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Abstract—Next-generation Virtual Reality (VR) technology
enables full-user immersion and support for multiuser Virtual
Experiences (VEs). Given the low-cost and passive nature of
intelligent reflecting surfaces (IRSs), this paper investigates the
optimal design of a multi-user IRS-assisted VR network, where
an IRS is optimally deployed in a confined space as a function of
VR fully-immersed users’ trajectory. In particular, we consider
sum-rate maximization of all VR users and optimize the Access
Point’s (AP) active beamforming, and the IRS’s placement, phase
shifts, and radiation patterns in a confined indoor environment
operating in millimeter Wave (mmWave) frequencies. We intro-
duce the Alternating Optimization (AO) algorithm, decompose
the problem into distinct sub-problems, and solve each problem
optimally. That is, maximum-ratio transmission (MRT) is applied
for optimal beamforming at the AP, optimal closed-from IRS
phase shifts are determined using quadratic transformation,
global optimization is conducted to determine the ideal locations
for the IRS elements, and the monotonic optimal radiation
pattern has been analyzed. Our findings highlight that strategi-
cally allocating the IRS’s resources at optimal physical locations
enhances signal stability and maximizes per-user throughput.

Index Terms—Alternative Optimization (AO), Intelligent Re-
flecting Surface (IRS), Resource Allocation, Millimeter Wave
(mmWave), Virtual Reality (VR).

I. INTRODUCTION

V IRTUAL REALITY (VR) is anticipated to transform
our digital interactions in various domains such as

healthcare, tourism, education, entertainment, and occupa-
tional safety [1]. VR systems are poised to accommodate
multiple fully-immersed users who can freely navigate their
Virtual Experiences (VEs) in an indoor environment. To en-
able cost-effective indoor VEs, the deployment of Intelligent
Reflective Surfaces (IRSs) on the walls as a function of users’
trajectory is a potential solution [2]. An IRS consists of large
arrays of passive reflecting elements on a reconfigurable planar
surface. These elements can independently modify the phase
of an incoming signal before reflecting it towards its intended
receiver. The IRS can be a boon for users experiencing
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significant path loss or blockage on the direct link, especially
when primarily operating in the millimeter Wave (mmWave)
frequency band, as the IRS creates additional propagation
pathways — namely, reflected channels [3]. Moreover, the IRS
offers added degrees of freedom through the phase shifts of the
reflective elements, which can be harnessed to minimize in-
terference [4]. It is also worth noting that IRSs are envisioned
to be manufactured as passive, cheap, and flexible entities
adaptable for indoor VR streaming setups, as they could be
used as “soft” environmental boundaries [5].

Prior research has underscored the advantages of integrat-
ing IRSs into traditional multi-user wireless communication
frameworks [4], [6]–[8]. For instance, Chaccour et al. demon-
strated that the IRS can enhance both the sum data-rate and
the reliability of data transfer in VR contexts [6]. Jalali et
al. delved into the IRS design for energy efficiency and
admission control maximization for Internet of Things (IoT)
users with short packet lengths [4]. Besser et al. introduced a
phase hopping algorithm tailored for IRS-supported systems
to elevate data transfer reliability without the necessity for
channel state information (CSI) [7]. Furthermore, Zhou et al.
studied a latency minimization problem for a multi-user secure
IRS-aided VR delivery network with imperfect CSI [8].

To the best of our knowledge, none of the research works
have optimized the design of an IRS-assisted indoor VR net-
work, where the IRS is considered to be deployed ina confined
3-Dimensional (3D)space as a function ofVRusers’ trajectory.

In this paper, we consider an IRS-enabled multi-user
mmWave VR environment (see Figure 1), where the IRS is
deployed on one of the walls, and a multi-antenna AP transmits
data to a set of single-antenna Head Mounted Devices (HMDs)
via the IRS. Specifically, we maximize the aggregate data
rate of all HMDs by optimizing the location of the IRS,
beamforming, phase shifts, and radiation patterns as a function
of VR users’ trajectory (modeled using redirected walking) in
a confined indoor environment. The formulated problem is
non-convex, thus we employ Alternating Optimization (AO)
algorithm, segmenting the main optimization problem into four
distinct sub-problems, in which each sub-problem is optimally
solved. For the first sub-problem, i.e., the active beamforming
at the AP, the maximum-ratio transmission (MRT) is proved
to be the optimal AP beamformer. In the second sub-problem,
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Fig. 1: Considered multi-user IRS-assisted full-immersive Virtual Reality scenario.

a closed-form optimal solution is obtained for the IRS phase
shifts design using quadratic transformation. A global opti-
mization of the IRS’s placement is carried out in the third
sub-problem based on a first-order derivative of the objective
function. Finally, the optimal radiation pattern is determined
in a closed-form format based on the monotonicity of the
transformed objective function. The simulation results indicate
that IRS with passive beamforming and location-based IRS
placement, combined with an optimal beamforming at the
Access Point (AP), can achieve improved data-rates compared
to a number of baseline schemes.

Notations: Boldface lower-case and upper-case letters repre-
sent vectors and matrices, respectively, e.g., x for vectors and
X for matrices. The operators (·)T and (·)H are the transpose
and the conjugate transpose of a matrix or vector, respectively,
while (·)∗ gives the optimal value of a matrix or vector. The
functions tr(·), vec(·), and diag(·) refer to the trace, vectoriza-
tion, and diagonalization of a matrix, respectively. The symbol
j is defined as

√
−1. Finally, ℜ(·) and arg(·) denote the real

and the phase of a complex function, respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As depicted in Figure 1, we consider an IRS-assisted Multi-
Input Single-Output (MISO) communication system in which
IRSs relays data to a single antenna HMD VR user. The
direct link between the transmitter and receiver is considered
to be blocked. Doppler effect caused by the HMD’s mobility
is presumed to be fully compensated. In this network, an
AP with L antennas serves a set of HMDs represented as
K = {1, ...,K} using an IRS whose elements are denoted
by M = {1, . . . ,M}. Our goal is to fine-tune the IRS’s
resource allocation based on a placement optimization problem
to achieve maximum Signal-to-Noise Ratio (SNR) over a
fixed time span T > 0. The time duration T is partitioned

into N uniformly spaced time intervals, given by T = Nξt.
Specifically, ξt denotes the length of each individual time slot,
and N is defined as the set of all these time slots, represented
by N = {1, ..., N}.

We adopt a 3D Cartesian coordinate system with the AP at
a fixed location a = [ax, ay, az]

T ∈ R3×1. The HMDs are
traversing in a fixed ground location, and their trajectory fol-
lows the path u[n, k] = [ux[n, k], uy[n, k], uz[n, k]]

T ∈ R3×1

based on redirected walking [9]. The location-based allocation
of IRS resources, when projected onto the vertical plane,
is represented by s[n] = [sx[n], sy[n], sz[n]]

T ∈ R3×1.
Furthermore, we confine the area of interest to four vertical
Cartesian planes H1 to H4 where the IRS resources could
potentially be allocated, with H1 being:

ymin <sy[n] < ymax, zmin < sz[n] < zmax,

sx[n] = {xmin, xmax}, ∀n ∈ N , (1)
xmin <sx[n] < xmax, zmin < sz[n] < zmax,

sy[n] = {ymin, ymax}, ∀n ∈ N , (2)

and H2 to H4 could be defined similarly. These regions ensure
that the IRS is positioned in one of the corner walls of a room-
shaped environment, as seen in Figure 1. We also take into
account the radiation pattern of the IRS:

F (ψk, φ) =

{
cos3(ψk), ψk ∈ [0, π/2], φ ∈ [0, 2π],

0, ψk ∈ (π/2, π], φ ∈ [0, 2π],
(3)

where ψk,∀k ∈ K ∪ {0}, and φ represent the elevation and
azimuth angles, respectively, from the IRS to the AP/HMD
link [10]. It is worth pointing out that the radiation pattern of
the IRS remains consistent across various azimuth angles. To
streamline our discussion, we exclude the argument φ from the
function F (ψk, φ) in (3) in subsequent equations, using F (ψk)
in place of F (ψk, φ). Given these conditions, the dynamic



channel between AP and IRS, and between IRS and the k-th
HMD adheres to the free-space path loss model, which can be
detailed as [11], [12]:

H̃n =H
√
β0,nF (ψ0), ∀n ∈ N , (4)

g̃k,n =gk,n

√
βk,nF (ψk),∀k ∈ K,∀n ∈ N , (5)

βk′,n =
√
c0∥dk′,n∥−

α
k′
2 , k′ ∈ K ∪ {0},∀n ∈ N , (6)

where β0,n and βk,n symbolize the path loss with c0 being
the reference channel power at a distance of 1 meter, while
α0 and αk,∀k ∈ K are the path loss exponents of AP−IRS and
IRS−k-th HMD links, respectively. Moreover, the small-scale
fading of the links between AP and IRS, (4), and between
IRS and the k-th HMD, (5), are denoted by H ∈ CM×L

and gk,n ∈ CM×1, respectively. Besides, the distance vectors
from the IRS to the AP and k-th HMD, coming from (6), are
respectively given by:

d0,n = s[n]− a =

= [sx[n]− ax, sy[n]− ay, sz[n]− az]
T ,∀n ∈ N , (7)

dk,n = s[n]− u[n, k] =

= [sx[n]− ux[n, k], sy[n]− uy[n, k], sz[n]− uz[n, k]]
T,

∀k ∈ K,∀n ∈ N . (8)

Therefore, the received signal of k-th HMD follows as:

yk,n = g̃Hk,nΘH̃wkbk,n + nk, ∀k ∈ K,∀n ∈ N , (9)

where bn,k is the bearing-information transmitted symbol for
the k-th HMD with normalized power at n-th time slot,
wk ∈ CL×1 is the transmit beamforming vector, and nk is
the additive white Gaussian noise (AWGN), which follows
a complex normal distribution with zero mean and variance
σ2
k. The IRS phase shifts matrix is represented by Θ and

is defined as Θ = diag(θ1, θ2, . . . , θM) ∈ CM×M, where
θm = ϱme

jϑm ∈ C characterizes the reflection coefficient of
the m-th IRS element, in which ϱm ∈ [0, 1] is the reflection
amplitude1, and ϑm ∈ [0, 2π] is the phase shifts. Ultimately,
by assuming there is no multi-user interference, we represent
the SNR at k-th HMD in time slot n as:

γk,n(W,Θ,β,Ψ) =
β0,nF (ψ0)βk,nF (ψk)

∣∣gHk,nΘHwk

∣∣2
σ2
k

,

∀k ∈ K,∀n ∈ N , (10)

where W, β, and Ψ are the collection of w’s, β’s
and ψ’s according to W ≜ [w1, ...,wK ], β ≜
[β0,0, . . . , β0,n, . . . , βK,N ], and Ψ ≜ [ψ0, ..., ψK ]. Conse-
quently, the achievable data-rate of the k-th HMD during the
n-th time slot, measured in [bit/s/Hz], can be expressed as:

R(W,Θ,β,Ψ) = log2(1 + γk,n(W,Θ,β,Ψ)),

∀k ∈ K,∀n ∈ N . (11)

1To maximize reflection efficiency, we assume the amplitudes of all passive
elements to be one [4], [13], i.e., ϱm = 1, ∀m ∈ M.

Finally, the sum data-rate for all HMDs can be written as:

Rtot(W,Θ,β,Ψ) = B
∑
∀k∈K

∑
∀n∈N

R(W,Θ,β,Ψ), (12)

where B represents the bandwidth of the network.
We aim for system-level data-rate optimization in an IRS-

assisted single-cell multi-user indoor VR network. This can
be achieved through location-based IRS resource allocation
and by adjusting parameters such as transmit beamforming
and respective phase shifts and radiation patterns. With these
considerations, we can frame the optimization problem as:

max
W,Θ,β,Ψ

Rtot(W,Θ,β,Ψ), (13)

s.t. tr
(
WWH) ≤ Pmax

AP , (13a)
|θm| ≤ 1, ∀m ∈ M, (13b)
s[n] ∈ Hq, ∀q ∈ {1, . . . , 4}, (13c)
u[n, k] ∈ Uk, ∀k ∈ K, (13d)
0 ≤ ψk ≤ π/2, ∀k ∈ K ∪ {0}. (13e)

Constraint (13a) ensures that the transmission power remains
within the upper limits set for the AP. Constraint (13b)
specifies the bounds within which the reflection coefficient for
every IRS element must operate. Constraint (13c) ensures the
IRS is positioned in one of the corner walls of the room. Next,
constraint (13e) confines the radiation pattern. Finally, con-
straint (13d) confirms that each VR user follows a predefined
redirected walking path denoted as Uk [14]. Given the presence
of a non-concave objective function and the non-convex nature
of constraint (13b), the optimization problem laid out in (13)
is distinctly nonconvex [15]. This inherent complexity makes
it challenging to derive a straightforward solution for the
problem. As a result, AO methods or approximations are
needed to address non-convexity effectively.

III. LOCATION OPTIMIZATION AND RESOURCE
ALLOCATION OF IRS IN A VR NETWORK

Optimization problem (13) is non-convex due to the highly
coupled optimization variables. In general, there is no well-
organized method to solve such problems. However, we pro-
pose an AO with low computational complexity to achieve a
sub-optimal solution, where a new objective function was pro-
posed to avoid the feasibility problem. In the first and second
sub-problems, closed-form optimal solutions are obtained for
the active beamforming at the AP and passive beamforming
at the IRS. In the third one, a global optimization of the IRS’
resource allocation is carried out. Finally, the radiation pattern
at the IRS is briefly explored in the last sub-problem.

A. Step 1: AP Active (transmitter-side) Beamforming
We first fix Θ, β, and Ψ consider the optimization of active

beamforming. Thus, the corresponding optimization problem
with a transformed objective function can then be formulated:

max
wk,W

∑
∀k∈K

∑
∀n∈N

A0
n,k

∣∣gHk,nΘHwk

∣∣2, (14)

s.t. (13a).



where A0
n,k =

β0,nF (ψ0)βk,nF (ψk)

σ2
k

. One can readily prove that
the optimization problem (14) is affine, thus convex. There-
fore, we can exploit the properties of convex optimization to
derive a closed-form global optimal solution. However, the
optimal transmit beamforming is known to be the maximum-
ratio transmission (MRT) and is given by [16]:

w∗
k =

√
Pmax
AP

(
gHk,nΘH

)H/∣∣∣∣gHk,nΘH
∣∣∣∣,∀k ∈ K. (15)

B. Step 2: IRS Passive (receiver-side) Beamforming

Given the optimal active beamforming from the previous
sub-problem and fixed β and Ψ, the IRS passive beamforming
sub-problem can be recast as:

max
Θ

∑
∀k∈K

∑
∀n∈N

A0
n,k

∣∣ vec(Θ)HΥn

∣∣2, (16)

s.t. |θm| = 1,∀m ∈ M, (16a)

where we used the change of variables gHk,nΘHwk =

vec(Θ)HΥk,n, in which Υn = diag(gk,n)Hwk, ∀n ∈ N .
Despite the non-convex nature of the problem (16) due to
the unit modulus constraints, a closed-form solution can be
derived based on the quadratic transform method. To do so,
we rewrite the problem into its equivalent form as:

max
Θ

∑
∀k∈K

∑
∀n∈N

A0
n,k

(
− vec(Θ)HU vec(Θ)

+ 2ℜ{vec(Θ)HΥn}
)
, (17)

s.t. (16a),

where U = vec(Θ)ΥHn . Now, we obtain the following simpler
upper bound to the quadratic term vec(Θ)HU vec(Θ):

vec(Θ)HU vec(Θ) ≤vec(Θ)HQ vec(Θ)

−2ℜ
{
vec(Θ)H(Q−U)vec(Θt)

H
}

+vec(Θt)H(Q−U)vec(Θt), (18)

where Q = λmax(U)IM and λmax(U) corresponds to
the maximum eigenvalue of the semi-positive definite ma-
trix U. Additionally, the superscript t indicates the fea-
sible solution achieved during the t-th iteration. Thus,
the objective function of (17) can be lower bounded by
−λmax(U)|| vec(Θ||2+2ℜ

{
vec(Θ)H

(
(Q−U)vec(Θt)+Υn

)}
−

vec(Θt)H(Q−U)vec(Θt). Then, we can reformulate the IRS
passive beamforming sub-problem in the following manner:

max
Θ

∑
∀k∈K

∑
∀n∈N

A0
n,kℜ

{
vec(Θ)HΓn

}
, (19)

s.t. |θm| = 1,∀m ∈ M, (19a)

where Γ = (Q−U)vec(Θt) + Υn. Ultimately, it can be
verified that the optimal solution to (19) is expressible in
closed-form, as presented:

θm = ejarg(Γm),∀m ∈ M. (20)

C. Step 3: IRS Placement at Optimal Locations

In this subsection, we formulate the subproblem wherein the
IRS’s placement is optimized with fixed active beamforming
and fixed IRS’s phase shifts and radiation pattern, i.e., W,
Ψ, Θ are known. Therefore, the optimization problem for the
IRS’s location-based resource allocation can be written as:

max
s[n]

∑
∀k∈K

c20F (ψ0)F (ψk)
∣∣∣gHk,nΘH

∣∣∣2
σ2
k∥s[n]−a∥α0∥s[n]−u[n, k]∥αk

, (21)

s.t. (13c) and (13d),

where β’s are replaced by the IRSs’ location decision vari-
ables, s[n]. It can be seen that (21) is convex. Thus, an optimal
solution for the IRSs’ placement can be found. Assuming
αk = 2 [17] and by setting the first-order derivative of the
objective function with respect to s[n] to zero, we obtain the
following equalities:

(ax − sx[n])

(ax − sx[n])
2
+ (ay − sy[n])

2
+ (az − sz[n])

2 (22)

=
(sx[n]− uy[n, k])

(sx[n]−uy[n, k])2+(sy[n]−uy[n, k])2+(sz[n]−uz[n, k])2
,

(ay − sy[n])

(ax − sx[n])
2
+ (ay − sy[n])

2
+ (az − sz[n])

2 (23)

=
(sy[n]− uy[n, k])

(sx[n]−uy[n, k])2+(sy[n]−uy[n, k])2+(sz[n]−uz[n, k])2
,

(az − sz[n])

(ax − sx[n])
2
+ (ay − sy[n])

2
+ (az − sz[n])

2 (24)

=
(sz[n]− uz[n, k])

(sx[n]−uy[n, k])2+(sy[n]−uy[n, k])2+(sz[n]−uz[n, k])2
,

where an iterative approach could be employed to determine
the optimal locations for IRS. With the knowledge of the AP
location and the HMDs’ trajectory [18], we initialize with
predefined values for sx[n], sy[n], and sz[n]. From these,
we deduce the optimal IRS coordinates iteratively, based on
equations (23) − (25), while simultaneously satisfying the
constraint (13c) and (13d).

D. Step 4: IRS Radiation Pattern Optimization

We now consider the last subproblem of optimizing Ψ with
fixed W, Θ, and β, which can be given by:

max
Ψ

∑
∀k∈K

∑
∀n∈N

A1
n,k cos

3(ψ0) cos
3(ψk), (25)

s.t. (13e),

where A1
n,k =

β0,nβk,n

∣∣gH
k,nΘHwk

∣∣2
σ2
k

. Unlike the preceding sub-
problems, where we had to work out how to get to the closed-
form solutions algebraically, obtaining a closed-form solution
is straightforward due primarily to the monotonicity of cosine
terms in the objective function. Fortunately, it can be readily
proved the endpoints of the interval in (13e) yield the global



Algorithm 1 Iterative AO algorithm

Input: Set i = 0, Imax, and initialize W = W0, Θ = Θ0,
β = β0, and Ψ = Ψ0.

1: Repeat
2: Solve problem (14) for given {Θi−1,βi−1,Ψi−1}

and use (15) to obtain the optimal solution Wi.
3: Solve problem (19) for given {Wi−1,βi−1,Ψi−1}

and use (20) to obtain the optimal solution Θi.
4: Solve problem (21) for given {Wi−1,Θi−1,Ψi−1}

and use (23)−(25) to obtain the optimal solution βi.
5: Solve problem (25) for given {Wi−1,Θi−1,βi−1}

to obtain the optimal solution Ψi.
6: until i = Imax
7: Return {W∗,Θ∗,β∗,Ψ∗} = {Wi,Θi,βi,Ψi}.

maximum of the objective function as cos3(ψk),∀k ∈ K∪{0}
is monotonically decreasing when 0 ≤ ψk ≤ π/2. This implies
that an elevation angle of zero results in the most favorable
IRS radiation patterns. The final iterative-based AO approach
is provided in Algorithm 1.

IV. COMPLEXITY ANALYSIS

In this section, we conduct an analysis of the computational
complexity of our proposed algorithm. The AO algorithm
iteratively tackles the four subproblems related to W, Θ,
β, and Ψ until convergence is reached. We obtain efficient
closed-form solutions for the first two subproblems, as in (15)
and (20), respectively. The last two subproblems have been
convexified and can be efficiently solved in polynomial time
using CVX [4]. The computational complexities associated
with W, Θ, β, and Ψ are as follows: O1 = O(KL3),
O2 = O(K2LNM +K2M2 +M3), O3 = O((3N)(12N +
3NK)3), and O4 = O((K + 1)3). Hence, the proposed AO
algorithm’s computational complexity can be approximated as
O(KL3 +K2LNM +K2M2 +M3 +N4K3).

V. EVALUATION SETUP AND RESULTS

We utilize a simulation framework for assessing the perfor-
mance of the AO algorithm in an IRS-assisted full-immersive
Virtual Reality (VR)-supporting mmWave network, accounting
for the locations of the HMD VR users, the AP, and the IRS
within a 3D environment. The allocation of IRS resources is
considered within the environment’s four outer walls, exclud-
ing floor and ceiling. The AP is centered on the ceiling at
3 m height with the HMDs navigating in environments sized
10×10, 15×15, or 20×20 m2 [18].

The proposed AO algorithm is derived for a generic number
of IRS elements, where the allocation of the number of
such resources will depend on the communication data-rate
requirements of the future VR systems. Initially, we consider
200 such elements, each sized λ/5 [19], [20]. We utilize
the discrete-event network simulator (ns-3), in particular its
WiGig module, which facilitates the analysis of the IEEE

TABLE I: Overview of baseline simulation parameters.
Parameter Name Parameter Value
Application Type OnOffApplication
Data Rate 150 Mbps
Flow Direction Downlink
Payload Size 1448 Bytes
Transport Protocol UDP
MAC Queue Size 4000 Packets
Aggregation Type A-MSDU and A-MPDU
MAC / PHY CSMA/CA / SC DMG MCS-10
Transmit Power / Sectors 10 mW / 8
Rx Noise Figure 10 dB
Operating Frequency 60.48 GHz

TABLE II: Summary of achieved results. Different approaches are
compared based on room sizes, their average (Avg) throughput, and
standard deviation (SD).

Approach Room size [m2] Avg [Mbps] SD [Mbps]

10×10 124, 08 68, 4051
No IRS 15×15 112, 25 74, 7407

20×20 98, 063 79, 2939
10×10 131, 97 60, 4667

Random 15×15 117, 58 62, 8617
20×20 109, 40 67, 1633
10×10 144, 97 50, 5537

Optimal 15×15 125, 10 68, 5524
20×20 115, 87 72, 2035
10×10 147, 89 40, 4191

Oracle 15×15 129, 34 47, 5146
20×20 118, 74 49, 0862
10×10 148, 90 39, 1131

Best Path 15×15 131, 34 46, 5221
20×20 120, 73 48, 9770

802.11ad/ay protocols’ performance [21]. Moreover, we in-
corporate a mmWave propagation model into the existing ns-
3 framework that models the presence of the IRS on signal
propagation in the environment [11], [12]. The summary of
relevant simulation parameters is given in TABLE I.

The “Optimal” approach follows Algorithm 1 for dynami-
cally adjusting the IRS configuration and resources allocation
based on the HMD, AP, and IRS locations, and IRS radia-
tion patterns. We further consider the IRS’s placement at a
“Random” location, as well as at an “Oracle” location that
identifies the IRS’s placement in all potential locations across
room walls with 0.1m-sized grid, and does that for every
HMD location. Besides, the “Best path” is used to assess
the performance of the combination of the direct AP-HMD
and AP-IRS-HMD links, with the IRS’s placement utilizing
the “Optimal” approach.

We evaluate the performance of different approaches and
express it through average throughput and its standard devi-
ation (SD) against a maximum threshold of 150 Mbps per
HMD, focusing on scenarios with a single and multiple HMDs
navigating through different environments (cf., TABLE II). A
snapshot of the results, focusing on the 10×10m2 environment,
is depicted in Figure 2. The throughput in each environment
peaks when the IRS is optimally positioned for each HMD, in
comparison to scenarios without an IRS and with its resource
allocation at a random location. The IRS resource allocation at
an oracle location occasionally results in a higher throughput,



(a) No IRS (b) IRS at a random location (c) IRS at an optimal location (d) IRS at an oracle location (e) LoS + IRS at optimal

Fig. 2: Communication coverage achieved by different approaches in a 10×10 m2 room.

(a) 2 users, no IRS (b) 2 users, IRS at an optimal location

Fig. 3: SNR variability enhancements due to the utilization of IRS resources at locations optimized by the proposed AO approach.

yet the AO algorithm can closely match its performance for
the majority of HMD locations despite its real-time-operating
nature. Notably, the average throughput considering both the
optimal IRS path and direct HMD-AP channel is highly
comparable to the oracle. Analyzing SD, the performance
of the network without an IRS shows higher throughput
variability across environments compared to the scenarios with
IRS support, even for its random resource allocation in the
environment. Moreover, the “Optimal” location-based IRS
resource allocation yielded by the AO approach, as well as its
combination with Line-of-Sight (LoS) communication, offer
consistent throughput and low SNR variability, even in multi-
user scenarios (cf., Figure 3).

VI. CONCLUSION

We have proposed an Alternating Optimization (AO) algo-
rithm that determines the allocation of Intelligent Reflective
Surface (IRS) resources based on the relative locations of
the Head Mounted Devices (HMDs) and Access Point (AP)
in full-immersive multiuser Virtual Reality (VR)-supporting
millimeter Wave (mmWave) networks. Our algorithm paves
a new avenue for enhancing the immersiveness of VR by
integrating IRSs into the supporting high data-rate wireless
communication network. Our evaluation results underscore the
potency of the proposed algorithm and the potential of IRSs
in enhancing communication coverage and improving users’
Virtual Experiences (VEs).
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