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Abstract—Metaverse has become an increasingly popular vir-
tual service platform, leading to a growing demand for com-
putational resources to support it. However, there remains a
challenge for efficient allocation of resources between virtual
service providers(VSPs) and edge service providers (ESPs) as the
existing works on Metaverse did not consider such resource
allocation problem. Furthermore, we note that there is a need
for dynamic pricing for getting service from the ESPs by the
VSPs based on the quality of service provided by the ESPs and
type of service i.e., either high-priority or low-priority requested
by the VSPs. To address these issues, we propose a Dynamic Re-
source Allocation and Pricing (DRAP) framework. The proposed
framework considers the impact of VSPs and ESPs’ behaviours
on resource allocation, including the implicit involvement of
end users for efficient resource utilization. Later, we leverage
the multi-player Stackelberg gaming model, where VSPs act as
leaders and ESPs act as followers to find the optimal solutions
for the VSPs and ESPs of the proposed framework. Through
numerical experiments, we demonstrate the effectiveness of our
proposed framework in improving resource utilization, making
it a promising solution for Metaverse.

Index Terms—Metaverse, Resource allocation, Stackelberg
Game, Edge Computing

I. INTRODUCTION

Metaverse has been gaining tremendous popularity as it is
capable of merging the physical world and digital virtuality
that lies beyond the current universe [1]-[3]. With established
tech giants such as Google, Meta, Microsoft, and Unity taking
an interest in Metaverse publicly, it is reasonable to expect
even further advancements to it in the years to come [4]. As
the Metaverse is in a nascent stage and has started expanding
day by day, researchers have to deal with several issues,
including efficient resource allocation in terms of computation
and bandwidth in various stages to ensure that end users
have an enjoyable and seamless experience [5], [6]. Edge
computing brings computation and data storage closer to the
end user of Metaverse system so it can improve response
times in the Metaverse by reducing latency, caching content
locally, distributing processing tasks, and optimizing network
bandwidth. It enables real-time interactions, secure transac-
tions, and immersive experiences. To support the operations
of the Metaverse, Virtual Service Providers (VSPs) require a
significant amount of computational resources. VSPs directly
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interact with the end users for quick response to the users’
requests by managing resources from Edge Service Providers
(ESPs) in the edge-assisted Metaverse [7], [8].

A. Motivation

The VSPs provide the necessary computational resources,
interaction interfaces, and infrastructures to create and main-
tain the virtual environment for the end users. On the other
side, there exist ESPs that support VSPs in the operation of the
Metaverse by providing the required resources near the users,
such as computing power, storage, and network bandwidth. So,
how well the Metaverse operates for the end users depends
greatly on this interaction of effective resource allocation
between the VSPs and ESPs. Traditionally, resources are pre-
allocated with overestimating the demands to allow room for
peaking demands. This approach leads to under-utilization and
wastage of resources, severely affecting the revenue gener-
ated by the Metaverse. Additionally, pre-allocating resources
in the Metaverse can hinder scalability by imposing fixed
limits, leading to inefficiencies and inflexibility. To achieve
scalability, dynamic resource allocation and on-demand pro-
visioning are crucial for adapting to changing user demands
and optimizing resource utilization. In brief, static and pre-
allocation of resources affect the scalability of Metaverse.
To counter the issues of static and pre-allocation, dynamic
resource allocation (i.e., allocating resources depending on
requirement) can improve resource utilization and enhance
the overall performance of the Metaverse. By dynamically
allocating resources from ESPs, VSPs optimize their resource
utilization and reduce operational costs while providing high-
quality services to end users. Furthermore, some of the Meta-
verse applications require real-time computing, which we can
refer to as high-priority jobs, for which resources should be
allocated immediately, while some Metaverse applications do
not require such real-time allocation, which we can refer to
as low-priority jobs. Even though dynamic resource alloca-
tion schemes for Metaverse have been proposed by different
researchers, the existing works [9]-[13] neither consider the
resource allocation between the VSPs and ESPs nor consider
high- and low-priority jobs based allocation.

Apart from this resource allocation problem, the pricing for
the allocating resources from ESPs by the VSPs should be
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based on the service provided by the ESPs and types of service
(i.e., high- and low-priority) requested by the VSPs to increase
the revenue of both individual entities i.e., VSPs and ESPs.
Otherwise, ESPs would not deliver better quality of service
(e.g., quick processing of data, high sampling rate, enough
bandwidth) requested by the VSPs and VSPs would not make
sufficient payment to the ESPs. Therefore, there is a need of
dynamic pricing between the VSPs and ESPs during resource
allocation so that both entities can optimize their profits while
providing better services to the end users.

B. Our contribution

To deal with the above-mentioned issues, in this work,
we propose a framework for dynamically allocating resources
between the VSPs and ESPs in Metaverse to implicitly satisfy
the end users’ requirements. In our framework, the VSPs can
leverage the resources from ESPs to complete paid jobs from
end users and, concurrently, the ESPs can earn based on their
contribution of resources to the VSPs. Specifically, we handle
different services such as both high- and low-priority jobs
from VSPs (i.e., requested by the end users) to ESPs for the
corresponding resource allocation considering M /M /1 queue
model. We also incorporated dynamic pricing between the
VSPs and ESPs which varies depending on the quality of
service provided by ESPs and service requested by the VSPs.
In order to find the optimal solutions i.e., optimal resource
allocation with optimized price for the VSPs and ESPs, we
incorporate our model to a Stackelberg gaming model, where
the VSPs behave as leaders and ESPs behave as followers.
None of the works considered dynamic pricing for high and
low-priority jobs together in the literature. We solve the Stack-
elberg gaming model to find the optimal solutions for VSPs
and ESPs. Finally, we perform numerical analysis to show
efficacy of our proposed scheme. The major contributions of
this work are as follows,

o We design a framework to handle different services at the
VSPs such as both high- and low-priority jobs from end
users and based on the service requests, VSPs request
ESPs for the corresponding resource allocation.

o We incorporate dynamic pricing between the VSPs and
ESPs in our proposed framework.

o Next, we leverage the Stackelberg gaming to find optimal
solutions for VSPs and ESPs of the proposed framework.

e We perform numerical analysis to demonstrate the effec-
tiveness of our proposed scheme DRAP compared to the
Greedy approach.

The rest of the paper is organized as follows: Section II
discusses the works on resource allocation in Metaverse.
Section III briefly discusses the proposed system model for our
framework, and Section IV discusses the DRAP framework. In
Section V, we discuss the Stackelberg gaming-based solution
approach and numerical analysis in Section VI. Finally, we
conclude this work in Section VII.

II. RELATED WORK

Only a few works have been carried out in the literature
related to resource allocation and service pricing in Metaverse.
The work in [9] focuses on the Metaverse’s virtual education
system and offers a stochastic optimal resource allocation
strategy for VSPs and cyber resources like edge or cloud
services. The authors’ numerical research showed that their
suggested strategy allocates resources efficiently considering
customer demand. However, the complexity of environments
with numerous VSPs and cyber resources was not taken into
consideration in their study. Researchers investigated how
smart devices and VSPs allocated resources while gathering
data from the physical environment in [14], [15]. The authors
used a hybrid evolutionary dynamics approach in [14] and
QoE-aware resource allocation in [15] in which the owners
of smart devices modify their tactics over time in order to
maximise their revenue. In [11], authors presented a sharding
strategy to improve the intricate interactions between VSPs
and a collection of Mobile Users (MUs) in a blockchain-
based Metaverse architecture. Based on Stackelberg game
theory, they created an incentive system that considered the
MUSs’ contributions to the Metaverse’s computational capac-
ity. Researchers examined the interaction between VSPs and
network infrastructure providers in [13], taking into account
the usefulness of the VSPs based on the requirements of
MUs for Quality of Experience (QoE). Compared to tradi-
tional schemes, their suggested one showed improvement in
delivering QoE with constrained resources.

None of the existing works considers the resource allocation
and efficient pricing between the VSPs and ESPs in an edge-
assisted Metaverse system, which is considered in this work.

III. SYSTEM MODEL

Let us consider there exists M = {1,...,m,..., M} ESPs
and NV = {1,...,n,..., N} VSPs in a Metaverse system to
provide services to end users. We assume that each VSP has
its own separate non-overlapping set of end users and they
are considered as one entity E of a VSP, so the end users
subscribed to VSP n is F,.

A. High- and Low-Priority Jobs

The J,, jobs assigned to VSP n by end users E,, can be
divided into two categories i.e., high-priority and low-priority.

1) High-Priority Jobs: These jobs have a tight deadline,
meaning they must be done within a certain amount of time.
The rate end users need to pay to VSPs for the service and
the price VSPs need to pay ESPs for the resources for high-
priority jobs is higher than that of low-priority. If J and o
denote the amount of high-priority jobs and part of the total
jobs that are high-priority, respectively, then we can write,

H
H:Jn

(07
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2) Low-Priority Jobs: In contrast, low-priority jobs have a
soft deadline, meaning they can take longer to complete. So,
the rate end users need to pay to VSPs for the service and the
price VSPs need to pay ESPs for the resources is lower. If J-
and o> denote the amount of low-priority jobs and part of the
total low-priority jobs, respectively, then we can write,

Lo

«

2

Based on Egs. (1) and (2) of high- and low-priority jobs,
we can write J + JL = J, and off + ol =1.

TABLE I: Notations and Definitions

Notation | Definition

ol Part of jobs that are high-priority jobs

al Part of jobs that are low-priority jobs

S Fixed subscription rate end users E pays VSP

rH Variable rate end users E pays VSP for high-priority jobs
rL Variable rate end users E pays VSP for low-priority jobs
TH Time restriction for VSP to complete high-priority jobs
T Time restriction for VSP to complete low-priority jobs
A Arrival rate of high-priority job requests at VSP

AL Arrival rate of low-priority job requests at VSP

ut Servicing rate of VSP for high-priority job requests

uk Servicing rate of VSP for low-priority job requests

ut Total servicing rate of VSP for all job requests
Wnm Probability of VSP n choosing ESP m
Tnm Resource allocated to VSP n by ESP m
Prm Price VSP n pays ESP m for resource allocation

P Overall profit of VSP for completing jobs

c Cost ESP pay for operations and maintenance

G Maximum resource capacity of ESP

B. M/M/1 Queuing Model

Assuming the use of the M/M/1 queuing model at the
VSPs, each VSP can be modelled as a single server, with
incoming jobs from their respective end users represented as
the queue. The arrival rate of job requests from end users
E,, into VSP n that implements the M/M/1 queue follows a
Poisson distribution, denoted as \,. Specifically, we denote
the arrival rate of requests into VSP n as A2 for high-priority
jobs and AL for low-priority jobs. The service rate of VSP n
to deliver services to end users based on the requests follows
an exponential distribution, denoted as fi,.

The time restriction imposed by the end users to get
resources from VSP n to complete high- and low-priority jobs,
TH and TF respectively, can be calculated using Queuing
theory as follows.

1
H _
L= m—m (32)
w o LTI

Similarly, we derive the following for the low-priority jobs:

L 1+ TN

Mo L (4a)

The service rate of the VSPs need to be larger than the rate
at which the job requests come in to deliver the Metaverse
services to the end user.

[ =l
C. End Users Payment to VSP for Services

End users incur a fixed subscription rate, S, regardless of
the amount or type of jobs they request. So, end users F,
need to pay VSP n a fixed amount of S,,. Aside from the
subscription rate, VSP n receive from end users E,, for high-
priority jobs and low-priority jobs for a unit of service to be
rH and 7L, respectively, such as 21 > rL. As there is a
need to move high-priority jobs up the queue and service them
within a shorter, stricter deadline, the rate end users pay for
them will be higher. Therefore, the total amount that VSP n

received from end users F,, is,
D. Probability of VSP choosing ESP

The VSPs can choose the ESPs to get better service. The
probability of VSP n requesting resource allocation from ESP
m is denoted by w;,,,, and takes into consideration two param-
eters of ESP m, price competitiveness PC,,,, and reputation
R,,m. Explicitly, VSP n is more likely to choose ESP m
amongst all other ESPs to get its service from if the price
ESP m set for the service is less. The price competitiveness
of ESP m compared to all other ESPs using which VSP n
considers which ESP to get its service from is calculated by:

(5a)

pnm
E}Q/[zlpnk ™

Again, we adapt a reputation-based incentive mechanism
where VSP n is considering which ESP it should get its
service from. We assume the quality of service such as
quick processing of data, high sampling rate, and sufficient
bandwidth for communication provided by ESP m to VSP n
as ¢n, while the total required resources VSP n expected
is ®,. Please note that any and more parameters can be
considered for calculating the reputation, which is basically
implementation-based. The reputation of ESP m judged by
VSP n is calculated as follows,

= fg"’” )
nm

As resource allocation supply and demand are dynamic
end ever-changing. The VSP does not calculate and fix a
certain reputation RP,,, of an ESP indefinitely. Instead, it
will periodically calculate a new RP,,, with updated values
to keep itself up-to-date. However, it does not simply ignore
the previous reputation values and instead takes them into
consideration. Each of the VSPs keeps a weight parameter
[ that determines the importance of the historical reputation
versus the current reputation using which it calculates the
running reputation R. VSP n with weight parameter (3, will
calculate the running capability of ESP m as:

P Cn'rn =1-

RPym
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In the above equation, R,,,,(t) represents the running rank-
ing of ESP m at time ¢. Considering the weight parameter
Bn, each VSP n will each decide separately this value which
determines whether the R value should consider more of
responsiveness or stability in choosing an ESP.

For an ESP to be preferred by VSPs and receive more
income, said ESP need to maintain not only a comparatively
low price but also a good reputation amongst all other ESPs
from which the VSPs choose to get its resource. We denote
this relative reputation of ESP m in VSP n POV as the ranking
RK,,,, which is calculated as:

Rmn
M
Eklenk

After calculating the price competitiveness PC),,,, using (6)
and the reputation RC,,,, for every candidate ESP, VSP n will
then come up with a set of probabilities of choosing each ESP
Qn = {wniy -y Wnm, ---wnar } Where each probability wy,y is
calculated using a weighted sum of the price competitiveness
and ranking as:

RKypm = (10)

Wnk = V1 X PCpi + 19 X RK,, (11a)

v+ =1 (11b)

Again, each VSP n needs to decide on its own which of
the two considerations is more significant to the decision of
choosing an ESP. If both are equally important, VSP n can
set both v; and 5 as 0.5 in Eq. (11a).

E. VSP Payment to ESPs for Resource Allocation

As VSPs receive the resources from ESPs, VSPs need to
pay a certain amount of price to ESPs based on the amount
of allocated resources. Note that a single VSP does not get
all of it resources allocated by a single ESP, instead, it gets
the necessary resources from many different ESPs. Thus, VSP
needs to pay all of these ESPs for the corresponding amount
of resources it gets from them. VSP n gets z,,, amount of
resources from ESP m and in return, it will pay p and pL,
for high and low priority jobs for a unit of service to ESP m.
So to all the ESPs, VSP n will be paying a total of:

P, =M waaan(zpl + (1= 2)pk) (12)

where, z = 1, when x,; is a high priority job, otherwise,
z=0.

FE. Profit and Cost of ESPs

While VSPs make the decision to choose which ESP to
get their resources allocated from, ESPs also have their own
considerations to make in choosing the VSP. For a specific
ESP m with a capacity of GG,,,, we have a constraint for it to
allocate resources to all VSPs as:

Zj‘vzlemxjm < Gm (13)

As it receives payment from VSPs for resource allocation,
ESPs also need to spend an amount of money for operational
and maintenance costs ¢ for them. Each different ESP may
need to pay different costs depending on the vendors that are

involved in their daily operations. We denote this operational
and maintenance cost for ESP m per unit of resource as ¢,,,
and so, the total cost ESP m needs to pay based on the
resources it allocates is calculated by:
N

Cm = cmzjzlemxjm¢jm (14)
where, C,, is increased with the increasing value of ¢, i.e.,
quality of service. So, the overall profit that ESP m gets is,

Qm = Eé‘vzlemxjm(pjm - Cm¢jm) (15)

IV. DYNAMIC RESOURCE ALLOCATION AND PRICING

(DRAP) FRAMEWORK

The challenge is to allocate resources in a way that maxi-
mizes the overall utility of all VSPs, provides the best possible
service to end-users, and minimizes the cost and energy
consumption of the computing infrastructure of the ESPs. For
such efficient allocation of computing resources to high- and
low-priority jobs based on the demands of end-users, the utility
functions of VSPs and ESPs are discussed below.

The utility functions of VSP n in regards to high- and low-
priority jobs to find the optimized maximum revenue with
subject to a few constraints is as follows.

max Sy, + Elyzlwnkxnk('z(rf - pr?m) +(1-2) (TvLL - pim))

H L H L
s.1. n + Tn > Pnm +pnm

Ellyzlwnkxnk < ,u;I;
Similarly, the utility function of ESP m is,

max X7 wim@im (Djm — Cmbjm)

m

s.t. Z;»Vzlwljml’jm S Gm

Pjm > cm¢jm
V. STACKELBERG GAMING MODEL

We leverage the Stackelberg gaming model to find the opti-
mal values for our framework, where the VSPs act as leaders
and ESPs as followers. At first, the VSPs announce their
requirement to all the ESPs and the ESPs find their optimal
resource allocation strategies using the announced information
by the VSPs and announce back again to all the VSPs. Next,
the VSPs update their optimal resource allocation strategy
using the information received from ESPs and subsequently
announce back to the ESPs. This exchanging of information
continues til the VSPs do not change their profits. Algorithm 1
shows the above-mentioned steps in detail.

VI. NUMERICAL ANALYSIS

We carry out a performance study to evaluate the effec-
tiveness of the proposed scheme DRPA in terms of resource
allocation and profit earned. We also compare its performance
with the Greedy approach.
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Algorithm 1: DRAP Framework

1: Set the variable changedProfit < True

2: VSPs announce their high- and low-priority job
requirements and their respective prices.
while changedProfit do

for each ESP in ESPs do

end for
for each VSP in VSPs do

R e A A

end for

10:  Calculate the new profits for VSPs.

11:  if new profits are the same as previous profits then
12: changedProfit < False

13:  end if

14: end while

15: Final optimal values for VSPs and ESPs.

A. Initialization

We initialize the relevant parameters of the 4 VSPs and 4
ESPs with the values provided in Tables II and III respectively.
To model realistic behaviour, we consider below points:

1) We set V.SP3 to have a lower resource price compared
to the other VSPs, which will result in ESPs allocating
fewer resources to it due to lower profit margins.

2) We set one E'S P4 to have a lower reputation score com-
pared to the other ESPs, indicating poorer performance,
which discourages VSPs from requesting resource allo-
cation from it.

TABLE II: Leader VSPs’ Initial Input

Price (S/RU) Reputation
ESPL | ESP2 | ESP3 | ESPA | ESPL | ESP2 | ESP3 | ESP4
s 0 5 06 07 T 01
5 2 075 075 08 02
3 T 3 09 08 T 0.1
i 0 08 08 T 02

TABLE III: Follower ESPs’ Initial Input

Followers | Capacity (RU) VSPT TV s;l,c; ($/§%)P'% VSPT Cost ($/RU)
ESP1 40 9 5 2 8 1.5
ESP2 50 8 5 3 8 1
ESP3 45 10 12 4 10 0.75
ESP4 40 5 6 3 7 0.5

B. Implementation and Results

We implement the leader-follower Stackelberg game on
MATLAB with the utilization functions of VSP and ESP
described in Section IV to obtain the optimal resource alloca-
tion. We analyze the performance of the proposed DRAP by
evaluating the value of the utility functions of VSPs and ESPs
over iterations to find the final resource allocation (i.e., which
VSP receive resource allocated by which ESP and respective
allocation prices) after the game has reached an equilibrium.

Figs. 1a and 1b show the profit of all the VSPs and ESPs
against the iterations. The Stackelberg equilibrium refers to
the points after which profits of the VSPs and ESPs do not

Find optimal values for £SP and announce them.

Find optimal values for V.SP and announce them.
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(a) Leaders’ profit. (b) Follwers’ profit.

Fig. 1: Leaders and Followers’ profit over the iterations

change i.e., where the leaders’ decisions are optimal, given
that the followers respond to their decisions in the best way
possible. Analyzing further Fig. 1a, we are able to get more
insight to what is happening. We observe the trend-line of
V' SP3 in blue that has a continuous dip in profits up until
it reaches the optimum point at iteration 10. To explain this,
we recall that V' SP3 is the VSP that has bad initial price
point for ESPs as compared to the other VSPs. At first, we
can see that the profit of V' SP3 is very high because the
earning it gets from the end users is much higher than what
it is spending to pay the ESPs. However, this results in ESPs
being reluctant to allocate resources to V.SP3. Not getting
enough resources, V.S P3 has to try to increase its price point
to appeal to the ESPs to allocate it resources. This causes the
gap between the earning and the expense, i.e., the net profit,
to decrease as the iterations go. On the other hand, we also
observe in more detail Fig. 1b that shows the profit of the
ESPs over the iteration. ESPs 1, 2, and 3 steadily increase
over the iterations as it allocates resources to the requesting
VSPs. The profit of £SP4 however is grounded at $0 until
iteration 9. This is because, with its low reputation ranking,
VSPs avoid requesting resources from it as they deem it to be
not reliable unless there is no other choice for the VSP but to
choose it to fulfil the end users’ requirements. With the price
point to be paid to E£SP3 being the highest, we expect that it
will have the largest profit, but that is not the case. This high
price point is not attractive to the VSPs, resulting in the VSPs
not choosing F.SP3 as the provider of the resources.

VSP Resource Allocations to ESPs.

ESP Resource Allocations to VSPs

1 2 3 4 1 2 3 4

(a) VSPs’ RA Distribution. (b) ESPs’ RA Distribution.

Fig. 2: Resource Allocation (RA) Distribution from VSP to

ESP and vice versa.

Figs. 2a and 2b show the resource allocation to each VSP
from different ESPs. From Fig. 2a and Table II, we can
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observe that the final allocation to each VSP, regardless of
the allocating ESP, is more than the required resource which
aligns with the intention of VSPs to get enough resources to
service the end users. We can also see in Fig. 2b that VSPs are
reluctant to request £.SP4 for resource allocation due to its
bad reputation as compared to the other ESPs. The very small
amount that VSPs 1, 2, and 4 request from ESP4 is very
likely due to the other ESPs reaching their capacity and not
being able to allocate more resources. This excludes V.SP3
whose price point to be paid to the ESPs is lower as compared
to the other VSPs, which leads to no resource allocation from
the other high-reputation ESPs leading to V.SP3 having to
resort to low-reputation £S P4 to avoid not being able to fulfil
the required services for its end users.

7001 @@ Greedy (VSP) 800 ®681 Greedy (ESP)
—600{ Wz DRAP —_ wz DRAP
#r o
4 500 4 600
I s
5 2 B
0C
‘= 300 = 400 20
5 5 2
200 ; .
& & 200 B¢ i B
|
100 5 55 © 5
plel O 20, 10
0 oL 2 >0 o 91
VSP 1 VSP 2 VSP 3 VSP 4 ESP 1 ESP 2 ESP 3 ESP 4
VSPs ESP
(a (b)

Fig. 3: Comparison of DRAP with greedy approach.

In Fig 3, we compare DRAP with the greedy approach —
Greedy (VSP) denotes VSPs give the highest priority to the
ESPs that have the highest reputations and in this case, ESPs
do not have control over resource allocation. On the other
hand, Greedy (ESP) denotes ESPs are greedy about their profit
and VSPs stay idle. In Figs. 3a and 3b, we can see that
using DRAP, all the VSPs can earn more profit compared to
the Greedy (VSP) approach and all the ESPs can earn more
compared to Greedy (ESP) approach, respectively. So, we can
claim that DRAP satisfies both the VSPs and ESPs expectations
in terms of profit while efficiently allocating resources.

VII. CONCLUSION

In this work, we investigated the problem of resource
allocation between VSPs and ESPs in a Metaverse system.
For this, we proposed the (DRAP) framework, which allocates
resources based on the QoS provided by the ESPs and type
of services i.e., high- and low-priority requested by the VSPs.
Furthermore, we varied the pricing for resource allocation over
time-based on the reputation of the ESPs. In brief, ESPs get
incentives i.e., more service offers from VSPs, if they offer
better service. In order to determine the optimal profit for both
VSPs and ESPs, we used a multi-leader and -follower based
Stackelberg gaming approach, with VSPs as leaders and ESPs
as followers. We carried out numerical analysis to simulate
real-life Metaverse system using which we were able to
determine the optimal solutions for the leaders and followers.
The optimal solutions show that the proposed scheme DRAP
is able to reach a stable point of resource allocation that meets

the requirements of VSPs, and ultimately the end users, while
also satisfying both the VSPs and ESPs’ expectations in terms
of profit.
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