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Abstract—Metaverse is the fusion of physical and virtual
worlds, where users interact with the virtual world in real-
time. To enhance the user experience i.e., Quality of Experience
(QoE), it is crucial to incorporate high-quality data, such as
higher sampling rate and bit rate in real-time that encourages
users to spend more time in the virtual environment. Internet of
Things (IoT) devices that collect data for the Metaverse should be
incentivized to collect high-quality data. Therefore, in this work,
we propose the Reputation based Incentives for Optimizing Service
Pricing in Metaverse (RIM) scheme by which rational smart
devices can earn higher payoffs and increase their reputation
by feeding high-quality data to the Metaverse system. Similarly,
using RIM, Virtual Service Providers (VSPs) of the Metaverse
system also earn more for collecting high-quality data from the
environment by selecting the most suitable IoT devices based on
their previous reputation. We fit RIM into the Stackelberg-based
Multi -leader and -follower gaming model, which has Stackelberg
Equilibrium. MATLAB-based simulation results demonstrate the
effectiveness of RIM compared to other baseline schemes.

Index Terms—Metaverse, 10T, Pricing, Stackelberg game.

I. INTRODUCTION

ETAVERSE is the next-generation internet-based plat-

form that allows Metaverse Users (MUs) to virtually
interact with the living and non-living entities of the physical
world in real-time [1], [2]. Recent technologies, such as Virtual
Reality (VR), Augmented Reality (AR), Digital Twin (DT), 5G
communication, Artificial Intelligence (AI), and Blockchain,
help the MUs to have real-time and seamless interaction with
the three-dimensional (3D) virtual world [3]-[5]. Recently,
Metaverse has gained attention of both academic and industrial
researchers because of its huge applicability in different virtual
event-based domains, such as smart industry, online education,
gaming, meetings or conferences, shopping, virtual driving,
social interaction, and more [6]-[10].

For real-time and seamless interaction of the physical and
virtual worlds, the Metaverse system requires to integrate
various technologies, such as sensing, communication and high
computing devices [11], [12]. In Metaverse, the Internet of
Things (IoT) devices and sensors (from now onward, we refer
to them together as smart devices) collect information from
the physical world. After that, this collected information is
forwarded to high computing devices using fast and reliable
communication technologies to create a digital replication of
the physical world. As Metaverse is currently in a nascent
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stage, both Quality of Service (QoS) and Quality of Experi-
ence (QoE) will play a significant role in its future adoptation.

Individual and independent bodies own smart devices and
can offer services to multiple Metaverse applications [13]. For
instance, virtual driving training centres, city planners, road
traffic analyzers, and online games can use an IoT camera
next to a road. As a result, the owner of the IoT camera
can choose the application they want to serve based on the
monetary profit he/she earn from the Virtual Service Provider
(VSP) that supports the application. In a Metaverse system,
VSPs are responsible for various tasks such as data collection,
managing resources in clouds or edge devices, and providing
services to the MUs. Similarly, VSPs can select a smart device
for data collection from the physical world based on the quality
of previous data. This is because better quality data results in a
higher QoE for MUs, which attracts more users and increases
the revenue of the whole Metaverse system. Consequently,
VSPs receive more incentives from the Metaverse system
based on the service provided to MUs.

However, the transmission of high-quality data imposes high
costs on smart devices, including those related to hardware,
service time, and device lifespan. Consequently, many smart
devices tend to offer low-quality data, which negatively im-
pacts the performance of the Metaverse in terms of QoE.
None of the existing works [13]-[17] considered the above-
mentioned problem. Only the work in [18] considered the
resource allocation problem considering the service cost as
stated above i.e., among the smart devices and VSPs. Although
the work [18] considered the resource allocation problem
among smart devices and VSPs, the authors only tried to
maximize the profit of smart devices. The authors neither
considered the quality of transmitted data nor the VSPs’ profit
while designing their resource allocation model. However,
the owner of the smart devices could be selfish enough to
transmit low-quality data to maximize their profit even though
they receive high payments from the VSPs as collection and
transmission of high-quality data cost more. On the other
hand, VSPs prefer choosing smart devices for data collection.
Therefore, it is imperative to establish a new service pricing
scheme for data collection that maximizes the profit of both
smart devices and VSPs and the quality of the collected data
by considering various metrics, such as data quality, cost, and
profit associated with data collection.
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A. Contribution

In this work, we propose Reputation based Incentives for
Optimizing Service Pricing in Metaverse (RIM) model. Our
proposed RIM model incentivizes smart devices to provide
high-quality data by assigning more tasks and paying more to
the devices with better reputation to maintain QoE. The RIM
model also enables VSPs to choose and pay for smart devices
based on the quality of data received while ensuring sufficient
compensation for smart devices based on their reputation.
None of the existing works considered reputation-based high-
quality data collection in the literature. To obtain optimal
solutions for VSPs and smart devices, we utilize multi-leaders
and multi-followers based Stackelberg gaming model in which
leaders i.e., VSPs and followers i.e., smart devices determine
their strategies to maximize their profit while enabling desired
quality of data. All leaders and followers decide the optimal
price per unit time, duration of service, and quality of data
in a non-cooperative manner to maximize their profit. We
implement the proposed RIM model in MATLAB and con-
duct comparison-based numerical analysis to demonstrate its
effectiveness and efficiency. Overall, this work contributes to
developing a new service pricing for data collection that bal-
ances the profit of both smart devices and VSPs while ensuring
high-quality data transmission. The overall contributions of
this work are summarized as follows,

o We propose Reputation based Incentives for Optimizing
Service Pricing in Metaverse (RIM) model to incentivize
smart devices for providing high-quality data and allow-
ing VSPs to choose smart devices based on previously
received data quality while ensuring sufficient compen-
sation, resulting in maintained QoE.

e We fit our proposed RIM model to a multi-leaders
and multi-follower Stackelberg gaming model. Then, we
prove that RIM meets the Stackelberg equilibrium point
and has optimal solutions for VSPs and smart devices.

« Finally, the Stackelberg gaming-based RIM model is im-
plemented in MATLAB, and numerical results show that
both smart devices and VSPs can maximize their profit
while maintaining the desired data quality compared to
baseline schemes in the Metaverse system.

The rest of the paper is organised as follows. Section II
discusses the related works on the resource allocation problem
in Metaverse. In Section III, we describe the system model
of RIM; in Section IV, we briefly discuss the formulation of
Stackelberg gaming model. In Section V, we provide a brief
analysis of numerical results with different parameter settings,
and finally, in Section VI, we conclude this paper.

II. RELATED WORK

The work in [13] studied the virtual education system
in Metaverse and proposed a stochastic optimal resource
allocation scheme to address the unified resource allocation
problem between the VSPs and cyber resources i.e.,, edge
or cloud service. The authors performed numerical analysis
and showed that their proposed scheme can allocate optimal

resources adaptively depending on the users’ demand prob-
ability. However, their work did not consider the complex
environment, such as multiple VSPs and cyber resources. The
work in [18] considered the resource allocation among the
smart devices and VSPs during data collection from the real
world. However, it only considered the profit maximization of
the smart devices and did not consider the profit of the VSPs
in their resource allocation problem. The authors in [15] pro-
posed a sharding scheme to improve the complex interactions
between a VSP and a group of MUs in a blockchain-based
Metaverse architecture. The authors developed a Stackelberg
game theory-based incentive mechanism considering the MUs’
contributions in terms of computing power to the Metaverse.
The work in [17] studied the interaction among the VSPs
and the network infrastructure providers (InP), considering the
utility of the VSPs as a function of MUs’ QoE requirement.

It can be seen that the existing works neither considered the
quality of data such as sampling rate (i.e., a higher sampling
rate captures more objects per frame) nor tried to maximize
the individual profit of the VSPs and smart devices together.
Therefore, establishing a new paradigm for optimal service
pricing is essential so that all VSPs and smart devices can
choose their optimal prices over data quality, which is neither
too high nor too low, to maximize their profits. Hence, we
consider the service allocation and pricing problem among the
smart devices and VSPs in this work.

III. SYSTEM MODEL

We consider a Metaverse system with a set of smart devices
(e.g., IoT cameras) that perform similar activities, denoted by
I ={1,...4,...,I}, and a set of VSPs denoted by V =
{1,...v,...,V}. The V VSPs collect data from the physical
world with the help of ¢ — th set of smart devices owns by
single owner or IoT service provider (later, we consider it as
smart device only) to update or synchronize the digital world
with the physical world, providing real-time experience to the
MUs. Let us assume that the VSP v € V wants to collect
real-time data from the smart device ¢ € I for a period of T;.
The data collection period T),; can be divided into several time
slots, each of which has a duration of one hour, denoted by
T = {1,...t,...,Tyi}. We use the same notation T,; for
denoting smart device ¢ offers T},; hours of service time to the
VSP v. Note that 7 can change the quality of its transmitted
data to v VSP at any given time.

The smart device i earns P,; dollars ($) per hour (Hr)
from the v VSP and spends C,; $/Hr for collecting and
forwarding best quality real-world data to the nearest cloud
or edge device for storage and processing. For simplicity, we
assume that C'; includes all possible costs such as hardware,
energy, communication, and deployment for collecting and
transmitting such data. Note that the cost for collecting and
transmitting data from the real world depends on the data
quality, D,;, that the smart device ¢ transmits to VSP v. It
can be further assumed that the smart device ¢ can provide
service for a few hours in a day, i.e., S; < 24 Hrs, considering
the best quality of data. However, this service time .S; can
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be extended by compromising data quality. For example, if a
UAV is used for data collection, it needs to recharge its battery
after a specific interval. Furthermore, if the UAV collects data
with a low sampling rate, it can save energy and, therefore,
can extend its service time. So, we can write the quality of
data transmission @) as a function of service time, .S; and the
desired extended time, 7., as follows.

Q=g
Si + Te
In Equation (1), @) degrades with the increasing value of 7.
Therefore, the smart device 7 aims to extend its service time
per day by compromising the data quality so that it can earn
more by giving maximum service time to the VSPs. The term
T“’?TU_ defines the service time given by smart device ¢ to

(D

\zlzﬁlglv vjv.r.t. other smart devices. The smart device ¢ also needs
to maintain high-quality data compared to other smart devices,
—1 to get more service offers. Therefore, smart device ¢ needs
to compete to maintain its quality of data D; as follows.

o Dm'
Zje[ D,;

Therefore, we define the utility function of the smart device @
as follows.

D; 2

T .
Ui= ) (Poi—Cui ) =%~ (3)
2 )5 T,

veV

Similarly, v VSP can take service from any of the smart
devices ¢ € I. Let us assume, the VSP v earns P, $/Hr
from the Metaverse system and needs to pay P,; $/Hr to
collect the data from smart device ¢ such that P,; < P,.
We adopt a reputation-based incentive mechanism by which
VSP v decides to choose a smart device ¢ € I based on the
quality of data it has received from the smart device :. Using
this reputation-based incentive mechanism, a smart device can
earn higher payoffs only by transmitting high-quality data to
maintain its reputation as VSPs assign more tasks and pay
more to the smart devices which have higher reputations. For
calculating the reputation of smart device 7 in front of VSP v
(i.e., R,;), we assume that the smart device ¢ transmits data to
the VSP v at a rate of r,,; bits per second, and the expected data
rate required for a specific task is R,, bits per second. The VSP
calculates the quality of data received from the smart device
as follows,

Tvi
R, “)
Here, @;, represents the quality of data received from smart
device ¢ by VSP v, and it is calculated as the ratio of the actual
data rate to the expected data rate. If the data quality is high,
@i, will be close to 1, indicating that the smart device is
transmitting data at a rate that meets or exceeds the required
rate. On the other hand, if the data quality is low, @;, will be
less than 1, indicating that the smart device is not transmitting
data at the required rate. Once the data quality is calculated,
the VSP uses this information to update the reputation score of

in =

the smart device. For this, VSPs maintain a weighted average
of the quality of data received from the smart devices over a
while and use this average to determine the reputation score.
For instance, the reputation score of smart device ¢ at VSP v
can be updated as follows:

R,i(t) = aQin(t) + (1 — )Ry (t — 1) 5)

Here, R,;(t) represents the reputation score of smart device 4
at VSP v at time ¢, and « is a weight parameter that determines
the relative importance of the current quality of data versus the
historical reputation score. The value of o can be set based on
the desired trade-off between responsiveness to changes in data
quality and stability of the reputation score over time. Note
that smart devices can build trust over time by consistently
providing high-quality data and meeting the expectations of
the VSPs. This can help them establish a good reputation in
front of the VSPs, which can lead to more service offerings
and higher payoffs.

We also consider that VSP v can attract more smart devices
to work (i.e., provide service) for it only when the VSP v
pays higher P,; $/Hr compared to the other VSPs ie., —v
by sacrificing its profit. Therefore, each VSP v determines the
payments within the strategy space {P,; : 0 < P,; < P™*} to
maximize its profit. The value of P™** should be less than P,,
say P™* = 80%P, to save some profit. Considering all the
above-mentioned conditions, we formulate the utility function
of VSP v as follows.

Uy =Y (Py— Pu) Toi My

el
RST, Ry;
= Z(Pv - Pm) (ﬁ) Mvi (6)
icl jel ~*v)

where M,,; denotes the probability that smart device ¢ chooses
VSP v to offer its service, and it is calculated as follows,

Pvi
Zjev PUJ

The term T; = % in Equation (6) is used to assign
service duration base E()In the value of R,;, where RST defines
the Required Service Time by the VSP v. Note that VSP v also
gets incentives from the Metaverse system based on the service
it has given earlier. Therefore, we update the values of P,; and
P, based on the reputation of smart device ¢ as follows.

Pm' = Pvz(l + Rvi) (8)
P, = P,(1+ Ryi) 9
Therefore, Equation (6) can be rewritten as follows,

Pvi
Zjev ij

The utility functions given in Equations (3) and (10) enable
all I smart devices and V' VSPs to maximize their profit.

Uv - Z(Pv - Pm.)(]- + Rvi)Tm'

el

(10)
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Algorithm 1: Finding Optimal values for RIM
1: VSPs announce their latest decisions.
: while VSPs’ profit is changing do
if a smart device then
Find the optimal value.

2

3

4

5 Announce decision.
6: end if
7

8

9

if an VSP then
Find the optimal value.
Announce decision.
10.  end if
11: end while
12: Final optimal prices for VSPs and smart devices

IV. STACKELBERG GAMING BASED RIM MODEL

In the beginning, the V' VSPs announce their Required
Service Time (RST) and payments per unit time to the I smart
devices. Based on this information, smart devices decide the
service time and data quality for each VSP. Therefore, the
interaction between the VSPs and the smart devices can be
formulated as a multi-leader and multi-follower Stackelberg
gaming model, denoted by G,;. In G,;, the VSPs act as
leaders who declare their strategies first, which include RST
and maximum payments per unit of time. Based on the
information, the smart devices act as followers decide their
strategies, including the service time and data quality to serve
each VSP. Considering these scenarios, the multi-leader multi-
follower Stackelberg gaming can be defined as follows,

Leader : maximize U,(P,, P_,, D;)

vi

Pvi
= Z(Pv - Pm)(]- + Rm’)Tvi
iel Zjev Py

Follower : maximize U;(T;,T—;, D;, D_;, Py;)

vis i

T.
- (Pvi - Cvi eDi') =
v;/ Zjel ij
such that
Leader : ZT” = RST

icl
0< P, < P™
Follower : T,; > 0
> T, <8
veV
Lemma IV.1. The utility function of each VSP, v € V in
Equation (3), and the utility function of each smart device

i € I in Equation (10) are strictly concave and the game G.;
has at least one Nash equilibrium point.

V. PERFORMANCE ANALYSIS

In this section, we discuss the numerical results our pro-
posed Stackelberg-based RIM model to validate its effective-
ness. Algorithm 1 shows the steps to find the optimal solutions.

A. Simulation Setup

We use MATLAB on an Intel Xeon CPU 3.6 GHz system
with 16GB RAM for simulation. We consider a group of
4 VSPs (i.e., leaders) and 4 smart device owners or IoT
sevice providers (i.e., followers) with their respective initial
inputs provided in Tables I and II to obtain different sets
of results. We consider the same inputs for VSPs V1 and
V4 except the expenses made by each VSP and VSP V2
provides minimum payoff to the smart devices and make
less profit compared to other VSPs to understand different
numerical results. Similarly, we assign different inputs to the
smart devices to get different sets of results. For example, we
assign the lowest reputation to the smart device D2 (Table I
Reputation column). We also vary the payoff of the VSPs to
see how it impacts the overall profit of both the VSPs and
smart devices. Additionally, we show how smart devices can
enhance their profit by upgrading their reputation in front of
the VSPs. To compare our results with baseline schemes, we
consider pair-wise allocation and greedy allocation, which are
described below.

o Pair-wise Allocation: A VSP attempts to receive service
from the smart device in the same ROW in Table II. For
example, at first, V1 tries to obtain service from D1, and
if D1 cannot provide the necessary service, then V1 tries to
obtain service from D2, and so on. This process continues
until V'1 receives the required service. We can say this pair-
wise allocation is an instance of random allocations.

e Greedy Allocation: It has two mode of operations. In
the first mode, VSPs give the highest priority to smart devices
that have high reputations. In other words, VSPs choose
smart devices to receive their required services, and they are
“greedy” about the reputation of the smart devices. In the
second mode of operation, smart devices select the VSPs based
on the profit they can make by providing services. The VSPs
can not select the smart devices in this mode of operation.

Table I: Leaders’ initial inputs

Required . Expense ($/hr’ Reputation (0.5-1
Leaders | oo | Baming (S) s O b L D a3 A D
Vi 9 730 700 | 100 | 100 | 100 | 0.7 | 05 | 0.8 | 1
V3 3 130 80 | 90 | 90 | 80 | 087 [ 05 | 07 | 1
V3 6 350 190 | 210 [ 310 [ 190 | 07 [ 05 [ 08 | 1
Va 9 220 130 [ 120 [ 95 [ 99 [ 07 [ 0508 [ 1

Table II: Followers’ initial inputs

Followers Capacity Earning ($/hr) Cost ($/hr)
(in hours) Vi V2 V3 V4 Vi V2 V3 V4
D1 10 100 100 100 100 70 70 70 70
D2 10 80 90 90 80 47 53 33 67
D3 8 190 | 210 | 310 190 120 100 192 110
D4 12 130 | 120 95 130 70 70 70 70

B. Simulation Results

The results are shown in Figure 1 to Figure 3. In Figures la
and 1b, we show the profit of all the VSPs and smart devices
over the iterations. As VSP V2’s earning is less compared
to other VSPs, its profit is also less compared to the other
VSPs. On the other hand, V'3 provides the highest payoff,
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so it can immediately attract smart devices to work for it.
In Figure 2a, we show the stable points of the VSPs when
they receive their desired service from the smart devices over
iteration. This figure shows that VSP V3 is the first VSP to
attain its desired service (i.e., in the 3rd iteration) from the
smart devices because of its higher payoffs. Even though VSP
V4 pays to the smart devices more than VSP V1, V4 profit is
more because, at the beginning, it attracts more smart devices
to work for by paying a high amount. So, VSP V1 needs to
increase its payoffs to get services from smart devices. Hence,
it receives less profit compared to VSP /4. We show the stable
points in Figures la, 1b, and 2a, that denote the points when
the Stackelberg equilibrium point is reached by all the leaders
and smart devices. Therefore, no VSP or any smart device can
increase its profit after these points.

VST VP A
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2001 80 Stable points 700 ¥
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<
'}
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v
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1600 o ole 4—00—0-0-—o-00—0e—0
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Oveall profit (in dollars)

1000

800 S -k 0
1234567 891011 121314151617 181920 1
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3456 7 8 910111213 14 1516 17 18 19 20
Number of iterations

(a) Leaders’ profit. (b) Follwers’ profit.

Figure 1: Leaders and Followers’ profit over the iterations

In Figure 1b, we show the profit obtained by all the smart
devices. As follower D2 has less reputation in front of all
the leaders compared to the other smart devices, it gets fewer
service offers from the leaders, and so, needs to stay idle.
It results in less profit obtained by D2. On the other hand,
D4 attains the highest reputation, and so, all the leaders want
service from D4. In brief, D4 attracts more leaders because of
its reputation and so it receives the highest payoff (so, profit)
among all the smart devices. Hence, using the proposed RIM
model, the smart devices need to provide good quality data to
get more service offers from the leaders.

As mentioned above, Figure 2a shows when leaders ob-
tained their desired services from the smart devices. As VSP
V1 does not provide enough payoffs to the smart devices,
hence, it has to increase its payoffs until the smart devices get
satisfied to give service. So, it meets its stable point after sev-
eral rounds of iterations. Please note that within an iteration,
the VSPs and smart devices exchange their information.

In Figure 3a, we show the services obtained by each VSP
from the smart devices, and in Figure 3b, we show the services
offered by each smart device to the VSPs after reaching the
Stackelberg equilibrium. In Figure 3a, we can see that all
VSPs accept less service from smart device D2 because of
its bad reputation and in Figure 3b, we can see that all the
smart devices offer less service to the VSP V2 because of
its less payoffs. Hence, using the RIM model, the VSPs need
to make sufficient payments and the smart devices need to
provide high-quality data to increase their profit.

—o- VSP2 —o--VSP4

7 8 9 10 11 12 13 14 15 16 17 18 19 20 1234567
Number of iterations

(a) (b)

Figure 2: (a) Leader allocation to reach the stable points (b)
Improvement in profit of the smart device 2.

(b) Follwers’ allocation.
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Figure 3: Leaders and Followers’ allocation over the iterations.

In Figure 2b, we show the improvement of the smart device
2’s profit by increasing its reputation in front of all the VSPs.
The results show that the smart device 2 improves its profit
by improving its reputation.

In Table III, we provide the information regarding the
number of iterations required to reach the Stackelberg equi-
librium point. We also show the profits of the smart devices
and VSPs concerning the percentage of increment of the
payoffs of the VSPs in each iteration to reach the equilibrium
point. As shown in Table III, VSPs and smart devices reach
the equilibrium point quickly when each iteration increment
increases as smart devices get their desired payoff in less time.
However, when the increment of the payoffs made by the VSPs
is very high, the smart devices have extra payoffs. Hence, the
profits of the smart devices are more in this case. On the
other hand, the VSPs’ profit decreased as they increased their
payments directly to some high values. When the increment
of the payoffs made by the VSP is less in each iteration, the
VSPs receive their desired service by paying less. So, in this
case, the profit of smart devices is less. Note that as VSP V3
provides enough payoff from the beginning, its profit does not
change the increment or decrement of the payoffs of the VSP

Table III: Change in profits of the VSPs and smart devices
with respect to VSPs’ payment increment

Profit of the Profit of the
Increment in Iterations VSPs ($) Smart devices ($)
payoffs 1 2 3 4 1 2 3 4
5% 12 1609 | 852 1946 1583 360 174 | 258 880
10% 8 1412 | 860 | 1946 | 1562 | 389 | 194 | 279 | 893
20% 5 1472 | 692 | 1946 | 1444 | 399 | 209 | 316 | 941
50% 4 752 | 837 | 1946 | 877 | 464 | 220 | 477 | 1208
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in each iteration.
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Figure 4: Comparison-based results on the profit of the (a)
VSPs and (b) Smart devices.

In Figure 4, we provide comparison-based results of the
proposed scheme RIM. In Figure 4a, we can see that using
RIM, all the VSPs can earn more profit compared to the
baseline schemes such as Greedy and Random allocation. It is
because the VSPs receive better quality data compared to other
schemes, which helps them to earn more from the Metaverse
system. However, in Figure 4b, we can see that all smart
devices cannot earn more using the proposed RIM compared to
other schemes. For example, in the smart device-based greedy
approach, devices do not increase the quality of the transmitted
data i.e. smart devices choose VSPs but VSPs cannot choose
smart devices. Therefore, using this approach, D2 makes more
profit compared to the RIM model by compromising data
quality. The same D2 does not get a service offer from any of
the VSPs when VSPs choose smart devices for data collection
i.e., using VSP-based greedy approach. However, using the
RIM model, D2 gets some service offers from VSPs by
improving the quality of data by compromising its own profit
over time.

VI. CONCLUSION

In this work, we investigated the problem of high-quality
data collection and optimal service pricing among VSPs and
smart devices in a Metaverse system. To achieve this, we
developed a RIM model to ensure the highest data quality was
used in the Metaverse system while considering the individual
profit of the VSPs and smart devices. To determine the optimal
profit for both VSPs and smart devices while maintaining a
standard quality of data in the Metaverse system, we utilized
a multi-follower and multi-leader-based Stackelberg gaming
approach, with VSPs as leaders and smart devices as followers.
Finally, we obtained optimal solutions for VSPs and smart
devices. We implement our proposed RIM model in MAT-
LAB and perform numerical analysis. The numerical results
show that RIM enables high-quality data transmission in the
Metaverse system while satisfying the profit expectations of
both VSPs and smart devices.

ACKNOWLEDGMENT

This work is supported by the National University of
Singapore under MoE AcRF Tier-2 Grant, NUS WBS No.
A00094520100 (MoE T2EP50120-0021)

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

REFERENCES

L. Lee, T. Braud, P. Zhou, L. Wang, D. Xu, Z. Lin, A. Kumar,
C. Bermejo, and P. Hui, “All One Needs to Know about Metaverse: A
Complete Survey on Technological Singularity, Virtual Ecosystem, and
Research Agenda,” arXiv preprint arXiv:2110.05352, 2021. [Online].
Available: https://arxiv.org/abs/2110.05352

M. Qu, Y. Sun, and Y. Feng, “Digital Media and VR Art Creation for
Metaverse,” in 2nd Asia Conference on Information Engineering (ACIE),
2022, pp. 48-51.

L. Chang, Z. Zhang, P. Li, S. Xi, W. Guo, Y. Shen, Z. Xiong,
J. Kang, D. Niyato, X. Qiao et al., “6G-enabled Edge Al for
Metaverse: Challenges, Methods, and Future Research Directions,”
arXiv preprint arXiv:2204.06192, 2022. [Online]. Available: https:
//doi.org/10.48550/arXiv.2204.06192

J. D. N. Dionisio, W. G. B. III, and R. Gilbert, “3D Virtual Worlds and
the Metaverse: Current Status and Future Possibilities,” ACM Computing
Surveys, vol. 45, no. 3, jul 2013.

Q. Yang, Y. Zhao, H. Huang, Z. Xiong, J. Kang, and Z. Zheng, “Fusing
Blockchain and AI With Metaverse: A Survey,” IEEE Open Journal of
the Computer Society, vol. 3, pp. 122-136, 2022.

H. Duan, J. Li, S. Fan, Z. Lin, X. Wu, and W. Cai, “Metaverse for
Social Good: A University Campus Prototype,” in Proceedings of the
29th ACM International Conference on Multimedia, 2021, p. 153-161.
S.-M. Park and Y.-G. Kim, “A Metaverse: Taxonomy, Components,
Applications, and Open Challenges,” IEEE Access, vol. 10, pp. 4209-
4251, 2022.

H. Ning, H. Wang, Y. Lin, W. Wang, S. Dhelim, F. Farha,
J. Ding, and M. Daneshmand, “A Survey on Metaverse: the State-
of-the-art, Technologies, Applications, and Challenges,” arXiv preprint
arXiv:2111.09673, 2021.

P. Bhattacharya, M. S. Obaidat, D. Savaliya, S. Sanghavi, S. Tanwar,
and B. Sadaun, “Metaverse assisted Telesurgery in Healthcare 5.0: An
interplay of Blockchain and Explainable Al in International Confer-
ence on Computer, Information and Telecommunication Systems (CITS),
2022, pp. 1-5.

M. Deveci, D. Pamucar, 1. Gokasar, M. Koppen, and B. Gupta, “Per-
sonal Mobility in Metaverse With Autonomous Vehicles Using Q-Rung
Orthopair Fuzzy Sets Based OPA-RAFSI Model,” IEEE Transactions
on Intelligent Transportation Systems, pp. 1-10, 2022.

W. Y. B. Lim, Z. Xiong, D. Niyato, X. Cao, C. Miao, S. Sun, and
Q. Yang, “Realizing the Metaverse with Edge Intelligence: A Match
Made in Heaven,” IEEE Wireless Communications, pp. 1-9, 2022.

L. U. Khan, Z. Han, D. Niyato, E. Hossain, and C. S. Hong, “Metaverse
for Wireless Systems: Vision, Enablers, Architecture, and Future
Directions,” 2022. [Online]. Available: https://arxiv.org/abs/2207.00413
W. C. Ng, W. Yang Bryan Lim, J. S. Ng, Z. Xiong, D. Niyato,
and C. Miao, “Unified Resource Allocation Framework for the Edge
Intelligence-Enabled Metaverse,” in IEEE International Conference on
Communications, 2022, pp. 5214-5219.

Y. Han, D. Niyato, C. Leung, D. I. Kim, K. Zhu, S. Feng, S. X. Shen,
and C. Miao, “A Dynamic Hierarchical Framework for IoT-assisted
Digital Twin Synchronization in the Metaverse,” IEEE Internet of Things
Journal, pp. 1-1, 2022.

C. T. Nguyen, D. T. Hoang, D. N. Nguyen, and E. Dutkiewicz,
“MetaChain: A Novel Blockchain-based Framework for Metaverse Ap-
plications,” in IEEE Vehicular Technology Conference, 2022.

X. Huang, W. Zhong, J. Nie, Q. Hu, Z. Xiong, J. Kang, and T. S. Quek,
“Joint user association and resource pricing for metaverse: Distributed
and centralized approaches,” in IEEE 19th International Conference on
Mobile Ad Hoc and Smart Systems (MASS), OSct 2022, pp. 505-513.
H. Du, J. Liu, D. Niyato, J. Kang, Z. Xiong, J. Zhang, and D. L.
Kim, “Attention-Aware Resource Allocation and QoE Analysis for
Metaverse XURLLC Services,” IEEE Journal on Selected Areas in
Communications, vol. 41, no. 7, pp. 2158-2175, 2023.

Y. Han, D. Niyato, C. Leung, C. Miao, and D. I. Kim, “A Dynamic
Resource Allocation Framework for Synchronizing Metaverse with IoT
Service and Data,” in IEEE International Conference on Communica-
tions, 2022, pp. 1196-1201.

Authorized licensed use limited to: Singapore University of Technology & Design. Downloaded on May 17,2024 at 05:03:17 UTC from IEEE Xplore. Restrictions apply.



