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Abstract—For the computation offloading via device-to-device
(D2D) terminals and edge servers in a resource-constrained
wireless network (RCWN), mobile users can choose to offload
their tasks to nearby D2D terminals or edge servers according
to quality of service (QoS) requirements (e.g., load balancing
at the network edge) by mobile edge computing. To this end,
we first formulate computation offloading as a multi-user col-
laborative resource dynamic management optimization problem
that aims to maximize user satisfaction utility function, carefully
considering critical issues like the non-uniform distribution of
computational resources, user’s risk awareness, and the dynamic
changes between computing-intensive regions and computing-
sparse regions. This is a nonlinear and nonconvex optimization
problem, which is generally difficult to be solved. We then
construct a resource management scheme for resource allocation
of the edge server based on convex optimization. Furthermore,
we propose a dynamic offloading update strategy achieving the
maximum of user satisfaction utility function based on game
theory. The simulation results are presented to show that our
proposed method can increase the total system satisfaction utility
by nearly 20% and reduce the system energy consumption by
nearly 10% compared to the benchmark methods.

Index Terms—Computation offloading, mobile edge comput-
ing, edge server, resource allocation, game theory.
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N THE past decade, the number of mobile devices has

experienced an exponential increase, which poses signif-
icant challenges to various computing-intensive and time-
sensitive applications in wireless networks, such as video con-
ferencing, autonomous driving, and virtual-reality gaming [1],
[2]. Such networks often exhibit resource-constrained features
of wireless medium and energy storage [3]-[5]. Currently,
the integration of cloud computing and edge computing has
been widely adopted, and leveraging nearby edge servers to
enhance network computing capabilities is regarded as an
efficient and reliable approach. However, it cannot provide
the services of real-time transmission and computation for
huge amounts of mobile data traffic [6]. This is due to the
fact that each edge server in resource-constrained wireless
networks (RCWNs) has limited computational resources and
its computational capacity is shared by all users nearby in the
networks. If a large number of computation offloading tasks
are performed on the edge server, the edge server becomes
overloaded and may cause server failures. To mitigate this
negative impact, we introduce a promising device-to-device
(D2D)-based offloading [7]. Notably, idle users (e.g., parked
vehicles) present in the Internet of Vehicles (IoV) scenario can
act as D2D terminals to assist the edge servers in computation
offloading tasks and reduce the computational pressure on
the edge servers [8], [9]. Thus, for efficient support of the
above applications in RCWN, it is critical to offload users’
computational tasks to nearby edge servers and idle terminals
via cellular links and D2D links, respectively [10]-[12].

The computation offloading has been extensively studied in
RCWNSs (see Related Work in Section II for details). Existing
research on computation offloading focuses on edge servers
[13]-[15], D2D terminals [16]-[18], and joint edge servers
and D2D terminals [9], [19]-[21]. For the edge server-based
offloading, these works usually consider resource-sharing edge
network scenarios with multi-users. To determine optimal
offloading strategy, the optimization models are developed
with the constraints of user mobility, channel variations, and
computational resource allocation in such scenarios. Various
methods (e.g., game theory, reinforcement learning) are pro-
posed to solve these optimization problems. As for the D2D-
based offloading, these works fully utilize multi-user devices
to offload computational tasks, which can reduce the load
on edge servers to support computing-intensive applications.
Specifically, any device via D2D communication can directly
offload tasks to nearby device without forwarding through base
stations. D2D communication is a promising technology to



significantly improve network performances, such as compu-
tational capacity, transmission latency and network coverage,
which has been identified as an important component of 5G
and beyond [22], [23].

It is noticed that the above work mainly focuses on resource
allocation approaches in static regional scenarios. Under such
approaches, each user can be allocated a comparable amount
of computational resources. However, in computing-intensive
and computing-sparse areas, users’ demands for computational
resources often differ. The computing-intensive regions re-
quire more computational resources, while the computing-
sparse regions have relatively low computational requirements.
Particularly, these two types of computing regions change
dynamically based on user demand. For instance, a computing-
sparse region may become computing-intensive as demand
increases, and vice versa. As a result, two fundamental issues
arise. One is how to allocate computational resources to meet
the users’ demands in the dynamically changed computing
regions. Another is how to enhance offloading capacity and
user satisfaction once if edge server cannot satisfy the demand
of offloading in the computing-intensive region.

To address these issues, this paper explores a joint offloading
approach via D2D and edge servers, which can adaptively allo-
cate computational resources to meet the users’ demands in the
dynamically changed computing regions. However, the joint
approach poses two challenging problems. One problem is
how to model dynamically changed computational resources in
the computing regions according to users’ demands. Another
one is how to construct the utility function of user satisfaction,
and how to solve the complex optimization problem on the
utility function maximization. To this end, we first employ user
demand and server failure probability to model the dynamic
computing regions. Then, we further use prospect-theoretic
user satisfaction to construct the utility function and further
propose a game-theoretic approach to solve the challenging
optimization problem. The main contributions of this paper
can be summarized as follows.

1) We first formulate the computation offloading as a multi-
user collaborative resource dynamic management opti-
mization problem that aims to maximize user satisfaction
utility function, carefully considering critical issues like
the non-uniform distribution of computational resources,
the user’s risk awareness, and the dynamic changes
between computing-intensive regions and computing-
sparse regions.

2) We construct a resource management scheme for re-
source allocation of the edge server based on convex
optimization. We further propose a dynamic offloading
update strategy achieving the maximum of user satisfac-
tion utility function based on game theory and prospect
theory, which satisfies the requirements of users’ tasks
and load balancing at the network edge.

3) Finally, extensive simulation results are presented to
validate the effectiveness of our proposed algorithm and
to illustrate the impact of system parameter on system
utility. We also conduct the comparison study between
our proposed algorithm and some benchmark methods.

The remainder of this paper is organized as follows. Sec-
tion II summarizes the related work. Section III introduces
the system model of the RCWN. Section IV constructs the
overhead function and the prospect-theoretic utility function,
thus formulating the optimization problem of the satisfaction
utility. Section V proposes the GTCOS algorithm to solve the
optimization problem. Section VI provides extensive simula-
tion results. Finally, Section VII concludes this paper.

II. RELATED WORK

In RCWNSs, mobile edge computing (MEC) is an efficient
resource management technology to provide the computation
offloading service. The existing computation offloading in
MEC mainly depends on edge servers and D2D terminals,
which can support computing-intensive and time-sensitive
applications [9], [13]-[21].

For the edge server-based offloading, these works usually
consider resource-sharing edge network scenarios with multi-
users. Based on Q-Learning and convex optimization algo-
rithms, the authors in [13] propose a hybrid optimization
approach to achieve better network performance and lower
computing cost by optimizing computation offloading and
resource allocation in the edge network. The approach ver-
ifies the feasibility of MEC distributed offloading and solves
the optimization problem through decoupling. The work of
[14] aims to minimize the maximum task completion latency
among all devices by a joint optimization of service caching,
task offloading, communication and computation resource
allocation, and vehicle placement, while satisfying the en-
ergy consumption constraints of all devices. This approach
explores the joint optimization problem of resource control in
resource-constrained (especially for mobile terminals’ energy
constraints) edge networks. In [15], the authors investigate the
machine learning-based resource allocation mechanism, which
can intelligently balance and share computational resources
for MEC servers to meet the quality of service (QoS) of
applications. At the same time, it indicates that MEC systems
need to meet execution latency while minimizing the energy
consumption of Internet of Things (IoT) devices.

As for the D2D-based computation offloading, these works
fully utilize D2D terminals to offload computational tasks,
which can reduce the load of edge servers to support
computing-intensive applications. The work of [16] minimizes
the overall computation with the constraints of individual
energy and computational capacity at both a local user and
multiple helpers in a D2D-enabled MEC system. This ap-
proach validates the feasibility of D2D computation offloading,
where local users can offload their tasks to multiple helpers via
D2D communication. In [17], a mobile device and its nearby
devices form a mobile ad-hoc edge cloud allowing the agent
to offload its tasks to nearby devices, thereby reducing the
computational load of the mobile device. The work of [18]
is based on the framework of D2D fog computing to realize
the sharing of communication resources and computational
resources between mobile devices. The approach takes into
account the unpredictability of D2D devices while ensuring
optimal energy conservation between systems.



Recently, some work has been devoted to investigating
joint D2D and edge server-enabled computation offloading
schemes. The work of [9] focuses on the partial computa-
tion offloading problem in parked vehicle-based mobile edge
computing (PVMEC) systems, which extends the computa-
tional capacity of MEC servers by utilizing the resources
of parked vehicles (PVs), and formulates it as the system
utility maximization problem with a careful consideration of
offloading decisions, offloading ratios, and resource allocation.
The work of [19] conducts the study of task co-offloading
problem that offloads computing-intensive industrial tasks to
either MEC servers via cellular links or nearby industrial
devices via D2D links. A co-offloading framework is further
proposed to integrate migration cost and offloading willingness
in D2D-assisted MEC networks. The authors in [20] propose
a learning-based energy-efficient task offloading method for
delay-sensitive and computing-intensive tasks in Vehicular
Collaborative Edge Computing (VCEC). The approach ex-
plores the joint offloading problem in resource-constrained
edge networks and decomposes the optimization problem
into resource allocation and task offloading selection. The
authors in [21] propose a multi-agent deep reinforcement
learning (MADRL)-based approach to solve the task offload-
ing problem in air-ground cooperative vehicular computational
networks (AVC2N) by introducing unmanned aerial vehicles
(UAVs) and cooperative vehicles (CVs), while satisfying the
ultra-reliable and low-latency communication (URLLC) re-
quirements. The approach divides the computation offloading
problem into transmission cost optimization and computational
resource allocation problems.

We note that the above studies explore individual or joint
computation offloading issues, providing a useful perspective
for our research. On the one hand, D2D devices can be
an effective complement to edge server-based computation
offloading, but the unpredictability and optimal energy con-
servation of D2D devices need to be concerned. On the other
hand, efficient computation offloading schemes can be solved
one by one by decoupling into sub-problems. Combined with
the concept of Distributed Foundational Models, lightweight
multi-modal learning models can be deployed in multiple
edge servers, and federated learning technology can be used
to realize collaborative model updating, thus improving of-
floading decision-making and state sensing. This improves the
intelligence of offloading decision-making and state-sensing
[24], [25].

In our previous work [26], we explored the joint design of
D2D and edge server for computation offloading. However,
this work only considers a simple case that the computational
resources are uniformly distributed regardless of the dynamic
change of computing-intensive and computing-sparse regions.
Motivated by this observation, this paper proposes a dy-
namic allocation strategy for computational resources, which
can flexibly deploy resources for computing-intensive and
computing-sparse regions in RCWNs. To improve the com-
putational capacity in computing-intensive region, this paper
conducts a joint design for the D2D and edge server-enabled
computation offloading, under which the computational tasks
of mobile devices can be offloaded to their nearby devices.

III. SYSTEM MODEL
A. Network Model

As shown in Fig. 1, we consider an uplink transmission
cellular network consisting of one base station (BS), one edge
server, N mobile users, and M idle users. In such a cellu-
lar network, the computational requirements are dynamically
changing, which corresponds to the computing-sparse and
computing-intensive cases. For the former, each mobile user
can offload its computational tasks to the edge server deployed
on the BS via a cellular link. In the latter case, we consider
a joint computation offloading of D2D and edge server, with
which each mobile user can offload its computational tasks to
the edge server and the idle users via D2D communications.
We consider that the edge server can serve multiple mobile
users and each idle user can similarly serve multiple mobile
users. Users are free to choose either edge server or D2D ter-
minals for computation offloading services. It is worth noting
that due to the higher risk of edge server failure in computing-
intensive regions, users prioritize other computation offloading
methods (i.e., D2D-based offloading) in order to mitigate this
risk and ensure higher satisfaction utility.

We consider a multi-channel interference-limited wireless
communication environment in which all users share the
system’s bandwidth as the wireless communication channel.
Besides, all wireless channels encounter additive white Gaus-
sian noise with variance 2.

Note that the “dynamics” refers to the continuous changes in
the state of computing regions, while “variation” specifically
denotes the switching process between computing-intensive
and computing-sparse regions. The red and blue circular
arrows illustrated in Fig. 1 represent this dynamic evolution
mechanism of computing regions, and the variation process
unfolds as follows.

User behavior triggers changes in the computing re-
gion, resulting in transitions between computing-intensive and
computing-sparse states. Conversely, changes in the comput-
ing region also influence user behavior, thereby forming a
feedback loop. Specifically, uncertainty in resource availability
(e.g., dynamic fluctuations in the failure probability of edge
servers) induces user’s risk awareness in their offloading
decisions [27], [28]. When users reduce the volume of data
offloaded, the load on edge servers decreases, leading to
a corresponding drop in their failure probability. As users
perceive the edge servers to be operating more reliably, they
tend to increase the amount of data offloaded in pursuit of
higher satisfaction utility. However, this increased offloading
pressure gradually raises the failure probability of edge servers
once again.

In the RCWN, we utilize computation offloading services to
satisfy the demand for time-sensitive and computing-intensive
tasks in the computing region. In this network, each edge
server is considered as a core network entity with powerful
computational capacity to provide services to users. However,
its computational capacity is limited and still cannot satisfy
the demand of a large number of users in computing-intensive
regions. Therefore, it is crucial to provide computation of-
floading services to idle D2D terminals in computing-intensive



Fig. 1. System scenario

regions. Therefore, users, edge servers, and D2D terminadsnputational resources and wireless resources.
are jointly involved in the computation of oading process. In
addition, we propose a dynamic resource allocation and task
; ; ; ; ility df- Task Model
of oading strategy to guarantee a higher satisfaction utility
the system. The process is as follows. We useN = f1;2;3;::;;Ng to denote the set di mobile

When there is a demand for computation of oading sefSers and usé! = f1,2,3;:::M g to denote the set ol
vices, users need to add small metadata to describe the téglgsusers available to provide computation of oading services

and update their computational resource usage status. Thi'€ computing-intensive region. Note that mobile users and

edge server and all vehicles need to share the required dt§ Users (e.g., parked vehicles) are two different types of

information and obtain the optimal resource allocation ratiehicles. Among them, idle users are vehicles parked on the
by the Lagrange multiplier method. Then, the edge ser/2dside orin parking areas based on PYMEC [8], [9]. Mobile
provides the corresponding computational resources to {fzers are ve_hl_cles tha.t initiate computational requestg to fuI_II
users according to the optimal resource allocation ratio. Afjtélligent driving requirements. For the edge server, its avail-

users adjust their of oading strategies (i.e., the amount of d#iR/€ COmputational capacity is representedasnd it cannot
of oaded and the way of of oading) by constructing a non_of oad all computational tasks due to limited computational
urces. For the edge server=(0) and any idle terminals

cooperative game. Each user follows the best-response dyn&fii> dge
to indicate the amount of data of oaded to

ics and loops the above steps (i.e., dynamic resource allocatib®? Q)’ we used; S
and task of oading) to select the best response strategytﬁ'{m'na” , and usdl; to indicate the amount of of oaded data.

turn until the system converges to a Nash equilibrium. Baséd® ©f oading ratio of each task on the terminal (i.e., edge

on the resource allocation and task of oading decisions ff'ver and D2D terminals) is denoted as= d=Di, where
the Nash equilibrium state, data transmission is completédi IS the task packet size. Note that = 1 represents the
plete of oading case and; 2 [0; 1) represents the partial

and the results are returned to the user devices after beﬁ%n ; . X
processed by the edge server and the D2D terminal. nQioading case. All user tasks are assumed to have identical

that the RCWN senses the changes in computing-intensiveP5pceSsing density (in CPU cycles/bit), which is denoted as
computing-sparse regions by the server failure probability, antt 1huS: the computational task workload is expressed as
then selects at least one operation from local execution, D2D- C =D : 0
based of oading, and server-based of oading.

Deploying the computation of oading solution on the -
ground is a very challenging endeavor. Computation of oadinﬁ' Load-shifting Model
rst requires the deployment of infrastructure with a high- We use the user's changing demand functiBg; to
performance edge server on the base station side, and coepresent the transformation relationship between sparse and
putational resource allocation and management policies amgensive computing regions. The computing-intensive and
deployed on this server. Then, the base station is responsitienputing-sparse regions correspond to higher and lower user
for establishing communication links with subscribers andemands, respectively. Based on the user demand function,
D2D terminals, and at the same time monitoring the loade introduce the return functiolR, and the edge server
status of the edge server to accomplish the allocation faflure probabilityPif to represent the load-shifting model in



computing-intensive or computing-sparse regions. In particfinction is de ned as a continuous and increasing function
lar, the return function illustrates the positive experience of the total of oaded data processed by all users [29]. For
the edge server in providing computational resources, and tiegwork conditions, the change of edge server failure prob-
edge server failure probability illustrates the likelihood of aability corresponds to the shift between computing-intensive
edge server being affected by a computing-intensive regiand computing-sparse regions.
and triggering a failure. Without loss of generality, we reconcile the single of oading
The demand functiofiRy,; is de ned as a continuous andmethod and the hybrid of oading method by adjusting the
increasing function of the total of oaded data processed Iserver failure probability. To verify the generality of the
all users [29]. Without loss of generality, any function thamodel, we can exibly adjust the parameters to re ect the
follows the above properties can represent the user demacithnges in computing regions. the satisfaction utility function
and an example is used to represent user requirements asvalidates the user's ability to of oad computational tasks in
L P oy the continuously changing computing region of the RCWN.
Rot =11+ e o ); () The retumn of the system is the positive feedback from the
where is the correction factor for the demand function, an§d9€ Servers in providing computational resources to the users,
dio indicates the amount of of oaded data via edge servefthich is closely related to the users’ demands and validates
based of oading, which re ects the effect of a computing-the subjectivity of the users, thus avoiding the yield risk in

intensive region or a computing-sparse region on the syst§Rnputation of oading. In the optimization problem construc-
utility. tion process, we obtain the optimal strategy by maximizing

We de ne the return functiorR,e to be constantly posi- the s_atisfaction utility. Among th_em, _the satis_faction utility
tive, re ecting the positive experience of the edge server fPNSISts of the prospect-theoretic utility provided by edge
providing computational resources. The return function is S¢rver-based of oading, local computational consumption, and
continuous monotonically decreasing concave function [3d72D-Pased of oading consumption.

This is due to the fact that the positive experience of return de-

creases as the total user computational demand increases (be.Performance Model

the phenomenon of diminishing marginal returns). Without
loss of generality, any function exhibiting the aforementione
properties can represent the positive experience of return, I
we choose an example to represent the return function as

We de ne the time and energy consumption required to pro-
s computational tasks, which are related to the satisfaction
ty function introduced in the next section. The time con-

sumption model should consider local execution and of oad-

Rre(Riot) = € Rot +1: (3) ing scenarios. Here, the time consumption required for local
execution depends on the of oading ratio, the task workload,
We de ne the failure probability?{ of an edge server asand the local computational capacity. The time consumption

a function of the value of the user demand. Meanwhile, thequired for of oading depends on link transmission state,

failure probability of an edge server should be presented @sk workload, and terminal's computational capacity. The

a convex function in computing-sparse regions with low usehergy consumption model should incorporate local execution

demand and a concave function in computing-intensive regio@sergy, data transmission energy, and D2D terminal execution

with high user demand [29]. Without loss of generality, wenergy. Here, the energy consumption is associated with the
choose a representative example that satis es convergencedfnputation power parameter, the computational capacity, the
represent failure probability function as task workload, the link transmission state, and the of oading

pf = R2 - @) ratio.
i ot We consider that the edge network employs a partial of-

The effective probability of the system can be obtained #&2ding approach to computational tasks. Therefore, the local
1 P!, which tends to zero in extremely computing-intensiviask execution latenci®® is given as
regions. The model presented in this paper can effectively loc _ (. —floc.

; =@ )C=C )

capture the fundamental trend that servers are more likely
to fail as the load increases. At the same time, it simplvhereC; is the workload of the task,; is the of oading ratio,
es the calculation of mathematical variables (i.e., overheaghdf/°° is the local computational capacity.
function, prospect-theoretic utility function and satisfaction The time consumption on task of oading consists of trans-
utility function) related to server failure probability, ensuringnission latency and processing latency, which is expressed as
mathematical tractability. This facilitates the resolution of o _ Up . exe.
the subsequent optimization problem using game-theoretic G =t + 4 (6)
approaches. wheret;” represents transmission latency, afif represents

Note that we illustrate the reasonableness of the mOdegyPocessing latency.
assumptions about network conditions and user behavior agansmission latenc 1P of the cellular link or D2D link is
follows. For user behavior, users tend to choose the COMPYen by
tation of oading approach that can obtain higher satisfaction. tP = ¢ =R - @
It should be noted that the demand function of the users is I P
directly related to the amount of of oaded data. The demanshereR;; represents the transmission rate.



We consider the cellular and D2D links share the santensmission time can be ignored. Therefore, the user energy
frequency bands, and thus there exists mutual interferercmmsumptionE; is expressed as
among them. The Rayleigh channel model in small-scale W N
fading is considered in RCWN, i.e., the received signal is Ei = E°® + Ei‘j’a + Egom: (12)
assumed to be the sum of a large number of independent and j=0 j=1

identically distributed mult?—path components,.whic.h can _be Three types of energy consumption are denoted by formulas
approximated as obeying independent Gaussian dlstrlbutlogg. follows (13)-(15) [33]. Here, the value d&'¢ is the
Although the impact of time-varying channels on link qualit ultiplication of the computation power parameter, the cube of

is not explicitly con5|d_ered |n_th|s work, the Rayleigh fad'_the local computational capacity, and the local task execution
model under fast-fading environments has been extensiv Yency ThereforeE °¢ is given by
" I

used in existing studies to capture such effects [31], [32]. In .
fact, this paper does account for the intermittent connectivity Eloc = floc Tyloc, (13)
of communication links. Speci cally, we assume that vehicles . . c

; e ; . \ivhere is the computation power parametgf2° is the local
can access D2D terminals within a certain range. If a vehic € moutational capacit antP® is the local task execution
falls outside this range, its computational tasks can on P pactty,

Iétency.
be of qaded to the _edge server or executed chglly. For The value ofE!@ is the multiplication of the user's signal
transmitter (e.g., usa) and its receiver (e.g., terming), the . i . X
o . N , transmit power and the transmission latency between user
transmission rat®;; from useri to terminalj is determined - fra e
as | and terminajj . Therefore Ej® is given by

R, = Blog, 1+ PPN
e .
: ? 2+ N kei Pl

8) Ei® = pitj” = pid; =Ry ; (14)

where p; is the user's signal transmit power amk,'f’ is the
whereB is the channel bandwidth of the base statignis the transmission latency between usesind terminal .
signal transmit power of usérfor of oading the task to the  The value ofE§°™ is the multiplication of the computation
edge server or idle D2D terminalb; denotes the Rayleigh power parameter, the cube of the local computational capacity,
channel coef cient with Gaussian distribution, and is the and the processing latency of the terminal (e.g., edge server
noise power. Here, whep =0, R; is the transmission rate or idle D2D terminals). Thereforeg °™ is given by
of the cellular link, and otherwise, it is the transmission rate

3 exe.

of D2D link. EF™ = (Fy )"t (15)
The processing latendy at the terminal (e.g., edge servewhere is the computation power paramety, is the local

or idle D2D terminals) is determined as computational capacity, angf® is the processing latency of

e - g =F - 9 the terminal (e.g., edge server or idle D2D terminals).

[ L ©) Note that D2D terminals are limited in power supply.
whereF; is the computational resource provided by termin&Omputation of oading may exhaust the energy of the D2D
j to useri. The subscripf = 0 denotes the computationalterminals, resulting in the vehicle being unable to perform

capacity allocated by edge server, which can be expressediagluties, such as starting the vehicle engine [9]. Therefore,
a constraint is introduced to ensure that the residual battery

Fio= iF; (10) energy of the D2D terminal (i.e.E[*°) after D2D-based

. ) of oading is not less than a speci ed threshold valkg,ax ,
where F represents the computational capacity of the edg&,ich is given by

server, and ; represents the ratio of the edge server's com-

putational resources allocated to user Ef®=EM E{" Ema:; 8i2N;j2M; (16)
. Therefore, the of oading latency of the computational taslﬂ/hereEjres is the residual battery energy of the D2D terminal,
is given by ECU is the current energy level of D2D termirjalandE o™
o -, qexe— i i i is the energy consumption of D2D termirjal
G =4+ = = E - 11) The symbols used in this paper are described in Table I.
Rj Fi
The energy consumption in RCWN comprises three main IV. PROBLEM FORMULATION
components: A. Overhead Function

1) Local computation energg/°: The energy consumed
by mobile useri to process tasks locally.

2) Transmission energifitjra : The energy consumed for dat
transmission from userto terminalj .

3) D2D computation energf°": The energy consumed
by D2D terminalj to execute tasks of oaded from user

Note that the edge server is directly connected to the power
supply, and thus the energy consumption of the edge server is
not considered. The feedback of the results is so small that its Koo = tloc 4 gloc. (17)

For any useri, we give three types of overhead functions
according to the execution location of its computational tasks
4301, [31], [34].

1) Case 1 for local overheadtocal overhead consists of
the time consumption and energy consumption induced
by local computing of the unof oaded data. Then, the
local overhead functioi °° can be expressed as



TABLE |
DEFINITION OF MATHEMATICAL SYMBOLS
Symbol De nition
N The number of mobile users.
M The number of idle users.
N The set of mobile users.
M The set of idle users.
S The distribution of of oading strategies.
d The set of of oading strategies (except for usgr
di The of oaded data of usei.
dij The of oaded data from userto D2D terminal;j .
Di Task packet size.
i Processing density.
Cj The Workload of the task.
i The of oading ratio of each task on the terminal.
i The ratio of the edge server's computational re-
sources allocated to user
Rre Return function.
Rtot Demand function.
Pif The failure probability of the edge server.
t!"c Local task execution latency.
fi'OC Local computational capacity.
Rio Transmission rate of cellular link.
Rijj Transmission rate of D2D link.
hij2 Channel gain.
Variance of noise power.
th‘p Transmission latency between useand terminaj .
tﬁxe Processing latency of the terminal (e.g., edge server
or idle D2D terminals).
ti‘J? Of oading latency of the computational task.
F Computational capacity of the edge server.
Fij Computational capacity provided by terminalto
useri.
E; Energy consumption of usér
E loc Local computation energy.
E?jra Transmission energy.
EU@""‘ D2D computation energy.
pi Signal transmit power of user
K i'°° Overhead function for computing locally.
K ide" Overhead function for D2D-based of oading.
K fdg Overhead function for edge server-based of oading.
Ui Prospect-theoretic utility of user
Uj Satisfaction utility function of user.
Correction factor of demand.
Do Lagrange multipliers.
Loss aversion parameter.
! The weight of potential function.
m; n Sensitivity parameters.
T;max Tolerated latency of user
Omax Maximum iteration cycles.

Ko = P + t2¢ + Ef® + ESO™: (18)
Therefore, D2D's overheald %V is given by
K dev = K eV (19)

2) Case 2 for D2D's overheadD2D's overhead consists of
the time consumption and energy consumption induc?g
by of oaded data transmission and computing at th
D2D terminal. Then, the overhead functi(mi?e" for

useri of oading to D2D terminalj can be expressed a

j2Mm

consumption of the transmission, the time consumption
of the server computing, and the system return. Then,
the overhead functioi *® can be expressed as

KE0= 1 + Qv el
Fio
Assuming that the edge server fails, users will compute
locally, but the consumption caused by the transmission
has already been incurred. Then, the overhead function
K %9 can be expressed as

diORre : (20)

K9 = tfg + Eff + K[ (21)

We assume that the probability of failure Bf (see
Section III.C). Then, the mathematical expectation of
edge server's overhead can be expressed as

d. .
EK™)=0 ) t5+ L rES  doRe
|
+ Pt 4 EIR 4 Ko 2

B. Prospect-theoretic Utility Function

In order to address the uncertainty of edge server failure
and the risk awareness of users in of oading decisions, and
considering that real-life users are not risk-neutral, we adopt
the principles of Prospect Theory [35]. Prospect theory was
proposed byD. Kahnemanand A. Tversky which is a be-
havioral model in which users make decisions under the risk
and uncertainty of the bene ts associated with their choices
[30], [34]. The user's losses and gains in prospect theory are
evaluated based on reference points. The user's relevant utility
function is concave for gains (i.e., the user is risk averse in
gains) and convex for losses (i.e., the user seeks risk in losses).

Based on overhead functions and prospect theory, we con-
struct the grospect—theoretic utility function as

< ke okew wp.1 P
I | ' L |
U = n ; (23)
: Ko kref : wp. P/
where the reference value of user overhdaff’ = K/°°,
Pif is the failure probability of edge servam represents the
sensitivity parameter of the yield growth functionrepresents
the sensitivity parameter of the loss growth function, and
presents the loss aversion parameter. And, we denote “with
Srobability" as “w.p.” for brevity. Then, the mathematical
Sexpectation of the prospect-theoretic utility can be expressed
as

dio i m
II: - Eff + dioRee
i0

E(U)=@ Pf) Kl (i

f stra tra N.
Pi tic +Ejg

(24)

3) Case 3 for edge servers overhea@ecause of the C. Optimization Problem of Satisfaction Utility

fragility (i.e., uncertainty of failure) of the edge server as The satisfaction utility demonstrates the user satisfaction
a common pool of resources, the overhead needs towith computation of oading, which consists of the prospect-
discussed in a case-by-case manner. Assuming that thigweoretic utility provided by edge server-based of oading,
is no failure of the edge server, the overhead includes tleeal computational consumption, and D2D-based of oading



consumption. Thus, the satisfaction utillty can be expressed transition between computing-intensive and computing-sparse
as regions. User demand refers to the computation of oading
U= EU) Kl© Kdev, (25) service required by a single user to accomplish time-sensitive
and computing-intensive tasks in a computing region. Higher
, ; oo Riser demand implies that the amount of data to be of oaded
edge servers overhead ﬁsse 3 K represents the local i |arqer, and the corresponding computing region will shift
overhead irCase 1 andK ™" represents the D2D's overheaq, 5 computing-intensive region. Computing-intensive regions

in Case 2 Combining the prospect-theoretic utility f””CtiO”require a large number of computational resources and high-
proposed in [34] with network model, task model, load-

o \ . ~-performance devices, and limited resources often bring more
shifting model, and performance model, the satisfaction u“"&ncertainty. At this time, the failure probability of the edge
of the RCWN can be given by

server increases. Continuing to of oad data to the edge
dio i ‘ m server will signi cantly reduce the user satisfaction utility.
E'a + d,R : . . - .
Fio i0 i0Tre To guarantee the optimal satisfaction utility, we dynamically
adjust the resource allocation rate and the of oading policy.

Each user follows the best-response dynamics, completes the

whereE (U,) represents the mathematical expectation of t

U= P Ko @

f itra tra N loc loc
Py tic + Eio ™+ Ej

X tuP 4 di i + Ef@ 4 ECOM data transmission based on the optimal decision in the Nash
oM ! i ! ) equilibrium, and nally returns the result to the user device.
(26)
Our objective is to maximize the satisfaction utility function V. UTILITY FUNCTION MAXIMIZATION
of each user, which can be formulated as A. Problem Decoupling
Pl max (Uj) 27) Since the optimization problem in Eq. (27) includes integer-
div e _ constrained variables, continuous variables, and nonlinear
st. E(U) 0O 8i2N; (27a) terms, the problem is a mixed integer nonlinear programming
th T™; 8i2N;j 2M[f O0g; (27b) (MINLP) problem. This is a NP-hard problem, which is dif-
L 2[0:;1] 8i2N; (27¢)  cult to solve directly using traditional optimization methods.
X . To solve the MINLP problem, we decompose this complex
_ i L (27d) problem into two sub-optimization problems. The rst one is
'Zr’is . ) the optimization problem of computational resource allocation,
Ei™ Emax; 812N 2M: (27€) where we use a Lagrange multiplier method to optimize the

Here, d; represents the distribution of of oading strategie§eSource allocation scheme on the computational resource
(ie., the amount of of oaded data),; represents the setallocation ratio. The second one is the updating problem of
.e., vi

of resource allocation ratios[™™ represents the toleratedt® computation of oading strategy, where we design a game-

latency of usef, andj 2 f Og represents the approach of edgd'€oretic algorithm for strategy updating. ,
server-based of oading. The constraint in (27a) indicates that/é 'St optimize the computational resource allocation
the prospect-theoretic utility is always positive. (27b) indicaté®®!icy to reduce the computational time consumption of the

the tolerance level of system latency. (27c) and (27d) ens§dd€ server. Notably, we nd that reducing the computational

that the total computational resource allocation of one udif'€ consumption on the edge server (i.e., inglex 0) can

or all users does not exceed the edge server capacity. Findflgreéase the satisfaction utility based on Eq. (26). Thus, the

(27e) ensures that the residual battery en&ff§ of the D2D rSt sub-problemP2 can be formulated as

terminal after D2D-based of oading is not less than a speci ed ) . _ . dig

threshold valueE . k P P2: m|‘n tio = m|in L F (28)
Note that two types of utility functions are used in this sit. i 240; 1]; 8i2N; (28a)

paper, i.e., prospect-theoretic utility function and satisfaction

utility function. The prospect-theoretic utility function charac- _ i L (28D)

terizes users' valuation of available of oading options during 12N

decision-making, incorporating both the inherent uncertainiyhere (28a) ensures that the total allocation of computational

and subjective perception of potential gains when choosifgsources does not exceed the capacity of the edge server, and

between local computing and of oading. This function com¢28b) indicates the constraint on the computational resource

prises two key elements, i.e., the gain component and the l@decation ratio.

component, both derived from prospect theory principles. TheThe second sub-optimization proble8 on the computa-

satisfaction utility function quanti es users satisfaction withion of oading strategy can be formulated as

the system computation of oading performance, and consists

of the prospect-theoretic utility provided by the local overhead, P3: rTZJ?X (Ui) (29)
the D2D's overhead, and the edge server's overhead. st. E(U) 1, 8i2N; (29a)
It should be noted that network density in this paper refers £ TmeX: gi2N:j 2M[f Og; (29b)

to the size of the amount of computational data in a single ) oo T '
EJ-res Emax; 8i2N;j2M ; (29¢)

region, and the change in network density is re ected as a



where (29a) indicates that the prospect-theoretic utility is By combining the stationarity condition, the primal feasi-
always positive, (29b) indicates the tolerance level of systdpility condition, the dual feasibility condition, and the com-
latency, and (29c) ensure that the residual battery eriéftfy plementary slackness condition from Ep. ’633), and assuming

of the D2D terminal after D2D-based of oading is not lesshat the equality constraint is active (i.e.,;-; i = 1), the
than the speci ed threshold. internal solution can be simpli ed as follows.
B. Resource Allocation Based on Convex Optimization Py P 2
To address the optimization probleR?2, we construct a _ iz dio i . )
. S = — i 2N: (34)
resource allocation method based on convex optimization to F

obtain the optimal allocation of computational resources for _ _ . .
each user. We transform the optimization probl@® into Further, we obtain the closed-form solution (i.e., optimal

R( 1, 2;::1; n) and three constraints as resource allocation ratio) under KKT conditions as
d "3 P
C e — i — io i L .
RCa 2t w)=min - tg°=min === (30) ;= IISIZP—piN p——;i2N: (35)

= =1 i1 Gio i

X

S.t. i 1 0 (30a) Based on the closed-form expression in Eg. (35), we can see

i=1 . that the optimal resource allocation ratip is closely related
i Oi2N; (30b) to the amount of user's of oaded data. As the amount of user's

i 1 0i2N; (30c) of oaded data increases, the optimal resource allocation ratio

. ;_also increases.
where (30a) ensures that the total computational resource

allocation of all users does not exceed the edge server capacity,
(30b) and (30c) denote the upper and lower bounds of the ratio ) )
of computational resources that can be allocated to a sin§ie Computation Of oading Strategy

user, respectively. We propose a computation of oading strategy based on

We construct the Hessian matrix representation of pmbleé“non—cooperative game theory. We Ge= N :S:Zg to
P2 by taking the second order derivative as : o

2 3 represent the game model. Hend, represents the set of
2di0 i= 3F 0 0 mobile users participating in the game, the total strategy space
0 20,0 = 5F 0 S represents the strategy distribution of users in a Cartesian
H = . :  coordinate system, i.&=d; d ::: dy 1 dy,where
0 0 2o i= F di = fdio;diy;:::;djgi 2 N, andZ represents the total

(31) system satisfaction utility, which is the gum of the satisfaction

where each element of the above matrix is a non-negatifility values of all participants, i.eZ = 5y Ui.

real number. Thereforé{ is a positive de nite matrix. Since "€ game aims to obtain an appropriate strategy to achieve
the positive de nite matrix and the constraints are linear i’ Nash equilibrium condition, under which the decision
Eq. (30), it is a convex optimization problem. According tghange of each participant will not affect the satisfaction utility
the theory of convex optimization, the Karush-Kuhn-Tuckdknction [37]. For a given state, the potential function of the
(KKT) conditions are necessary and sufcient, and ndingl@me represents the trend of utility change among all users
a solution that satis es the KKT conditions is the globalVith different strategies of oading to the edge server or an
optimal solution [36]. We use the Lagrange multiplier methol@lle D2D terminal. For a potential game, we have

with KKT conditions to solve the optimization problem. The

Lagrange function can be expressed as ' Z d;d; z did; =! di;d did
Xoga X ' ' (36)
L(i; )= 01y 1 where d; represents the of oading strategy of user d?
i=1 iF i=1 32) represents the updated strategy of used ; represents the
X X set of of oading strategies except for user! represents
+ i)+ iCi 1), the weight of potential function,( di;d ;) represents the
i=1 i=1 potential function, and (d;;d ;) represents the total system
where , i, and ; are the Lagrange multipliers. The KKT satisfaction utility (i.e., the sum of satisfaction utility values
conditions are given by for all users) with strategied; andd ;.
8 dllg = 2F + + =0 Consider an exact potential game, ile.= 1. Then,
—_q. PN .
gp =1 1 1 _O, i=1 1 0' Z di;d i Z d?;d i = di;d i d?;d i
p izl ( =0, i 0 (33) (37)
% i (i 1D=0; ;7 1 0 The above equation shows that when the user's strategy is
: 0; 0; 0: updated, the changes in the total system satisfaction utility
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function and the potential function are equal. The differencelgorithm 1: GTCOS: A game-theoretic cooperative
of the potential function is expressed as of oading strategy.

(d%d )  (d;d ) Input: mobile users selN = f1;2;3;::;;Ng, idle
X users seM = f1;2;3;:::;M g, of oading
= Ui (d') Ui (d') StrategieSS =d; d dy 1 dn,
i2N ;di2(dPid 1) 12N di2(diid i) game modelG = fN ;S;Zg, iteration cycles
=U; () U (di)+ Ui (di) U; (di) g =0, maximum iteration cyclegmax, and
i2N di2d 2N di2d other algorithm parameters.
“U () U (d); Output: optimal allocation of computational resource
! P (38) F,o, and Nash equilibrium of oading

whereU; (d;) represents the satisfaction utility of usewith

strategiesS .

the of oading strategyd; . Therefore, the proposed game is art Initialization;

exact potential game (EPG) and satis es the conditions of
Nash equilibrium.

We then propose a computation of oading strategy named
game-theoretic cooperative of oading strategy (GTCOSY,
which is introduced imAlgorithm 1. The GTCOS algorithm
is summarized as follows. 5

According to the state of RCWNSs, we rst calculate the®
optimal computational resources to be allocated at each step,

3

2awhile each usern;i 2N do

calculate ; andF;, by Lagrange multiplier
method (seesection V.B);

obtain initialized of oading strategys and
Fi.j 2M[f Og

calculateU;(di;d ;) by Eq.(26) and Eq.(35);

select new strateggl? satis es
Ui(d%d ) =argmax;y ogUi(di;d i);

ie. 7 if Ui(dio;d i)> Ui(di;d j); 8i 2N then
Fio= F; (39) & | updated; = df;
9 else
where ; represents the optimal resource allocation ratio. 4 | di = di;
Then, the user iterates the strategy (e.g., edge server-based end
strategy or D2D-based strategy) and observes the change ofthe g= g+1;

utility function by game theory. The user takes its maximum end

value as the best response and uses the strategy at this pifpeat steps 2-13 until the algorithm converges or the
as the iterative strategy. This procedure is repeated until the number of iteration cycleg = gmax

strategy satis es the Nash equilibrium condition (i.e., every returnd, = d;;

user has no more updated responses). The iterative strdtegy obtain Nash equilibrium of oading strategies

is given by S =d, d, dy ; dy.

g = O iUdhd > Uidid 2N
di; otherwise. . . . .
mobility can exacerbate communication instability, causing
The set of optimal of oading strategy; is given by link interruptions, transmission latency, and potential packet
C = fdeda . _ loss. Additionally, the operation of RCWNs requires the
d; = di = fdig;diz;iiiidjgi 2N ; (41) collection of real-time vehicular data, such as location and

driving behavior, which raises serious concerns about user
privacy and data security. Ensuring secure, anonymous, and
privacy-preserving data exchange in such a dynamic and
gecentralized environment remains a signi cant challenge for

and Nash equilibrium of oading strategi€s are given by

S=d d, dy 5 dy: (42)

It should be noted that although computation of oadin
exhibits strong potential for practical deployment in RCWN
its large-scale adoption remains dependent on the continuous ) )
advancement of communication and computing infrastruB- Complexity Analysis
tures, as well as breakthroughs in key networking technologiesWe generate the user's computation of oading policy via
Therefore, the evolution of computation of oading should ba distributed iterative low-complexity algorithm. For the opti-
regarded as an incremental process that co-develops with ithigation problemP2, the computational complexity depends
maturity of the underlying infrastructure. on the complexity of the Lagrange multiplier method and

In practical vehicular networking scenarios, network topoldhe number of algorithm iteration cycles. According to Eq.
gies are inherently complex and highly dynamic, whick35), the solution process involves traversidgelements for
introduces several challenges to real-world implementatiosquare root and summation operations, so the computational
Communication links between vehicles are often affected lopmplexity of the solutions for optimal resource allocation is
occlusions caused by obstacles such as buildings, bridge¢N ), whereN is the number of users involved in resource
and large vehicles, particularly in dense urban areas, leadlocation. Thus, the computational complexityG¢N  g).
ing to intermittent connectivity and D2D signal degradatiorzor the optimization problen®P3, we perform the following
Moreover, frequent handovers resulting from high vehiculanalysis. According to the best-response dynamics, we denote

ractical implementation.
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TABLE I
THE SIMULATION PARAMETERS

Parameters Value
Transmission channel bandwidth 10 MHz
computational capacity of user [5;7] 10° CPU cycles/s
computational capacity of edge serve3 100 CPU cycles/s

Signal transmit power of user f10; 30g dBm
Gaussian white noise power 114 dBm
Packet data size [10; 20] Mb
Processing density 100 CPU cycles/bit
Tolerated latency of user [0:5;1]s
Sensitivity parameter f0:1;0:2; ;0:9;1:0g
Loss aversion parameter f0:2; 0:4; ; 1:8; 2:0g
Correction factor of demand function 1.5 10 10

the c_omputatlonal com_plex_lty of a single convex optimizatiopg. 2. variation of of oad data for different users.
solution asO(A). Considering that there afé users in the
RCWN involved in the computation of oading, and at the
same time the algorithm needs g iteration cycles to converge
to the Nash equilibrium, the computational complexity is
O(N g A). In summary, the computational complexity
of the GTCOS algorithm we proposed@®N g (A+1)).
Since O(A) is much larger thanO(1), the computational
complexity is reduced tO(N g A).

In large-scale scenarios, to enhance system manageability
and computational ef ciency, we partition the overall net-
work into several sub-regions and deploy dedicated edge
servers within each region, thereby constructing multiple non-
overlapping small-scale network sub-scenarios. Within these
localized areas, we assume that signaling delay between nodes
can be neglected to simplify model analysis and optimization.

Fig. 3. Variation of satisfaction utility for different users.
VI. SIMULATION AND ANALYSIS

We conduct simulation study to analyze the COnVeTgeN& & nce performance. Regarding the case of six mobile users
performance of GTCOS algorithm, and also to illustrate t P - R€g 9 '

impact of critical system parameters on the of oaded data and®: 2 shows how the number of iteration cycles affects the

failure probability. We further provide performance comparl"f‘mount of of oaded data for each user. It is observed from

son between GTCOS algorithm and other methods. Fig. 2_ that the numper of of oaded data rst increases, then
experiences dynamic changes, and nally keeps unchanged.

This is because when the number of iteration cycles is rela-
o ) ] ] tively small, each user can obtain gains through of oading its

In this simulation, we consider an RCWN scenario Cofzsks to the edge server, and thus the amount of of oaded
sisting of an edge server at the base station, and 20 randogidYa increases as the number of iteration cycles increases.
distributed mobile users with computational requirements Wiy the number of iteration cycles continues to increase, the
high-reliable and low-latency tasks (e.g., video conferencingser demand and the probability of server congestion increase,
virtual-reality games, etc.), and 10 idle users are D2D terMjmich leads to the dynamic changes of the number of of oaded
nals for task of oading. The transmit power of mobile users igata. For each user, as the number of iteration cycles increases
set to a constant value selected from thef 4€& 30g. Although ) 1o a threshold, the state of each user converges to a Nash
the randomness and time variability of task arrivals were N@huilibrium, and thus the amount of of oaded data remains
explicitly incorporated during the model construction phasgnchanged.
we fully considered the stochastic nature of task arrivals in rig. 3 shows how the number of iteration cycles affects the
the experimental design and simulation process (i.e., the dakyr satisfaction utility. We can see from Fig. 3 that the tread
packet sizes were randomly sampled within a given range),dfichange is similar to that in Fig. 2. This can be explained as
order to more accurately re ect the behavior of system undgjjiows. At the beginning of iteration, increasing the number
dynamic conditions. The detailed parameter setting is listeddf iteration cycles can increase the satisfaction utility of each
Table II. user via of oading its tasks to edge server. When the number

) of iteration cycles becomes bigger, the edge server cannot

B. Performance Analysis execute all tasks, and thus these tasks will be executed locally

1) Convergence Performancelo ensure the reliability of or of oaded to nearby D2D terminal for handling, which
our proposed GTCOS algorithm, we rst analyze its conveteads to the dynamic changes of the number of satisfaction

A. Parameter Setting
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Fig. 4. Average of oaded data convergence for all users. Fig. 6. Variation of average of oaded data with different users.

Fig. 5. Total system satisfaction utility convergence of the GTCOS algorithrig. 7. Variation of total system satisfaction utility with different users.

utility. When the number of iteration cycles further increasesaries with system parameters. Note that the user satisfaction
the system converges to the Nash equilibrium and thus thility is modeled based on prospect theory from economics.
satisfaction utility of each user remains unchanged. Within the framework of prospect theory, users are risk-aware.
Regarding the case of the total 20 mobile users requirilgpeci cally, due to concerns about potential failures of edge
task of oading, Figs. 4 and 5 show that both the amourstervers, users tend to proactively avoid risks when making
of average of oaded data and total system satisfaction utilijecisions.
tend towards constants. This also indicates the convergence dh the initial phase, the probability of edge server failure in
the GTCOS algorithm. Note that the con dence intervals ammputing-sparse regions is relatively low, and users, driven
shaded in these gures and the con dence level is 95%. by risk perception, tend to prefer of oading to edge servers.
Figs. 6 and 7 illustrate the impacts of different numbers dtus, both the local and D2D's overheads decrease. We can
mobile users on the amount of of oaded data and the totsée that the user satisfaction utility ascends as the values of
system satisfaction utility. Fig. 6 shows that as the number loical and D2D's overheads decrease in the second and third
mobile users increases, individual user can of oad less amoutgms of the user satisfaction utility in Eq. (25). When the
of data to the edge server or D2D terminals. This is due to themputing region becomes related intensive, the edge server
fact that when too many users enter the computing region, th&s a high failure probability, and thus the users are more
large number of computational tasks can cause the congesiimiined to execute tasks locally or via D2D terminals. This
of resource constrained system. Fig. 7 shows that as tileenomenon will lead to an increase in the overhead function,
number of users increases, the total system satisfaction utiliiereby resulting in a decline in the user satisfaction utility.
increases. However, a careful observation from Fig. 7 showsln summary, the user satisfaction utility exhibits a “rise-
that the average satisfaction utility of individual user decreastgen-fall” trend as the system evolves dynamically, eventually
as the number of users increases. This is because for limitashverging to a Nash equilibrium. In fact, the nal utility
system computational resources, the allocated resourcesha$ increased from the initial period. This is because, in the
individual user decrease with the increase of the number ioftial period, the prospect-theoretic utility made a signi cant
users. contribution, but due to the substantial increase in the proba-
The curves in Figs.2 to 7 illustrate that the system satility of failure, the prospect-theoretic utility declined rapidly.
isfaction utility (i.e., the sum of user satisfaction utility)Therefore, from the overall trend of changes in the utility
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Fig. 10. Impact of the number of users with task requests on total system
satisfaction utility.

Fig. 8. Of oaded data with different sensitivity parameters and different loss

aversion parameters.

aversion parameter[30], [31]. With careful observation from
Figs. 8 and 9, we nd that whem=0.4 orm=0.1, the failure
probability Pif maintains at a low level. Under the settings of
the parametersn=0.4 and =1.0, we can guarantee a higher
value of the satisfaction utility function and also increase the
amount of of oaded data with a lower probability of server
failure.

2) Ef ciency Analysis:

In order to validate the ef ciency of our proposed GTCOS
algorithm, this section compares and analyzes its performance
with the following three benchmark methods.

All centralized in MEC servers strategy (ACMEC)The
ACMEC scheme considers that all computation of oading
tasks use the edge server-based of oading strategy, and sets
the task of oading ratio and resource allocation ratio to xed
values (i.e.di =0:5 Dj and j =1=N).

Fig. 9. Failure probability with different sensitivity parameters and different D2D-based of oading strategy (D2D)The D2D scheme
loss aversion parameters. considers that all computation of oading tasks use the D2D
terminal-based of oading strategy and sets the task of oading
ratio to a xed value (i.e.di =0:5 D;).

function, the nal utility has increased from the initial period. Uniform allocation of computational resources strategy
This process re ects the evolutionary dynamics of the trad@JACR): The UACR scheme considers that all computation
off between risk awareness and resource utilization within tlag¢ oading tasks use the of oading strategy of the joint edge
system. servers and D2D terminals, and sets the task of oading ratio

The heat maps in Figs. 8 and 9 show the impacts ahd the resource allocation ratio to xed values (i@.,=
the sensitivity parametem and the loss aversion paramete®:5 D; and ; =1=N).

on of oaded data and failure probability. Increasing the Since users have the feature of random mobility, the number
sensitivity parameter could increase the yield section of utiligf users changes dynamically in the communication range of
in Eq. (23) (i.e., K Kiedg), which motivates users to the edge server. Thus, we explore how the number of users
of oad computational tasks to the edge server. However, affects the total system satisfaction utility under the xed
the sensitivity parameter increases, the failure probability eétting of the number of idle devices, as shown in Fig. 10. We
the server also increases. When the loss aversion parametar see from Fig. 10 that as the number of users increases,
increases, users will reduce the loss to ensure a smaller vathe total system utilities increase under these three algorithms
of the loss section in Eq. (23) (i.eKi'adg K "), and thus (except for the D2D scheme). This is because the positive
they will more willing to execute the tasks locally rather thamalue of our satisfaction depends in part on the expectations
of oading them to the edge server. This will decrease thef the edge servers, so there are no expectations for D2D
probability of server failure. Note that our method is basestheme. It is notable that our GTCOS algorithm can increase
on of oading as much data as possible to a high-performante total system satisfaction utility nearly by 20% compared
server, while ensuring an acceptable server failure probabilitg. the other three algorithms. It can be explained as follows.
As a result, there is a trade-off on the failure probability by As the number of users increases, each user can obtain the
careful selection for the sensitivity parametarand the loss edge network resources to improve satisfaction utility and
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Fig. 11. System energy consumption in different scenarios.
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Fig. 12. Time consumption of the single task in different scenarios.

thus the total system satisfaction utility increases. However,
as the number of users further increases, the edge network
resources cannot satisfy the requirements of all users, and thus
the total system satisfaction utility is kept unchanged. Under
our GTCOS algorithm, users can fully take advantage of edge
server-based and D2D-based offloading for achieving the task
offloading and resource allocation.

Since the edge server has a stable power supply from a
directly connected power source, we only need to consider
the system energy consumption at mobile users and idle D2D
teripanals. Thus, the system energy consumption is expressed
as ;5N Ei. Fig. 11 shows how the number of users affects
system energy consumption under these four algorithms. It
can be seen that the system energy consumption under each
algorithm increases with the increase of the number of users.
Note that compared to the other three algorithms, our GTCOS
algorithm reduces the system energy consumption nearly by
10%. The reason behind these phenomena can be summarized
as follows. The ACMEC and D2D schemes cannot utilize the
resource allocation advantages of jointly considering the edge
server and D2D-based offloading strategies, and thus a larger
amount of energy is consumed for executing each task. In the
UACR algorithm, the fixed resource allocation scheme allows
the edge server to consume a limited amount of the system
energy. The GTCOS algorithm takes into account the dynamic
resource allocation such that the system consumes relatively
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Fig. 13. Average offloaded data convergence for all users.
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Fig. 14. Total system satisfaction utility convergence of the GTCOS algo-
rithm.

little energy. Under our GTCOS algorithm, users can also fully
take advantage of edge server-based and D2D-based offloading
for conserving system energy.

Fig. 12 shows the time consumption performance of the
single task under different algorithms. Since the latency re-
quirement standard for vehicular network is no more than
50 ms, and that for online gaming is less than 100 ms, the
time consumption of all algorithms shown in Fig. 12 can
satisfy the requirements of latency standard. Note that the time
consumption of our proposed GTCOS algorithm is a little bit
higher than that of the baseline algorithms. The reason can
be explained as follows. The ACMEC and D2D schemes do
not execute subsequent offloading strategy updating, and only
require resource allocation to accomplish the task execution.
Their time consumption of task is mostly within 25 ms. The
UACR algorithm integrating two offloading algorithms does
not execute dynamic resource allocation. Therefore, it has
a lower time consumption of task. Our proposed GTCOS
algorithm adds the process of dynamic resource allocation and
strategy updating, which gains a better total system satisfaction
utility at the cost of sacrificing time consumption.

We then scaled up the experimental size of the edge network
with 100 mobile users. Figs. 13 and 14 show the convergence
(within 12 iteration cycles) of the GTCOS algorithm.



VII. CONCLUSION

This paper studied the computation offloading by a joint
design of D2D and edge server for high-reliable and low-
latency services in RCWNs. We first formulated the computa-
tion offloading as a multi-user collaborative resource dynamic
management optimization problem, which fully addresses the
non-uniform distribution of computational resources and the
dynamic changes between computing-intensive regions and
computing-sparse regions. We further proposed a dynamic
offloading update strategy based on game theory to solve such
an optimization problem. The simulation results show that our
proposed GTCOS algorithm can achieve higher total system
satisfaction utility and lower system energy consumption in
comparison with the benchmark algorithms.

In future work, we will further use Markov model or
real trace-based evaluation to investigate the time-varying
characteristics of D2D link and task arrival rates in order to
enhance the model’s ability to capture load fluctuations in real-
world scenarios. Then, we plan to incorporate a more rigorous
model using queuing theory (e.g., M/M/1/K models) or server
utilization thresholds to increase the realism and generaliz-
ability of the approach. To further improve the scalability
and robustness of the system in environments with a large
number of users, we propose to adopt distributed protocols or
asynchronous game update mechanisms.
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