
algorithm to efficiently solve problem (12).

III. THE PROPOSED DRL-BASED ALGORITHM

In this section, we present the Markov decision process
(MDP) formulation and the proposed DRL-based algorithm.

A. MDP Formulation

We model the sequential decision process for solving prob-
lem (12) in time slot ¢ € 7 as an MDP with 7™ decision
epochs. We drop time index ¢ for notational simplicity. The
state in the 7-th decision epoch of the MDP is defined as

s(1) = [hn.p, vec(diag(hf’R)G), nenN,
b(r—1),e(r—1), R (1t —1), RP (T — 1),
pn(T - 1)1 'Un(T - 1)v Vec(‘ll(T))OTH ne N]a
(13)

where p,, (1) = (pn,i(7), 7 € 1), (1) = (¢;(7), i € Z), and
o,=(1(i€T,),ic)e{0,1}m
The action vector in the 7-th decision epoch is defined as

a(t) = (b(1), vec(¥ (7)), c(1), p,(T),vn(T),n €N).
(14)
We use the objective function in problem (12) as the reward

function r(s(7),a(r)). That is, r(s(7),a(r)) = u(7).

B. Algorithm Design

We use an actor network with learnable parameters ®,. to
learn a policy for solving problem (12). The policy learned
by the actor network, i.e., me,(s(7)), defines a mapping
from a state to an action. The critic network learns a state-
action value function Qg,,, which is parameterized by ®.



The Q-value Qs (s(7),a(7)) estimates the discounted total
reward of selecting action a(7) in state s(7). The goal of
the actor-critic method is to learn a policy that maximizes the
discounted total reward [12]. We have

maximize £(® )

e )
= ]ESNPm?m ,ANTE, ZT’:l Y T(S(T )a CL(T )) )

where pr, ~denotes the distribution of the state transition as
the result of taking actions based on policy 7, ., and v €
[0,1] is the discount factor. The deterministic policy gradient
for solving problem (15) is given by [12]:

VLppg = Eswz)w%Cl [VQ@cn(Sa a)l a:mpm(S)vmf'aa(S)] .
(16)
The critic network is updated to minimizing the error of Q-
value approximation using the following gradient [13, Ch. 6]:

VL(®Pert) :Esw)wm AT S 2VQs,, (s, 78, (8))
(17)

Q@ (5,78, (5)) — Qoo (5,78, (5))) |

where Qg,, (s, Ta,,(s)) is the target of the Q-value approxi-
mation. The learning agent maintains an experience replay that
stores the system transition history due to past decisions as a
system transition tuple (s(7),a(7),r(s(7),a(r)), s(7 + 1)).

Apart from the actor-critic method, we use imitation learn-
ing [14] to facilitate the convergence and improve the quality
of the learned policy by learning from the AO algorithm in
[11]. To this end, we first invoke the AO algorithm to solve
problem (12) for D time slots. Note that one time slot corre-
sponds to one episode comprising 7™** decision epochs in the
MDP. In the 7-th decision epoch of the d-th time slot, where
d € {1,...,D}, we first initialize the AO algorithm with
the variables in s(%) (), which is the state vector in the 7-th
decision epoch of the d-th time slot. We then execute the AO
algorithm for one iteration and obtain the solution. We denote

this solution as affg (7). With a/(;g (1), we determine the re-

ward and the next state of the MDP as 7 (s(® (1), a%) (7)) and
s (7 +1), respectively. Then, the system transition obtained
from the execution of the AO algorithm in the 7-th decision
epoch of the d-th time slot is denoted as the system transition
wple (s (7),alg (1), 7(s@ (), afo (7)), sV (7 + 1)). We
index this system transition tuple with the tuple (d,7). We
use a demonstration replay to store the system transition tuples
obtained from the execution of the AO algorithm.

For imitation learning, we first sample a minibatch of Mp
transition tuples from the demonstration replay. The indices
of these tuples are collected in set Mp. For each state
s (7),(d,7) € Mp, an imitation loss Ly is determined
based on the mean squared error between the action chosen
by the actor network, i.e., ma, (s(? (7)), and the solution
obtained by the AO algorithm, i.e., al((g (7). We have

1 d
L= 5720 0 gy |72 (80 (1) —alG (DI (18)

Algorithm 1 Training Algorithm

1: Set episode counter ¢ <— 0.

2: Initialize P, and Py

3: Execute the AO algorithm for D episodes and store the system
transition tuples in the demonstration replay.

4: Perform random exploration and store the system transition

tuples in the experience replay.

while ¢ < Ti,x do

6: Set ci(0) = 1(i € Z(t)) 1y Pr.i(0) = 1(3 € Zn(t)) 13
and v,,;(0) = 1(i € In(t)S vi,i€Z,neN.

7:  Initialize ¥(0) and b(0) based on random initialization.

8:  Initialize 7 « 1.

9:  while 7 < 7™ do

W

10: Determine the action a(7) < s, (8(7)) + @uy-
11: Store the transition tuple in the experience replay.
12: Determine the gradients in (17) and (19).

13: Update @, and P using the Adam optimizer.
14: T4+ 7+ 1.

15: end while
16: t+—t+1.
17: end while
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Fig. 2. The DNN architecture of the actor network. The actor network takes
state vector s(7) as input and determines action a (7).

By combining with the deterministic policy gradient, the
gradient for updating the actor network is given by:

VL = w1V Lppg + wa VL, (19)

where w; and w, are positive parameters representing the
weights of the deterministic policy gradient and the gradient
of imitation loss, respectively.

The proposed training algorithm is illustrated in Algorithm
1. We train the learning agent for T},,x episodes. In each train-
ing iteration, we sample one minibatch from the demonstration
replay and one from the experience replay. We determine
the losses based on (17) and (19), and update the learnable
parameters. We use the Adam optimizer [15] with a learning
rate of o to update the learnable parameters of the actor
and critic networks. We add exploration noise g, during the
training phase to facilitate exploration.

The proposed DNN structure of the actor network is shown
in Fig. 2. We construct two matrices, namely S()(7) and
S@(7), from s(7). S (7) collects the information about the
channel, beamforming vectors, and IRS phase shifts. .S @ (1)
collects the information about the video tile requests, RS
parameters, and bitrate selections. Then, S(l)(’f) is passed
through three convolutional neural network (CNN) layers.



Each CNN layer is followed by a rectified linear unit (ReLU)
activation layer. We employ another three CNN layers to
process S (7). The outputs of the CNN layers are vec-
torized and concatenated to obtain a new vector. We feed
this vector into a multilayer perceptron (MLP) module with
three fully-connected (FC) layers to obtain the beamform-
ing variables b'(7) and IRS phase shifts v’(7). We define
a/(r) = (b/(r), /(7).

Then, we determine the projection of a’(7) onto the feasible
set of problem (12) by solving the following problem:
minimize ||a(7) — a’(7)||?

a(T) (20)

subject to  constraints C2, C8, C9.

We solve problem (20) using a DCO layer [8] since it can be
transformed into a convex problem by applying a quadratic
transform [11]. Compared with conventional convex solvers,
the DCO layer can be integrated as a layer in the DNN
module. In addition, it can solve problem (20) efficiently in a
batch-wise manner, which significantly facilitates the training
process. We denote the feasible beamforming and IRS phase
shift solutions obtained by solving problem (20) as b(7) and
(1), respectively. We then feed b(7) and v(7) into a second
DCO layer which solves the following optimization problem
to obtain the RS parameters and bitrate selections:

DD v
neN i€Z,
constraints C1, C3—CS.

maximize
Vn, nEN, ¢;,i€L,
Pn,is 1€Ln, NEN

21
subject to

We relax constraint Cl as v1 < v, ; <oy, t €I, n € N.
The relaxed problem can be solved using the DCO layer.
We round down the solution of v, ;,7 € Z,,n € N, to
the nearest feasible solution. Note that rounding down the
bitrate solutions only makes the right-hand side of constraint
C8 smaller, while the left-hand side remains unchanged.
Therefore, the obtained solutions satisfy constraint C8.

The critic network has a similar structure as the actor
network with the following two modifications: (a) the DCO
layers are not present in the critic network, and (b) the tanh
activation layer is replaced by the ReLLU activation layer.

IV. PERFORMANCE EVALUATION

We consider a 10 m x 10 m x 3.5 m indoor facility for
VR streaming as illustrated in Fig. 1. Each user is designated
a 27 m x 2.7 m area. We assume all channels are line-of-
sight. We assume a carrier frequency of 60 GHz. Let d,, p,
dn,r, and dy denote the distance between the base station
and user n, the distance between the IRS and user n, and the
distance between the base station and the IRS, respectively.
We determine the CSI of the direct and reflected channels
by hn,D (m)chm[), hn,R = (m)ghm]{, and
G = (ﬁ)cé, where v is the wavelength of the carrier
signal and ( is the path loss exponent. The elements in lAzm Ds
’Aln, R, and G are complex Gaussian distributed with zero
mean and unit variance. We use the real-world dataset from

TABLE I
SIMULATION PARAMETERS FOR PERFORMANCE EVALUATION
Parameter Value
Bandwidth for downlink W 1 GHz
Path loss exponent ¢ 2.29
Maximum transmit power P™%* 1 Watt
Noise power —174 dBm/Hz
Time duration of each video tile T}, 1 sec
Downlink transmission window 1pr, 10 ms
Coefficient M2 10
Number of decision epochs per episode 7™M%* 50
Learning rate o 5x 10~%
Minibatch size M p 512
Value of ¢ for g-step return 5
Kernel size of the CNN layers 2x2
Number of channels of the CNN layers 16, 16, 32, 16, 16, 32
Coefficients for training loss w1, w2 1073 ,1
Discount factor ~y 0.95

System sum-rate (bits/s/Hz)
N .
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Fig. 3. System sum-rate versus the number of reflecting elements L. We set
Ny = N = 6. Note that L = 0 represents the system without an IRS.

[9] to generate the video tile requests in our simulation. The
available bitrate selections are given by set V = {2,...,11}
Mbps. The other simulation parameter settings are given
in Table I. We compare the performance of the following
baseline systems and algorithms:

o IRS-aided RS-NOUM system [4]: We extend the RS-
NOUM system proposed in [4] by including an IRS.
We solve the sum-rate maximization problem for the
resulting system with the constraints of problem (12)
using an AO algorithm.

o IRS-aided multiuser system without RS (IRS-aided
MU system) [6]: In this system, the video tiles are sent
to the users via unicast without RS. We solve the sum-
rate maximization problem for the resulting system with
the constraints of problem (12) using an AO algorithm.

In Fig. 3, we vary the number of reflecting elements L and

investigate the system sum-rate. When L is equal to 120, the
IRS-aided RS VR streaming system with the proposed DRL-
based algorithm achieves a system sum-rate that is 6.8% and
49.3% higher than that of the IRS-aided RS-NOUM system
and IRS-aided MU system, respectively. In addition, L = 0
implies a system without IRS. For the IRS-aided RS VR
streaming system with DRL-based algorithm, deploying an
IRS with L = 120 reflecting elements results in a system
sum-rate improvement of 84.9% compared to the same system
without IRS. This is due to the SINR improvement achieved
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Fig. 4. System sum-rate versus the number of VR users N. We set Ny = 6
and L = 100.

improve the QoS of 360-degree video streaming. We jointly
optimized the DoF of the system using the proposed DRL-
based algorithm. We combined the DRL technique with
imitation learning to improve the quality of the learned policy.
Simulation results based on a real-world dataset showed that
the DoF introduced by RS and IRS can be efficiently exploited
by the proposed DRL-based algorithm to achieve a higher
system sum-rate than the benchmark IRS-aided RS-NOUM
and IRS-aided MU systems. The performance improvement
of the proposed IRS-aided RS VR system becomes more
pronounced as the number of shared video tile requests
increases. Our simulation results also revealed the respective
contribution of RS and IRS to the performance gain achieved
with the proposed IRS-aided RS VR system. For future work,
we will tackle the potential impact of the suboptimality of the
AO algorithm on policy learning [11].
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