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Abstract— The development of intelligent transportation has
generated many ultra reliable low latency communication
(URLLC) tasks, which require sufficient communication and
computation resources for task offloading and processing.
Although mobile edge computing (MEC) provides a promising
solution, its efficiency is subject to the limited knowledge
and analysis capability on the physical networks. Therefore,
in this paper, we propose a digital twin (DT) empowered MEC
framework to strengthen the MEC task offloading efficiency in
cellular vehicle-to-everything (C-V2X) networks. Our proposed
DT is constructed through a hybrid data-driven and model-driven
approach to capture the realistic transportation network features.
Then, DT leverages the metric of time to collision to predict
vehicular safety levels and estimates the corresponding URLLC
task requirements of future time slots. The prediction results
are further utilized to make decisions on the URLLC resource
reservation. Different from conventional studies, we consider the
influence of DT’s inaccurate predictions (i.e., the prediction with
error) on the resource allocations. Specifically, the inaccurate
DT prediction results are considered as uncertain constraints
of the resource reservation problem. A robust parameter from
the robust optimization is adopted to adjust the tradeoff
between the problem uncertainty and solution optimality degree.
Further, we leverage the optimized resource reservation results
to construct the task offloading problem. The problem is
decoupled into two sub-problems of channel resource allocation
and computation resource allocation, respectively. And a two-
stage matching algorithm is developed to solve each sub-problem
based on the resource reservation constraints. Finally, realistic
road information is mapped into DT for simulations. Simulation
results validate the advantages of our proposed approach by
comparing with existing schemes.
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I. INTRODUCTION

ELLULAR Vehicle-to-Everything (C-V2X) is a key
Cenabler to support future intelligent transportation
applications such as safety driving, intelligent cruise and
vehicular infotainment, etc [1], [2], [3]. These applications
can be categorized into two types, i.e., the ultra reliable low
latency communication (URLLC) application and the non-
URLLC application. Specifically, the URLLC applications are
related with traffic safety, which require up to 1 ms delay
tolerance and 99.99% reliability [4], [S5]. Therefore, how to
effectively reduce the packet transmission latency and packet
loss has become the most challenging issue for the C-V2X
networks.

A promising solution is to offload the application tasks
generated in the C-V2X networks to roadside units via mobile
edge computing (MEC) for reducing the task-execution latency
and improving reliability. The existing MEC task offloading
schemes mainly focus on some specific scenarios (e.g.,
collaborative driving [6], vehicular platoon [7] and vehicular
infotainment [8], [9], etc) with homogeneous application types.
However, in many practical cases, the URLLC and the non-
URLLC applications will be simultaneously generated and
the existence of the non-URLLC applications will occupy the
resources which are available for the URLLC applications.
Therefore, it is vital to guarantee the performance of the
URLLC applications under hybrid application scenarios.
Moreover, the dynamic and decentralized topology of the
C-V2X networks also increases the task offloading complexity,
which can lead to inefficient task offloading decisions.

To cope with the above concerns, our idea is to enable
the prediction of the incoming URLLC tasks and thus make
resource reservations in advance to guarantee efficient task
offloading. To achieve this, digital twin (DT), which is an
emerging technology for intelligent industry [10], provides a
promising solution. DT is defined as a virtual representation
to reflect the real-time digital counterpart of a physical object
or process. It was initially introduced to solve the product
life-cycle management problem in aerospace and automotive
industries [11]. A DT object mainly includes three elements,
namely, a physical object in physical layer, a digital object in
virtual layer and the data link between the two layers [12].
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In our paper, DT is adopted to collect the physical network
data and analyze the network conditions by combining the
data with its internal simulators. The analysis results can help
predict the future URLLC application requirements, which
enables the network controller to make resource reservation
and allocation decisions in advance for ensuring the URLLC
service quality. In addition, we also consider the inaccuracy
incurred by DT’s data collection and analysis error, which
will result in inefficient network control decisions. To the
best of the authors’ knowledge, few studies have investigated
the optimization performance under imperfect DT analysis
conditions. The main contributions are summarized as follows.

« We propose a DT empowered MEC framework for C-
V2X communications. The proposed framework consists
of two domains, i.e., the physical domain and the
DT domain. In the physical domain, the application
tasks generated by the smart vehicles can be offloaded
to the computation units at the roadside unit (RSU)
for reducing the processing latency. The DT domain
collects physical network data and combines these data
with Simulation of Urban Mobility, i.e., SUMO,! for
simulating and predicting the transportation network
conditions. Specifically, a metric of time to collision
is introduced to predict vehicular safety conditions
and to further estimate the requests of RSU assisted
vehicular safety control tasks (typical URLLC tasks). The
prediction and estimation results are utilized to reserve
and pre-allocate the channel and computing resources for
the URLLC tasks.

o« The DT empowered resource allocation for the task
offloading is considered in the following two stages.
In the first stage, we investigate the DT domain’s resource
reservation problem. The problem is formulated under
inaccurate channel and computation resource prediction
constraints, and robust optimization is introduced to solve
it. The problem can be decoupled into two parallel sub-
problems. Then, a robust parameter is adopted to adjust
the conservatism of uncertain constraints, i.e., the tradeoff
between the problem constraint uncertainty and solution
optimality degree. The problem constraint uncertainty is
represented by the number of DT’s inaccurate predictions
which can be handled by the robust parameter. The
optimized solutions of the resource reservation problem
under the given robust parameter can be output from the
DT domain to the physical domain, which help determine
the task offloading decisions more efficiently.

« In the second stage, we investigate the physical domain’s
task offloading problem, which is formulated under
the resource reservation constraints of the DT domain.
To reduce the computational complexity, the problem
is further decoupled into two sub-problems, i.e., the
channel allocation problem and the computation resource
allocation problem. In particular, we propose a two-step
matching approach for the each sub-problem. Firstly, the
URLLC tasks are considered in priority based on the

ISUMO is an open-source microscopic traffic simulator with high
scalability and compatibility [13].
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resource reservation constraints. Secondly, we determine
the resource allocation for the non-URLLC tasks.

o We map the realistic road structure, speed limitation and
vehicular density of G2 Beijing-Shanghai Highway into
SUMO for constructing the DT simulator and further
predicting the URLLC task arrival time and requirements.
Simulations compare the task delay of our proposed
resource reservation and task offloading scheme with
the existing benchmarks. We also evaluate the algorithm
performance under different resource reservation numbers
and prediction errors.

The remainder of this paper is organized as follows.
Section II presents the literature review. In Section III,
we present the DT empowered MEC framework for C-V2X
networks. In Section IV, we present the problem formulation.
In Section V, we present the robust optimization based
solution for the resource reservation problem. In Section VI,
we leverage matching theory to decouple and solve the
task offloading problem. In Section VII, we evaluate the
performance of the proposed scheme. Section VIII concludes
this paper.

II. LITERATURE REVIEW

The paradigm of MEC has been regarded as an efficient
solution for enabling various computation-intensive and
latency-sensitive services in future wireless networks. In [14],
Gao et al. investigated the delay and energy minimization
for vehicular tasks and proposed a two-layer solution. The
upper layer determined deep Q-network based task offloading
scheduling, and the lower level determined the gradient
descent based CPU frequency allocation. In [15], Nguyen et al.
studied a collaborative task computing and offloading scheme
to efficiently reduce the redundant data and utilize the idle
resources in nearby MEC servers. In [16], Hou et al. developed
a reliable task offloading scheme by jointly considering
the partial offloading, reliability-oriented task allocation, and
reprocessing mechanism, and then a particle swarm algorithm
was applied for maximizing the reliability under the latency
constraints. In [17], Wang et al. proposed a regional C-
V2X network with dual MEC planes, in which MEC servers
cooperated with each other for resource sharing. Deep
reinforcement learning was adopted to minimize the offloading
latency under the proposed network framework. In [18],
Sun et al. introduced task replication to guarantee the task
offloading delay and to suit the highly dynamic environment
of V2X networks. Specifically, the optimal number of task
replicas was derived and a learning-based task replication
algorithm was further developed. In [19], Cui et al. proposed
a multi-objective reinforcement learning strategy to reduce the
total latency and improve the reliability of communication
and computing resource allocations. In [20], Chen et al.
formulated the computation offloading problem as a multi-
agent Markov decision process and developed an online
distributed reinforcement learning algorithm to solve the
problem. In [21], Tian et al.conduct a three-tier hierarchical
service system with multiple mobile users(UEs), multiple
mobile edge computing servers(MECs), and a single cloud
center (CC) proposed a user preference-based hierarchical
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also considered for optimization in the MEC enabled C-
V2X networks. In [22], Ning et al. minimized the total
energy consumption of RSUs via latency estimation and
task scheduling. In [23], Zhai et al. formulated an energy-
aware execution cost model to extend the running time of
MEC enabled C-V2X networks, and a heuristic optimization
algorithm was designed to solve the proposed problem.
In [24], Bao et al. utilized federated learning to design a
MEC-based joint client selection and networking scheme,
and a fuzzy logic algorithm was used in the process of
client selection considering the vehicle velocity, vehicle
distribution, and the wireless link connectivity between
vehicles. In [25], secure beamforming and artificial noise
schemes were investigated to improve the ergodic secrecy
rates of vehicular computation offloading. In [26], a mobile-
edge-platooning cloud architecture was proposed to provide
aggregated resources of computing, storage, communication
with the aim of optimizing the overall transportation network
efficiency.

Furthermore, early researches have shed light on the
combination of MEC and DT for optimizing the C-V2X
networks. In [27], a DT assisted real-time traffic data
prediction method was proposed to address the traffic data
sparsity and incompleteness under 5G-V2X communications.
In [28], a DT enabled Vehicle-to-Cloud communication
framework was designed to realize cooperative ramp merging,
which allowed connected vehicles to cooperate with each
other before arriving at the merging zone. In [29], Tan et al.
deployed the consortium blockchain to track and secure
the vehicular resource sharing among DT entities in the
cloud. In [30], Zhao et al. introduced an intelligent DT
based software-defined vehicular networking architecture for
improving packet delivery ratio and reducing delay. In [31],
Sun et al. investigated the task offloading problem in DT
based edge networks and applied Lyapunov optimization
for the long-term migration cost constraint simplification.
In [32], Xu et al. analyzed the quality of service in the
DT empowered C-V2X multi-user offloading system and
applied deep Q-network to optimize the service offloading
decisions. In [33], Cha et al. proposed a virtual edge formation
algorithm to utilize spare computational resources of multiple
vehicles as a virtual server, which showed advantages in
computation offloading task completion ratio and execution
time. In [34], Zhang et al. investigated a DT empowered
content caching mechanism for social-aware vehicular edge
networks, where DT was leveraged to model the social
relations between vehicles and to understand the traffic flow
distribution. In [35], a deep reinforcement learning based
safety control decision was proposed under the DT empowered
MEC framework to guarantee the transportation safety and
efficiency.
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Fig. 1. The proposed DT empowered C-V2X network.

Significant as the aforementioned researches are, two
important challenges remain unsolved. First, to the best of the
authors’ knowledge, few studies investigate on how DT can
be leveraged to improve the URLLC performance, which is
one of the most crucial tasks in C-V2X networks. In addition,
there exists few studies accounting for the following issue,
namely, the inaccuracy due to the DT’s data collection and
analysis error, which will degrade network control decisions.

III. DT EMPOWERED C-V2X NETWORK FRAMEWORK

Our proposed DT empowered C-V2X network framework
is presented in Fig. 1, which consists of the physical domain
and the DT domain. Details are as follows.

A. Physical Domain

The physical domain is shown in the lower part of Fig. 1,
where vehicles generate applications such as safety driving,
intelligent navigation and vehicular infotainment, etc. Limited
by insufficient on-board computing capability, the vehicles
need to offload these tasks to the RSU. In addition, we consider
that vehicles are located within the coverage of cellular base
stations such that the vehicles can use the cellular channels
to perform V2X communications. The computation unit and
sensors are linked to the RSU through wired links. The
computation unit runs artificial intelligence based algorithms
to assist with the vehicular data processing and decision-
making tasks. The roadside sensors collect and provide
Non-Line-of-Sight (NLoS) environment data for vehicles, such
as the average speed and density of the NLoS lane sectors.
We consider two application task types, i.e., RSU-assisted
vehicular safety control as the URLLC task and vehicular
infotainment as the non-URLLC task.

B. DT Domain

The DT domain is shown in the upper part of Fig. 1,
where the key features of the physical transportation and C-
V2X networks can be simultaneously extracted, modeled and
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maintained in a cloud-based platform. Note that the platform

can be linked to the physical domain through wired backhauls.

The DT can predict the transportation safety risks and the

corresponding offloading requirements based on its simulation

and analysis on the physical networks. The predicted results
are leveraged by the physical domain to optimize the network
task offloading decisions. Details as follows.

o DT construction: DT is constructed through a hybrid
data-driven and model-driven method. The physical
domain data (e.g., road map, infrastructure location,
vehicle density, etc) can be collected and mapped to
the DT domain through wired backhauls. DT utilizes
these data to calibrate its internal simulators or models
for capturing the realistic features of physical networks.
For instance, DT can import realistic road maps, vehicle
density and positions into SUMO. By combining the
data feature with SUMO’s road simulator and vehicle
mobility modules, SUMO can simulate the transportation
network and predict the vehicle trajectory, speed and
traffic congestion or accidents within a certain range
of the future time slots. The predicted results can be
delivered to the physical domain for optimizing the
transportation and C-V2X network control strategies.

« Vehicular safety prediction: We introduce time to
collision (TTC), the classic transportation safety metric,
to evaluate the vehicular safety. The predicted TTC of
vehicle i at time slot ¢ can be calculated as IT} =
Il .,/ (vl —vl,), where i’ represents the neighboring vehicle
in the directly front of i. vl and v}, are the speeds
of vehicles i and i’, respectively. ll{.l., is the distance
between vehicles i and i’ at time slot . Note that these
parameters can be predicted and obtained via the DT
simulator. If I'If < Iypreshotd, the vehicular safety risk
level is predicted to be high,” and safety control needs
to be performed between the two vehicles. For instance,
vehicle i performs the lane-changing to overtake vehicle
i’, or vehicle i decelerates to keep a safety distance.

The safety control decision requires RSU assistance

due to the following two reasons. First, compared to

local vehicular decisions, the RSU sensor can provide

NLoS road information and significantly improve the

safety control efficiency. Second, RSU can support more

efficient and intelligent decision-making strategies with
more powerful computation capability.

« URLLC task requirement estimation: The aforemen-
tioned RSU assisted safety control decisions are typically
URLLC tasks. Without loss of generality, we use the
URLLC tasks to denote the RSU assisted safety control
decision tasks in the paper. And we consider that
DT can estimate the URLLC task requirement based
on the vehicular safety prediction results as follows:
(c/’il’j = {Cil,ja Q;ﬂnf < nthreshald}avj € Jur. C,{’j
and Qi j denote the estimated channel number and
computation resource number required by URLLC task
Jj of vehicle i at time slot ¢, respectively. Jyr represents

2Smaller l'[l( means higher collision probability between vehicles i and i’.
Note that only positive TTC value is meaningful.
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the URLLC task application set. Note that C‘i” ; can be
obtained by comparing the decision task complexity with
the historical average V2X link rate of the coverage
area. Qf can be obtained by comparing the decision
task complexity with the RSU’s computation speed per
resource unit. The prediction and estimation results can
be utilized by the physical network to reserve and pre-
allocate resources for URLLC tasks.

The most challenging part of our proposed DT empowered
C-V2X network resource allocation lies in the DT prediction
and estimation accuracy. Although the DT simulator is based
on real-world network data, it is impossible to achieve 100%
accuracy due to such reasons as inadequate data sample,
DT simulator deviation and DT estimation error, etc. When
the predicted resource requirement is greater than the actual
value, part of the reserved resources will be wasted. On the
contrary, when the predicted resource requirement is smaller
than the actual value, the URLLC tasks cannot be offloaded
and completed within the given deadline. Therefore, in the
following section, we will account for the inaccurate DT
prediction condition and study the corresponding resource
reservation and task offloading scheme.

IV. PROBLEM FORMULATION UNDER THE PROPOSED
FRAMEWORK

The resource reservation problem leverages the DT
prediction error to determine the resource reservation of
URLLC tasks. The task offloading problem determines the
communication and computation resource allocation based on
the resource reservation results. For the sake of clarification,
Table I presents the relevant variables for our proposed
resource reservation and task offloading problems.

A. The Resource Reservation Problem in the DT Domain

Let i € Z denote the vehicle user, j € J denote the
application task, £ € KC denote the RSU, ¢ € C denote the
channel resource in the cellular resource pool and ¢ € Qk
denote the computation resource where Qy is the computation
resource set of RSU k. The application task set includes
both URLLC tasks and non-URLLC tasks. Recall that Jyr
represents the URLLC application task set, where Juyr € 7,
the remaining tasks constitute the non-URLLC task set. And
we consider that DT’s prediction results have errors a j and

e
know that C‘f’ . and Qf . have uncertain values in the ranges
of [Cit,j - Cf,./f Cgl,j + Cit,j] and .[Qﬁ,j - QE,J" Qi,./ + Qﬁ,/’]’
respectively. To this end, at each time slot 7, we can formulate
the resource reservation problem in the DT domain as follows:

P1:
(E]Xij + EzYi{j)

min z Z
st. Cl: ). > Xl <(C|

compared to the actual values C} ; and 0 j- Hence we

ieZ jeJur

i€Z jeJur
2y Y H =Y
i€Z jeJur kelC
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TABLE I

SUMMARY OF KEY VARIABLES

variable meaning
T vehicle set
J application task set
K RSU set
C channel set
JUrR URLLC application task set
éf . estimated channel number required by URLLC task
J 7 of vehicle ¢ at time slot ¢
Qg . estimated computation resource number required by
J URLLC task j of vehicle 4 at time slot ¢
Z.tj actual required channel number
Q? J actual required computation resource number
Ot estimation error of required channel number
i,J
@ﬁ ) estimation error of required computation resource
1
7 number
\1111 channel resource allocation fairness index
\1112 computation resource allocation fairness index
€1 reservation cost per channel resource
€ reservation cost per computation resource
X f j optimization variable of channel resource
' reservation
itj optimization variable of computation resource
' reservation
dt ; task offloading delay
af ik RSU-vehicle association variable
Bt e optimization variable of channel resource allocation
fyf e optimization variable of computation resource
e allocation
St j application task size
Rfj e communication rate of vehicle ¢’s application j to
R RSU k on channel c at time slot ¢
W,i a computation rate computation resource k£ of RSU ¢
’ at time slot ¢
B channel bandwidth
pﬁ ke transmit power of vehicle ¢’s application j to RSU
o k on channel c at time slot ¢
gf Sk channel gain of vehicle 4’s application j to RSU k
o on channel c at time slot ¢
No white Gaussian noise power
Ieen cell-to-vehicle co-channel interference
I; robust parameter
”; p equivalent uncertain constraint parameters of C3
B f ; equivalent uncertain constraint parameters of C4
U, vehicle ¢’s task set with uncertain communication
demand
zt I ?5]. temporary variables for problem transformation

C3: > X ,/Cl, =, Viel

i,
JjeJur

. A 2
43 10 = v
JjeJur

Viel

variables : Viel,je Jur

Viel, je Jur )

The objective of problem P1 aims to minimize the total
resource reservation cost. The decision variables th j and
Yi” j denote the amount of reserved channels and computation
resources, with €; and €, representing the reservation cost
per channel and computation resource, respectively. N denotes
the non-negative integer set. Constraint C1 restricts that the
maximum number of reserved channels cannot exceed the total
channel resource number |C|. Constraint C2 guarantees that the
maximum number of reserved computation resources on each
RSU cannot exceed the total computation resource number
| Ok|. Constraints C3 and C4 guarantee the minimum amount
of reserved channel and computation resources to guarantee
the allocation fairness among different URLLC application
tasks. \Ill.l and \111.2 are the allocation fairness indexes of the
communication and computation resources, respectively.

1) Problem Uncertainty Analysis: Different from conven-
tional integer programming problems, the non-deterministic
parameters C‘f’ ; and Qf ; in constraints C3 and C4 are
subject to uncertainty ranges of [C]; — 61.’4., Ci; + aj]
and [Q] ; — Q\;’j, 0+ @f/] Therefore, constraints C3 and
C4 make problem P1 highly-complex and intractable. Notice
that, as a special yet very ideal situation, the DT’s prediction
results can be accurate and certain without errors, and there
exists 61[ i = Qf i = 0. In this special case, C3 and C4
are deterministic constraints. And problem P1 converts to
a conventional integer programming problem, which can be
solved by conventional solvers. In our study, we consider the
realistic situation where the DT’s prediction results are partly
inaccurate. If the prediction result of vehicle i’s task j is
inaccurate, we have 65/ # 0 and Qf/ £ 0.

t
Xl-,j eN,
t

Y;; €N,

B. The Task Offloading Problem in the Physical Domain

The optimized reservation results of P1, i.e., X l’*J and Y l.{ j
are output to the physical domain to specify the constraints
in the task offloading problem in the physical domain.
Specifically, at each time slot 7, the task offloading problem
in the physical domain is formulated as follows:

P2
min Z z df,j
i€l jeJ

st. DL: D > > al Bl <IC]

i€Z jeJ ceC

D2 :Z Z Z “f,j,k%’t,j,q <1Qkl, Vk

i€l jeJ qek

. t
D3:> ol <1,
kek

D4:ZZ,31.”J.,C <1,

i€l jeJ
DS: > D Vg =
i€l jeJ

. t t 1%
D6: > > af;iBlje = X

kelC ceC

Viel, jeJ

VeelC

Vg € Ok
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6
Viel,jeJur
D7: Z o« 1 Vijg = Vi
qeQy
Viel, jeJur,kek
variables : ,BIJCE{O 1}, VieZ, jeJ,celC
Vg €101}, Viel jeJ qe
2
where a ik is the association variable such that a ik =

1 when vehlcle i’s application task j is assomated with RSU k
for task offloading at each time slot 7, and «! k= = 0 otherwise.
For the sake of s1mp1101ty, we consider that ozl’ ik is pre-
determined by o] Pk = 1 if vehicle i has the most close
distance to RSU k. The first decision variable ,Bi” je is the
channel allocation variable such that ,8’ e = = 1 when vehicle
i’s application task j is selected to transmit on channel c at
each time slot ¢, and ﬁi’ je= 0 otherwise. The second decision
variable 'y X is the computation resource allocation variable
such that % = 1 when vehicle i’s application task j is
selected to utlhze computation resource g at each time slot
t, and fyf’ ja = 0 otherwise. The objective of P2 aims to
minimize the overall task offloading delay, where the delay
d’ for offloading each vehicle i’s application task j at time
slot t can be calculated as follows:

St S
d[
T zzaljkﬂl]L i,j.k,c Z Zal]kpyllqwlé»q

kel ceC kel qeQx
3)

The first part of Eq. (3) represents the communication delay,
where Sf is the application task size. And R! ke is the
communicatlon rate, which is calculated as follows:

pz(,j,k,cgll",j,k,c) (4)
No + Ieen

R,jkC—Blog2(1+

where plf’ ke is the uplink transmit power of vehicle i’s
application j to RSU & on channel ¢ at time slot ¢, glf’ ke is the
channel gain of vehicle i’s application j to RSU & on channel
c at time slot ¢. B is the channel bandwidth, Ny is the white
Gaussian noise power, and /..y is the co-channel interference
of cellular users to vehicular users. In this paper, we assume
that P; ke and I are all given, and thus, the value of Rl ke
can be determined under given channel allocation results. The
second part of Eq. (3) represents the computation delay, where
W,ﬁ’ q is the computation rate of computation resource k of RSU
q at time slot 7.

In problem P2, constraint D1 guarantees that the maximum
number of associated channels for task offloading cannot
exceed |C|. Constraint D2 guarantees that the maximum num-
ber of associated computation resources for task offloading on
each RSU cannot exceed |Qy|. Constraint D3 guarantees that
each vehicle’s application can be associated with at most one
RSU. Constraints D4 and D5 guarantee that each vehicle’s
application can be allocated with at most one channel and
computation resource, respectively. Constraints D6 and D7
ensure that, for URLLC application tasks, the total number
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of allocated channel and computation resources should be no
less than the reserved value. Problem P2 is a typical binary
nonlinear programming problem, and there is no general
algorithm that can achieve the globally optimal solution.
Moreover, Problem P2 is NP-hard.

1) Problem Connection Analysis: The connection between
problem P1 and problem P2 is that problem P2 is based
on the optimized solutions of problem P1. Details are
analyzed as follows. Constraints D6 and D7 in P2 utilize the
optimized solutions of P1, i.e., X! ’*j and Y/ ;% as the resource
allocation constraints. Specifically, Constramt D6 means that
the allocated channel number of vehicle i’s URLLC task j
should be no smaller than the optimized reservation number
X Z’*J And Constraint D7 means that the allocated computation
resource number of vehicle i’s URLLC task j should be no
smaller than the optimized reservation number Y; ! *

V. SOLVING THE RESOURCE RESERVATION PROBLEM

The goal of problem P1 is to maximize the resource
utilization while satisfying the necessary resource demand
constraints. The obtained solution is input into the physical
domain as a part problem P2’s constraints. The objective of
problem P2 is to minimize the overall task offloading delay
based on the optimized solution from problem P1. Therefore,
in the section, we first introduce the solution to problem P1.

We first introduce a robust optimization method to solve
the resource reservation problem, i.e., problem P1. The robust
optimization presents a robust parameter based approach for
handling the tradeoff between the problem uncertainty and
solution optimality degree [36], [37]. In our study, the problem
uncertainty is represented by the number of DT’s inaccurate
predictions (corresponding to ff # 0 or Qt # 0 in
constraints C3 or C4 of problem ‘P1) which can be handled
by the robust parameter. For realization, we first reformulate
problem P1 by decoupling it into two parallel sub-problems.
Then, we introduce the robust parameter I'; to control the
maximum number of uncertain coefficients in the ith sub-
constraint of either C3 or C4. After I'; is given, we can obtain
the feasible solution of problem P1 by transforming it into
an integer programming problem, which can be solved by
standard integer optimization tools. In addition, we show that
the proposed robust solution is feasible (i.e., the transformation
loss is tolerable) by proving that the constraint violation
probability regarding the robust parameter is upper bounded
by a maximum value.

A. Finding the Feasible Solution Under Given T;

The original problem Pl in Eq. (1) can be equivalently
transformed into the following problem at each individual time

slot ¢:
min Z Z a1 X +62Y’

i€l jeJur
s.t. Cl1—-C2

z At X’->‘~IJI-1,

jeJur

"> Bl =]

jeJur

Viel

Viel
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variables : X l’ j € N, VieZ jeJur 1) Handling the Uncertain Constraints: Based on the above
eN, Viel, jeJw (5) definition of I';, we can first introduce U; as the task set
of vehicle i with uncertain communication demand Cl.’ j *

~ ~ t . ) .
where A} ; and B; ; are the equivalent uncertain constraint 0, A{; # 0, which can be handled by I;. Obviously,
’ ’ we have U, C Jiur and |U;| ;| + 1. Afterwards,

parameters in the values of [A’ —A’ A’ +A’ ] and [Bl.”j—
Bl . B+ B\i” j], respectively. Spec1ﬁcally, we have:

- 1 1 1

Al = _( — + = ) (6a)
Moo2\(ce; - Cy) o (C )

1 1 1

o _( _ _ ) (6b)
M2 (C;,j - Cil,j) (Cf,j + Cf,j)

B l( ! ) (60)
M2 (Qﬁ,j - Q?,j) (ta',j + Qf,j)

8= o)
Mo2\(0f; - 01 (01 +01)

where the equivalence between eq. (1) and eq. (5) is proved
in Appendix I. The optimization problem in eq. (5) has the
following features. First, €; X! . and €2 Y/ ; ; are independent and
separable parts of the sum ObJeCtIVC Second, constraints C1
and C3’ are only associated with X! ., and C2 and C4’ are only
associated with Y’ Therefore, we can divide problem (5) into
the following two independent sub-problems (7) and (8):

min 3 axi,

i€l jeJur
st. CLCY: D AL Xl =W Viel
JjeJur
variables : Xl eN,Viel, je Jur @)
wn 33 e
i€Z jeJur
2 .
st. C2,C4: D Bl Y =W} Viel
JeJuR
variables : .eN,Viel, je Jur (8)

where sub-problem (7) corresponds to find the optimal X! i
and sub-problem (8) corresponds to find the optimal Yt L
Let us first turn to solve sub-problem (7). As analyzed
before, the URLLC task requirements predicted by DT can
be partly inaccurate. Thus, we introduce a robust parameter
I'; to represent the inaccuracy degree of the DT prediction,
or constraint uncertainty degree in the optimization problem.
I'; is defined as follows [37]: For every i, I'; takes values in
the interval [0, |7, ur|], which is not necessarily integer. J; ur
represents vehicle i’s URLLC task set. The parameter I'; is to
adjust the tradeoff between the problem uncertainty degree
against the solution optimality. The problem uncertainty
degree represents how many uncertain constraints can be
handled out of the overall uncertainty coefficients in C3’ (or
C4’). The robust parameter aims to handle the case that, for
given i and T';, up to [[';| of the coefficients A;,j’j € Ji,UrR
I and meanwhile there exists
LT DAL .

are allowed to change by A
another one coefficient changmg by (I'; —

we construct eq. (9), shown at the bottom of the next page,
for handling the uncertain coefficients of constraint C3’ in
eq. (7). Eq. (9) is written by separating the deterministic
and uncertain parts of A’ . of constraint C3’ in eq. (7).
The first part of eq. (9) is ‘the deterministic coefficient, and
the second part is the uncertain coefficient. In eq. (9), [; is
used as the temporary index of the application task. And
S; is the subset with uncertain coefficients where S; C
U;, |S;| = |T';]. For convenience, we use p; ({Xﬁ’/.}, Fi)jel/{i’
which is defined in eq.(10), to represent the second part
of eq. (9). Thus, we can define that the ith sub-constraint
of C3’ is protected by p; ({Xf,j}’ Fi)jeu,- according to eq.
(9), where p; ({Xf’j},Fi),j € U; can be referred as the
protection function. The meaning of “protection” is two-
fold. First, p; ({Xt 3T )]EM takes the maximization operator,
which is the worst case for satisfying the inequality (9).
Second, subtraction and addition should be both considered
between the deterministic and uncertain coefficients. Since
Di ({X -1, F) > (), subtraction can be adopted instead
of addltlon maklng it the worst case for satisfying the
inequality (9). Based on the definition of protection function,
we can introduce the following proposition.

Proposition 1: Given T, X i and t, the protection
function of the ith sub- constralnt of C3’, which can be written
as:

pi ({Xf"]}v Fl)
= max
{Siut)1S: <t 1S 1= 1.1 €U\ }

>,

=]

XL+ (T — [T DAy, X,i,l.] (10)

which equals to the objective function in the following linear
optimization:
pi(1X] ;). Ti) = max > Al X! 7.
JjeU;
LDz
JeU;
0<7;;

variables : Z| i

<1, Vjel

Vj el (11)

Proof: The optimal solution value of problem (11)
consists of |U;| — 1 = |I';] variables at 1 and one variable at
—(U;] —1) =T; — |I';]. This is equivalent to the selection
ofsubset {Si Ul }|3 C Ui, |Si| = Til, 1 eu\s} with the
corresponding function > A’ X’ + (I — |y J)A,Jl
JES;
of the protection function p; ({X -1, F-) Jj € U;. Note that
Zt is the temporary variable for the convenience of problem
transformatlon. This completes the proof of Proposition 1.
Based on the above proposition, we can transform sub-
problem (7) into the integer programming problem as follows.
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Proposition 2: Sub-problem (7) can be transformed into the
following integer programming formulation:

min 33 X,

i€Z jeJur
st D, DL Xij =il
ieZ jeJur
DALXL =D UL -Tizi =, VieT
JEeJUR Jjeu;
Zi+Uf; > Al iXij VieI jel
variables : X’ € N Viel,je Jur
,’jzo, Viel, jel;
Zl>0, Viel (12)

Proof: First, we derive the duality of problem (11):
min " U} ; + T2

Jjeu;
st. ZL4+ Ul = Al X! Vel
variables : Uiij >0, Vj el

710 (13)

where we can observe that problems (11) and (13) are feasible
and their objective values achieve strong duality. Note that this
can be achieved through standard convex optimization theory
by swapping the logic of objectives and constraints between
problem (11) and (13). Based on Proposition 1, we know
that p; ({Xl’ j}, Fi)j U is equal to the objective function of
problem (13). Therefore, we can substitute (13) to (9), which
helps eliminate and transform the uncertain coefficients of
constraint C3’ in problem (7) into the constraints in (12) with
deterministic coefficients (i.e., the 2nd and 3rd constraints).
Note that the first constraint of (12) is the constraint C1 of
problem (7). This completes the proof of Proposition 2.

To this end, we have transformed the original problem (7)
into the equivalent problem (12), which can be solved by
standard integer optimization tools [38] under the given robust
parameter I';. Since problem (7) and problem (8) are two
parallel sub-problems, problem (8) can be also solved in the
same way as problem (7) by introducing a new parameter
I'; and deriving its equivalent problem. By conclusion, our
proposed method aims to transform the constraint C3’ with
uncertain coefficients into the equivalent constraint set of
certain coefficients. In the next part, we will analyze the
feasibility of our proposed solutions.

B. Solution Feasibility Analysis

1) Problem Transformation Loss Analysis: It should be
noted that the definition of I'; for handling the uncertain
constraints is that, for given i and I';, up to [I';] of the
coefficients A )€ Ji.ur are allowed to change by A and
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meanwhile there exists another one coefficient changing by
(T =Ty J)A’ . This is not equivalent to the original constraint
C3’ where for given i, the uncertain coefficient Al i Jj € Jiur
of the uncertain constraints changes by ;\\f i j € Jiur.
Note that I'; takes values in the interval [0, |\7,',UR|). This
can cause the problem transformation loss. Therefore, in this
part, we show that the proposed solutions are feasible, i.e.
the problem transformation loss is tolerable, by proving that
the transformation loss, or violation of C3’ is limited to a
maximum probability. Specifically, we introduce the following
proposition [37].

Proposition 3: Given a specific ith sub-constraint of C3’,
let {x;‘}, j € Jur be an optimal solution set of problem (12).
Let SF and [ be the set and the index which achieve
the minimum value of p; ({le’j}, I )/eu Let us define the
uncertain variable 7; ; = (A;’j - At /A’ ,j € U;, which
obeys an unknown, but symmetric dlstrlbution, and takes
values in [-1,1].

(a) The probability that the ith sub-constraint of C3’ is violated
satisfies:

P, z Af]x/ <v!'] <P Z Yi,jmi,j < Ti (14)
jeJur JeUi
where
1, if j €S
%ij = AJ if j € UNS? (15)
and
* =arg max A,-,rx,* (16)

reS*U{l*}

(b) The values of ~; ; satisfy ~;; <1, V j € U;\S}.

The proof of Proposition 3 is given in Appendix II. Eq. (14)
means that, by using the proposed robust parameter based
solutions, the violation probability of C3’ (the left part) is
upper bounded by the maximum probability (the right part)
of (14). And we can observe that as I'; increases, the upper
bounded probability for the uncertain constraint violation is
also increased. The reason is that the problem transformation
loss is increased as the number for handling the uncertain
problem constraints increases.

VI.

To reduce the complexity of the task offloading problem
P2 in Eq. (2), we decouple P2 by considering each decision
variable ﬂl’ e and 'yf i respectively. The rationality of the
problem decoupling is based on the fact that S’ j is a pre-
determined parameter in Eq. (3). Thus, the commumcatlon
delay and computation delay can be determined by the

independent channel allocation variable o/ ik and computation

SOLVING THE TASK OFFLOADING PROBLEM

2 ALK -

jeTur {Si0)1S; SU 1S 1= LT .l Ui\

max [ZAf X!+ (T -
JES;

LFiJ)A\i,li Xﬁ,li] > ‘Ill'l s Viel (9)

Authorized licensed use limited to: TU Delft Library. Downloaded on April 03,2025 at 11:29:05 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

FAN et al.: DT ASSISTED TASK OFFLOADING FOR C-V2X NETWORKS WITH IMPERFECT DT PREDICTION CONDITIONS 9

resource allocation variable ,31? ik respectively. In the

future, we will jointly consider the optimization of task
segmentation, channel resource allocation and computation
resource allocation decisions.

First, we solve the channel allocation sub-problem. Second,
we solve the computation resource allocation sub-problem.
We decouple the sub-problem S1 from the original problem
P2 as follows:

S1: min Zde]
i€l jeJ
s.t. DI, D4, D6

variables : ef{0,1},VieZ jeJ,ceC (17

r
l,],C

Considering that the sub-problem S1 presents a mutual
association between vehicular tasks and channel resources,
we introduce matching theory to solve it. Matching theory has
been proved efficient due to its ability in defining association
preference relations between the matching individuals and
reducing complexity for large-scale resource allocation
problems [39], [40]. Therefore, in the following part, we will
first present the matching framework for the sub-problem S1,
and then define the preference functions for the users and
the channels. Based on constraints D1 and D4, we can re-
formulate the sub-problem S1 as a many-to-one matching.

Definition 1: A many-to-one matching ® is defined as a
mapping: CU(Z, J) — CU(Z, J), such that (1) |®(c)| < 1;
@ 1OE N =CB) B ={iel jeTlc— ) <6}
and O, j)={ieZ, je JIl j) — cec B}

A. Vehicular Task Preference

Based on Eq. (3), we know that the objective of task
processing delay in (17) is prominently determined by the V2X
communication data rate. The preference of vehicle i’s task j
over channel c is defined as the V2X achieved data rate of
user i’s task j allocated with channel c:

Flj@©=R (18)

t
i,j.k.c

B. Channel Preference
The preference of channel ¢ over vehicle i’s task j is defined

as the priority level of vehicle i in the current time ¢:
Fi(, j) = E]

i,j.c

19)

where the priority level is introduced to guarantee the channel
allocation fairness, which can be defined as follows:

1

El. =—— 0<T' . <At 20

i,j,c Tit,j,c 41 i,j,c ( )
where Tlt ie records the number of time slots in which vehicle
i’s task j is allocated with channels during time slot interval
[t — At, t]. Thus, channel ¢ has the incentive to reject the user
task of low priority. The priority level of the rejected user task
will be improved in future time slots to achieve higher channel
allocation probability.

The matching algorithm for associating the URLLC and
non-URLLC tasks with the channel resources is presented in
Algorithm 1, which includes two parts. The first part is a

two-sided many-to-one matching for the URLLC tasks (lines
2-11). The URLLC tasks first send matching requests to their
most preferred channels based on the preference functions as
defined in Eq. (18) (lines 3-6). The channels wait to collect
the matching requests and then choose the most preferred
users based on the preference functions defined in Eq. (19),
and reject other tasks (lines 7-11) on the condition that the
allocated channel number doesn’t exceed the reserved channel
number. After the URLLC channel allocation is finished,
the non-URLLC tasks send matching requests to their most
preferred channels based on their preference functions as
defined in eq. (18) (lines 13-16). The channels wait to collect
the matching requests and then choose the most preferred users
based on the preference functions defined in Eq. (19), and
reject other users (lines 17-20).

C. Complexity

In line 2-11 of Algorithm 1, the worst-case scenario occurs
when all URLLC user traffics (i € Z, j € Jur) have the
same preferences on all channels (i.e., all URLLC user traffics
have the same preference list). In this case, all URLLC user
traffics ask for the same channel with the best preference value,
while other channels receive empty matching requests at each
iteration. Thus, it requires |Z|x | Jur| % |C| number of iterations
to finish the matching process. In similar, line 12-20 of
Algorithm 1 requires |Z|x |7 —Jur| x |C| number of iterations
to finish the matching process. In overall, the complexity of
Algorithm 1 is (9(|I| X |Jurl X [C|+|Z] x |T — Jurl| x |IC)).

Next, we decouple the sub-problem S2 from the original
problem P2 by considering the computation resource
allocation variable 'yf’ ig

. s t
S2:  min szid
i€l jeJ
s.t. D2,D5,D7

variables : vf’j’q e{0,1},VieZ, jeJ, qe (21)

where from constraints D2 and D5, we observe that the sub-
problem S2 can be also considered as a many-to-one matching
between the computation resources and the user task (similar
to Definition 1). Therefore, we define the preference functions
of the vehicular task and computation resources as follows.

D. Vehicular Task Preference

Based on Eq. (3), we know that the objective of task
processing delay in (21) is prominently determined by the
computation speed of the computation resources. Thus, the
preference of vehicle i’s task j over computation resource g
is defined as ¢g’s computation speed:

F (@) = Wi, (22)

E. Computation Resource Preference

The preference of computation resource g over vehicle i’s
task j is defined as the priority level of vehicle i in the current
time ¢:

tre =\ t
Fii.j) = E! (23)
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Algorithm 1 Channel Resource Matching

1 Initialize: /31 e = =0,Vi, j,c;
2 while the matching is not stable do
3 fori €7 do

4 for j € Jur do

5 ¢=argmax.cc F} ;(0);

6 User i’s task j sends matching requests to
channel ¢;

for c € C do

8 ¢ waits to collect all the requests;

9 if C%j Bl e Xl’*] then

10 a, f) = arg max(;, jyey (FC’ (i, j));

11 Set ﬁft.j,c =1, delete ¢ from C;

12 while the matching is not stable do
13 for i € 7 do

14 for j € 7 — Jyr do

15 ¢ =argmax.cc F} ;(0);

16 User i’s task j sends matching requests to
channel c;

17 for c € C do

18 ¢ waits to collect all the requests;

19 (i, J) = argmax(, jyey (FC’ (i, j));

20 Set ,32’ e T 1, delete ¢ from C;

where the priority level is introduced to guarantee the
computation resource allocation fairness, which can be defined
as follows:

1
t t
Equ —qu—i—lOSTi’j’qSAt

(24)

where T’ records the number of time slots in which vehicle
i’s task ] is allocated with computation resources durlng time
interval [t — At,t]. Larger T’ means that vehicle i’s task
j has been allocated with more resources in time interval
[t — At, t], and thus the resource allocation priority is lowered
to guarantee fairness. By contrast, the priority level of the
rejected vechicular task will be improved in future time slots
to achieve higher computation resource allocation probability.

The matching algorithm for allocating the URLLC and the
non-URLLC tasks with the computation resources is presented
in Algorithm 2, which includes two parts. The first part is a
two-sided many-to-one matching for the URLLC tasks (lines
1-11). The URLLC tasks first send matching requests to their
most preferred computation resources based on the preference
functions as defined in Eq. (22) (lines 3-6). The computation
resources wait to collect the matching requests and then choose
the most preferred tasks based on the preference functions
defined in Eq. (23), and reject other tasks (lines 7-11) on
the condition that the allocated computation resource number
doesn’t exceed the reserved number.
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After all the URLLC computation resource allocation is
finished, the non-URLLC tasks send matching requests to
their most preferred computation resources based on their
preference functions as defined in Eq. (22) (lines 13-16). The
computation resources wait to collect the matching requests
and then choose the most preferred tasks based on the
preference functions defined in Eq. (23), and reject other tasks
(lines 17-20). Similarly, the complexity of Algorithm 2 is
O(IZ x |Jurl x [Qkl + 1T x |T = Jurl x [QkD).

Algorithm 2 Computation Resource Matching

1 Initialize: ’yf’j,q =0,VYi, j,q;
2 while the matching is not stable do
3 for i € 7 do
for j S jUR do
q = argmax .o, F, (q)
User i’s task j sends matching requests to
computation resource g

S B

7 for g € Q do

g waits to collect all the requests;
= t 1%

it > v, <Y/ then

g€k
10 @, ]) = arg max(, jyey (F(;(i, j));
11 Set 4!, =1, delete ¢ from Q;
i.J.q

12 while the matching is not stable do
13 fori €7 do

14 for j € J — Jur do
15 g =argmax, .o F, (q)
16 User i’s task j sends matching requests to

computation resource 21\;

17 for g € Q; do

18 g waits to collect all the requests;
19 (i, ]) = arg Max, jyey (F(; (i, j));
20 Set fotfq = 1, delete g from Q;

VII. SIMULATION AND ANALYSIS

In this section, we first construct the DT simulator of
our proposed model by importing realistic roadmap into
SUMO. SUMO can perform vehicular safety prediction and
thus help to predict the URLLC task requirement. Based
on the prediction results, we evaluate the performance of
our proposed robust optimization based resource reservation.
Then, we compare the performance of our proposed resource
reservation and task offloading scheme with two benchmarks.

A. DT Construction and Vehicular Safety Prediction

As shown in Fig. 2 (left part), we select G2 Beijing-
Shanghai Highway as the realistic roadmap. The selected area
is a bi-directional four-lane road sector (i.e., two lanes in each
direction), with each lane of 3.6 meters in width. We select the
1 kilometers (km) length sector as the simulated area, as shown
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(1) Realistic roadmap

(2) DT’s SUMO simulator

Fig. 2. The mapping of realistic roadmap to DT’s SUMO simulator.

in Fig. 2. The realistic road structure, speed limitation and
vehicle density are mapped into the SUMO simulator, as in
Fig. 2. The maximum speed limitation is 90 km/h. The vehicle
density takes 20 per lane per km, which is estimated based
on the road traffic condition collected during 11:00-11:15
on 15th, May, 2023. In the SUMO simulator, the Intelligent
Driver Model (IDM) [41] is used for simulating the vehicle-
following behaviours. The IDM is a classic vehicle-following
model, which considers a driver’s desire to maintain a safe
distance from the front vehicle while also achieving the
desired speed. The safety control utilizes a lane-changing
model based on a reinforcement learning strategy of our
previous study [35], where a well-trained decision network is
stored in the RSU for assisting in the vehicular lane-changing
decisions. Thus, we can combine the realistic roadmap and
vehicular density data with SUMO’s vehicle-following and
safety control simulators, and thus create the DT for simulating
and predicting the vehicle speed and position within a certain
time slots. The predicted vehicle speed and position can be
utilized to calculate the TTC value IT:.

B. Performance Evaluation and Comparison

We conduct 1000 simulation periods (each simulation period
corresponding to 1 second), where the vehicle positions,
channel conditions and network control schemes are updated
in each period. Three RSUs are set at the points of
250 meters, 500 meters and 750 meters alongside the road.
We randomly select 10 vehicles as the investigated vehicles
with task offloading requirements, while the other vehicles
are considered as the background traffic flow. Each vehicle is
assigned with 10 non-URLLC tasks. Each non-URLLC task is
modeled as Poisson arrival process with 0.1 Mbits/s average
arrival rate. In addition, the URLLC tasks of vehicular safety
control applications are considered. Different from the non-
URLLC tasks, the URLLC tasks are generated based on DT’s
vehicular safety prediction results by satisfying 1} < TI. TI
is the TTC safety threshold, which can be set as s, 3s and
6s in our simulation. In other words, only when 1'[? <1
(which means that the vehicular safety condition is tense), the
URLLC tasks of safety control applications are generated. For
each vehicle, 10 URLLC tasks are generated, and each task is

T T T T
-<- Channel 1= 1
=~ Channel TT=3
6 @ ChannelTT=6 ;
-<- ComputationTT=1 !
5L =&— Computation TT =3 i, ,,,,,,,,,,,,,,,,,,,,,

'.' ComputationIT=6 |

Reserved resources per URLLC task

Fig. 3. Reserved resources per URLLC task versus I';.

modeled as Poisson arrival process with 0.1 Mbits/s average
arrival rate. The channel bandwidth is 5 MHz. The channel
model utilizes Rayleigh fading. For the purpose of comparing
the performance of our proposed scheme, the following two
benchmarks are considered:

o Scheme of Non-Robust Optimization (SNRO): This
scheme leverages DT prediction results to perform joint
resource reservation and task offloading, but ignores
robust optimization for handling the DT prediction
inaccuracy [34]. Hence, the prediction error can result
in either over or under utilization of communication and
computation resources.

o Scheme of Conventional Setup (SCS): This scheme
performs task offloading without DT, and thus channel
and computation resources cannot be reserved for the
URLLC tasks [42]. Hence, the URLLC task offloading
priority to access channel and computation resources are
not guaranteed. And the task offloading is based on the
computation and communication rate maximization.

C. Resource Reservation Results

Fig. 3 illustrates the reserved number of channel and
computation resources versus varying I'; with three different
levels of TTC safey threshold TI, respectively. Under the
same level of uncertainty I';, the smaller the TTC safety
threshold TI, the more channel and computation resources
are reserved for each URLLC task. The reason is that
less URLLC tasks are triggered for smaller TI and thus
each task is able to utilize more resources. It can be also
observed that the number of reserved channel and computation
resources gradually rises, which can reach the maximum value
due to the overall resource limitation, as I'; increases. The
reason is that the number of uncertain constraints which are
handled by the proposed solution in the resource reservation
problem gradually increases as I'; increases. The increasing
uncertainty requires more channel and computation resources
to be reserved and then allocated for handling the increasing
problem constraint uncertainty.

D. Algorithm Convergence

Fig. 4 demonstrates the cumulative number of matched
channel resources and computation resources of the chan-
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nel and computation resource matching algorithms (i.e.,
Algorithm 1, Algorithm 2), respectively. The first 7 iterations
demonstrate the resource matching of the URLLC tasks, which
starts to converge at about the 4th iteration. After all the
URLLC tasks are matched successfully, the matching for non-
URLLC tasks begins, which takes about 3 iteration times to
converge.

E. Communication and Computation Delay

Figs. 5 a and b present the average communication and
computation delay versus varying I'; for the URLLC and non-
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Fig. 6. CDF curves of average task delay under different schemes.

URLLC tasks with TT = 1 and TT = 3, respectively. Given the
same level of uncertainty, as more extra channel resources are
allocated for each URLLC tasks for smaller TI, the average
communication delay for URLLC tasks is slightly lower while
the average delay for non-URLLC tasks is much higher. It can
also be observed that the average communication delay of
the URLLC tasks significantly decreases with the increasing
[';. On the contrary, the average communication delay of the
non-URLLC task increases. The reason is that as the level
of conservatism in the resource reservation problem increases,
more channels are determined to be reserved for the URLLC
tasks. Since the overall computation resource is limited, the
available channels for the non-URLLC tasks are reduced,
leading to increased communication delay. We can observe
the same tendency for the computation delay in Fig. 5b.

F. Task Delay Comparison

In this part, we compare the average total delay of our
proposed scheme with the SNRO and SCS benchmarks, where
cumulative distribution functions (CDF) of the average total
delay are presented in Fig. 6. It can be observed that the
URLLC task offloading delay is 0.27 ms (proposed), 0.30 ms
(SNRO) and 0.35 ms (SCS) when CDF=0.5. The reason is
that the proposed method can use the DT prediction results
to satisfy the URLLC delay requirements. The SNRO cannot
handle the DT prediction error efficiently, which leads to
larger URLLC delay. In addition, the URLLC task delay of
the SNRO scheme distributes more widely than our proposed
scheme. The reason is due to its low robustness for handling
the DT prediction error. The SCS shows minimal performance
difference between the URLLC and non-URLLC tasks, which
means that the URLLC delay cannot be efficiently guaranteed.

G. Task Delay Versus Varying DT Prediction Error

In Fig. 7, the effects of different DT prediction error on
the URLLC task delay are compared between our proposed
scheme and the SNRO scheme. Without loss of generality,
we utilize C to represent the channel resource requirement
prediction error. And larger C value means larger DT
prediction error. We can observe that as C increases, the
performance of the SNRO scheme fluctuates frequently while
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our proposed scheme shows better stability. The reason is
that our proposed robust optimization balances the tradeoff
between the optimization objective optimality and the
prediction error. Thus, a more stable solution can be obtained
by adjusting the tradeoff parameter I';. By contrast, the SNRO
utilize the inaccurate constraints with prediction error for
resource reservation, for instance, the ranges between C + C
and C — C. Thus, the solutions are subject to the prediction
error, which show instability.

VIII. CONCLUSION

In this paper, we present a DT empowered MEC framework
for C-V2X communications, which jointly optimizes the
resource reservation and the task offloading with mixed
URLLC and non-URLLC tasks. The physical domain and the
DT domain of proposed C-V2X framework are elaborated,
respectively. The resource reservation problem, which resides
in the DT domain, is firstly formulated and solved by a robust
optimization approach, and the optimized reserved number of
channel and computation resources are found by adjusting
the robust parameter. The task offloading problem, which
resides in the physical domain, is based on the output of
optimized resource reservation solutions. And matching theory
is leveraged to solve the task offloading problem. In the
simulation, we construct a SUMO based DT simulator for
capturing realistic road network features. Simulation results
demonstrate that the proposed task offloading scheme can
significantly reduce the average URLLC task and shows better
stability compared against the existing benchmarks.

APPENDIX I
PROOF OF EQUIVALENCE BETWEEN EQ. (1) AND EQ. (5)
Our aim is to transform the division coefficient =— & ’Q£ in

C3, C4 of (1) into the multiplication coefficient A’ B’
C3’, C4’ of (5). We now prove that C3 and C4 are equlvalent
to C3’ and C4’ in the following two steps.
« First, consider when j ¢ U (accurate DT prediction
results), C’ = Q’ . = 0 and we have C’ = Cl’],Qij =
Qlt j- By substltutlng C = Qf ;=0 1nto the following
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APPENDIX II
PROOF OF PROPOSITION 2

We now prove Proposition 2, i.e., the violation probability
of the ith sub-constraint of C3’ as follows:

Py D A<y
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Z Aj X J+Z"’JAux;k<q’l

JjeJur

JjeU;

e D AL X < DAL (- LFJ)A,l*xl*
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=Py D mgALay < 30 A xid =)
jeu;/Sf JjeSt
+ (N = (N A 7 )
<P Z ni, jAfjx] < Al e
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jeu;

Inequality (B.1) is derived by substituting the optimal x;‘.‘
into Eq. (9), and relaxing the ‘maximization’ of (9), and
relaxing the subtraction into the addition. Based on the above
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operations, we can obtain the following equation:

z A;ﬁjx;f + ( Z A\;’jx; + (T — LFiJ)Zz’,l;‘x;) > gl

jeJur jeS!

which can be further derived as:

W= > AL < DAL 4 (T = (DDA s
jeJur jeS;

Inequality (B.2) is based on 1 — #;; > 0 and r* =
arg max A; .x*.

S esropry

Transformation from (B.3) to (B.4) is based on the definition
of ’y,‘,.,‘.

i At 1
To this end, we can prove that P, . % A jx;f <W'r =<
JEJUR

Py > vijmij <Ti
Jjeu;
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