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ABSTRACT Metaverse refers to the intersection of parallel virtual worlds with their physical counterparts
by allowing users to interact with virtual people, objects, and environments. Resource allocation in various
aspects of Metaverse domains, called as MetaSlices hereinafter, is a crucial optimization research problem.
To serve this purpose, we consider a MetaSlice framework with the notion of sharing resources among
common functions and enable placing time-sensitive services at the edge of multi-tier architecture in
proximity to users. Unfortunately, the classical Integer Linear Programming is inappropriate for such
heavily constrained optimization problem due to the extensive running time and memory. Hence, we model
a novel Quadratic Unconstrained Binary Optimization (QUBO) formulation to simultaneously optimize
resources and secure Quality of Service for MetaSlices as a paradigm shift towards quantum computing.
Furthermore, we propose to employ two hybrid classical-quantum strategies, Warm Start and Cold Start
Quantum Annealing to optimize resource under bandwidth uncertainty, offer ultra-low running time, and
increase service acceptance rate/scalability in a resource-hungry and dynamic Metaverse system.

INDEX TERMS Quantum annealing, metaverse, combinatorial optimization, warm start, cold start,
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stochastic optimization.

. INTRODUCTION

HE CONCEPT of Metaverse initially emerged in a

fiction novel called Snow Crash authored by Neal
Stephenson in 1992 [1]. Thanks to the recent advancements
of cutting-edge technologies (e.g., smart sensors, Vir-
tual/augmented reality, next-generation networks), Metaverse
has become a buzzword both in academia and industry [2],
[3], [4]. Being committed to support the development of
Metaverse ecosystem, Facebook re-branded itself as “Meta”
in 2021 by taking the spotlight off social media and
universalizing multiple virtual worlds [4]. Other tech giants,
such as, Microsoft, Amazon are also investing heavily
based on acknowledging Metaverse as the successor of
Tactile Internet and believing to work towards “moving
beyond what’s possible today” [2]. Unlike the existing virtual
world platforms (e.g., Roblox, Second Life), Metaverse
is considered to be a seamless and unique integration of
multiple virtual aspects of life, such as, entertainment,
education, e-commerce, healthcare, and smart industry [5].

Metaverse users are expected to share and trade their objects
and assets by preserving their value across multiple virtual
worlds. One of the main driving forces behind Metaverse
is the unexpected arrival of COVID-19 that have brought a
significant impact on how people socialize, work, interact,
and experience. Recently, UC Berkeley organized their
graduation ceremony in Minecraft (gaming platform) and the
American rapper Lil Nas X performed in an online concert
using Roblox platform with over 35 million views [6].
Furthermore, Metaverse is the key to fulfil the dreams of
6G communication and beyond to overcome the tyranny of
physical distance in a fully immersive way [7].

A. MOTIVATION

Metaverse ecosystem is expected to demand enormous
amount of resources that have never been seen before [2].
Due to the operations of Metaverse, the data usage rate
has been predicted to go up by 20% [2]. The success of
the Metaverse is anticipated to be driven by its Quality of
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FIGURE 1. Sharing based MetaSlice Resource Allocation.

Service (QoS) and resource sustainability. In order to render
3D objects (augmented reality), 3D environment (virtual
reality), and synchronize millions of simultaneous Metaverse
applications, shifting to a new paradigm is necessary for
optimizing overall resource consumption costs. Failure to
ensure real-time Metaverse service delivery can degrade
QoS and cause long-term major health issues (e.g., nausea,
sever headache, and visual distress) for Metaverse users due
to laggy navigation in virtual world with their avatars. In
this paper, we propose a sharing based MetaSlice resource
allocation in multi-tier architecture framework supported by
quantum computing to ensure timely content delivery and
optimize resource consumption. Inspired from the analogy
of traditional network slice, MetaSlice [6] is defined by a
ordered sequences of Meta Network Functions (MNFs) or
often termed as Meta Instance. MetaSlices can belong to
various application domains, such as, education, tourism,
and navigation, as shown in Fig. 1. It is highly likely
multiple MetaSlices, such as, navigation and tourism will
encounter some common functions (e.g., digital map) [6],
[8]. Likewise, Google Map’s Application Programming
Interface (API) can be shared by multiple Metaverse appli-
cation for live location sharing, check-in, and routing [9].
The notion of sharing the resources of common MNFs
can enable the maximum resource utilization and generate
much higher revenue for Metaverse Infrastructure Service
Providers (MISPs) [6], [10]. Additionally, the MetaSlices
need to be allocated into multi-tier architecture depending
upon the Service Level Agreement (SLA) of MISPs and
requirements of MNFs [6]. For instance, driving assistance
feature and real-time traffic update related MNFs should
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be placed at the edge of the multi-tier architecture due
to their delay-sensitive nature and for ensuring ultra-low
latency [6]. On the other hand, digital map that does
not need frequent updates may be placed on the cloud
relatively far from users [6]. We also consider stochastic
nature of multi-tier host architecture (topology) caused by
the variable bandwidth flow consumption in MetaSlice
resource allocation framework and propose optimization
models accordingly. Several reasons, such as, congestion,
traffic flow dropping characteristics of MNFs, may cause
uncertainties in bandwidth consumption [11], [12]. MetaSlice
is more than just a network slicing case for the Metaverse
applications. Instead, it is a comprehensive framework for
dynamically allocating resources to enhance the QoS tailored
to the needs of diverse Metaverse applications [6]. MetaSlice
can be considered a platform for deploying Metaverse
applications because it provides a framework to manage
and optimize the performance of Metaverse applications
by allocating different types of resources across various
tiers of the computing architecture. MetaSlice incorporates
techniques for decomposing Metaverse applications into
different functions called Meta Network Functions and
shares the resources of the commonly used functions for
optimizing resources. The Metaslice framework simulta-
neously serves the needs of metaverse end users and
service providers by optimizing resources. This platform
addresses the uncertainty in bandwidth, minimizes running
time, and enhances service acceptance rate and scalability
in a resource-intensive and dynamic Metaverse system via
MetaFunction Resource Orchestrator by leveraging hybrid
quantum-classical computing.
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FIGURE 2. Towards quantum computing for metaverse.

As illustrated in Fig. 2, today’s network can deliver about
10 milliseconds of latency. However, in order to actualize
flawless immersive experience in Metaverse, we need much
higher bandwidth and much lower latency. The resource
allocation management and optimization schemes directly
impact the performance requirements of Metaverse appli-
cations. The Metaverse resource allocation infrastructure
involves a vast amount of entities, resources, and interactions.
Hence, the challenge of solving optimization problems
within a reasonable time frame to enhance the interactive
virtual experience for users becomes more critical compared
to traditional network resource allocation tasks. Along
with real-time service dynamics, stochastic aspect of the
Metaverse resource allocation requires specialized ILP/MILP
optimization models that can not be inherently handled by
traditional optimization modelling. Recent studies leverage
Integer Linear Programming (ILP), Deep Q Networks
(DQN), and heuristics (e.g., simulated annealing) to solve
such intricate multi-objective joint optimization problems in
communication research avenue [2], [4]. However, several
downsides of these classical approaches make these rather
unsuitable for Metaverse system that demand real-time
characteristics and enormous resources [4]. ILP and classical
heuristics often exhibit high running time, while DQN needs
frequently prolonged re-training to keep up with the dynamic
environment of Metaverse [4], [12]. Quantum computing
is believed to unravel the full potentials of Metaverse
applications. Hence, the resource allocation and optimization
approach in Metaverse foresee to be quantum ready as well
[13], [14].

B. CONTRIBUTIONS

Quantum Annealing (QA) [15] has the strength of a magnetic
transverse field to avoid getting stuck into local optimal,
unlike the classical counterpart. Quantum tunnelling [16]
allows waveforms to overcome barriers by exploiting quan-
tum mechanical phenomena. The potentials of quantum
fluctuations and quantum dynamics in combination with
quantum entanglement and superposition properties can
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be considered to overcome the shortcomings of classical
approaches [14]. In this regard, we propose to employ
quantum computing for optimizing resource allocation in the
considered Metaverse framework. The major contributions
of this paper have been listed as follows:

o First of all, QA only accepts QUBO as quantum compli-
ant format for optimization [17], [18]. Thus, we propose
the novel QUBO formulation of sharing-based resource
allocation in multi-tier architecture to support MetaSlice
services. This contribution is of supreme importance by
giving general research guidelines on how to encode
communication optimization problems as QUBO to
be solvable by quantum computing. Furthermore, to
better address the uncertainties in bandwidth allocation,
we propose another variant of unified hedging QUBO
formulation to optimize resources over a broad range
of potential scenarios.

o Secondly, we propose a hybrid classical-quantum
approach to warm start QA by letting classical sim-
ulated annealing seed the initial solution. Later on,
our proposed warm start quantum annealing (WSQA)
improves upon the candidate solutions within real-time
constraints by securing optimal/near-optimal resource
allocation in Metaverse.

o Thirdly, we propose another hybrid quantum-classical
approach, named as cold start quantum annealing
(CSQA) that begins optimizing with QA and later uses
a classical approach to fine-tune the solutions found
by QA.

o Finally, extensive simulation studies have been con-
sidered to present the superiority of hybrid WSQA
and CSQA to optimize resources for Metaverse
and futuristic eXtended reality (XR) applications by
mutually overcoming the shortcomings from both quan-
tum and classical perspectives. Thus, this study can
inspire researchers to solve various other futuristic
NP-hard problems by using hybrid quantum-classical
approaches, even with the limited availability of qubits
(e.g., quantum computing resources).

C. ORGANIZATION

The rest of the paper has been structured as follows.
Section II summarizes the relevant existing research stud-
ies. Section III presents two novel QUBO formulations
for MetaSlice resource allocation. Our proposed hybrid
classical-quantum approaches, WSQA and CSQA have been
described in Sections IV and V, respectively. Next, the
simulation results have been discussed in Section VI. Finally,
Section VII concludes the paper.

Il. RELATED WORKS

Most of the existing literature propose Mixed Integer Linear
Programming (MILP) or ILP for resource allocation in
Metaverse [2], [4], [19], [20], [21]. Almost all the resource
allocation problems for Metaverse system are NP-hard
that demand extensive computing time and memory [6].
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Oftentimes, the ILP/MILP models are briefly formulated,
while ignoring practical constraints, such as, uncertainties
in networks [2], [4], [6]. Some of the research focus
on delay minimization, while others stress on resource
optimization [2], [4], [6].

In this paper, we strive to make a combined effort for
simultaneous optimization of resources and QoS. In doing
so, the optimization model become even more complex
with several crucial constraints [12]. Some of the literature
consider DQN and other reinforcement learning approaches
that are not appropriate for Metaverse services due to the
requirements of frequent re-training initiated by the highly
dynamic application/environment nature [12]. A compre-
hensive research on resource allocation in next-generation
broadband wireless access networks explores traditional
approaches to support various features such as energy
efficiency, user support, task offloading, and mobility [42].
However, this existing study mainly focuses on novel
wireless innovation and ignores the aspect of ultra-low com-
puting capacity to support specialized futuristic Metaverse
applications [42]. This research aims to bridge this gap by
comprehensively investigating resource allocation strategies
that cater specifically to the unique demands of rendering in
an immersive environment and managing extensive resources
in the context of the Metaverse, where traditional wireless
innovations fall short. The promise of quantum era can
resolve many of the aforementioned shortcomings related
to classical computing. Quantum speedup can guarantee
both real-time optimization characteristics and meet up
the heavy resource demands of the Metaverse system.
Coming out of infancy, researchers are putting enormous
effort to integrate Metaverse and quantum from optimization
perspective. Chong et al. proposed resource optimization in
the education Metaverse domain using two-stage stochastic
integer programming (SIP) [2]. Yet, the SIP formula-
tion lack real-time service delivery guarantee. Another
resource allocation study for synchronizing Metaverse and
physical world has been approached with evolutionary
mechanism [4]. A recent research attempted to solve the
spectrum resource allocation problem as a discrete Markov
decision process (MDP) using Quantum Reinforcement
Learning [22]. Apart from Metaverse, a plethora of research
studies have been conducted using QA on traditional
cellular networks, such as, next-generation quantum-enabled
multiple-input multiple-output (MIMO) processing [23],
routing [24], scheduling/optimization for Internet of Things
(IoT) networks [25], [26], resource optimization for Network
Function Virtualization (NFV) [27], and so forth. All the
quantum inspired optimization research struggle to simulate
large-scale NP-hard problems due to the limited availability
of freely available qubits (quantum resources) in today’s
world [27].

With the intention to bridge the research gap, we
propose hybrid quantum-classical WSQA and CSQA to
simultaneously offer a marginal optimality gap, quantum
speedup, and higher service delivery rate (scalability) for a
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heavily constrained MetaSlice resource allocation problem
with limited availability of qubits. Hybrid quantum-classical
optimization is envisioned to attract more research studies
on resource optimization for Metaverse and typical wireless
domains by resolving the downsides from both classical and
quantum perspectives.

lll. QUANTUM ANNEALING DRIVEN METASLICE
OPTIMIZATION

As illustrated in Fig. 1, we consider a MetaSlice resource
allocation architecture, where users across Virtual Reality
(VR), Augmented Reality (AR), and XR request for a
MetaSlice service that is forwarded to MISPs [6]. The
MISPs analyze the request and send it to the orchestrator
to enable sharing the resources of common functions
from different MetaSlices to optimize resources, whenever
possible [6]. Moreover, we allow the resource allocation in
multi-tier architecture of hosts to handle three categories
of Metaverse applications (e.g., real-time, semi real-time,
and non-real time). Unlike traditional network functions,
MNFs are expected to facilitate immersive experiences,
virtual interactions, and seamless connectivity combining
physical and virtual space. These MNFs are supposed to
handle virtual environment management, avatar interactions,
data synchronization, and other configurations unique to
metaverse platforms. To support these unique features, we
focus on modelling tailored stochastic muti-tier sharing-
based resource allocation and the quantum computing realm
for delivering ultra-low latency. In this section, we first
describe the QUBO formulation to optimize resources
and secure QoS under uncertainty. Next, we discuss the
conversion of QUBO into Q matrix and embedding into
quantum hardware.

A. UNCERTAINTY IN BANDWIDTH CONSUMPTION

The variability in bandwidth outflow can stem from various
factors within the host topology, including congestion, traffic
dropping behaviors, and more, as mentioned in the work by
[12]. Given the highly dynamic nature of MetaSlice service
delivery and network attributes, we address the uncertainties
in bandwidth generation through a stochastic optimization
approach. Let €2 denote the set of all possible scenarios.
The probability of occurring a particular scenario A, € Q2 is
P(X\.). The historical records can be used to estimate P(\,.).
The uncertainty of bandwidth consumption based scenarios
can be expressed as follows:

re =[0[G). PG,

here, 0’; (A.) represents the outflow bandwidth generated by
MNF m; € M from Sy under a scenario A, € . For
example, O} (A,) = 1000 Mbps and P(),) = 0.4 indicate
that there is 40% probability of the bandwidth consumption
occurred by MNF m; € M from S; to be 1000 Mbps.
Although this is just an assumed scenario, there might be
diverse potential demands for bandwidth resources.
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TABLE 1. Parameters for MetaSlicing framework.

Parameters of Metaverse resource allocation architecture

Notation Description
G={H, &} Substrate network topology; where H and & represent
hosts (nodes) and edges, respectively
7}lj Tier-level of host h; € H
Cj Remaining CPU capacity of host h; € H (in cores)
R Remaining memory capacity of host h; € H (in GBs)
B;j Remaining bandwidth linking two hosts (connected)
hj and hj/, where hj, h; € H and j # j' (in Mbps)
Dj 3 Communication delay between two hosts (nodes) h;

and hj/, where hj,hj/ € H and j # 35’
MetaSlice Request and MNF Related Parameters

Notation Description
M All possible MNF instances {m1,ma,...,maq}
Sy Requested MetaSlice; Sy C M
|S¢l Length of the requested MetaSlice Sy equal to the
number of required MNFs
cpu{ CPU requirement for new MNF instance m; € M
deployment of MetaSlice Sy
T’am{ RAM requirement for new MNF instance m; € M
deployment of MetaSlice S ¢
o Sharable binary flag of MNF m,; € M
Z{, O{ Inflow and outflow of MNF m; € M from Sy
pf Priority of MetaSlice S ¢
of QoS threshold of MetaSlice S y; where ©F = f(pf)
Constants, Auxiliary, and Decision Variables
Notation Description
if’ j Binary decision variable for deployment of new MNF
instance m; € M from MetaSlice Sy inhost h; € ‘H
Z,Lf J Binary decision variable for sharing MNF m,; € M
from Sy with similar on-boarded MNF at host h; €
H
Xi,j Binary input parameter identifying on-boarded similar

MNF instances m; € M at host h; € H
fij Unconsumed sharable (available) flow of on-boarded
MNF m; € M at host h; €H

Nes Mrs Mo Unit costs associated with CPU, RAM, and bandwidth
P(Xe) Probability of the occurrence of a scenario A\e € €2;
where 2 is set of all possible scenarios
©1,92,93,. .. Penalty co-coefficients of constraints
€c Slack variables for transforming inequality to equality

B. QUBO FORMULATION

Ultimately, the QUBO format is formed by adding all the
constraints (C1 through C9) described below to the objective
function (Eq. (1)). The penalty of each constraint has been
represented using ¢, sub-scripted by the constraint number.
The penalty factors are usually set as large values depending
on MetaSlice length and host specifics to avoid infeasible
solutions and the accumulation of huge penalties. Finally, we
propose a hybrid WSQA approach to optimize the QUBO
problem as an alternative to standalone QA with greater
scalability benefits. All the parameters for the QUBO model
has been presented in Table 1.
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The core objective function, as defined in Eq. (1), opti-
mizes the total cost of resource allocation for satisfying
MetaSlice application requests. The objective function has
been designed in such a way that it inspires leasing resources
among MNFs rather than creating new meta instance,
whenever possible [6], [27]. The first part of the objective
function determines the additional costs for CPU and RAM
in case of creating a new MNF. The later part of the objective
function calculates the costs of sharing bandwidth resources,
considering uncertainties in bandwidth consumption.

ISy

i e x cpul, 4+, x raml) x

le.:j,z/l.r_jlen{](),l}” ;h/EZH {('7 X cpu; + 1y X ra ,) X Xij
_E[Q<nbv (’){,x;j, Z,;j, )Le):l}s (1

|y

where, Q(nb, O{,xzj, zij, Ae> = Z P(L.) x Z Z
Le€Q i=1 hjEH
O] x 1y (xf/ + sz/> @)

Here, €2 indicates a set of scenarios and is represented using
the tuple Q(np, (9{ , xf J z'; J Xe). The probability of occurring
a scenario A, € Q2 is P(X.). The uncertainties of bandwidth
outflow may arise due to several reasons in topology of
hosts, such as, congestion, traffic dropping characteristics,
and so forth [12]. Since MetaSlice service delivery and
network characteristics are claimed to be extremely dynamic
in nature, we encounter the uncertainties of bandwidth
generation as stochastic optimization approach.

2

Cl:gix | (ij—l-zfj) —1 Veposy o G

hjEH

Constraint C1 ensures the allocation (sharing/deployment) of
a MNF m; from MetaSlice Sy into a single host h; € H.
In case the total allocation (Zhje»,,_[(xg j +Z§J~)) of any MNF
belonging to a MetaSlice over all hosts exceeds 1, a penalty
will be generated and eventually added to the objective
function in Eq. (1). The non-zero penalty is amplified by
squaring the term and multiplying with a factor ¢;. Thus,
the optimizer will strive to avoid such large penalties by
satisfying MNF allocation to exactly one host.

2

C2: @2 X Z( ij + Xi,j X 0j X Zlfd) -1 s Vie[l—lel]
/’leH

“)

The constraint C2 is imposed upon MNFs to be either
deployed as new instance or lease the resources from already
on-boarded/running MNFs of other MetaSlice applications.
However, a similar MNF with permissible sharable property
has to be present in previously deployed MetaSlices to
activate leasing/sharing resources instead of creating a new
instance. Upon the failure of any above-mentioned condition,
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the constraint term will incur a large penalty, unlike zero,
which is the expected ideal scenario.

2
C3: <p3x(If Zf —fij +€3) Vie[1-15/] ®)

Next, constraint C3 expresses that the MNF to be
shared (already running instance) must have sufficient
available/unconsumed flow (f;;) as per the requirements
(If ) of requested MNF. Traditionally, this constraint can
be thought of as an inequality. However, to convert it into
equality fitted for QUBO format, a slack variable (e3) has
been introduced. The slack variable represents the non-
binding point from which candidate/potential solutions are
allowed [27]. The rest of the constraints due to the inequality
nature also have respective slack variables linked to those.

1Sl 2

C4 1 g4 x Zcpuf di—Cite| VYyenw (6
1Sl 2

C5: @5 X Zran{xxzj—Rj—i—q ,the'}.[ 7

i=1

Constraints C4 and C5 validate whether the host
devices have enough CPU and memory capacity to deliver
a MetaSlice application request. The unavailability of
sufficient computing and memory resources will reject
MetaSlice service requests by incurring huge penalties to the
optimization solver.

C6 : pg x <<x£j+zl;j>—

2
+ Zlf+1,j’> + 66) iy etVie1-1s] (8)

Z <xzf+1,j’

{hj,hj/}eg

Subsequently, constraint C6 is responsible for allocating
two ordered MNFs (m; and m;y;) from the requested
MetaSlice &7 into two directly connected (adjacent) hosts
(nodes) in the substrate network/multi-tier topology. Hence,
the traffic flow routing through the meta instances is
optimized as a by-product of this constraint. It is noteworthy
that the slack variable €¢ of this specific constraint can be
binary due to only involving decision variables.

C7:‘P7X(Z > O{X("fﬁz@)

hj EHh/I/#IEH
2
( i+1.j Zf+1,) = By +€7> Nie1-(81-1)] @)

Constraint C7 verifies that two host devices have enough
bandwidth capacity (Bjy) to handle the outflow ((’)if )
generated by the allocation of requested MNF instance. In
other words, the available bandwidth must be as much as
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possible equal to the summation of outflow and slack variable
for preventing constraint violation penalties.

1Spl-1

cs;gogx(Z Y Y vy« (d,+d)

i=1 hGHh/J/#JEH

( t+1/+zf+l]) _®f+68)2

Similarly, constraint C8 prevents the total delay of requested
MetaSlice application to exceed beyond a pre-specified
threshold ®/. This delay limit is usually set by the service
providers as per the priority of MetaSlice (p/) and Service
Level Agreement (SLA) [27]. The slack variable eg allows
the cumulative latency of the requested MNF instances to
be under QoS threshold of respective MetaSlice service.
Since Metaverse services intend to support context-aware
latency tolerance, this quadratic constraint is considered quite
significant for Metaverse framework [28].

(10)

2
C9: g9 x ((x,f,Jrzf]) x o =T, +69) nerVieniois;) (1D

Finally, constraint C9 ensures that MNFs are placed and
shared across multi-tier architecture depending upon the
requirements/priority of requested MetaSlice. Thus, the real-
time latency-sensitive MNFs are placed on the edge/outer
tier hosts, while others are allocated to inner-tiered hosts
with comparatively higher latency. Overall, this constraint
verifies the allocation of MNFs into hosts situated at equal
or higher tiers compared to priority levels of MetaSlice [6].

C. UNIFIED HEDGING QUBO FORMULATION

Unified Hedging is a technique that uses single strategy to
optimize over multiple scenarios rather than prioritizing a
single scenario [29], as shown in Fig. 3. In the previous
subsection, we design the objective function to prioritize
the scenario with the highest likelihood and allocate band-
width accordingly. However, to achieve more conservative
decision-making and have better security against potential
uncertainty, we modify the objective function in such a way
that it explores a diverse range of scenarios and optimizes
to minimize the overall worst-case scenario outcome at the
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price of risking best-case scenario outcome [30]. For this
purpose, the objective function is redefined as follows:

1Syl

min ZZ {(ncxcpuf—l—n,xmn{)

%00 2 0.1 D7 ey
x5 ,0e) + B[ Q(ms, O] 4] (1), 4 ), A)]} (12)
where, Q(15, Of, ¥ (o). 2 (1) e ) = Y POe) x B

re €S2
1Syl
S 0 o x (3,00 + 200

i=1 hj€7‘l

13)

In the above mentioned, Eq. (12), we define decision
variables of deploying/sharing MNF instances for every
potential scenario A, € 2 so that the model is able to
evaluate the system cost of each scenario. In the equation
Eq. (13), we introduce B, that tunes the degree of risk
tolerance/conservatism of the solution affordable by the
service. As an example, some of the Metaverse services
such as observing the virtual environment require less
bandwidth, whereas MNFs required to interact with the
virtual environment demand much higher bandwidth. Thus,
MSPs can tune S, as per the desirable trade-off between
system cost and MetaSlice application risk tolerance limit.
The summation of S, overall all the scenarios should be
1. It is noteworthy that for this model we need to reform
the constraints C1 — C9 by increasing the dimension of the
decision variables for each scenario in the QUBO model to
make unified hedging decisions favourable across multiple
scenarios. Following is another additional constraint of the
unified hedging QUBO model:

2

€10 : g0 x | Y- (00 +2,000) = 1]

Ae€Q
Ve Vie[1-15/1]

This additional QUBO constraint in Eq. (14) ensures that

the model takes MetaSlice sharing/redeployment decision in
favour of the particular uncertain scenario that is able to
somewhat optimize across a broad range of situations instead
of tailoring to a single potential scenario.
In the worst-case, the computational complexity of both
QUBO models is exponential. One of the main driving
factors in the computational complexity of these models
is the number of potential scenarios affecting the size
of the optimization problem significantly. As the number
of potential scenarios increases, the optimization problem
becomes more computationally challenging to solve.

(14)

D. QUANTUM ANNEALING

Quantum Annealing leverages quantum mechanics to explore
multiple solutions simultaneously and find optimal or near-
optimal solutions more efficiently, unlike the classical
counterpart. Typically, quantum annealing involves three
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major parts that are encoding the problem, tunneling phase,
and finding ground state or solution. The first step is to
encode the problem as quantum compliant format which is
either QUBO or Ising model. The entire formulation creates
a energy landscape in quantum system through the qubits.
Each solution of the optimization problem refers to different
energy states/levels. Once the formulation is embedded into
quantum hardware, the tunneling effect allows high energy
barrier penetration through quantum energy states which
allows the exploration of multiple solutions parallel and
faster, compared to classical computing. Finally, the goal is
for the quantum system to reach the ground state, which
corresponds to the optimal or near-optimal solution of the
original optimization problem. The annealing process is
designed to drive the system to this state.

E. Q-MATRIX COMPOSITION
The QUBO formulation is the first step of quantum
annealing. As per the QUBO formulation, the optimizer
model should include only one objective function with
no apparent constraints [14]. Hence, all the quadratic
constraints, such as equations C1 through C9, are added to the
core objective functions of Eq. (1). For the unified hedging
QUBO formulation, we add constraints C1 through C10 to
the core objective function represented by Eq. (12). Then,
an upper triangular matrix is constructed using the linear
and quadratic coefficients of the objective function. The
linear and quadratic terms are respectively set as diagonal
and off-diagonal real numbers of the upper triangular
matrix, later called as Q matrix. For the sake of simplicity,
we can consider that the quantum computer optimizes as
follows:
T,

R
where, Q is the upper triangular matrix, known as Q
matrix and x is the vector of binary decision variables.
Another alternative is to transform the QUBO model into
an Ising model [14]. In such cases, the decision variables
are represented using dipole moments of atomic spins (+1
or -1) [14]. Moreover, the linear and quadratic coefficients
are considered as biases and coupling strengths for QA to
distinguish optimal/near-optimal solutions.

Our research problem includes involves optimization with
two sets of decision variables. Considering these decision
vectors represented by x and y, the general QUBO formu-
lation can be re-written as follows:

n n n n
x"gl{%)l’ll}n DY Qi+ ) Qixi+ Y Qi
’ i=1 j=1 i=1 j=1
here, n is the number of decision variables in each of the
decision vectors. Q;; and Qj; are the coefficients of the
quadratic terms. Q;; are the coefficients for the cross-product
terms between variables x; and y;. This extended generic
QUBO format allows interaction between the decision
variables from both vectors.

1063



EMU et al.: WARM AND COLD START QUANTUM ANNEALING FOR METAVERSE RESOURCE OPTIMIZATION

S z -1
Bl X2 X3
—_ 2 2 2
= Edras Xo i ks
+ 2x3%5 + 2X5X3 — ) 2
+ 2x3x; 2. Rendering
function as X1
— triangular
1. QUf}lBO‘t.)bJecm e graph -1 3. Minor
inction Embedding into
x;=0 x3 =0 Chimera lattice
5 3
] —
f— g -
5. Readout ™ 4, Amnealing
solution
x =1
| @ Physical Qubits (Nodes) —— Coupler Strength (Edge) = Quantum Tunneiingl

FIGURE 4. Typical workflow of quantum annealer.

F. EMBEDDING QUBO INTO QUANTUM HARDWARE
Once the QUBO reformulation is completed, the next step
is to transform the objective function, also known as, energy
function into Quantum Processing Unit (QPU). Despite
the existence of various topologies, D-wave particularly
uses a Chimera Graph Lattice Architecture [27]. In this
case, the QPU is constructed using qubits that are partially
connected [14].

Fig. 4 portrays the overall workflow of quantum annealing
mechanism. The nodes of chimera graph denote the deci-
sion variables of the optimization problem. Edges/couple
strengths are represented using the respective quadratic
coefficients. The bias of the nodes are set according to
the linear coefficients. The biases control the magnetic
field acting upon the qubits, while the coupler strength
determines the interaction power among qubits. Eventually,
the standard QUBO input for QA is mapped into physical
qubits of the quantum hardware. This process is called
minor embedding [14]. Initially, the qubits are entan-
gled with equal superposition of all possible states. The
annealer continues to sample the solutions from many
candidate solutions, as defined by the energy landscape
(QUBO objective function). The QA strives to find the
minimum/low energy state (optimal/near-optimal solutions)
through quantum tunneling strategy. At the end of the
annealing phase, the qubit spins/decision variable values are
externally read out and stored using reverse minor embedding
process.

IV. WARM START QUANTUM ANNEALING

The technique of generating initial feasible but not so
good solutions is known as warm start [27]. Conventional
optimization approaches widely employ warm start to control
the combinatorial explosion and computational complexity of
NP-hard problems [27]. Motivated from the prior evidences,
we propose warm start quantum annealing (WSQA) to
secure manifold computing outcomes [27]. The intended
aftermaths are to increase the scalability, reduce num-
ber of required qubits, and decrease run-time (time to
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Algorithm 1: MetaSlice Service

Leveraging WSQA
Input: G, S, C;, R;, Dy, By, o, o, Xij»Jijs
cpu’:-, ram’ic, I{, o, i This Nes Nrs Mbs Pes €c, max_epoch
Output: xzj, z{
temp <— temp
statey <— stateg
for t = I to max_epoch do
statexy1 <— neighbour(stateg)
AE < energy(statery1) — energy(statey)
r < rand(0, 1)

if min(1, 67%) > r then

8 | stateyy| < statey

9 temp «— o'V x tempy

10 Define QUBO and formulate Q matrix

11 Translation of QUBO into logical graph and perform
minor embedding into chimera lattice

12 Sample solutions from the energy landscape (search
space) through quantum tunneling

13 Readout the sampled solutions by reversing minor
embedding

Allocation by

(o Y e S A

~

optimal/near-optimal) for the quantum-inspired MetaSlice
resource allocation problem. In the following subsections,
we propose two different variants of WSQA considering two
different classical approaches before initiating QA.

A. WSQA VARIANT WITH SIMULATED ANNEALING

Primarily, we let the classical simulated annealing to
construct a valid initial solution. Eventually, the quantum
annealer improves on the previously generated solution.
Algorithm 1 presents our proposed WSQA methodology to
tackle the optimal resource allocation for MetaSlice service
delivery. The algorithm takes all relevant MetaSlice request
parameters as input and outputs whether a MNF instance
should be created (x; j) or shared (27; j) with the already
running similar MNF for resource optimization. Analogous
to the physical behaviour of cooling molten metal, we
construct an initial solution using the classical simulated
annealing heuristic (line number 1 — 9). First of all, the
initial femp variable resembling to temperature is initialized
with a very high value in line number 1. Next, a candidate
solution (statep) is generated and stored as statey in line
number 2. For every single iteration, a new candidate solution
is generated by exploiting the neighbourhood search space
of the previous solution (line number 4). Subsequently, we
compare the quality of both old and new solutions by taking
the difference of the energy/objective function value (AE)
associated with each of the solutions in line number 5. If
we find out the quality of the newly generated solution is
better than the old one, we accept the candidate solution
and continue to generate yet another solution in the next
iteration. Otherwise, the newly generated solution of worse
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quality may be accepted with a probability of eiﬁ for
diversifying search space. In this case, we generate a random
number r between 0 and 1 in line number 6. Then, we check
if the acceptance probability is greater than the randomly
generated number to proceed with the new deteriorated
candidate solution.

Finally, we reformulate the Q matrix by leveraging the
initial feasible solution generated by the classical simulated
annealing. Then, the QUBO is translated into a triangular
logical graph and embedded into the Chimera lattice graph.
The quantum annealer continually samples the candidate
solutions and strives to find the qubits that produce lowest
energy state (optimal solution). Towards the termination
of the annealing phase, the qubit status are read out
into classical decision variables by reversing the minor
embedding procedure. The prototypical stages of quantum
annealing have been elaborately discussed in Section III-F.

B. WSQA VARIANT WITH GENETIC PROGRAMMING

We propose another variant of WSQA, where we apply
Genetic Algorithm (GA) [31] as a preprocessing step
of QA. GA are well-known heuristic approach for
approximating solutions to challenging optimization prob-
lems [32], [33], [34]. Combining QA with GA is an
interesting hybrid approach that can harness the poten-
tial strengths of both quantum and classical computing
paradigms. The general outline of a GA can be outlined as
follows:

o Initialization: The algorithm usually starts with a
population of randomly generated individual solutions
or chromosomes.

o Fitness Evaluation: Next, we have to define the fitness
function in such a way that it quantifies the quality of
each solution/individual in terms of optimizing/solving
the problem in hand. In our case, we have directly
considered the fitness evaluator as the objective function
value of the MetaSlice service allocation optimization
problem.

o Selection: In this process, some of the individuals are
selected based on their fitness score for reproducing
offspring solutions. The higher the fitness score or the
minimum objective function value, the more likely the
solutions will be selected for the reproduction of newer
solutions. This concept emulates the “survival of the
fittest” mechanism.

o Crossover: Pairs of individual solutions swap genetic
information/part of their solutions to recombine and
generate new solutions.

e Mutation: Next, some of the individuals undergo
random changes/mutations to introduce exploration in
the search space. This diversification often becomes
necessary to prevent the solutions from being stuck into
local minima or homogeneous regions.

e Replacement: In this step, the fittest individuals from
the combined set of parents and offspring (recombined
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new solution pool) replace the existing solutions from
the previous generation.

o Termination & Solution Extraction: The selection,
crossover, mutation, and replacement processes are
repeated for a fixed number of generations or until a
desirable solution is found.

C. COMPUTATIONAL COMPLEXITY

Deriving the computational complexity of the quantum
annealing is straightforward. It depends on several factors,
such as quantum hardware architecture, interaction of qubits,
connectivity, and so forth. Qualitatively, the computational
complexity of QA is O(e*/ﬁ ), where N is the size of the
Q-matrix. Next, if the classical phase is chosen as SA, the
additional computational complexity is O(max_epoch). The
time complexity is generally (max_epoch x population_size),
where population_size is the number of individuals in the
population. The computational complexity of the overall
WSQA algorithm depends on the running time length of
the quantum and classical phases. It is noteworthy that the
concepts of time complexity and time to solution are not
always directly aligned or interchangeable.

V. COLD START QUANTUM ANNEALER

In this section, we explore the strategy of post-processing QA
with classical SA. Thus, the cold start quantum annealer is
expected to work exactly opposite to the WSQA mechanism.
In the realm of computing, The term “cold start” refers to the
state when the system starts/reboots beyond normal operation
mode [36], [37], [38]. As the MetaSlice deployment system
in this proposed approach starts optimization by applying
quantum computing first and then makes a transition towards
the classical approach, we define this mechanism as the Cold
Start Quantum Annealer.

Acknowledging challenges of the MetaSlice deployment
problem, such as the extensive search space and need for
real-time services, we employ QA to effectively narrow down
the search space very quickly and generate an approximate
solution. Following the quantum phase, we let classical
optimization algorithms to fine-tune the approximate solu-
tions found by QA. The detailed algorithmic steps of CSQA
have been mentioned in Algorithm 2.

The algorithm starts by defining our proposed QUBO
formulation and generating the Q-matrix. Then, the quantum
annealer samples through the energy landscape (search
space) and finds an approximate solution. The solution found
out by QA is stored as a starting solution in the variable
stateg. Considering this initial feasible solution, we either
choose SA or GA as the classical optimization algorithm
and further improve upon the quantum solution (line number
5-19). The process of classical SA and GA has already
been elaboratively discussed in Sections IV-A and IV-B,
respectively.

Similar to WSQA, the computational complexity of
CSQA depends on the running time length of quantum and
classical phases. The individual computational complexity
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Algorithm 2: MetaSlice
Leveraging CSQA

Input: G, ¢, Cj, R, Dy, Bjj’s oi, o, Xij>Jijs cpu’:,
ram};, I{, /Of’ O{a 771,-’ Nes Nrs Mbs> Pes
€, max_epoch
Output: i G
1 Define QUBO and formulate Q matrix
2 Translation of QUBO into logical graph and perform
minor embedding into chimera lattice
Sample solutions from the energy landscape (search
space) through quantum tunneling

Service Allocation by

w

4 statep < Readout the sampled solutions by reversing
minor embedding
5 if classical_phase == “SA” then
6 temp < tempy
7 statey, < state(
8 for 1 = 1 to max_epoch do
9 stateyy| <— neighbour(stateg)
10 AE < energy(stateyy1) — energy(statey)
11 r < rand(0, 1)
_AE
12 if min(1, e tw) > r then
13 | stateyyy < statey
14 temp «— a1V x tempy
15 if classical_phase == “GA” then
16 Initialize population
17 Evaluate fitness score of individuals
18 Apply selection, crossover, and mutation to evolve
population
19 Replace population, terminate and extract solutions

of the quantum and classical phases have been discussed
in Section IV-C. The main effect of WSQA and CSQA is
not differentiated by the computational complexity, rather
noticed by the scalability of the optimization problem in
hand.

VI. SIMULATION RESULTS

In order to demonstrate the performance improvement by
quantum approaches, we consider deep Q-networks (DQN),
ILP (classical optimal), and simulated annealing (SA) as
baselines. We simulate the classical approaches on DELL
ALIENWARE ml15 R3 machine of Intel core i7-10750H
CPU @2.6 GHz equipped with 16 GB RAM and Windows
10 Home. The exact classical optimal results of ILP has
been retrieved using GUROBI optimization solver [39]. In
order to train DQN, we leverage TensorFlow and several
other python packages, while following the model design
from literature [12]. We create the multi-tier host architecture
for MetaSlice service deployment using NetworkX [40].
Experiments of our proposed quantum approaches (WSQA
and QA) for MNF resource allocation have been performed
by leveraging D-wave’s leap hybrid solver [14]. We establish
a simulation environment for substrate IoT networks utilizing
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NetworkX, incorporating a dynamic node count ranging
from 700 to 1000. The resultant topology is characterized
by randomly assigned resource capacities spanning 8 to
64 CPU cores, 16 to 128 GB RAM, and 100 to 1000
Mbps bandwidth. The QoS threshold is calculated based on
the number of MNFs and their aforementioned bandwidth
ranges. Additionally, propagation delays are chosen at
random from 50 to 1000 ms. MetaSlice lengths are then set
to random values within the range of 5 to 25. Moreover,
we define the resource and flow requirements for MNFs of
MetaSlices. These requirements are drawn randomly from
predefined ranges, encompassing 2 to 8 cores for CPU, 4
to 16 GB for RAM, and determining the maximum flow
as a function of CPU and RAM. The inflow is established
as a range between 0.15 times the maximum flow and the
maximum flow in Mbps. In instances where a MNF exhibits
dropping characteristics, the outflow is determined to be
between 0.4 times the inflow and the inflow itself. Otherwise,
it mirrors the inflow precisely. Unit costs for CPU, RAM, and
bandwidth are standardized at 2.5, 1.7, and 2, respectively.
For the genetic algorithm in WSQA variant, we consider
crossover probability as 0.8, a random mutation probability
of 0.2, and the Roulette Wheel selection mechanism. The
probability of occurring a scenario varies randomly from
0.1-0.9. The summation of probabilities associated with all
the scenarios have to be less than or to 1. All the system
parameters have been adopted from literature [12], [27]. The
results have been averaged over 20 different simulation runs.

A. CLASSICAL VERSUS QUANTUM PERFORMANCE
COMPARISON

Several key performance indicators (KPIs) have been taken
into consideration to justify the superiority of quantum
approaches over classical ones. We consider the resource
consumption costs deviation from ILP as the first KPI to
express how far a solution quality is from ILP (optimal). The
closer an approach can generate solutions near optimal ones
in terms of minimizing the objective function, the smaller is
the optimality gap. Fig. 5(a) illustrates the total resource cost
consumption deviation from ILP for classical (e.g., SA, GA,
DQN) and quantum approaches (e.g., QA, WSQA, CSQA)
based on varying MetaSlice length. The classical variant of
GA and SA on hybrid quantum-classical WSQA and CSQA
approaches have negligible impact. Hence, we demonstrate
the results of WSQA and CSQA averaging over two different
classical variants SA and GA to distinguish the effects of
pre-processing and post-processing quantum annealing with
classical approaches. SA is the worst performing algorithm
by exhibiting higher optimality gap/resource consumption
regardless of MetaSlice length. GA performs equally well
as SA. DQN stands out as the best MetaSlice deploy-
ment/sharing scheme among standalone classical approaches.
DQN is the most used algorithm to address the dynamics
and uncertainty of the system environment [6]. The choice of
DQN was primarily motivated by its ability to learn and adapt
in the Metaverse environment where bandwidth resource
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FIGURE 5. Comparison of classical, quantum, and hybrid approaches for QUBO formulation with varying MetaSlice length.

parameters are uncertain. It is noteworthy that in the training
phase of the DQN model, we consider the bandwidth allo-
cation of the system being unknown and let the model learn
based on Q-value prediction. The DQN is a robust baseline
approach to learn policies, particularly effective in stochastic
Metaverse resource environments with unknown bandwidth,
even where the state (MetaSlice system input parameters) and
action spaces (deployment/optimizatiion decisions) are large
and complex. However, the stochastic nature of resource
allocation in Metaverse applications enforce frequent training
for DQN models and the training time takes nearly 10
hours to converge for this model. Due to the aforementioned
shortcomings, DQN becomes ineligible to support real-
time Metaverse resource allocation problems. Although the
quantum and hybrid approaches (QA, WSQA, and CSQA)
perform really close for smaller MetaSlice lengths, there
is a sudden variability in optimization gap from moderate
length of MetaSlice. The hybrid quantum-classical WSQA
and CSQA minimize up to 20% resource consumption
costs compared to standalone QA. The apparently small
percentages of resource costs optimization make a significant
impact for Metaverse infrastructure [2], [27].

Fig. 5(b) demonstrates another KPI on how quickly an
approach can extend its services to Metaverse users. This
metric has been used to evaluate the trade-off between
sacrifice in optimality and savings in terms of running
time. With the increasing length of MetaSlice, SA and GA
continue to perform worse and can not save much time
compared to ILP. DQN’s inference time is quite better, yet
not as close as quantum/hybrid approaches. In our study,
DQN requires some additional time to check the feasibility of
the solutions, including the computational effort of checking
if all the constraints have been satisfied. Hence, we have
included the feasibility checking time apart from inference
time to calculate the total running time of DQN. This
metric reflects the reduction in computational time achieved
by DQN or any other model compared to the optimal
ILP solution. Specifically, it quantifies the efficiency gained
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by DQN for inference in terms of the time saved when
compared to the computationally expensive ILP approach
that always guarantees optimal (best) solutions. Although
hybrid WSQA and CSQA are relatively slower compared
to standalone QA, we must contemplate the performance
improvement by these hybrid approaches. Among the hybrid
methods introduced in this paper, CSQA outperforms WSQA
in terms of running time. The trade-off between resource
costs optimization and running time reduction depends on
the requirements and nature of MetaSlice. The real-time
Metaverse applications must opt-in for QA by sacrificing
some resource costs optimization, since standalone QA
saves the highest running time, as shown in Fig. 5(b).
On the contrary, the resource-intensive and somewhat non-
delay sensitive Metaverse applications should choose hybrid
WSQA/CSQA for saving on extra resource costs as much
as possible.

Fig. 6(a) and Fig. 6(b) report similar trends in
performance evaluation for the unified hedging QUBO
formulation. In this case, we vary the number of potential
scenarios that determine the problem complexity. Although
the performance does not vary much from the original QUBO
formulation, Fig. 6(a) demonstrates overall higher optimality
gap compared to Fig. 5(a) as the unified hedging QUBO
formulation intends to optimize across multiple scenario by
sacrificing the outcome for best case scenario. Furthermore,
due to the increasing number of potential scenarios, the
unified hedging QUBO formulation becomes for computa-
tionally complex to solve. Thus, Fig. 6(b) illustrates overall
higher running time complexity for all quantum, classical or
hybrid strategies with increasing number of scenarios.

B. METASLICE DEPLOYMENT ON MULTI-TIER
ARCHITECTURE VERIFICATION

Next, Fig. 7 illustrates the validation of constraint C9
imposed upon the multi-tier architecture of MetaSlice
framework. It can be observed that the time-critical
MetaSlices are deployed or shared within the edge hosts that
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are in closer proximity to users for seamless service delivery.
Similarly, the semi-critical MetaSlice services are allocated
mostly on cloudlets (tier-2) hosts, while the non real-time
MNFs are placed on the cloud data centers at the core of the
Internet. This allocation strategy remains somewhat similar
regardless of any undertaken methodology.

C. QUBIT SCALABILITY ANALYSIS

In Fig. 8, we interpolate QUBO objective function/energy
landscape for varying MetaSlice length of 5, 10, and 15.
Fig. 8(a) suggests that with the increasing number of qubits
the energy value decreases, implying that the quantum
annealer is capable of accessing higher-quality near-optimal
solutions. However, Fig. 8(b) and Fig. 8(c) suggest that as the
MetaSlice length increases, higher energy spectrum (lower
quality solutions) are more prevalent. Therefore, to encode
complex QUBO formulations more efficiently and attain
optimal solutions within low energy spectrum in quantum
annealer machines, more qubits are needed.
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Since there is shortage of physical qubits (quantum
resources) for computing in today’s world [41], we make an
effort to analyze the scalability of quantum methodologies
to solve this MetaSlice allocation based combinatorial
optimization problem. For this purpose, we study the effect
on the Metaverse system caused by multi-tier topology and
connectivity probability of nodes (hosts). Thus, we simulate
three different cases for sampling available number of hosts
for MetaSlice allocation, as shown in Fig. 9. The three
different cases refer to various substrate topology sizes, such
as, small (10-50 hosts), medium (30-90 hosts), and large (60
-120 hosts).

Next, we configure various connectivity probabilities for
each of the aforementioned cases. The probability of two
hosts being connected using an edge in the multi-tier graph
is termed as connectivity probability in this paper. The
intuition for carrying out this experiment is to determine the
scalability (Metaverse service acceptance) rate for both of
the quantum approaches. This Metaverse service acceptance
rate is considered as another KPI to highlight the capability
of solving relatively large-scale problem sizes, considering
the limited availability of qubits.

Table 2 refers that WSQA can increase the service
acceptance rate by up to 30% in comparison with standalone
QA. Since the warm start approach shrinks the Q matrix size
and required number of qubits, the WSQA approach per-
forms better at solving larger MetaSlice allocation problem
instances. On the other hand, CSQA, directly starting with
QA needs to manipulate a relatively larger Q-matrix and
generate lower scalability rate, almost as comparable as
standalone QA. One intriguing observation is that using
GA as the classical algorithm instead of using SA in the
quantum-classical hybrid strategy frequently results in a
higher MetaSlice service delivery rate.

VIl. CONCLUSION
By laying the foundation of digital human interaction with
avatars, Metaverse demands heavy resource, and thereby
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TABLE 2. MetaSlice service delivery rate comparison.
Case Connectivity Acceptance Rate | Acceptance Rate | Acceptance Rate | Acceptance Rate | Acceptance Rate
Probability (WSQA - SA) (WSQA - GA) (CSQA - SA) (CSQA - GA) (QA)
0.3 100% 100% 100% 100% 100%
A (small) 0.6 100% 100% 75% 75% 90%
1 75% 75% 50% 65% 65%
0.3 85% 75% 50% 75% 65%
B (medium) | 0.6 70% 65% 50% 50% 50%
1 35% 45% 5% 15% 15%
0.3 60% 65% 35% 35% 45%
C (large) 0.6 35% 25% 0% 5% 5%
1 25% 25% 0% 5% 5%
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sophisticated optimization strategy to maintain the resources.
This paper presses on the needs to go beyond the realm and
propose quantum computing instead of classical approaches
to improve optimization criteria and running time. However,
the limited availability of qubits (quantum computing
units) can hinder the applicability of QA on large-scale
MetaSlice systems. Thus, we propose a hybrid WSQA,
basically QA warm started by classical SA, to shrink the
Q matrix and energy landscape to be sampled by QA.
Consequently, WSQA enable solving comparatively larger
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MetaSlice resource optimization instances, even with the
limited qubits. Furthermore, we propose another hybrid
quantum-classical CSQA strategy that initiates QA and
makes transition towards the classical approach for fine-
tuning solutions. While the CSQA strategy may not improve
scalability compared to WSQA, it offers greater advan-
tages in terms of reduced running time. The dream for
Metaverse success and next-generation communication is
highly dependent on the application of quantum computing.
Thus, resource allocation along with other optimization
problems for Metaverse need to be quantum-ready for now
on. In future, with further availability of Quantum Processing
Units (QPUs), which is very much likely due to the recent
advancements of qubits quality, the performance of quantum
computing can be accelerated. Moving far forward, QPUs
can be placed at the edge of the network to decline
communication overhead/delay between physical and virtual
world.
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