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Abstract—Mobile Edge Computing (MEC) utilizes edge servers
to offload the computational burden from cloud infrastructure.
By providing low-latency and high-bandwidth services, MEC
enables mobile users and IoT devices to efficiently offload and
execute computational tasks at the network edge. However,
optimizing communication and computational resources in a
multi-user, multi-server MEC environment remains a significant
challenge. In this paper, we propose TSAJS, an efficient multi-
server joint task scheduling scheme designed to enhance the
effectiveness of MEC offloading. We model the task offloading
and resource allocation problem as a Mixed-Integer Nonlinear
Programming (MINLP) problem, aiming to maximize user of-
floading gain by minimizing task completion time and energy
consumption. A heuristic algorithm for offloading is introduced
by combining threshold-triggering and simulated annealing to
effectively avoid local optima and converge toward the global
optimum. Meanwhile, the optimal solution for resource allocation
is derived using the Karush-Kuhn-Tucker (KKT) conditions. Ex-
perimental results demonstrate that TSAJS delivers near-optimal
performance, outperforming traditional methods in terms of user
offloading effectiveness. Its efficiency enables solution finding
within polynomial time, while also adapting to the preferences
of users and service providers.

Index Terms—Mobile edge computing, Internet of Things,
distributed computing system, computation offloading, multi-
server resource allocation, approximate optimization.

I. INTRODUCTION

With the rapid proliferation of connected devices, the upper
layers of the internet are experiencing unprecedented pressure.
Traditionally, many critical applications and services have
relied on centralized cloud architectures. However, this model
is increasingly revealing significant bottlenecks, including net-
work congestion and latency issues, which hinder scalability
and performance in real-time applications [1], [2]. In response
to these challenges, Edge Computing (EC) has emerged as
an innovative computing paradigm that addresses the limita-
tions of traditional cloud computing. By deploying computing
resources closer to users and data sources at the network
edge, EC reduces data transmission distances, lowers latency,
and enhances bandwidth utilization, thereby improving service
efficiency and user experience [3]. From instant responses in
smart homes to safe navigation in autonomous driving, EC,
with its unique advantages, brings unprecedented convenience
and efficiency to various industries [4].

As a prominent branch of EC, Mobile Edge Computing
(MEC) further amplifies the advantages of this technology. By
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Fig. 1. Efficient task offloading and computing resource allocation for
multiple mobile users through TSAIJS in a multi-server MEC network.

deploying servers at the edge of the network, MEC provides
powerful computational support for mobile devices, enabling
seamless offloading of complex tasks. This not only alleviates
the processing burden on devices but also extends battery life
and improves overall performance [5]. MEC has proven in-
strumental in various real-world applications, including traffic
management in smart cities, real-time monitoring in industrial
production, interactive classrooms in remote education, and
immersive virtual reality experiences [6]. However, as the
scope of application scenarios continues to expand, achieving
efficient task offloading and rational resource allocation in
complex environments with multiple users and servers has
become a significant challenge [7], [8]. The decision-making
process for task offloading is inherently complex and dynamic,
influenced by factors such as task characteristics, network
conditions, and server loads. Addressing these complexities
has become a critical research focus, as well as a key obstacle,
in advancing the field of MEC [9].

The communication requirements between devices and
MEC servers in the uplink wireless channel inevitably in-
troduce additional latency and energy consumption costs. In
environments with numerous offloading users, the limited
computational resources of MEC servers become a significant
bottleneck, constraining task execution efficiency. Addressing
this challenge requires making intelligent offloading decisions
and efficiently allocating execution resources, which have
become central topics for achieving effective computational
offloading. Previous research has made some progress in this
field, focusing on optimizing offloading strategies [6], com-
munication resources [10], [11], or computational resources
[12] to partially mitigate this challenge. Recently, Kuang et
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al. [13] explored partial offloading scheduling and power
allocation strategies in mobile edge computing systems. Liu
et al. [14] optimized the delay of computational offloading
using NOMA-OMA hybrid transmission technology. Li et al.
[15] achieved energy-efficient task offloading through dynamic
voltage scaling technology. Although these studies provide
valuable insights into task offloading in a single-server MEC,
they fall short of addressing the complexity of real-world
scenarios. In practical applications, multi-server, multi-user
scenarios are increasingly common, necessitating a reevalu-
ation and optimization of task offloading strategies.

As shown in Figure 1, our approach enhances the traditional
MEC system by designing a strategic framework for multi-
server MEC-assisted networks. This framework optimizes user
computation offloading in ultra-dense multi-cell environments,
where each base station (BS) is equipped with an MEC server.
The multi-server setup ensures balanced resource allocation,
effectively addressing overload issues, and improving load
distribution [16]. Meanwhile, it reduces user interference and
resource contention, boosting processing efficiency in multi-
task scenarios. To achieve this, a comprehensive understanding
of user tasks, MEC resources, and wireless channel conditions
is essential. This is enabled through Coordinated Multi-Point
(CoMP) systems for channel information sharing or Cloud
Radio Access Networks (C-RAN), where all BSs connect
to a unified Baseband Unit (BBU). The centralized access
to system state provided by C-RAN enhances coordination
and resource management. While this approach introduces
increased backhaul traffic and signaling requirements, the tight
integration of BSs in C-RAN mitigates these challenges, offer-
ing a more efficient and scalable solution [17]. We summarize
our main contributions as follows:

We propose TSAJS, an efficient multi-server joint task
scheduling scheme that models the communication and
computing resource optimization in a multi-user, multi-
server MEC system as a MINLP problem, maximizing task
offloading gains through optimized offloading and resource
allocation.

We develop a Threshold-Triggered Simulated Annealing
(TTSA) algorithm for task offloading, which enhances
search efficiency and avoids local optima. Based on the
offloading decisions made by the TTSA algorithm, the
Karush-Kuhn-Tucker (KKT) conditions are then applied to
optimize the computing resource allocation, ensuring both
efficiency and feasibility.

TSAIJS can find near-optimal solutions in polynomial time,
adapting to user and service provider preferences. Simu-
lation results demonstrate its superiority in offloading effi-
ciency, outperforming existing solutions.

II. RELATED WORKS

Mobile Edge Computing (MEC), an edge computing ar-
chitecture standard introduced by Professor Satyanarayanan,
focuses on deploying computational and storage resources
at the network edge. Designed to address the unique con-
straints of mobile networks, MEC has been recognized across
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three key industries for its specialized applications. Originally
proposed by Nokia Siemens Networks in 2013, MEC was
designed to operate within the Radio Access Cloud Server
(RACS) and fully integrate with multimodal base stations,
such as Flexi [18]. Building upon this foundation, the Eu-
ropean Telecommunications Standards Institute (ETSI) intro-
duced several related variants to enhance MEC’s capabilities
[19]. Today, MEC has become a cornerstone for delivering
diverse computing applications and content services, driven
by service providers leveraging edge network infrastructure.
To further regulate and standardize its application in the Radio
Access Network (RAN), an industry standards group has been
established, highlighting its growing importance in modern
network ecosystems [20].

The MEC network comprises multiple edge servers de-
ployed at base stations, each functioning as a compact data
center tailored to meet specific service requirements. In the
context of IoT and 5G, various customized solutions for MEC
have been proposed. The ITU’s M.2083 report highlights
three key 5G application scenarios: enhanced virtual reality
[21], IoT [22], and vehicular networks [23], along with use
cases such as video streaming analysis and acceleration [24],
enabling faster response times and improved quality of service
(QoS). As the number of connected devices continues to grow,
the sheer volume of generated data places significant strain
on centralized cloud architectures, leading to communication
bottlenecks and inefficiencies [25]. Addressing these chal-
lenges requires advancing MEC research across five critical
aspects: delay-sensitive applications [26], real-time processing
and edge intelligence, economic considerations [27], security
and privacy requirements, and enabling technologies for MEC.
At the same time, MEC must offer effective solutions to
mitigate the challenges arising from its implementation.

Recent research on MEC has emphasized its exceptional ca-
pabilities in computation offloading, which involves efficiently
allocating users’ compute-intensive tasks—whether indepen-
dent tasks or workflows—to edge servers with sufficient com-
puting resources [28]. The processed results are then returned
to the mobile devices. Task offloading encompasses several
types, including partial task offloading, full task offloading,
code offloading, and horizontal offloading. For full task of-
floading, methods have been developed to minimize both the
total resource cost and the latency of user requests [29]. In
the case of partial task offloading, a distributed approach has
been proposed to manage offloading tasks, allowing each task
to be arbitrarily partitioned at the bit level for optimized partial
offloading [30].

An examination of the literature on computational offload-
ing tasks reveals that current research objectives can be catego-
rized into four primary evaluation criteria: minimizing latency,
reducing energy consumption, maximizing profit, and enhanc-
ing system utility. To address these objectives, a wide range
of mathematical and computational methods has been utilized,
including Mixed-Integer Nonlinear Programming (MINLP)
[31], Successive Convex Approximation (SCA) [32], and sub-
optimal algorithms based on hierarchical genetic algorithms
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and particle swarm optimization [33]. Furthermore, advanced
methodologies such as game theory, Lyapunov optimalization
[34], Markov Decision Processes (MDP) or Deep Reinforce-
ment Learning (DRL) [35] [36], and adaptive learning tech-
niques leveraging Multi-Armed Bandit (MAB) theory have
been proposed to tackle the inherent complexities of compu-
tational offloading. In scenarios involving static computation
offloading, where multiple users concurrently transmit their
requests to a MEC network, the challenge can frequently
be represented as a MINLP. While global optimal solutions
can typically be obtained using conventional methods, these
approaches often come with high computational complexity.
Therefore, in scenarios where latency requirements are more
relaxed, alternative methods with lower computational over-
head are often employed to solve the computation offloading
problem.

Our work distinguishes itself from the aforementioned liter-
ature in several key aspects. It models the scenario under the
assumption of a fixed data rate for wireless links, incorporating
both task allocation and resource allocation while considering
variations in wireless communication channels and multi-
user interference. The study comprehensively addresses the
optimization of energy consumption and task execution time
through the design of a parameter-tunable objective function.
To achieve optimal efficiency under these conditions, an im-
proved simulated annealing algorithm is utilized. In addition,
this work pays special attention to offloading efficiency and
adopts a comprehensive approach to calculate offloading deci-
sions and wireless resource allocation in multi-user and multi
server systems.

III. PRELIMINARY
A. System Model

In a multi-user, multi-server MEC system, each base station
(BS) integrates an MEC server to serve resource-limited mo-
bile users (e.g., smartphones, wearable devices). These servers,
whether physical or virtual, facilitate wireless task offloading
for connected devices. In this paper, we represent the sets
of mobile users and MEC servers as U = {1,2,...,U}
and § = {1,2,...,5}, respectively. For model design, we
refer to concepts from [37]. To streamline our discussion, we
use "MEC server” and "BS” interchangeably. Subsequently,
we elaborate on the models for user computing tasks, MEC
computing resources, and offloading utility. The key notations
used in this paper have been summarized in Table L.

1) User Computation Tasks: We presume that each in-
dividual user u within the framework possesses a singular,
non-divisible computational assignment, denoted as 7;,. This
assignment is atomic, meaning it cannot be subdivided into
smaller components. Each computational task 73, is character-
ized by a pair of parameters, specifically (d,,w,). In this
context, d,[bits] signifies the volume of data necessary to
relocate the program’s execution (encompassing system set-
tings, program instructions, and input values) from the user’s
personal device to the Multi-Access Edge Computing server.
Meanwhile, w,[cycles] embodies the task’s computational
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TABLE I
OVERVIEW OF KEY SYMBOLS AND THEIR MEANINGS

Symbol ~ Meaning

u Collection of U individual users

S Assembly of S base stations/MEC servers

Tu User u’s computational assignment

duy Data input for the computational task 77,

Cu Computational burden of task 7%,

flocal User u’s local processing power

Elocal Energy expended by user u for local task execution
Ey Energy used by user u during task offloading

K Energy efficiency factor of user’s device

tif““l Duration for local execution of task 77,

glransfer Time taken to transmit task 77, to the MEC server
thocess Time required to process task T, at the MEC server
tu Total latency for user uw when offloading a task

B Bandwidth allocated for uplink communication

N Group of N orthogonal sub-channels

s Indicator for task offloading, for allu €U, s € S, j € N
G Set of possible task offloading configurations

X Strategy for task offloading

Uote Collection of users opting for task offloading

Us Users assigning tasks to server s

hls Signal strength for user u to BS s on sub-channel j
Pu Transmission strength of user u

Vs SINR for user u to BS s on sub-channel j

Rus Data transfer rate from user u to BS s

fs Processing capacity of server s

fus CR assigned by server s to user u’s task

F Allocation plan for computational resources

Ju Benefit of offloading for user u

Btime User u’s priority on task completion speed
Bat"9Y User w’s emphasis on energy conservation

Au Service provider’s preference for user u

load, or the amount of processing power needed to accomplish
it. The precise magnitudes of d,, and w, can be ascertained
through thorough task execution analysis [38]. Users have
the option to execute these tasks locally on their devices
or delegate them to the MEC server for completion. While
offloading tasks to the MEC server can lead to energy savings
on the user’s device, it also entails additional time and energy
expenditure for transmitting the task inputs via the uplink.
Let flecal (in CPU cycles/second) denote user u’s local
computing power. If u executes task 73, locally, the completion
time is tlocol = istar [seconds]. For local task energy
consumption, we use the model e = rf?, where k is a chip-
dependent factor and f is the CPU frequency. Thus, user u’s
energy consumption Effc‘” [J] for task T, is:
E’zocal B (fiocal)2 Wy (1)
2) Task Uploading: In the scenario where users migrate
their computing tasks to MEC servers, the overall latency
consists of three main parts. First, it is the time required
for users to send task data to the MEC server through the
uplink, denoted as tijpload [seconds]. The second is the time
required by the MEC server to process the task, denoted
as t%..uelseconds]. Finally, it is the time when the server
returns the processing result to the user through the downlink.
Generally, we ignore the transmission delay in the downlink
in our model due to the small amount of output data and the
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fast data transmission rate in the downlink. However, if the
downlink latency becomes significant, our algorithm can still
adapt by taking into account the actual downlink rate and the
output data size.

This study focuses on an uplink system employing OFDMA
(orthogonal frequency division multiple access) technology,
where the total frequency band B is divided into N sub-bands
of equal width, each with a width of W = %[Hz] [39]. To
ensure that transmissions between different users connected to
the same base station do not interfere with each other, each
user will be assigned a unique sub-band. In this framework,
each base station possesses the capability to theoretically
handle N users concurrently. We designate the set of sub-
bands allocated to each base station as N' = {1,...,N}.
The migration status of a task is indicated by the binary
variable x{m, where u € U (the set of users), s € S (the
set of base stations), and j € M. Specifically, 7, = 1
signifies that user u’s task 7, has been migrated to base
station s on sub-band j, while /. = 0 indicates otherwise.
The collection of all such migration variables is denoted as
G = {zi,Ju € U,s € S,j € N}. The set of actual task
migrations, referred to as the offloading policy X, is then
defined as X = {aJ, € G|, = 1}. Given that each task
can either be processed locally or offloaded to a single MEC
server, a valid offloading policy must adhere to the following

constraint: _
> al <1, Vuel. 2)

seSjeN

Furthermore, we introduce the notation Us; = {u €
UL jen xJ, = 1} to represent the subset of users who
have offloaded their tasks to server s. Additionally, Usread =
UsesUs denotes the set of all users who have chosen to
offload their tasks.

In the uplink scenario, we consider a setup where each
user and base station utilize a single antenna for transmission,
leaving the exploration of multi-antenna configurations at the
base station for future work. We define hj,, as the channel
gain between user u and base station s on sub-band j,
encompassing factors like path loss, shadowing, and antenna
gain. The user-base station association process occurs over
a long-term scale, significantly exceeding the rapid signal
fading timescale. Consequently, we assume that the impact
of fast fading can be averaged out during this association
process [40]. For users in the set Uyoad, let p, represent
the constant transmit power of user u when uploading task
data d,, to the base station. Note that for users not offloading,
i.e., u & Uoffioad> Pu = 0. Due to the orthogonal transmission
of users across different sub-bands, intra-cell interference in
the uplink is minimized. However, users may still experience
interference from adjacent cells. The Signal-to-Interference-
plus-Noise Ratio (SINR) for user « transmitting to base station
s on sub-band j is given by:

Puliis
J J 2
ZrES,T'#s ZkEUW xkrpkhks to

NueU,seS,jeN
3)

J o
Yus =

where o2 is the background noise variance, and the double
summation in the denominator accounts for the interference
from all users associated with other base stations on the same
sub-band j.

Since each user transmits on only one sub-band, the achiev-
able rate [bits/s] for user u when sending data to base station
s is expressed as:

Rys(X) =Wlog, | 14 )+, 4)
JEN

where Y,s = > JeN v, is the aggregate SINR across all sub-
bands. Additionally, we define s = Y JEN 2l forallu € U
and s € S. The transmission time for user u to upload its task
data d,, in the uplink is then calculated as:

xusdu

ioload = , Yuel. )
' seS Rué(X)

3) MEC Computing Resources: Each MEC server situated
at the base stations within the system possesses the capability
to offer computation offloading services to numerous users
concurrently. The computational resources made available by
each MEC server to its associated users are quantified by a
computation rate, denoted as f,, which represents the number
of CPU cycles per second. Upon receiving an offloading task
from a user, the MEC server undertakes the execution of that
task and subsequently returns the results to the user once the
execution is finished. The policy for allocating computational
resources within the system is formulated as F = {fus|u €
U,s € S}, where fys [cycles/s] > O signifies the allocation
of computational resources by base station s for a task 77,
offloaded by user u. Hence, it follows that f,, = O for any
user u not associated with base station s. Furthermore, a viable
computational resource allocation policy must adhere to the
constraint of computational resources, which is articulated as:

> fus<fe, Vs€S. (6)

uelU

For a given allocation of computational resources {fs,s €
S}, the time required to execute task T}, on the MEC server
is calculated as:

£ _ Lys Wy
execute — f ’
sES us

4) User Offloading Utility: In the context of the offloading
strategy X, alongside the designated transmission power p,,
and the allocated computation resources f, s, the overall delay
encountered by user u during task offloading is determined by
the formula:

d w
tu = tgpl()ad+t::§(ecule = ;g Lus (Tz){) * ﬁ

YucU. @)

>, Yu elU.
3

The energy expenditure E,, [J] of user u associated with the
upload transmission, taking into account the power amplifier
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efficiency &,, which we normalize to 1 for simplicity (£, =
1,Vu € U), is computed as:

x
E = pul upload pud Z R = 5 Yu e lU. (9)

sES ( )
Within mobile cloud computing frameworks, user QoE

(Quality of Experience) is primarily gauged by task comple-
tion time and energy usage. For isolated tasks, we evaluate
the relative enhancements in task completion time and energy
. . local __4 Elu{'ul E
consumption through the ratios ‘tloml “ and Elom, L,

spectively. Consequently, the ofﬂoadlng benefit for user u is
D Tus

formulated as:
) seS
(10)

where B™e and BEm€T9Y denote the respective weights re-
flecting user w’s preferences for time and energy savings.
Within the framework where gL™me genersy ¢ [0,1] and
plime 4 genergy — 1 for all users u € U, these parameters
serve as indicators of a user’s priorities concerning task
completion speed and energy usage. Specifically, a user with a
low battery might choose to increase 8:°"9¥ while decreasing
Btime thereby prioritizing energy preservation over rapid task
execution.

Offloading tasks to MEC servers can cause delays and
degrade user experience if resources are limited. Therefore,
users should only offload if the benefit J, is positive. A
joint optimization approach, considering offloading schedul-
ing, wireless resource allocation, and computational manage-
ment, is essential to maximize benefits and minimize negative
impacts on Quality of Experience (QoE).

Ie-

tlm’al

local __
Ju <Bt1mc u t“ + Bcnugy E

tloca,l Elot‘al

B. Problem Formulation

In this section, we articulate the challenge of integrating
task offloading with resource distribution, and subsequently
provide an outline of our methodology for breaking down and
addressing this complex problem.

1) Joint Task Offloading and Resource Allocation Problem:
In the realm of Joint Task Offloading and Resource Allocation
(JTORA), our primary goal is to enhance the overall system
utility, which we define as the weighted aggregate of individual
user offloading utilities. It’s important to note that, in this
context, we’ve kept the user transmit power constant, denoted
as p,,, as discussed in earlier sections. Given a set of offloading
decisions X and computational resource allocations JF, the
weighted sum of user offloading utilities can be mathemati-

cally represented as:
= Z )\uJua

ueU

an

where J, is derived from equation (10), and A\, € (0,1]
signifies the resource provider’s preference for user u, applying
to all w € U. This preference factor A\, can be dynamically
adjusted based on user payments, with higher-paying users
receiving greater priority for offloading. Furthermore, \,, may
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also be influenced by user characteristics and the urgency of
their computational tasks.

For example, in emergency situations involving public
safety personnel, such as police officers or first responders
using mobile devices, it’s crucial to assign these users a higher
Ay value to ensure their tasks are given top priority. Conse-
quently, the JTORA problem is formulated as an optimization
challenge to maximize this utility function, while adhering to
the following constraints:

I}Ylfi;_d(&f), (12a)
st. x). . e{0,1},Yvueld,seS,jeN, (12b)
> al <1Vuel, (12¢)

sES jJEN
Y al <1LVseSJeEN, (12d)

ueU

fus > 0,Yu € Us, s € S, (12e)
> fus < foVs €S (120)

uel

In the context of our mathematical model, the constraints
serve vital practical purposes: Constraint (12b) ensures that
each computing task is processed either locally or offloaded
to a single sub-band of a single server, thus enforcing the
uniqueness of task offloading. This prevents any task from
being redundantly processed or from being allocated to mul-
tiple resources simultaneously. Constraint (12c) stipulates that
each user can only select one service on any sub-band for
task offloading. This avoids over-allocation of resources and
potential conflicts, ensuring that resources are utilized effi-
ciently and without contention. Constraint (12d) limits each
base station to serving at most one user on the same sub-
band. This optimization of network resource allocation helps
prevent service congestion and ensures that network resources
are distributed fairly among users. Constraints (12e) and (12f)
relate to the allocation of computing resources. They require
each MEC server to allocate a specific amount of computing
resources to each user it serves, with the total allocated
resources not exceeding the server’s capacity. This ensures that
resource allocation is both rational and feasible, preventing any
server from being overloaded.

The JTORA problem, as formulated in Eq.(12), falls un-
der the category of Mixed Integer Nonlinear Programming
(MINLP). Solving this problem optimally often involves deal-
ing with exponential time complexity, which can be com-
putationally prohibitive. Given that the number of variables
increases linearly with the number of users, MEC servers, and
sub-bands, our objective is to develop a solution that balances
computational efficiency with near-optimal performance.By
carefully designing our algorithm, we aim to achieve a scheme
that not only offers competitive performance but is also
practical to implement and deploy in real-world systems.
This approach significantly reduces computational costs and
improves efficiency, all while maintaining system performance
at a high level.
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2) Problem Decomposition: Through an in-depth exami-
nation of the objective function and constraints inherent in
the JTORA problem stated in (12), we have identified a
pivotal optimization technique. By momentarily considering
the binary variable x, as fixed, the original problem can be
adeptly decomposed into several manageable sub-problems.
These sub-problems exhibit independent objective functions
and relatively straightforward constraints. Leveraging this
characteristic, we employ the Tamer decomposition approach
to convert the intricate original problem into an equivalent
master problem accompanied by a series of less complex sub-
problems [41]. Initially, we reframe the JTORA problem as
outlined in Eq. (12):

max(r;(uy}_{J(X,}")), (13a)

)

subject to  (12b), (12¢), (12d), (12¢), (12f) (13b)

It is noteworthy that the constraints imposed on the task
offloading decision variable X in equations (12b), (12c),
and (12d) are decoupled from those governing the resource
allocation strategies J in equations (12e) and (12f). There-
fore, tackling the problem in equation (13) is fundamentally
equivalent to resolving the ensuing Task Offloading (TO)
optimization challenge:

X),

(12b), (12¢), (12d)

max J( (14a)

subject to (14b)

Here, J (X) represents the optimal value function associ-
ated with the Resource Allocation (RA) problem, which is
formulated as:

J(X):m}@xJ(X,f), (15a)

(12e), (12f)

The decomposition of problem (12) into subproblems (14)
and (15) guarantees the maintenance of optimal solutions. In
the subsequent section, we will elaborate on our approaches
to tackling the Resource Allocation (RA) and Task Offloading
(TO) challenges individually, aiming to arrive at a compre-
hensive solution for the initial integrated task offloading and
resource allocation issue.

subject to (15b)
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IV. THE TSAJS METHOD

We now introduce our TSAJS method for tackling the
JTORA problem. Our approach involves first resolving the
RA problem outlined in (15) and subsequently utilizing its
solution to address the TO problem presented in (14).

To begin, we take into account a viable task offloading
decision X that satisfies the constraints (12b), (12c), and (12d).
By incorporating the expression for J,, from equation (10), we
can restate the objective function in equation (15a) as follows:

Fy=30 3" a (BUme + penerav) — v (X, F), (16)
seSuel,
where V (X, F) is defined as:
ﬁitimetu anergyEu

Y Y A ( ) L an
seSuclly

It’s evident that the initial term on the right-hand side
of equation (16) remains constant for a given offloading
decision, while V (X, F) signifies the cumulative offloading
cost for all users opting for offloading. Consequently, we can
reframe problem (15) as a minimization problem for the total
offloading cost:

local local
tuoca Euoca

m}nV(X,]:) (18a)

subject to  (12b), (12¢), (12d), (12¢), (12f) (18b)

Moreover, by leveraging equations (8), (9), and (17), we

arrive at:
V Z Z ¢u ‘i]t:b_upu Z Z nu , (19)
seS ueld, Yus) seS ueld,
. .. X\ Btmed, _
where, for simplicity, we define ¢, = “jtop", u =

energy g .
QOCW and 7, = A ﬁti’meflopal

Given that we’re not focusing on the optimization of up-
link power allocation, problem (18) can be further distilled
into the Computing Resource Allocation (CRA) problem. The
subsequent sections will delve into the specifics of making
computing resource allocation and offloading decisions.

A. Computing Resource Allocation (CRA)

The task of Computing Resource Allocation (CRA) revolves
around optimizing the second component on the right side of
equation (19), which is mathematically articulated as:

mln Z Z (20a)
seS ueUs fu.s
> fus < fo VsES, (20b)
ucU
fus >0, Yu€els,seS. (20¢)

It’s noteworthy that constraints (20b) and (20c) exhibit
convexity. We designate the objective function stated in equa-
tion (20a) as A(X,F). By deriving the second-order partial
derivatives of A(X, F) with respect to f,s, we attain:

PAX,F )
Ofis

2u

’LLS

Vs € S,u € U, (21a)
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Algorithm 1 T'SAJS: Heuristic Joint Scheduling Scheme.

Input: The number of users U, the number of servers S, the
number of channels IV, the total system bandwidth W, the
user CPU frequency matrix F,, the server CPU frequency
matrix F§, the channel gain matrix H, the operator’s
user preference matrix A, the user’s delay preference
matrix 35™¢, the user’s energy preference matrix 3Em€T9Y,
the background noise o2, the chip energy consumption
coefficient k;

Output: Offloading Decision Matrix: X, Computing Re-
source Allocation Matrix of the Server: F', Offloading
Feasibility: J;

1: Begin

2: Initialize parameters;

3: T < N; Toin < 1072 a1 < 0.97; ay < 0.90;

4: L + 30; count + 0; maxCount < 1.75 % L;

5: Generate the initial solution matrix X g4, Foa, Joiq that
satisfies the constraint conditions;

6: X < Xoia, F' < Fora, J < Joid;

7. while T' > T,,,;,, do

8: I1+0

9: while L > I do

10: Use Algorithm 2 to obtain a neighborhood solu-
tion X,,e for Xoia;

11: According to X ., use Eq. (22) to generate F,eq;

12: According to X,cq, use Eq. (24) to generate Jyeq;

13: 0= Jnew - Jold;

14: Generate a random number rand € [0, 1];

15: if § > 0 then

16: Jold < Jneun Xold < Xnew’ Fold < Fnew;

17: if J > Jyq then

18: J < Jhew, X ¢ Xiew, I Frew;

19: end if

20: else if exp(d/T) > rand then

21: Jold — Jnewy Xold < Xne’wa Fold < Fnew;

22: count < count + 1;

23: end if

24: I+ 1+1;

25: end while

26: if count < maxCount then

27: T+ TX arg;

28: else

29: T < T x ag; count < 0;

30: end if

31: end while
32: Output X, F, J;
33: End

O?N(X,F)
Ofusdfon VSV F L)
Evidently, the Hessian matrix corresponding to the objective
function in Eq. (20a) is diagonal, with all diagonal entries
being strictly positive, indicating its positive definiteness.
This confirms that Eq. (20) constitutes a convex optimization
problem, which can be tackled through the application of the

(21b)

Algorithm 2 GetNeighborhood: Obtain a neighborhood so-

lution X .., of Xo14.

Input: Use the input of Algorithm 1 and X,;4;

Output: The new solution X ¢

Begin

Xnew — and;

Select a target user u randomly;

Find the corresponding server s and sub-channel j for u

in Xoq;

Generate a random number rand;

if rand > 0.2 then
if rand < 0.75 then

Randomly select another server Soupe, different

from s;

9: Find a free sub-channel j,tper fOr Sotner, or allo-
cate one randomly if none are free;

10: Xnew(u7 Soth,erajother) — 1

11: Kew (U, 8,7) « 0;

12: else if K > 1 then

13: Find a free sub-channel j,:pe, for s different from
J, or allocate one randomly if none are free;

14: Xnew(u737jother) — 1,

15: Xoew(u, 8,7) < 0;

16: end if

17: else if rand > 0.05 then

18: Randomly select another user wother;

19: Swap the server and sub-band assignments between u
and Uother N Xpews

20: else

21: Xnew(uvsv.j) — 17Xnew(u757.j);

22: end if

23: Output X eq;

24: End

L e

® =W

Karush-Kuhn-Tucker (KKT) conditions. Based on this insight,
we propose the subsequent lemma.

Lemma: The optimal allocation of computing resources f,
for the problem outlined in Eq. (20) and the resultant optimal
objective function A(X,F*) are expressed as follows:

- fsv/lhu

eIV ecsuen, @
Zueus \/’,E

AX, F*) = Z% (Z m) . (23)

SES “° uEUs

Proof: For a detailed proof, please refer to the appendix in
reference [37].

B. Unified Task Offloading Scheduling and Resource Alloca-
tion Approach

In the preceding discussions, for a specified task offloading
strategy X', we delved into the allocation of radio and com-
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puting resources. Based on Egs. (15), (16), (19), and (23), we
have derived:

THX) =37 37 Au(BLme 4 peneravy —T(X) — A(X, F¥)

SES u€Us;
24)

where A(X, F*) is determined using the closed-form formula
given in equation (23). By utilizing equation (24), we can
rephrase the Task Offloading (TO) challenge from equation
(14) as follows:

m}f}xz D Au(BEmEBErI) T (X) — A(X, F*) (25a)

seS uel,
st. al,€{0,1}, Yuel,seS,jeN, (25b)
SN al <1, vuel, 25¢)
SES JEN
Sl <1, VseSjeN. (25d)
ueU

Considering the combinatorial complexity of the Task Of-
floading (TO) challenge, finding an optimal solution within
a polynomial timeframe is notably arduous. A conventional
approach to tackle Eq. (25) involves an exhaustive search,
which iterates through all potential task offloading strategies.
While exhaustive search guarantees the optimal solution, the
total number of candidate strategies is 2", where n = S x U X
N, making this method impractical for large-scale problems.
Another straightforward method is the greedy search, which,
despite its low complexity, often converges to local optima
rather than the global optimum. In paper [37], a novel meta-
heuristic approach, hJTORA, was introduced to address this
type of problem. hJTORA is capable of identifying a more
favorable task offloading strategy with reduced complexity.
However, as the number of users scales up, hJTORA cannot
guarantee the optimal solution, and its execution may still be
time-consuming.

To overcome the above shortcomings, we propose a joint
scheduling scheme based on threshold triggered simulated
annealing (TSAJS), which enables to find the local optimal
task offloading decision scheme in polynomial time. We first
randomly generate an initial set of solutions that satisfy the
constraints and then start the simulated annealing operation.
Algorithm 2 is used at each search to obtain a set of neigh-
borhood new solutions of the old solution. If the new solution
is better than the old one, the update operation is performed;
otherwise, the deteriorated new solution is accepted according
to a certain probability. When the number of times the new
solution is inferior to the old solution accumulates up to a
certain threshold, we accelerate the rate of temperature de-
crease. In summary, our proposed heuristic for task offloading
scheduling is given in Algorithm 1.

V. EXPERIMENTAL EVALUATION

Simulation results are given to evaluate the performance of
the proposed joint scheduling scheme based on threshold trig-
gered simulated annealing,referred to as TSAJS. Similar to the
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paper [37], we examine a multi-cellular network comprising
several hexagonal cells, each centered around a base station.
The distance between adjacent base stations is maintained at
1 kilometer. It is presupposed that both the user and the base
station employ a single antenna for the uplink transmission
and reception processes, respectively. The uplink channel gain
is derived from a path loss model that is contingent upon
the distance, specifically L[dB] = 140.7 4+ 36.7 log;, d[km],
with the lognormal shadowing standard deviation fixed at 8
dB. Unless specified otherwise, the simulations predominantly
consider a scenario with S = 9 cells, with the user’s transmis-
sion power configured to P, = 10 dBm. Moreover, the system
bandwidth is configured to B = 20 MHz, and the variance of
the background noise is hypothesized to be o> = —100 dBm.
Considering computational resources, we presume that the
processing power per Multi-Access Edge Computing (MEC)
server is f; = 20 GHz and per user is f, = 1 GHz .
The energy consumption factor is set to x = 5 x 10727, For
computational tasks, we select a standard input size of d,=
420 KB and set preference parameters $5™m¢ = 0.5, genersy
=0.5,and A\y=1, Vu € U. Unless specified, the number
of subbands is typically set to 3. Users are randomly and
uniformly distributed across the network’s coverage area.
The system utility performance of our proposed TSAIJS
scheme in this paper is compared with the following baselines:

Exhaustive Method: Utilizing a brute-force strategy, this
method explores every possible decision among 2" options
to determine the most effective offloading scheduling so-
Iution. Given its substantial computational demands, our
performance assessment is limited to a confined network
setting.

hJTORA: A heuristic algorithm designed to address the
TO problem, which obtains a suboptimal solution within
polynomial time [37].

Greedy Offloading Method: All permissible tasks, up to
the limit set by the base stations, are offloaded. Users are
assigned to sub-bands in a prioritized manner, favoring those
with the strongest signal strength.

LocalSearch: Continuously search for neighboring states of
the current state when users offload tasks, and accept better
neighboring states to gradually improve the quality of the
solution. The search stops when the algorithm converges or
reaches the maximum number of iterations.

A. Suboptimality Analysis of the TSAJS Algorithm

Fig. 3. Comparison of average system utility among five schemes.
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To validate the near-optimal nature of the TSAJS solution
obtained by Algorithm 1, we first compared it with the
global optimal solution derived from an exhaustive search
method, and further conducted a comparative analysis with
three baseline strategies, with the specific results shown in
Figure 3. Given that an exhaustive search examines all possible
offloading scheduling schemes, the computation time becomes
extremely lengthy when dealing with large-scale variables.
Therefore, we conducted experiments in a smaller network
environment consisting of U=6 users evenly distributed within
the coverage of S=4 cells, each equipped with N=2 sub-
bands. With user task loads w, set at 1000, 2000, 3000,
and 4000 Megacycles respectively, we calculated the corre-
sponding average system utility for each scheme and provided
the 95% confidence interval (CI). The experimental results
demonstrate that, across all test scenarios, the average system
utility achieved by the TSAJS algorithm is almost comparable
to that of the exhaustive search method, while also achieving
approximately 0.9%, 1.49%, and 4.14% average performance
improvements compared to the hJTORA, LocalSearch and
Greedy strategies, respectively. This fully proves that the
performance of the TSAJS algorithm proposed in this paper is
very close to the optimal solution obtained by the exhaustive
search method and significantly superior to other baseline
strategies. Additionally, we observed that the system utility
of all schemes gradually increases with the increase in task
load.

B. Analysis of the Impact of Changes in User Numbers

Figure 4 displays the system utility performance as the
number of users unloading tasks varies, with a particular
comparison between two settings of L=10 and L=30. Given
the characteristics of task offloading scenarios, an increase
in the number of users results in a reduction of bandwidth
allocated to each user. According to the figure, the TSAJS
strategy consistently exhibits the best performance, and as the
computational demand of tasks increases, the system utility of
all strategies shows a significant improvement. This trend can
be explained by the fact that, as tasks become more compu-
tationally intensive, users find greater advantage in delegating
these tasks to the MEC server. Upon closer examination, it
becomes evident that the system’s efficiency initially shows an
upward trend with an increasing user base. Nonetheless, when
the user count surpasses a particular threshold, the system’s
efficiency starts to deteriorate. This decline is attributable
to the heightened competition among a large user base for
wireless bandwidth and computational resources necessary for
task offloading. Consequently, this results in escalated costs
associated with task transmission and processing on the MEC
server, thereby undermining the advantages of offloading.
Notably, in the scenario where L=30, the TSAJS strategy still
achieves continuous growth in system utility, thanks to its
ability to explore better solutions and ensure more reasonable
and efficient resource allocation.
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Fig. 4. A comparison of the average system utility for four different schemes
across three distinct task workloads and varying user scales. (a) w,=1000
Megacycles, L=10. (b) w,=1000 Megacycles, L=30. (¢) w,=2000 Mega-
cycles, L=10. (d) w,=2000 Megacycles, L=30. (e) w,=3000 Megacycles,
L=10. (f) w,=3000 Megacycles, L=30.

08 1
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Fig. 5. The average system utility varies with the size of the task data.

——TSAJS

1

2 25 3 4 25 3 35
Task Load/Megacycles ‘Task Load/Megacycles

(a) (b)

Fig. 6. Comparison of the average system utility of four schemes with varying
task workloads while the number of users remains fixed. (a) U=50. (b) U=90.

C. Analysis of the Impact of Task Configuration Changes

Figure 5 reveals the relationship between average system
utility and task data size. It is observed that as the task input
size gradually increases, the average system utility of various
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Fig. 7. Comparison of the average system utility of four schemes with varying
numbers of sub-channels. (a) L=30. (b) L=50.
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Fig. 8. Average computation time as a function of the number of sub-channels.
(a) L=10. (b) L=50.

schemes exhibits a decreasing trend. Figure 6 provides an in-
depth comparison of the average system utility performance
of four schemes under different task workloads, with the
number of users remaining constant. Through the contrast
between two scenarios, (a) U=50 and (b) U=90, we can clearly
see that the average system utility of all schemes increases
continuously with the increase in task workload. Based on the
combined analysis of Figure 5 and Figure 6, we can draw an
important conclusion: Tasks with smaller input sizes but higher
workloads benefit more from being offloaded to MEC servers,
compared to tasks with larger input sizes but lower workloads.
Furthermore, the performance of the TSAJS scheme proposed
in this paper also demonstrates a similar trend: its performance
gain gradually increases with the increase in task workload,
while it decreases with the increase in task input size.

D. Analysis of the Impact of Changes in the Number of Sub-
Channels

Based on the analysis of Figures 7 and 8, we can draw
the following conclusions: As the number of sub-channels
increases, the average system utility demonstrates a trend of
first increasing and then decreasing. This is primarily because
excessive sub-channels may lead to channel idleness, thereby
reducing the offloading utility. Among the schemes, the TSAJS
scheme exhibits the best performance when the number of sub-
channels is 30 and 50, showcasing its superior capabilities.
On the other hand, with the increase in the number of sub-
channels, the average computation time also extends, attributed
to the expansion of the search scope. Notably, the computation
time of the hJTORA scheme increases more significantly,
while the average computation time of the LocalSearch and
Greedy schemes remains relatively stable. This stability is
mainly attributed to their adoption of a fixed search approach.

Average computation delay (5)

04 06 04 05
Users" Preference to Time Users" Preference to Time

(a) (b)

Fig. 9. Impact of user preferences. (a) Average Energy Consumption. (b)
Average computation delay.

E. Analysis of the Impact of User Preferences

In Figures 9(a) and (b), we conducted experiments to
evaluate the performance of TSAJS under three different
user scales. In the experimental design, we systematically
adjusted the user’s time preference parameter, 5:™¢, which
ranged from 0.05 to 0.95 in increments. Correspondingly, the
user’s energy preference, 5."°"9Y, was dynamically adjusted
according to the relationship 8"°™9% = 1 - BLi™me  ensuring
that their sum remained constant at 1. Through this setup,
we comprehensively observed the average performance of all
users in terms of time consumption and energy consumption.
The experimental results demonstrated that as the value of
ptime oradually increased, users tended to prioritize time
efficiency, leading to a significant reduction in average time
consumption. However, this temporal optimization was not
without a trade-off; it came at the expense of increased
energy consumption. In other words, as users pursued faster
task completion, they had to accept higher levels of energy
consumption.

VI. CONCLUSIONS

In this paper, we present TSAJS, an efficient multi-server
joint task scheduling scheme for MEC. We model the task
offloading and resource allocation problem as a MINLP
problem with the goal of maximizing user offloading gain.
TSAJS decomposes this complex problem into two stages:
offloading decision and computational resource allocation. For
offloading decision, a heuristic algorithm combining threshold-
triggering and simulated annealing is used to avoid local
optima. Optimal resource allocation is then derived using KKT
conditions. TSAJS is both efficient and flexible, finding near-
optimal solutions within polynomial time. Experimental results
demonstrate that it performs close to the optimal solution and
significantly outperforms traditional methods. As a promising
heuristic approach, TSAJS enhances MEC offloading effec-
tiveness and addresses the increasing demands of mobile users.
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