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Abstract—The rapid advancement of metaverse applications in
wireless environments necessitates efficient resource management
to enhance Quality of Experience (QoE). This paper presents
a novel framework for optimizing wireless resource allocation
within the metaverse to optimize QoE using convex optimization
and matching theory. We formulate a QoE optimization problem
that considers packet error rate (PER) and immersive experience.
Our problem also enables us to make a tradeoff between immer-
sive experience and PER while computing QoE. The formulated
problem is an NP-hard mixed-integer non-linear programming
(MINLP) problem, which we address through decomposition and
convex optimization scheme, matching theory, and BSUM. Specif-
ically, for a solution, our proposed model integrates matching
theory, block-successive upper-bound minimization (BSUM), and
convex optimization to optimize for the association, transmit
power allocation, and resource allocation. Finally, numerical
results are provided.

Index Terms—Internet of Things, convex optimization, meta-
verse, matching theory.

I. INTRODUCTION

The emergence of the wireless metaverse presents unprece-
dented opportunities for immersive virtual experiences, driven
by advancements in augmented reality (AR), virtual reality
(VR), and mixed reality (MR) [1], [2]. These applications
demand ultra-low latency, high data rates, and seamless con-
nectivity to ensure a high Quality of Experience (QoE) for
users. Specifically, one can say that the Wireless Metaverse
is an emerging paradigm that integrates virtual and aug-
mented reality experiences with wireless networking and edge
computing technologies. Ensuring optimal resource allocation
to maximize Quality of Experience (QoE) is a fundamental
challenge in this domain. However, achieving optimal QoE
in wireless metaverse environments is challenging due to
limited network resources, dynamic wireless conditions, and
computational constraints [3]–[5]. To address the challenges of
wireless metaverse, resource optimization plays a critical role
in maximizing QoE while ensuring efficient utilization of net-
work and computing resources. Traditional resource allocation
techniques are often inadequate in handling the complex and
dynamic nature of metaverse applications, necessitating novel
optimization frameworks that leverage artificial intelligence
(AI), edge computing, and network-aware strategies.

Various works [1]–[6] considered metaverse and wire-
less systems. In [6], the authors provide a broad vision of

Metaverse-enabled wireless systems, discussing key enablers
such as edge computing, artificial intelligence (AI)-driven re-
source management, and immersive service delivery. The study
highlights the importance of low-latency communication and
adaptive resource allocation for enhancing user experience.
Additionally, it outlines a potential network architecture that
leverages intelligent resource allocation to balance computa-
tional loads across cloud and edge nodes. Optimizing task
offloading strategies is critical for ensuring smooth and immer-
sive Metaverse interactions. The work in [7] explores dynamic
task offloading mechanisms that distribute computational tasks
between cloud servers and edge computing nodes. The study
introduces a framework that dynamically adjusts resource allo-
cation based on network conditions and user mobility, improv-
ing system efficiency while minimizing latency. Furthermore,
the authors propose a cost-aware offloading mechanism that
balances computational demands and energy consumption. On
the other hand, maximizing QoE in Metaverse environments
requires intelligent resource allocation policies that consider
user experience metrics such as responsiveness, visual quality,
and interaction fluidity. The study in [8] discusses QoE-driven
resource allocation techniques that leverage machine learning
to predict user demand patterns and dynamically allocate
bandwidth and computational resources. The authors demon-
strate how AI-powered predictive modeling can proactively
adjust network parameters to optimize service delivery. On
the other hand, other works also considered resource allocation
in metaverse [9]–[11]. Different from the existing works, we
consider quality of experience (QoE). The summary of our
contributions is as follows:

• We propose a novel framework for wireless metaverse
and consider QoE in terms of immersive experience and
PER.

• The formulated problem is a mixed-integer non-linear
programming (MINLP) problem and difficult to solve
using traditional convex optimization schemes. Therefore,
we decompose the main problem into simple problems
and then use block-successive upper-bound minimization
(BSUM), matching theory, and relaxation-based schemes.

• Finally, we present numerical simulations and conclude
our work.

The rest of the paper is structured as follows: Section II
presents our proposed optimization framework, detailing its
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Fig. 1: Proposed system model.

key components and methodologies. Section III provides the
proposed solution approach. Section IV discusses the imple-
mentation and performance evaluation, followed by results and
analysis in Section V. Finally, Section VI concludes the paper
with future research directions.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a metaverse-empowered wireless system, as illus-
trated in Fig. 1. There are two spaces: (a) a physical space
and (b) a meta space. All entities in the system are in physical
space. On the other hand, the meta space is based on a virtual
model of the physical world. These spaces interact with each
other for enabling various operations. The interaction is via
wireless or wired media. Let us consider a set G of G entities
in the physical space that wants to communicate physical space
states with the meta space. For instance, it can be the set
of AR/VR headsets that can sense the environment and then
share the sensed data with the meta space. The states of the
physical space should be communicated with the meta space
timely for up to date operation. To do so, there is a need for
deployment of a massive number of sensors. These sensors
can be modeled by considering a continuous distribution of
sensors similar to the work in [12]. Next, these continuously
distributed sensors can be divided into discrete units and
then perform communication modeling. Let us consider a
distribution function, f(a, b, c), where a, b, and c denote the
longitude distance, latitude distance, and height, respectively.
This distribution function will be used for computing latency.
Next, we present the communication model.

A. Metaverse Communication Model

For communication between meta space and the physical
space, a set O of O resource blocks that are orthogonal
in nature. As the number communication end-nodes will be
massive in the foreseeable future, therefore, we need to plan
the efficient use of the communication resources. To do so, in
our system model, we propose the reuse of resource blocks
for metaverse sensing units. For a resource block o, we can
write the throughput as follows.

ℜg = To

log2

(
1 +

pghg,b∑
c∈C pchc,b +N2

o

) , ∀g ∈ G, (1)

where
∑

c∈C pchn,b and N2
o denote the interference due to

other users already using the resource block o and noise,
respectively. To is the bandwidth of the resource block o. For
a sensing unit g, the transmission latency associated with a
meta space b using a resource block o, can be given by:

Ξg(κ,υ,p) =

 κ(g,b)υ(g,o)χgϵη(x, y, z)

To

(
log2

(
1 +

pghg,b∑
c∈C pchc,b+N2

o

))
 ,

∀g ∈ G,

(2)

where κ(g,b) and υ(g,o) are the association and resource allo-
cation variables, respectively. κ(g,b) = 1 when the sensing unit
g is associated with meta space b and κ(g,b) = 0, otherwise.
Similarly, the resource allocation variable υ(g,o) = 1 when the
resource block o is assigned to a sensing unit g and υ(g,o) = 0,
otherwise. pg is the transmit power. In our system, a single
sensing unit must be assigned to a maximum of one meta
space.

B∑
b=1

κ(g,b) ≤ 1 ∀g ∈ G, (3)

Every meta space has a certain capacity to serve the sensing
entity by processing the data received from them. To process
the sensing unit data, there is a need for computing and
storage resources. Meanwhile, there are limitations on the
availability of computing and storage resources at the meta
space. Therefore, one must ensure the association should not
exceed the serving capacity of the meta spaces (e.g., ζb of
meta space b).

G∑
g=1

κ(g,b) ≤ ζb ∀b ∈ B, (4)

On the other hand, the transmit power should be within a
range:

pmin ≤ pg ≤ pmax, ∀g ∈ G, (5)
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Meanwhile, the summation of transmit power of all devices
should not exceed the maximum limit.

G∑
g=1

pg ≤ pMAX. (6)

On the other hand, communication resource blocks are limited
and thus, there is a need for constraints. A single resource
block should be assigned to only one sensing unit.

G∑
g=1

υ(g,o) ≤ 1 ∀o ∈ O, (7)

Similar to (7), there should be a constraint on the maximum
number of resource blocks a single sensing unit can get. This
is because of limited availability of the resource blocks. One
can write this constraint as:

O∑
o=1

υ(g,o) ≤ 1 ∀g ∈ G, (8)

In our sensing for the metaverse system model, we want to
ensure the quality of service (QoS) in order to get accurate
and well synchronized operations of the metaverse. The QoS
for a system can be defined in many ways, such as throughput,
outage probability, reliability, and latency, among others. On
the other hand, we are also interested in increasing the QoE
when we consider metaverse. There are many ways to define
the QoE for metaverse. For instance, we can consider packet
error rate, immersive experience, or both packet error rate and
immersive experience. Here, we consider the packet error rate
and immersive experience as metrics for QoE.

B. QoE for Wireless Metaverse

In a metaverse, there is a wide variety of sensors (e.g.,
AR/VR headsets, autonomous car LIDARs, and surveillance
cameras) that sense the physical world and then share the
sensed data(e.g., movements, gestures, and environmental con-
ditions) with the meta space. A visual sensing data (i.e., specif-
ically movements and gestures) in addition to other types of
data (e.g., time series data of traffic flow in ITS) need careful
attention during transmission to the meta space. End-devices
in the physical space sense the environment and share it with
the meta space mainly for two purposes: (a) synchronization
of the meta space and the physical space for updated operation
and (b) for task offloading (e.g., rendering functions performed
at the meta space) to meta space during limited computing
power at end-devices. Mostly, the sensed data in metaverse
applications consist of visual data [13]. For such kind of visual
data, measuring the service quality has a subjective nature.
Traditional QoS metrics (e.g., latency and reliability) are not
only sufficient for sensing in the metaverse. Therefore, there is
a need for other QoE metrics in addition to QoS metrics. For
QoE metrics in metaverse, we should focus on human-centric
utilities (e.g., human perception and feelings). In addition, QoE
should also focus on the packet error rate. Packet error rate is
important due to the fact that receiving intact packets of data

will enable us with a good experience and vice versa. Different
works considered different metrics for QoE [14]. The work in
[15] considered the packet error rate (PER) as a QoE metric
for interactions between the virtual environment and the end-
users. We consider a QoE metric that accounts for PER and
immersive experience.

Q(p,x, z) = β

1− exp

(
−ϑ(

∑
y∈Yr

hr
yP

r
y + σ2)

pnhr
n,m

)+

(1− β)
1

Ig ln
(

R
Rmin

) ∀g ∈ G,
(9)

where β is a scaling constant that controls the proportion of
immersive experience and PER in the calculation of QoE. In
(9), we have two terms: (a) immersive experience and (b)
packet error rate. We want to maximize the immersive experi-
ence (i.e., Ig ln

(
R

Rmin

)
). Meanwhile, we want to minimize the

packet error rate, (i.e.,

(
1− exp

(
−ϑ(

∑
y∈Yr

hr
yP

r
y+σ2)

pnhr
n,m

))
).

Therefore, we write QoE as a summation of PER term and
(1/ immserive experience term) as we want to optimize
the QoS by minimizing the PER and the other term. Next, we
present our problem formulation.

C. Problem Formulation

In this section, we present the problem formulation that is
based on optimizing the QoE as follows.

P : minimize
κ,υ,p

Q(κ,υ,p) (10)

subject to:
B∑

b=1

κ(g,b) ≤ 1 ∀g ∈ G, (10a)

G∑
g=1

κ(g,b) ≤ ζb ∀b ∈ B, (10b)

pmin ≤ pg ≤ pmax, ∀g ∈ G, (10c)
G∑

g=1

pg ≤ pMAX, (10d)

G∑
g=1

υ(g,o) ≤ 1 ∀o ∈ O, (10e)

O∑
o=1

υ(g,o) ≤ 1 ∀g ∈ G. (10f)

κ(g,b) ∈ {0, 1}, υ(g,o) ∈ {0, 1}. (10g)

Constraints (10a) and (10b) are about the association. Con-
straints (10c) and (10d) set the limits of transmit power
allocation. (10e) and (10f) set limits on the allocation of
wireless resources. Constraint (10g) sets the binary nature of
the association and resource allocation variables. Problem P is
a MINLP and its solution is challenging. Therefore, it is not
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trivial to solve problem P directly. To address this, we will
use a decomposition scheme that will be presented in the next
section.

III. PROPOSED SOLUTION

In this section, we present our decomposition-based solu-
tion. We use an iterative scheme that is based on solving a
single problem by keeping the other variables fixed. Then,
the other variables are solved. First, we write an association
problem as follows:

P− κ : minimize
κ

Q(κ) (13)

subject to:
G∑

g=1

κ(g,b) ≤ 1, ∀b ∈ B, (11a)

G∑
g=1

κ(g,b) ≤ ζb, ∀g ∈ G, (11b)

κg,b ∈ {0, 1}, ∀g ∈ G. (11c)

To solve problem P-κ, we use a one-to-many matching due to
its powerful feature of solving combinatorial problems with
low complexity compared to exhaustive search schemes. For
matching [16], first, we need to define the preference profile
that is based on a QoE cost function.

Pg(b) = Q(κ) (12)

Now, we write wireless resource allocation problem as.

P− υ : minimize
υ

Q(υ) (13)

subject to:
G∑

g=1

υg,o ≤ 1, ∀b ∈ B, (13a)

O∑
o=1

υg,o ≤ 1, ∀g ∈ G, (13b)

O∑
o=1

υg,o ≤ 1, ∀g ∈ G, (13c)

υg,o ∈ {0, 1}, ∀g ∈ G. (13d)

In the resource allocation problem, the variable υ is binary.
Therefore, it is challenging to solve. Therefore, we transform
the binary variable into a continuous variable and then apply
convex optimization. Later, we will transform the continuous
variable into a binary variable. Next, we write the transmit
power allocation problem as follows:

Algorithm 1 Association algorithm
Next to computing preference profile, there is a need for
matching algorithm, whose summary is given in algorithm 1.

1: Inputs
2: Devices preference profile Pg,∀g ∈ G
3: Meta spaces B
4: Output
5: Matching function µ(t)

6: Initialization step
7: Pg

(0) = Pg,∀g ∈ G
8: µ(t) ≜ {µ(g)(t), µ(b)(t)}g∈G,b∈B = ∅, Kb

(t) = ∅, t = 0
9: Matching step

10: repeat
11: t← t+ 1
12: for g ∈ G, propose b according to P(t)

g do
13: while b /∈ µ(g)(t) and P(t)

g ̸= ∅ do
14: if q(t)b ≥ lbg then
15: µ(b)(t) ←µ(b)(t) ∪ g

16: q
(t)
b ←q(t)b − lbg

17: else
18: K′(t)

b = {g′ ∈ µ(b)(t)|g ≻b g
′}

19: glp← the least preferred g’ ∈ K′(t)
b

20: while K′(t)
b ̸= ∅ ∪ q

(t)
b ≤ lbg do

21: µ(b)← µ(b) \ {g′}
22: K′(t)

b ←K’(t)b \{glp}
23: q

(t)
b = q

(t)
b + lbg

24: glp ← the least preferred g’ ∈ K′
b(t)

25: end while
26: if q(t)b ≥ lbg then
27: µ(b) ←µ(b) ∪ {g}
28: q

(t)
b = q

(t)
b − lbg

29: else
30: glp ← g
31: end if
32: K(t)

b = {g ∈ G|glp ≻b g} ∪ {glp}
33: for k ∈ K(t)

b do
34: Pg ← Pg \ k
35: end for
36: end if
37: end while
38: end for
39: until µ(t) = µ(t−1)

P− p : minimize
p

Q(p) (14)

subject to:
pmin ≤ pg ≤ pmax, g ∈ G, (14a)
G∑

g=1

pg ≤ pMAX. (14b)

Problem P- is a non-convex optimization. Therefore, we apply
BSUM that is based on addition of a proximal term to the
objective function and then minimize it [1].
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Fig. 2: (a) QoE (Cost) for various baselines, (b) QoE (cost) for proposed schemes using various metaverse entities, and (c) QoE (cost) for
Baseline-AS using various metaverse entities.

IV. NUMERICAL RESULTS

In this section, we present numerical results to show the
effectiveness of the proposed scheme. An area of 1000×1000
is used for analysis. Meta spaces are deployed at the network
edge servers located at SBS. All values are computed by taking
average of many runs (e.g, 40). As our formulated problem
is novel and different from the existing works, therefore,
we can not directly compared it with existing works. For a
fair comparison, we consider baselines. These baselines are
Baseline-A and Baseline-R. Baseline-A uses BSUM for power
allocation, matching for association, and random resource
allocation. For Baseline-R, random association, relaxation-
based resource allocation, and BSUM-based power allocation
are used.

Fig. 2a shows the performance of various schemes in terms
of QoE(cost). For the proposed scheme and various baselines,
it is evident that proposed scheme outperforms both baselines.
This shows the superiority of the proposed scheme. The
reason for this improvement lies in joint resource allocation,
association, and power allocation. In both baselines, one of
the three parameters is chosen random that is why their
performance is degraded compared to proposed scheme. Now,
we study the effect of varying numbers of metaverse entities on
the performance of the proposed scheme. For various number
of metaverse entities, the performance of the proposed scheme
remains stable. Similar to Fig. 2b, Fig. 2c illustrates the
performance of baseline-AS for various number of metaverse
entities. It is evident from Fig. 2c that baseline-AS has stable
performance for various numbers of metaverse entities.

V. CONCLUSION

In this paper, we have presented a novel framework for
metaverse. We considered QoE for metaverse communication
in terms of immersive experience and PER. Our framework
offers a tradeoff between immersive experience and PER
while computing QoE. We formulated a problem that consider
association, resource allocation, and transmit power allocation
as optimization variables. For transmit power allocation, we
used a BSUM-based solution, whereas for resource allocation,
we used a relaxation-based solution. For association, we con-
sidered a matching game-based solution. We concluded that
our proposed framework and solution can serve as guidelines
for various works based on metaverse.
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