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Abstract—Edge-enabled Vehicular Metaverse (EVM) is a new
paradise supported by various compute-intensive Virtual Vehicle
Services (VVSs), where users can immerse and enjoy their spiritual
world. User immersion is critical during VVS provisioning in the
EVM, yet it can be weakened or curtailed by a sense of disengage-
ment caused by unknown failures. Providing redundant backups
VVSs (BVVSs) and keeping the Age of Backup Information (AoBI)
could effectively resist and avoid this disengagement when failures
occur. However, the trajectories of mobile vehicles are unknown and
dynamic, which makes it challenging to optimally migrate VVSs
and BVVSs or adjust the update frequency of backup information
in real-time, so as to ensure service reliability and AoBI while
minimizing the cost of accepting VVS-based metaverse services.
In this paper, the above long-term issue is first decomposed into
discrete single-slot sub-problems that are modeled as integer linear
programming problems. Then, a comprehensive resource explorer
named spotlighter is designed, where the first and second parts
are a metaverse service home prediction algorithm based on deep
learning and a VVS migration algorithm based on randomized
rounding, respectively. By tracking the dynamical locations of
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service homes based on current and historical information, the
former can help the latter to adaptively minimize migration costs on
VVS re-instantiation and traffic transmission among services and
moving vehicles. Finally, a cost-adaptive AoBI guarantee algorithm
is merged in spotlighter to ensure the freshness of backup status,
by trading-off synchronization cost on BVVS migration, backup
update, and backup synchronization. Theoretical analyses and
experiments based on real databases show that our algorithms are
promising compared with baseline algorithms.

Index Terms—Age of information, Internet of Vehicles, meta-
verse, mobile edge cloud, network function virtualization,
reliability.

I. INTRODUCTION

A. Background

THE vehicular metaverse for users in mobile vehicles is an
immersive and ubiquitous virtual cyberspace, converging

the physical and multiple digital worlds by various Virtual Vehi-
cle Services (VVSs) [1], such as autonomous driving, compan-
ion, and tourism services, etc. To ensure cloud-like service qual-
ity and reduce cost and latency during metaverse service provi-
sioning enabled by VVSs, edge intelligence, as one of the most
fundamental and complementary technologies, is converged into
the vehicular metaverse. It can push computing, storage, and
network resources to network edge in proximity to metaverse
users [2]. The edge-enabled vehicular metaverse (EVM), with
a unique human-centric feature, is revolutionizing patterns of
VVS provisioning in many areas ranging from entertainment to
industry [3]. Humans in mobile vehicles are the main players
who operate digital proxies called avatars to request various
VVS-enabled metaverse tasks for achieving immersive second
life in corresponding digital worlds. For instance, NISSAN
company plans to fully implement the “invisible-to-visible”
system1 by 2025 for vehicles. The system uses a 3D augmented
reality interface to make information invisible to drivers visible
for improving driving comfort and convenience.

To release the potential and benefits of the human-centric
EVM, user immersion, which is a challenging issue overlooked
by traditional networks, needs to be solved with high priority.
User immersion in EVM refers to the experience of users being
transported to elaborately simulated virtual worlds, where our

1https://www.nissan-global.com/JP/INNOVATION/TECHNOLOGY/
ARCHIVE/I2V/
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brains are surrounded by VVS-enabled metaverse tasks with an
intensity that can blur the world around us. In other words, user
immersion is divided into three levels from bottom to top: 1) par-
ticipation in metaverse tasks based on various VVSs; 2) lack of
time sensitivity; and 3) loss of space (real world) awareness. For
instance, Bob, a passenger in a car, initiates the companion task
during automatic driving, and participates in basic conversation.
As the discussion deepens, Bob is increasingly interested in the
content, losing track of time. Meanwhile, Bob also utilizes the
mixed reality assistance to invoke multiple senses, such as sight,
touch, and so on. As he engages more deeply with the interaction
experience, his attention will focus on the virtual conversation,
and lose the awareness of his surroundings including passing
scenery. However, unknown failures are the main barrier to user
immersion, since any VVS failure due to hardware or software
faults could invalidate the whole virtual world, and suddenly pull
users away from the metaverse task. This not only immediately
interrupts the participation process of users during VVSs-based
metaverse tasks, but even causes mental uncomfortableness to
users due to the difference and suddenness of the sense of time
and space. Even worse, some failures may occur in VVS-related
driving decisions, which can lead to traffic accidents.

B. Motivations

An immersive VVS-enabled metaverse service provisioning
scheme in the EVM needs to consider both failure prevention
and backup status synchronization mechanisms for resisting
unknown failures. In terms of prevention mechanisms, the place-
ment of additional backup VVSs (BVVs) near VVSs in advance
could improve the reliability of VVSs-based metaverse tasks.
When a VVS suddenly fails due to software or hardware, users
in mobile vehicles can continue enjoying the metaverse service
simply by activating these pre-placed idle backups. Neverthe-
less, in a dynamic EVM network, the above mechanism may
be ineffective and contradicted when service failures occur,
because these backups only have outdated status information
about vehicles and environments from their primary VVSs.

The backup status synchronization mechanism is considered
as a complement to the prevention mechanism, which adaptively
adjusts the update rates of backups based on specific service
scenarios and the distances between the pair of primary-backup
services to ensure the Age of Backup Information (AoBI), where
the AoBI is defined as the amount of time elapsed since a
backup VVS received the last backup status information from
the corresponding primary VVS. This ensures the reliability of
improved VVS-based metaverse services and avoids the impact
of stale backup information during high-speed driving. Unlike
other age-related concepts including age of information (AoI)
or age of data package [4], AoBI focuses on a one-to-many and
location-variable environment, i.e. 1) there are one source (VVS)
and multiple destinations (BVVSs), and 2) both the locations of
the source and destinations are changeable overtime.

However, the trajectories of mobile vehicles are unknown and
dynamic in a resource-constrained distributed EVM. In addition,
the demands of users on metaverse service reliability, accu-
racy, and type are always distinguishing during driving. Even

worse, ill-conceived migration, activation, and synchronization
of VVSs and BVVSs would exhaust the limited resources of
edge servers, which would further affect other user immer-
sions due to the inability to offload VVS-enabled metaverse
services to edge servers. Given these limitations in the resources-
constrained EVM, how to implement immersive VVSs-enabled
metaverse service provisioning poses serious challenges: 1) how
to capture the dynamic location of service homes, namely the
nearest access points, for every mobile vehicle in real-time
without any prior information, such as moving trajectory, 2)
how to optimally migrate VVSs to selected edge services to
follow moving vehicles, 3) how to calculate BVVS numbers
required for each VVS and where they are deployed, 4) how to
optimally migrate backup or adjust update frequency of backup
information to ensure AoBI during driving.

C. Contributions

The novelty of this paper lies in the first pilot exploration
of immersive VVS provisioning in an EVM environment where
each VVS data is equally important yet backup data is significant
only if it is freshest, and each vehicle with given demands
on service type, accuracy, reliability, and backup freshness. A
practical yet reliable immersion service provisioning explorer,
namely spotlighter, is designed to make each metaverse service
always in the best state. The spotlighter can first predict the
suitable services home for all moving vehicles in real-time, and
then ensure service reliability and the AoBI of corresponding
backups.

The main contributions of this paper are as follows:
� To the best of our knowledge, we are the first to formulate

an integer linear programming for the immersive VVS-
enabled metaverse service provisioning problem from a
new insight that jointly considers vehicle mobility, VVS
reliability, and the age of backup information. We also show
an offline version of the problem is NP-hard.

� To provide a feasible solution to this NP-hard problem, a
learning-driven metaverse service home prediction algo-
rithm for sensing which access point will be connected to
cars in the next slot is developed. Meanwhile, by using ran-
domization and probabilistic techniques, a VVS migration
algorithm with a provable approximation ratio is devised
to minimize the total VVS migration cost, and its solution
enables providing continuous immersion in VVS-enabled
metaverse services.

� To ensure the reliability and AoBI for all services before
failures occurred, we design a heuristic algorithm with
worst-case performance bound to adaptively select the
backup migration strategy or the backup update strategy
by trading off the BVVS migration cost, backup updating
cost, and the backup synchronization cost.

� To evaluate the effectiveness of the proposed algorithms,
we conduct extensive simulation experiments based on a
real vehicle dataset. The simulation results show that our
algorithms can reduce the total service cost which consists
of the migration cost and the synchronization cost, by at
least 10.28% and effectively adapt to the EVM network.
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The rest of this article is organized as follows. Section II
introduces the EVM network, reliability, AoBI, receiving cost,
and other mathematical models. Section III introduces the def-
inition, NP-hardness, and formulation of the research problem.
Section IV introduces the metaverse service home prediction
algorithm. In Section V, the VVS migration algorithm and
mathematical analyses are introduced. Section VI shows the
related algorithm of the cost-adaptive AoBI guarantee algorithm.
Section VII evaluates the performances of our algorithms. Sec-
tion VIII reviews related works. Section IX summarizes the full
paper.

II. PRELIMINARIES

In this section, we introduce the system model, notions, and
notations.

A. EVM Network and Vehicle Mobility Model

An edge-enabled vehicular metaverse (EVM) network can be
modeled by an undirected weighted graph G = (V,E), where
the set V of vertices can be further divided into two disjoint
subsets: a set of access points Va co-located with edge servers
and a set Vc of mobile vehicles. Each edge server ve ∈ Ve has
computing capacity Capve, but an access point and a mobile
car vc ∈ Vc are responsible for data transfer only. Note that both
edge servers and access points are stationary, while each vehicle
is movable in its own driving direction at a dynamic speed Si(t)
meters per second.

Denote by Li(t) and Lj
Va

the location of vehicle cari at time
slot t and the location of access pointAPj , respectively. The edge
set E is the union of a set Es of static links among access points,
and the set of dynamic links between vehicles and access points.
Note that there is a dynamic link between a vehicle and an access
point if the vehicle vc is within the transmission rangeDVa

of the
access point, namely ‖Li(t)− Lj

Va
‖ ≤ DVa

. In addition, when
a mobile vehicle is under the convergence of multiple access
points, the vehicle will connect to the closest access point.

B. Virtual Vehicle Service-Enabled Metaverse Request Model

Let F = {fi | 1 ≤ i ≤ |F |} be the set of all different types of
Virtual Vehicle Services (VVS) in the EVM network, where each
service can be supported by a series of AI models with similar
architectures but different parameters, such as VGG-11, VGG-
13, VGG-16, and VGG-19. For a service based on the same
series of AI models, the accuracy of the service increases with
the number of parameters in a selected model [5]. The service
fi ∈ F demands the amount Capmax

fi
of computing resource

when adopting the model with the most accuracy. Following
the experimental results in [6] that the amount of computing
resource demanded by a service based on the same series of
models (e.g., VGG, ResNet, and DualPathNet) is linearly corre-
lated to the accuracy of that model provided, the amount Capfi
of computing resource of a VVS-enabled metaverse service with
accuracy λi ≤ 1 thus is as follows [7]:

Capfi = λi · Capmax
fi

. (1)

TABLE I
NOTATIONS

When the service accuracy, reliability, and AoBI of a user can
be met simultaneously, the user is regarded as immersed in the
virtual metaverse world. A VVS-enabled metaverse request γi
issued by a mobile vehicle cari can be represented by a tuple

γi = (Li(t), Si(t), APi(t), Fi, Ri, λi, θ), (2)

where Li(t) and Si(t) represent the location and the driving
speed of the vehicle at time slot t, and APi(t) is the server
connected at time slot t. Fi represents the index of a single
VVS fFi

requested by a mobile vehicle in F , where fFi
is

simply referred to as fi in the following. Ri is the reliability
requirement for the VVS fi, λi and θ represent accuracy and
AoBI requirements. Denote by R =

⋃|Vc|
i=1{γi} the set of all

VVS requests by mobile vehicles in the EVM network. For the
sake of convenience, in the rest of this paper, we use index i to
refer to all variables related to mobile vehicle cari.

C. Reliability Model

The running state of a VVS could be in a normal or faulty
state due to unpredictable failures of software and/or hardware.
The reliability r of a VVS is defined as the ratio of the VVS
uptime, namely the time in the normal state, to the total running
time,

r =
Tuptime

Tall
=

MTTN

MTTN +MTTF
, (3)

where MTTN and MTTF are the mean duration to normal
and mean time to the fault duration of the service, and the fault
duration can be obtained based on historical system data and
logs [8]. In addition, VVS fault is an antithetical event to VVS
normal service, whose definition is given as follows:

ρ = 1− r, (4)
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where r is the reliability and ρ is the failure rate of the VVS.
To ensure continuity and reliability of VVS-enabled metaverse
service, additional backups need to be added before a fault
occurs, and activated to actively take over traffic when one
occurs. The VVS requested by a mobile vehicle is failure only
if the primary and its all backup VVSs fail at the same time.
We assume that each VVS failure occurs independently and
does not affect each other, so the fault state of each VVS is
independent and follows the i.i.d. over time. Therefore, the
enhanced reliability r̂ of a VVS through its backups, and the
minimum number k of backups needed is calculated as follows:

r̂ = 1− ρp ·
k∏

b=1

ρb, (5)

Ri ≤ r̂ ⇒ k ≥
⌈
logρb

1−Ri

ρp

⌉
, (6)

where ρp and ρb are the failure rates of VVS and BVVS,
respectively.

D. Age of Backup Information Model

State-sensitive control metaverse services are required by
vehicles during driving, such as collision warnings based on
cooperative awareness messages and VR/XR. To ensure that
users are safely immersed in the EVM, the reliability and the
Age of Backup Information (AoBI) of these security functions
should be also the top priorities. All state data of a VVS is first
packed into one update packet, and then the packet is sent to
BVVSs that need to be updated.

Let TS
i,j be the generation time of the jth update packet by its

primary service in VVS request γi issued by cari, and let TD
i,j

be the received time of the packet by one of its backups. In the
interval between TS

i,j and TD
i,j , the update packet transmission

from the primary VVS to a BVVS incurs the transmission time
TT
i,j ,

TT
i,j =

1

3× 105

∑
u,v∈V

eu,v · yi,ju,v(t), (7)

where yi,ju,v(t) is a binary variable, indicating whether the update
packet makes use of link eu,v between edge servers Veu and Vev

at time slot t. Thus, TD
i,j = TS

i,j + TT
i,j . After a BVVS receives

the update packet at timeTD
i,j , the VVS undergoes a waiting time

TW
i,j before sending the next update at slot TS

i,j+1 [9], namely
TS
i,j+1 = TD

i,j + TW
i,j . Note that the data sensed by vehicle sen-

sors is collected and processed by the VVS continuously, yet the
backup information of the VVS is generated before the AoBI of
the BVVS is about to violate. So, the inter-delivery time TY

i,j

between two consecutive update packets is controlled by the
update frequency fib [10] of VVS fi, and is denoted as follows:

TY
i,j = TS

i,j+1 − TS
i,j =

1

fib(t)
, (8)

and

TW
i,j = TY

i,j − TT
i,j , (9)

Fig. 1. An EVM network.

where the transmission time from the primary VVS to its backup
and the backup frequency fib(t) would fluctuate over time due
to the random movement of vehicles. In order to avoid network
congestion, all VVSs are limited by the maximum update fre-
quency fmax. Compared toTT

i,j andTW
i,j , the sampling of backup

information can be done in a relatively short time and is usually
negligible [11]. In this context, sampling and updating are the
same, and they are used interchangeably.

The AoBI Δi
b(t) represents the time elapsed since the infor-

mation generation time of the latest backup status update at the
backup service, defined as follows:

Δi
b(t) = t−max{TS

i,j | TD
i,j ≤ t}, (10)

wheremax{TS
i,j |TD

i,j ≤ t} is the time slot of the most fresh (jth)
update packet generated. Because TD

i,j ≤ TD
i,j+1, Δi

b(t) can be
also written as:

Δi
b(t) = t− TS

i,j , if TD
i,j ≤ t < TD

i,j+1. (11)

The specific evolution process of AoBI for a single backup
is shown in Fig. 2, whose mathematical model is below.

Δi
b(t+ 1) =

{
Δi

b(t) + 1, aib(t+ 1) = 0,
TT
i,j , aib(t+ 1) = 1.

(12)

aib(t) = 1
[
max(TD

i,j) ≤ t
]
. (13)

Specifically, the AoBI linearly increases over time until the
jth update packet is received by the backup service, at which its
AoBI is updated to the value of transmission time of the packet,
as shown by the blue line in Fig. 2. On the basis of the evolution
process, the AoBI can be updated iteratively over time according
to the following formula,

Δi
b(t+ 1) = aib(t) · TT

i,j + (1− aib(t))(Δ
i
b(t) + 1). (14)

In the multi-backup EVM scenario, each primary VVS-
enabled metaverse service has one and more backups. The AoBI
of the primary service is determined by the largest value among
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Fig. 2. The evolution of AoBI in a single backup scenario.

corresponding backups.

Δi
max(t) = max

j
Δi,j

b (t). (15)

If a vehicle updates its backup status at a fixed frequency
during driving, its backup age may increase inevitably and even
exceed a user’s tolerance threshold θ. Define zib(t) as a binary
variable that indicates whether an age violation has occurred.

zib(t) =

{
1, θ ≤ Δi

max(t),
0, θ > Δi

max(t).
(16)

The freshness of the backup status can be reduced by adjusting
the frequency of backup updating and migrating the backup near
the primary services. As Fig. 2 shows, the green lines reduce
backup age by increasing the update frequency in TS(3) slots
(one update from 3 slots to one update in single slot). The
frequency update formulas (17) and (18) are as follows (see
Theorem 3 for details), where fi,jb (t) is the expected frequency
of jth backup, and fib(t) is the actual update frequency of VVS
at t slot.

1

TT
i,j(t)

≥ fi,jb (t) ≥ 1

θ − TT
i,j(t)

. (17)

fib(t) = max
j

fi,jb (t). (18)

In addition, the pink line can also achieve the same goal
by migrating backups (reduced transmission times to 1 slot) in
TD(3) slots.

E. Cost Model

In the EVM, dynamic movements of vehicles cause real-time
vehicle location to change over time. When a vehicle cari moves
out of the coverage areaDVa

of the current access pointAPv and
into that of the next access point APu (‖Li(t)− Lv

Va
‖ > DVa

and ‖Li(t)− Lu
Va
‖ ≤ DVa

), or APv is not the closest access
point to cari, VVS-enabled metaverse service and its backup
need to follow moving vehicles, and the backup information is

updated and synchronized among them in a timely manner to en-
sure the seamless and reliability of services. Therefore, five types
of costs are considered in this section: VVS re-instantiation cost,
traffic migration cost, BVVS migration cost, backup updating
cost, and backup synchronization cost.

Migration cost: During the migration of metaverse services
running on the server co-located with APv to the server co-
located with APu, the cost of migration that consists of VVSs
re-instantiation cost and traffic migration cost is considered at
this slot t.

(1) VVSs re-instantiation cost: When vehicles run into the
communication coverage of a server without running the VVS
that they need, such asAPu, orAPv is not the closest access point
to vehicles, these services have to be redeployed on this server
co-located with APu. Define cc as the unit cost of computing
resources. Therefore, the re-instantiation costCI

i of VVS fi with
Capfi computing demand is as follows:

CI
γi
(t) = CI

i · xi,v,u = cc · Capfi · xi,v,u, (19)

where xi,v,u is a binary variable that indicates whether the VVS
requested by γi is migrated from server Vev to server Veu .

(2) Traffic migration cost: Typically, the cost of the traffic
transmission is proportional to the length of a link [12]. Let
Pv,u be the shortest path in G between APv and APu that is
used for service migration, and let Pu,v′ be the shortest path
in G between APu and APv′ that is the nearest a car for data
transmission. The concatenation of these two paths forms a new
path Pv,u,v′ with at least 2 hops between v and v′. Therefore,
the traffic migration cost of a single vehicle CT

γi
(t) at time slot

t is as follows:

CT
γi
(t) =

ceBi

2
· (|Pv,u|+ |Pu,v′ |) · xi,v,u, (20)

where Bi is the packet rate of each vehicle cari, and ce is the
unit prices for links.

Synchronization cost: During the migration of metaverse
services along with mobile vehicles, the AoBI may violate. In
addition to reducing transmission latency by moving the BVVS
closer to vehicles to avoid violations, the same can be achieved
by increasing the frequency of backup updates. The cost of
synchronization that consists of BVVS migration cost, backup
updating, and backup synchronization cost is considered at this
slot t.

(1) BVVS migration cost: Because the essence of BVVS is
idle VVS, it is activated when the VVS fails, the computing
demand of BVVSs is the same as that of the corresponding
VVS. Therefore, BVVS migration costCI

ib is only equal to VVS
re-instantiation cost, regardless of the traffic costs, defined as
follows:

CI
ib = cc · Capfi . (21)

To reduce the cost of backup re-instantiations, only selected
individual backups are migrated for each vehicle. Set a binary
variable yibj ,v,u to indicate whether the jth backup of vehicle
cari is selected for re-instantiation at server Veu . Therefore, the
total cost CIB

γi
(t) of backup re-instantiation of cari at t slot is
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as follows:

CIB
γi

(t) =
∑

1≤j≤k

CI
ib · yibj ,v,u. (22)

(2) Backup updating cost: The size of backup status infor-
mation generated by a VVS is proportional to its computing
resource demand Capfi , and the proportional coefficient is
α [13], [14]. Set a binary variable yibj ,v,vbj to indicate whether
the jth backup of vehicle cari is selected for synchronization
from server Vev to server Vevbj

. Therefore, the backup updating

cost CU
γi
(t) of a single vehicle at time slot t is as follows:

CU
ibj

= cc · α · Capfi , (23)

CU
γi
(t) =

∑
1≤j≤k

CU
ibj

· yibj ,v,vbj . (24)

(3) Backup synchronization cost: Let Pv,vbj be the shortest
path fromAPv that runs a VVS toAPvbj that runs corresponding
jth backup. The backup synchronization cost CS

ibj
(t) of this

backup is

CS
ibj

(t) =
∑

e∈Pv,vbj

ce · e · α · Capfi . (25)

To avoid transmitting massive redundant information about
backup status, only selected individual backups are synchro-
nized for each vehicle. Thus, the backup synchronization cost
CS

γi
(t) of a single vehicle is

CS
γi
(t) =

∑
1≤j≤k

CS
ibj

(t) · yibj ,v,vbj . (26)

All in all, the total acceptance cost of Cγi
(t) the service

request of vehicle cari at t slot is the sum of migration and
synchronization costs, where fib(t) is the backup updating fre-
quency. Call is the total acceptance cost of all vehicles requests
R for a given time horizon T .

Cγi
(t) =

∑
i∈R

CI
γi
(t) + CT

γi
(t) + CIB

γi
(t)

+ fib(t) ·
(
CU

γi
(t) + CS

γi
(t)

)
, (27)

Call =
∑
t∈T

∑
i∈R

Cγi
(t). (28)

III. PROBLEM FORMULATION

In this section, a critical update threshold fi,jt of jth BVVS is
first introduced to trade-off the backup synchronization cost and
the BVVS migration cost, and to decide whether the backup is
updated, migrated, or skipped. Then, we present the definition
and NP-hardness of the problem, and formulate it as Integer
Linear Programming.

The specific definition of fi,jt is as follows, and it will be used
in Algorithm 3.

Definition 1: Given the deployment locations of VVS and
BVVS, VVS computing resources, and unit cost on computing
and communication costs, the critical update threshold fi,jt of
a BVVS of a vehicle cari is the frequency at which the sum

of the backup updating cost and synchronization cost equals the
BVVS migration cost, namely fi,jt (CU

ibj
+ CS

ibj
) = CI

ibj
. The fi,jt

is inversely proportional to the communication distance, and its
specific calculation process is as follows:

fi,jt =
CI

ibj

CU
ibj

+ CS
ibj

=
cc · Capfi

α · cc · Capfi +
∑

e∈Pv,vbj

ce · e · α · Capfi

=
cc

α · cc +
∑

e∈Pv,vbj

ce · e · α

=
1

α · (1 + ce/cc ∗ |Pv,vbj |)
. (29)

Definition 2: Given a finite time horizon T and a resource-
constrained EVM network G = (V,E) that consists of a group
Va of access points co-located with edge serverVe havingCapve
computing resources, a set of mobile vehicleVc whose trajectory
is unknown, and a collection of VVS-enabled metaverse service
request R =

⋃|Vc|
i=1{γi} issued by above each vehicle, the im-

mersive VVS-enabled metaverse services provisioning problem
(IVMSP) is to maximize the number of acceptances of metaverse
service requests while minimizing their admission cost, through
migrating VVSs and BVVSs or adjusting backup updating fre-
quency, subjected to the computing resource limitation on each
edge server, where a request is accepted if its various demands
such as reliability, AoBI, metaverse service type are met.

Theorem 1: The immersive VVS-enabled metaverse service
provisioning problem in a resource-constrained EVM is NP-
hard.

Proof: The proof can be found in Appendix A. �
The long-term IVMSP problem is formulated as an inte-

ger linear programming problem, where xi,v,u(t), yibj ,v,u(t),

and yibj ,v,vbj (t) are binary decision variables. In addition, let
pp = − log ρp, pb = − log ρb, and pRi

= − logRi to make the
reliability constraint (formulas (5) and (6)) conform to standard
form of integer linear programming.

The problem optimization objective is to

Minimize Call =
∑
t∈T

∑
γi∈R

Cγi
(t). (30)

Subject to:∑
u∈Ve

xi,v,u(t) = 1, γi ∈ R (31)

∑
j∈k

∑
u∈Ve\v

yibj ,v,u(t) = M(t), γi ∈ R (32)

∑
j∈k

∑
vbj∈Ve\v

yibj ,v,vbj (t) = N(t), γi ∈ R (33)

pp +
∑
j∈k

pb · yibj ,v,vbj (t) ≤ pRi
, γi ∈ R (34)

Δi
max(t)(1− N(t)− M(t)) ≤ θ, γi ∈ R (35)
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∑
γi∈R

Capfi

⎛
⎝xi,v,u(t) +

∑
j∈k

yibj ,v,u(t)

⎞
⎠

≤ Capveu(t), ∀u ∈ Ve (36)

xi,v,u(t) ∈ {0, 1} , u ∈ Ve, γi ∈ R (37)

yibj ,v,u(t) ∈ {0, 1} , u ∈ Ve, γi ∈ R (38)

yibj ,v,vbj (t) ∈ {0, 1} , vbj ∈ Ve, γi ∈ R (39)

yibj ,v,u(t) + yibj ,v,vbj (t) ≤ 1, v ∈ Ve, j ∈ k, γi ∈ R (40)

The formula (30) is the minimization objective of the IVMSP
problem. Constraint (31) indicates that the VVS required by
a mobile vehicle is migrated to only one server per time slot.
Constraints (32) and (33) indicate that M(t) or N(t) back-
ups need to be migrated or synchronized at each time slot,
respectively. Constraint (34) represents the minimum number
of backups required by each vehicle. Constraints (34) and (35)
ensure that user requirements on reliability and age of backup
information must be satisfied. Inequality (36) indicates that
resources occupied by all VVS and BVVS in an edge server
do not exceed the remaining computing capacity of the server.
Inequality (40) represents that at most one mechanism can be
selected for each backup per car per time slot, namely migration
backup, adjustment update frequency, or skip.

IV. METAVERSE SERVICE HOME PREDICTION ALGORITHM

To solve the IVMSP problem, this paper designs a comprehen-
sive and immersive resource explorer, named spotlighter, which
is composed of a metaverse service home prediction algorithm,
a VVS migration algorithm, and a cost-adaptive AoBI guarantee
algorithm, as shown in Fig. 1.

In this section, a deep-learning metaverse service home pre-
diction algorithm based on the transformer is designed to predict
the next service ownership, namely the connected access point in
the next slot, by combining the current and historical information
of each vehicle.

A. Model Architecture

The architecture of the prediction model in Fig. 3 consists of
input data, embedding, and modeling, which are described as
follows.

Input data: A set of tuples D = (X,Y ) is fed to the model as
input data, where X is the historical information and Y is the
ground-truth information in the next slot for all cars.

In terms of historical information of each vehicle cari,
in addition to the attributes APi(t) and Si(t), three aux-
iliary variables are introduced to compose an input data
tuple Xi(APi(t), APi_a(t), T rai_a(t), LDi(t), Si(t)). The
APi_a(t) represents the angle between the connected server
APi(t) and the cari, and the Trai_a(t) indicates the angle
between the past and current location of the cari at t− 1 and t
slot. TheLDi(t) is the location distance gap between theAPi(t)
and the cari.

Fig. 3. The architecture of the prediction model.

In terms of ground-truth information of each vehicle cari,
in addition to five attributes in Xi, two tokens begin and
end are introduced to mark the beginning and end posi-
tion of Yi(APi(t+ 1), APi_a(t+ 1), T rai_a(t+ 1), LDi(t+
1), Si(t+ 1)). Note that the begin token with Yi is input into the
decoder when model training, only the begin token is passed to
when model inference. The end token is just used to mark the
end position of Yi in the model output.

Embedding: Having the raw data Xi been transformed into
corresponding multiple Ne-dimensional vectors, each vector is
an output of an exclusive embedding layer with only one fully-
connected neural network. These vectors then are used to obtain
an adequate representation Efini

of cari, which is calculated as
follows:

Efini
= (eap + es) ∗ etra_angle + el ∗ eap_angle, (41)

where eap and es are AP index and car speed embedding, respec-
tively. eap_angle indicates the AP angle embedding, etra_angle

is trace angle embedding, and el represents location embed-
ding. The Efin has a certain degree of interpretability during
embedding, which is the shine and special place compared
to other algorithms. It combines the departure information
es ∗ etra_angle + el ∗ eap_angle and the direction information
eap ∗ etra_angle, that is, the separation distance between an old
service home and the car, and the connection direction of a new
service home.

After the embedding process, the composite representation
Efini

of every vehicle is fed into the transformer model. In addi-
tion, the ground-truth information Yi also needs to go through an
embedding process together with begin token to become Ey

fini

before entering the model.
Modeling: The prediction model of metaverse service home is

an encoder-decoder model [15], where the input of the encoder is
the historical information vector Efini

, and that of the decoder
is corresponding vector Ey

fini
. Both the encoder and decoder

are composed of two blocks, namely a multi-head attention
block and a feed-forward block. The multi-head attention block
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includes multiple attention heads, which can assign different
weights to a set of time slots that we focus on. In addition, the
first layer of the decoder is a multi-head attention block with
a mask, and it can allow attention heads to focus on different
lengths of time slots based on different masks. The feed-forward
block consists of two fully-connected neural networks and a
ReLU activation function, which performs linear and nonlinear
transformations on the previous layer. After each block, residual
connections and layer normalization are used to calculate the
block’s output. As shown in Fig. 3, embedding vectors Efini

and Ey
fini

pass through 4 encoder layers and 6 decoder layers
(above parameters have better performance), and then sent to
a single-layer fully-connected neural network with softmax
activation function, where the probability distribution Ŷ ap

i of
all access points APi(t+ 1) to be connected for each vehicle in
the next slot is calculated.

B. Training Process

The training process of the metaverse service home prediction
model is shown in Algorithm 1, described as follows.

Step 1: Training data set D is initialized as an empty set, then
fill with a set of Xi and Yi (lines 2-4). The history information
Hi of each vehicle cari is split into 
 lhi

rl+1� blocks, and stored in
D, where lhi is the length of Hi and rl is a given retrieve length.
In each block, only the rl + 1-th data is used as Yi, and the rest
are taken as a set of Xi.

Step 2: Training data set D is split into 
 ld
batch� chunks,

where ld and batch are the length of D and chunk TSiter,
respectively. In each iteration iter, |batch| vehicle information
Di are randomly selected and packet a chunk TSiter as model
input, and delete TSiter from D (lines 7-8).

Step 3: Update model parameters by gradient descent method
with the aim of minimizing the average cross entropy loss
function Loss(Ȳiter) (line 9), which is defined as follows:

CE(Y ap
i , Ŷ ap

i ) = −
∑

1≤j≤|AP |+2

Y ap
i,j · log Ŷ ap

i,j ,

Loss(Ȳiter) =
1

|batch|
∑

1≤i≤|batch|
CE(Y ap

i , Ŷ ap
i ),

where Y ap
i is a real AP index with one-hot encoding, and Ŷ ap

i is
predicted vectors. The Ŷ ap

i represents a set of probabilities Ŷ ap
i,j

that a car is about to connect to access point APj , which has the
same dimension |AP |+ 2 as Y ap

i , representing AP number,
begin, and end tokens. Finally, the average loss Loss(Ȳiter) of
all Y ap

i ∈ TSiter is calculated in each iteration.

V. VVS MIGRATION ALGORITHM

In this section, we start by explaining the core idea and each
step of the randomized algorithm Algorithm 2, and then
analyze its approximation ratio and time complexity.

A. VVS Migration Algorithm

VVS migration algorithm is based on randomized rounding
and integer linear programming technologies, which aims to

Algorithm 1: Training of Prediction Model.

enable the required VVSs to migrate with moving vehicles at
the lowest migration cost.

The VVS migration subproblem in IVMSP is first modeled
as the following integer linear programming.

Minimize
∑
t∈T

∑
γi∈R

CI
γi
(t) + CT

γi
(t).

Subject to:

(31), (36), (37).

A randomized algorithm Algorithm 2 for the VVS migra-
tion subproblem is described as follows.

Step 1: LetMR(t) be the set of requests to be migrated at time
slot t (lines 3-5). The new service home ÂPi, the closest access
point for a car, is first calculated by the model of Algorithm 1.
It is a continuous prediction process, this is, ÂPi at t time slot
is predicted by the predicted results (old service home) at t− 1
time slot (line 3). Then, the location consistency between ÂPi

and APi is used to determine whether the service needs to be
migrated (lines 4–5).

Step 2: An optimal solution ˜OPTlp on the relaxed version
of the VVS migration subproblem is obtained (lines 6–7). For
each request in MR(t), a binary variable xi,v,u is converted to
continuous one x̃i,v,u to improve solver’s efficiency and quickly

obtain the lowest cost ˜OPTlp.
Step 3: A suboptimal solution OPT is obtained with high

probability min{1− 1/|R|, 1− 1/|2V |}, delivered by a ran-
domized rounding technique (lines 8–15). Inspired by the idea of
the roulette wheel selection, the selection probability of an edge
server Veu increases as its value x̃i,v,u increases. Specifically,
Algorithm 2 samples the threshold of selection probability ζ
uniformly from [0, 1], and set cumulative probability sum to
0 (lines 9–10). To ensure deployment location constraints, each
VVS is only deployed to an edge server. Only the edge server that
satisfies the sum ≥ ζ condition first will be selected, namely,
xi,v,u′

j
= 1 (lines 13–15).
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Algorithm 2: Training of Prediction Model.

B. Algorithm Analysis

Theorem 2: Given a resource-constrained EVM networkG =
(V,E), a set of mobile vehicle Vc whose trajectory is unknown,
and a collection R of VVS-enabled metaverse service request γ
issued by each vehicle, there is a randomized algorithm, Algo-
rithm 2, with high probability min{1− 1/|R|, 1− 1/|2Ve|},
and the approximation ratio of the algorithm is 2, provided that
OPT ≥ 6Φ(1− 1/|R|), Capv ≥ λmaxCapmax

f lnVe and the
computing consumption of any edge server is no more than treble
of its capacity. The algorithm takes O(|Ve| · |MR|), where |Ve|
is the number of access points, Capmax

f indicates the maximum
amount of computing resource demanded by any single VVS
among all VVSs, where |R| is the number of requests, and Φ is
the maximum traffic migration cost of any shortest path among
all shortest paths in Ve or the maximum VVS re-instantiation
cost of any VVS among all VVSs.

Proof: The proof can be found in Appendix B. �

VI. COST-ADAPTIVE AOBI GUARANTEE ALGORITHM

In this section, we deal with AoBI problem, and start with the
key idea of an algorithm for it, and then detail each step of the
proposed algorithm. We finally analyze the performance ratio of
the proposed algorithm and its time complexity.

Algorithm 3: The Cost-Adaptive AoBI Guarantee Algo-
rithm.

A. Cost-Adaptive AoBI Guaranteed Algorithm

The cost-adaptive AoBI guarantee algorithm is first proposed
to ensure the ages of all backup information by selecting mi-
gration or adjusting update frequency adaptively. Then, the
critical update threshold fi,jt of each BVVS is introduced to
strive for a nice tradeoff between the BVVS synchronization
cost and the BVVS migration cost. Next, the implementation of
the cost-adaptive AoBI guaranteed algorithm (Algorithm 3) is
described as follows.
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Step 1: At the beginning of the algorithm, the setting for the
appropriate number of backups for each user is calculated by
formulas (5) and (6) iteratively. Then, the ki backup deployment
locations of vehicle cari are selected based on the distance
between the vehicle location Li(t) and edge server locations
in G, and the backup update frequency of each VVS-enabled
metaverse request is calculated by using formula (18) (lines 4–6).

Step 2: For each backup, the update frequency mechanism is
activated first when an AoBI violation is detected. Specifically,
the lazy update strategy is used during the AoBI-guaranteed
process, which means that a set of update packets is sent only
at the latest time before AoBI is violated. Therefore, without
violating AoBI, both the update frequency and the synchroniza-
tion cost decrease as the waiting time TW

i,j for updates increases.

The expected update frequency fi,jb (t) is calculated to avoid the

violation (line 11), which is the lowest update frequency fi,jb
−
(t)

for fi,jb (t) ∈ [1/(θ − TT
i,j), 1/T

T
i,j ]. When the frequency fi,jb (t)

does not exist or is greater than the maximum frequency fmax.
The backup can only be migrated to the edge server closest to
the car and its new migration location yibj ,v,u(t) is also updated
(lines 12-13). Otherwise, the algorithm enters the cost-adaptive
AoBI adjustment phase, which is detailed as follows.

Step 3: The critical update threshold fi,jt is introduced to help
adaptively decide whether to migrate a backup or adjust update
frequency (line 15). The actual meaning of fi,jt is that when
the frequency is adjusted in the range [0, fi,jt ], the update and
synchronization cost of BVVS is always less than its migration
cost. If fi,jb (t) is less than fi,jt , the sum of the update and the
synchronization cost is less than the BVVS migration cost, so
the updating frequency is increased to fi,jb (t) (lines 16-17);
Otherwise, the backup is migrated from the original hosting
server Vev to edge server Veu that is closest to the user, where
the distance between them is the shortest path in G, and its new
migration location yibj ,v,u(t) is also updated.

Step 4: The VVS sends update packets to its corresponding
backups in the form of a broadcast (line 22). The actual update

frequency fib is the lower bound fi,j
′

b

−
(t) of the j′th backup

with the longest synchronization distance among all backups.
Specifically, the maximum value ξ among all backup update
frequencies fi,jb (t) is used as the synchronous frequency of VVS,
and when the number of packets received by each BVVS exceeds
fi,jb (t), the excess packets are discarded.

B. Algorithm Analysis

Theorem 3: Given a VVS-enabled metaverse request γi
with AoBI demand θ, a set Bi of corresponding BVVSs fibj ,
and multiple synchronization paths Pv,vbj from VVS to each
backup fibj ∈ Bi. For each VVS fi, the update frequency fib of
backup information has lower and upper bounds, fib ∈ [1/(θ −
TT
i,j′), 1/T

T
i,j′ ], which is only determined by a special BVVS

fibj′ , where TT
i,j′ is the transmission time of the j′th BVVS with

the longest synchronization distance among all backups.
Proof: The proof can be found in Appendix C. �
Corollary 1: The AoBI requirement limits not only backup

freshness but also transmission latency, that is, given an AoBI

value θ, there is an upper bound TT
i

+
= θ/2 of transmission

time for any backup fibj ∈ Bi.
Proof: Based on Theorem 3, there is an available range of

update frequency for each BVVS

1

θ − TT
i,j

≤ fi,jb ≤ 1

TT
i,j

.

Then, we have

1

θ − TT
i,j

≤ 1

TT
i,j

⇒ TT
i,j ≤

θ

2
. (42)

The theorem then follows. �
Theorem 4: Given a resource-constrained EVM networkG =

(V,E) and a set MR(t) of migration requests issued by mobile
vehicles, there is a cost-adaptive AoBI guaranteed algorithm
with the worst-case performance bound 2θΞ to adjust AoBI of
all backups in O(O(|Ve||R||kmax + 1|)), where C is the total
sum of synchronization cost obtained by Algorithm 3, C∗ is
the optimal cost of the optimal scheme, fmax and |kmax| is
the maximum update frequency and BVVS numbers among all
requests, |p| is the average number of backups to ensure AoBI
by using the update frequency policy, and Ξ = fmax|kmax|/|p|.

Proof: The proof can be found in Appendix D. �

VII. PERFORMANCE EVALUATION

In this section, we first conduct simulation experiments using
real data sets, and then evaluate the performance of the designed
algorithms for the immersive VVS-enabled metaverse service
provisioning problem. Finally, we study key parameters that
affect the performance of the proposed algorithms.

A. Experimental Environment Setting

In terms of network topology, we simulate an EVM network
G = (V,E) by using real-world 246 locations of access points
and 700000 mobility traces of vehicles in Cologne city [16].
The EVM network is a subgraph extracted from the above
real dataset, which includes all access points and 250 vehicles.
70% of the network size access points are randomly selected
to coexist with edge servers, and the computing capacity of
each server ranges from 4000 to 8000 MHz [8]. The unit
prices for computing resources cc and links ce are $0.25 per
MHz and$0.0035 perMbps, respectively, which are the official
Amazon Cloud prices [12], [17]. In addition, the type number
|F | of VVS-enabled metaverse services in the EVM is set to 40,
each service consumes roughly 200 to 400 MHz computing
resources, and its reliability ranges from 0.7 to 0.8.

In terms of mobile vehicles, each one cari issues a VVS-
enabled metaverse service γi with various service demands.
Specifically, the reliability demand Ri is set from 0.8 to 1, the
accuracy demand λi ranges from 0.9 to 1, and the AoBI demand
θ is set to 5 seconds [18], [19]. The proportional coefficient
α between the size of backup status information and the VVS
computing consumption is set to 0.1. The data rateBi of vehicles
is set to 24.02 Mbps which is the average download rate of
users accessing the Internet in 2020 [20]. The maximum update
frequency fmax is 4 times per second.
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TABLE II
THE PARAMETER OF THE PREDICTION MODEL

In terms of the prediction model, we randomly select 70% of
datasets in mobility traces of vehicles in Cologne city [16] for
training and 30% of datasets for testing. We also set the learning
rate to 5e− 5 at the beginning, and set an exponential decay
coefficient of the learning rate to 0.9 per epoch. The specific
parameters of the model are shown in Table II. The linear output
is a vector of length 248, derived from the sum of 246 and 2 where
246 represents the number of base stations and 2 indicates two
tokens begin and end.

The above values are default values for each trial unless
otherwise specified, and all experiments were conducted on a
personal machine with a 2.30 GHz Intel(R) Core(TM) I7-10875
CPU and 16 GB of RAM.

B. Comparison Algorithms

To evaluate the performance of the proposed algorithms, the
following comparison algorithms are proposed.

Completely Random (CR): It first randomly selects the mi-
gration location for each VVS. Then, when the corresponding
BVVSs have AoBI conflict, migration locations of BVVSs are
also randomly decided or the corresponding update frequency
of each backup is generated.

Greedy [21] + Only Frequency [11] [22] (GOF): It first uses
a greedy algorithm with an approximate ratio to ensure that a
VVS moves with a vehicle at a lower cost. Then, it takes the
common approach in existing works in the survey [23] to ensure
AoBI, which is to adjust only the backup update frequency when
an AoBI conflict occurs.

Greedy [21] + Only Migration (GOM): The first stage of
this algorithm is the same as that of the GOF algorithm. In the
second stage, it only migrates BVVS near the corresponding
VVS to avoid AoBI conflicts, and the update frequency of each
BVVS under the migrated location is calculated.

ILP [24] + Asynchronization (ILPA): This algorithm knows
the true locations of each vehicle instead of using predictive out-
comes. In addition, it first solves the integer linear programming
subproblem modeled in Section IV by adopting the DOcplex
solver in Python, and then, an asynchronous update strategy
(each backup can use its own update frequency) is introduced
to ensure the AoBI, where an anti-perturbation factor with a
value of 0.001 is added to the update frequency of each backup.
This value can reduce the sensitivity between the number of the
frequency and dynamic transmission delay by setting a slightly
higher update frequency in advance.

Note that according to the oneness principle of control vari-
ates, we regard ILPA_pre, the variant of the applied prediction
results, as the optimal strategy, whereas the ILPA is only treated
as an actual solution.

Fig. 4. The locations of access points in Cologne city, Germany [16].

Fig. 5. Performance convergence of metaverse service home prediction algo-
rithm.

TABLE III
COMPARISON OF PREDICTION ACCURACY FOR DIFFERENT ALGORITHMS IN [25]

TABLE IV
PARAMETER SETTINGS

C. Algorithm Performance Evaluation

We study the effect of iteration numbers on algorithm con-
vergence by varying it from 1 to 6000000. Fig. 5(a) shows
that the algorithm converges between 0.05 and 0.001 with the
increase in the number of iterations. It can also be concluded
from Fig. 5(b) that the model accuracy is improved from 93.32%
to 99.02% after 76 training epochs in advance on the offline base
set. Compared with previous prediction algorithms in [25], the
accuracy of the proposed algorithm is improved by 1.8 % as
shown in Table III.

The influence of 8 key parameters on other algorithm perfor-
mance is verified, and the specific experimental sets are shown
in Table IV. The basic idea of parameter configuration is as
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Fig. 6. Performance of different algorithms by varying the percentage of numbers of edge servers from 40% to 80%.

Fig. 7. Performance of different algorithms by varying the number of time slots from 1 to 30.

follows: The range of computing capacity of each server and
VVS is adopted from existing work, such as the ones from [8]
and [26]. Based on this, the maximum throughput of the network
is calculated, which limits the number of arrival requests at
each time slot. Also, different service requirements and VVS
attributes are determined according to application scenarios.
Each type of parameter changes from small to large, which
has universal applicability because this progressive parameter
setting can reflect the impact of the parameter on algorithmic
performance.

1) Impact of the Number of Edge Servers on Performance
of Algorithms: We first adopted the parameter setting set 1 in
Table IV, which increases the percentage of the number of edge
servers from 40% to 80% of the network size, namely improving
the number and density of edge servers in the EVM, to study
the performance impact. From Fig. 6(a), the total acceptance
cost of ILPA_pre, consisting of the migration cost ILPA_pre_M
and the synchronization cost ILPA_pre_S, is the lowest one for
all algorithms using predicting results. The acceptance costs
of ILPA and spotlighter are almost the same, which are much
smaller than those by the rest of the three algorithms, that is,
spotlighter can save 47.6%, 48.2%, and 71.5% of the cost,
respectively. According to Fig. 6(b), the running times of all
algorithms increase with the increase in the number of edge
servers. In addition, it can be seen that ILPA_pre can save at least
312.4% of the running time by sacrificing less than 11.7% of the
cost error compared with ILPA, using real vehicle location data.
Fig. 6(c) illustrates that the distribution of VVSs’ average update
frequency of spotlighter is between GOM and GOF, lower than
those of the ILPA and ILPA_pre. This is because spotlighter

adaptively weighs in on migration costs and update frequency
costs, rather than carelessly making choices. Fig. 6(d)shows
that the number of migrations based on the metaverse service
home prediction algorithm is lower than that of the algorithm
of using real vehicle location due to deviations from continuous
prediction, which is why the cost of ILPA_pre is lower than that
of ILPA in Fig. 6(a).

2) Impact of the Time Horizon Length on Performance of
Algorithms: We then employed the parameter setting set 2 in
Table IV, where the length of the time horizon increases from
1 to 30, to investigate its impact on algorithmic performance.
Fig. 7(a) shows that the total costs of spotlighter and ILPA
are the lowest ones among the costs of all algorithms, and the
average gap of the total cost between spotlighter and ILPA is no
greater than 21.3% in the first 20 time slots. However, the gap
becomes widened after that due to the inevitable accumulation
effect of prediction bias in migration numbers as shown in
Fig. 7(d). Even if the prediction algorithm can achieve a result
with 99.02% accuracy, the prediction bias is still magnified over
time (prediction rounds) during continuous predictions, because
the new predictions are based on previous prediction results. As
shown in Fig. 8, the prediction bias can be divided into the early
arrival (19.3%), late arrival (32.7%), and complete deviation
(48%) respectively, which causes fluctuations in the number of
migration requests, and then affects the total acceptance cost.
Regarding the early and late arrival, vehicle trajectories closely
resemble the actual path, albeit with a slightly adjusted timetable
resulting in either early or delayed migration, while complete
deviation causes service interruptions when vehicles are out of
communication range.
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Fig. 8. The distribution (0.98%) of different prediction bias.

Fig. 9. The effect of real location correction on algorithms.

The bias can also be corrected by inserting some real coordi-
nates in the continuous prediction process (e.g., spotlighter_A
algorithm), but it takes more cost and time in the next time
after the correction to bring the predicted and real migration
numbers closer, as shown in Fig. 9. Specifically, after the real
vehicle coordinates are inserted at 5, 10, 15, 20, and 25 time
slots, the number of migration requests in the next slot spikes
due to an adjusted operation for the accumulated deviation,
yet then it will be closer to the real value. In addition, a
clear trend in Fig. 7 is that the different performances of all
algorithms fluctuate dynamically over time in a stable region,
and the overall performance distribution is the same as in set
1. This is because the number of migration requests fluctuates
over time due to unknown vehicle trajectories in each time
slot.

3) Impact of Different Service Requirements on Perfor-
mances of Algorithms: Thirdly, the performance impacts caused
by different service requirements, including VVS reliabilities,
AoBI requirements, and accuracy requirements are investigated,
respectively.

We adopted the parameter setting set 3 in Table IV, which in-
creases the average reliability of all VVSs from 0.675 to 0.875, to
investigate performance impact. As can be seen from Fig. 10(a),
the acceptance cost of all algorithms gradually decreases as
VVS reliabilities go up, where the cost of CR is always the
highest, that of GOF and GOM are in the middle, and ILPA
and spotlighter have the lowest cost. This is due to the fact
that the number of backups required per vehicle reduces as
VVS reliabilities increase, which results in lower remigration

costs and synchronization costs. From Fig. 10(b) and (d), VVS
reliabilities have little effect on the running time and the number
of migration requests. From Fig. 10(c), the distribution of update
frequencies of VVSs is the same as in set 1, that of spotlighter
is the second lowest among all.

We made use of the parameter setting set 4 in Table IV, which
increases the AoBI requirements of all vehicles from 3 to 7, to
investigate performance impact. Fig. 11(a) illustrates that the
acceptance costs for all algorithms decrease as user tolerance
for AoBI grows. This is due to the lazy update strategy adopted
by all algorithms, that is, the backup information is updated at the
latest. Therefore, the update frequency of all algorithms would
gradually fall when AoBI rises, which can also be demonstrated
from Fig. 11(d). In addition, the running time and the number of
migration requests are basically stable, as shown in Fig. 11(b)
and (d).

We employed the parameter setting set 5 in Table IV, which
increases the average accuracy requirements of all vehicles from
72.5% to 92.5%, to investigate performance impact. The EVM
systems need to deploy corresponding bigger models with larger
parameters as the accuracy requirement of each user enhances,
thus incurring more migration costs and synchronization costs,
as shown by Fig. 12(a). In addition, from Fig. 12, the accuracy
has a small effect on different algorithms except for acceptance
cost.

4) Impact of Different VVS Attributes on Performance of
Algorithms: Fourthly, we adopted the parameter setting set 6
in Table IV to investigate the impact of different VVS attributes,
including VVS computing capacity and VVS type number, on
the algorithm performances, by varying the average consump-
tion of computing capacity of VVSs from 220 to 380. We then
increased the number of VVS types by employing parameter
setting set 7 in Table IV. From Fig. 13(a), it can be seen that both
types of costs rise with the increase on the average computing
capacity required by VVS in ILPA, spotlighter, and CR, while
only the synchronization costs of GOF and GOM increase.
This is because greedy algorithms always choose a location
with the lowest cost at each iteration when migrating services.
Consequently, this does not result in an optimal solution, but
it has upper bounded the migration cost, preventing it from
rising infinitely. From Fig. 13(b), the running times of different
algorithms fluctuate within a certain range, due to the random
generation of service demand parameters in given ranges during
each run. In addition, since the VVS attributes are independent
of the locations of vehicles, this has little effect on part per-
formances of different algorithms as shown in Figs. 13(c), (d),
and 14.

5) Impact of the Request Number of VVS-Enabled Metaverse
Service on Performances of Algorithms: Finally, we utilized the
parameter setting set 8 in Table IV, which increases the number
of requests in the EVM from 50 to 250, to study its performance
impact. In combination with Fig. 15(a) and (d), a clear trend
is that the number of migration requests grows with the total
number of requests, which leads to a gradual increase in the total
cost. From Fig. 15(b), the running time of spotlighter is similar
to that of GOF and GOM, which is much smaller than ILPA. The
running time of RC is always the shortest among all algorithms in
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Fig. 10. Performance of different algorithms by varying the average reliability of VVSs from 0.675 to 0.875.

Fig. 11. Performance of different algorithms by varying the value of the AoBI from 3 to 7.

Fig. 12. Performance of different algorithms by varying accuracy from 75% to 95%.

Fig. 13. Performance of different algorithms by varying the average computing capacity of VVSs from 220 to 380.
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Fig. 14. Performance of different algorithms by varying the number of VVS types from 20 to 50.

Fig. 15. Performance of different algorithms by varying the number of new arrival requests from 50 to 250.

all parameter settings. This is because the update frequencies and
the migration locations of all backups are randomly generated
without any strategy, so it has the shortest running time but the
highest acceptance cost and update frequency. In Fig. 15(c),
spotlighter has a slightly higher frequency than that of the GOM
and less frequent than that of the GOF. This is because GOM
always migrates backups to the nearest location to VVSs, which
results in BVVSs always having the shortest communication
latency, so there is no need to enhance update frequency to
avoid AoBI conflicts. In contrast, deployment locations of all
BVVSs remain fixed in the GOF, so the update frequency must
be improved when a vehicle moves to a distant location.

VIII. RELATED WORK

In this section, we survey the related studies and divide
the works into two categories: vehicle metaverse, and age of
information.

A. Vehicular Metaverse

Zhou et al. [27] recently outlined a macro yet blur frame-
work of the vehicular metaverse combining individual vehicles
and intelligent transportation systems, and introduced important
enabler technologies. In addition, Li et al. [28] proposed an
intelligent cockpit framework consisting of cognition, decision,
and interaction layers, which can actively engage in empathic
auditory regulation of driver anger and attention to improve
driving safety. Ren et al. [29] designed an algorithm for im-
proving sampling quality under different weather conditions

to enable collective learning between heterogeneous vehicles
by exploring quantum parallelism. Jiang et al. [30] proposed
a game-based coded distributed computing framework that en-
ables resource-limited devices to offload metaverse rendering
tasks to other reliable devices. Chua et al. [31] considered a
vehicular metaverse environment under which moving vehicles
can download real-time virtual world updates from metaverse
access points. They designed a reinforcement learning algorithm
to minimize the total downloading time. Shi et al. [32] focused
on both long-timescale and short-timescale decisions to strive
for non-trivial trade-offing between service migrations and task
rerouting of mobile devices during handovers, by adopting the
Lyapunov optimization technique.

B. Age of Information

Yates et al. [23] summarized the latest optimization methods
for updating the age of information (AoI) under various hetero-
geneous systems. Among them, Gindullina et al. [33] designed
a two-source IoT monitoring system, in which a monitoring
node collects the same data from both primary and alternate
sources, they proposed an algorithm based on the Markov deci-
sion process to tradeoff the average freshness of information
and energy cost. Li et al. [18] studied the AoI guaranteed
scheduling problem in edge networks where source nodes are
stationary. They developed a cyclic scheduler detection scheme
for small scale networks and a polynomial mapping algorithm
for large-scale networks to achieve the AoI guaranteed schedul-
ing with a single base station and multiple sources. Li et al. [34]
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recently considered the AoI-aware user satisfaction enhance-
ment problem in a digital-twin empowered edge network, by
developing performance-guaranteed approximation and online
algorithms for user service request admissions under both static
and dynamic request arrival settings. Abdel-Aziz et al. [35]
proposed a probabilistic age of information model, investigated
the tail distribution of the model, and designed a scheme based
on Lyapunov optimization to minimize the transmission power
while meeting the freshness demands of all vehicles. Moltafet
et al. [11] formulated a mixed integer non-convex optimization
problem that combines sampling frequency, transmit power, and
sub-channel allocation, to minimize the transmit power within
a finite time horizon while ensuring that the AoI of each sensor
does not exceed a given threshold. Okegbile et al. [36] studied
the human digital twin connectivity problem in the metaverse to
optimize the synchronization age, training loss, privacy cost, and
connectivity cost, by leveraging differential privacy, federated
multi-task learning, and blockchain techniques.

IX. CONCLUSION

In this paper, we studied the long-term immersion VVS-
enabled metaverse service provisioning problem, which is dis-
cretized into a series of single-slot optimization problems that
then are formulated as integer linear programming. To ensure
user immersion while facing various unknown failures, we de-
signed a comprehensive resource scheduler called spotlighter.
Specifically, we first developed a metaverse service home pre-
diction algorithm trained on a real dataset with vehicular mo-
bility traces to predict the real-time connected access points
of each vehicle in the next time slot. We then devised a VVS
migration algorithm with a provable approximation ratio by
adopting the randomized rounding technique to simultaneously
migrate VVSs requested by moving vehicles to minimize the
VVS total migration cost consisting of both VVS re-instantiation
cost and traffic transmission cost. We thirdly proposed a heuristic
algorithm for AoBI-guaranteed to ensure AoBIs of all services,
which selects a backup migration strategy or a backup update
strategy adaptively to minimize the total backup synchronization
cost. We finally conducted theoretical analysis and empirical
simulation to evaluate the performance of the proposed algo-
rithms, using real datasets. Simulation results show that the
proposed algorithms are promising.
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