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Abstract. Mobile Edge Computing (MEC), an emerging computing
paradigm, shifts computing and storage capabilities from the cloud to the
network edge, aiming to meet the delay requirements of emerging appli-
cations and save backhaul network bandwidth. However, compared to
cloud servers, MEC servers have limited computing and storage capabil-
ities, which cannot meet the massive offloading demands of users during
high-load periods. In this context, this paper proposes a multi-ENs col-
laborative task processing model. The model aims to formulate optimal
offloading decisions and allocate computing resources for tasks to mini-
mize system delay and cost. To solve this problem, we propose an online
algorithm based on Lyapunov optimization called OKMTA, which can
work online without the need for predicting future information. Specif-
ically, the problem is formulated as a mixed-integer nonlinear program-
ming (MINLP) problem and decomposed into two subproblems for solu-
tion. By using the Lagrange multiplier method to solve the computing
resource allocation problem of tasks, and by using matching theory to
solve the offloading decision problem of tasks. The simulation results
show that our algorithm can achieve near-optimal delay performance
while satisfying the long-term system average cost constraint.

Keywords: Mobile Edge Computing - Lyapunov Optimization -
Collaborative Task Processing + Resource Allocation

1 Introduction

With the development of the Internet of Things(IoTs), an increasing number
of resource-intensive tasks are being deployed on user devices, such as mobile
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games, video analysis, and virtual/augmented reality (VR/AR). However, the
limited computing and storage resources of these devices are often difficult to
meet the processing demands of user tasks [1]. Cloud computing becomes an
effective solution for offloading tasks from local devices to remote clouds for
processing. However, the large data transmission volume and long backhaul dis-
tances between users and remote clouds can lead to large communication over-
head, resulting in prolonged system delay and high offloading cost [2].

To solve this problem, mobile edge computing (MEC) technology as a new
computing paradigm has attracted much attention in academia [3,4]. By offload-
ing tasks from terminal devices to nearby MEC servers, it provides users with
low-delay and high-bandwidth services [5,6]. In [7], Ren et al. proposed a latency-
optimized method for resource allocation, aiming to minimize the communica-
tion delay between mobile devices and MEC servers. Chen et al. discussed the
problem of energy efficient dynamic offloading in MEC for internet of things,
aiming to minimize the average transmission energy consumption and guarantee
the performance of devices [8].

However, compared to remote cloud servers, MEC servers have limited com-
munication and computing capabilities, which cannot satisfy a large number of
offloading demands from users during high-load periods. Therefore, to effectively
process tasks, the collaboration between cloud computing and edge computing
has become a new research trend. Delay-sensitive tasks can be offloaded to the
edge for processing, while delay-tolerant tasks can be offloaded to the remote
cloud server for processing [9]. Concurrently, optimizing task offloading decisions
and resource allocation to minimize task processing delay and cost has become a
crucial aspect of cloud-edge collaborative processing for computing tasks [9-11].
Ren et al. proposed a cloud-edge collaborative computing framework, aiming to
minimize task processing delay by combining remote cloud and edge resources
[9]. In MEC networks with limited communication capabilities, [10] detailed a
scheme for cloud-edge-end collaborative task offloading to improve system per-
formance and user experience. Dai et al. considered the cooperation scenarios of
cloud computing and MEC, and designed an iterative heuristic MEC resource
allocation algorithm to solve the problem of multi-user computing offloading in
[11]. However, the above articles only consider the scenario of collaborative task
processing between a single MEC server and a remote cloud server, ignoring the
collaboration among multiple MEC servers. Therefore, it is necessary to consider
the collaboration among multiple MEC servers to allocate reasonable computing
resources to users, thereby improving the quality of user experience [12,13]. Aim-
ing at the problem of task offloading in vehicle edge computing networks, [14]
proposed a load balancing scheme. Through the collaboration among multiple
MEC servers and the cloud servers, tasks are jointly processed, thereby reducing
task processing delay.

As one of the rapidly developing technologies, edge caching is getting more
and more attention from people [15]. The edge caching technology can store
different types of services that users require on MEC servers during off-peak
periods, thereby reducing both the delay and energy consumption of user tasks
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[16,17]. Recently, several studies have proposed to use edge caching technology
in the MEC system to minimize task processing delay or energy consumption
[18—20]. In [18], the authors proposed a cooperative content placement problem
to minimize the delivery delay of location-based content and the service cost
of two types of content. The authors proposed an energy-efficient task caching
and offloading scheme in [19]. This scheme takes into account both the resource
utilization of MEC servers and user experience. By storing part or all of the task
data on the MEC server can improve task execution efficiency. [20] integrated
three computing layers of vehicle, network edge and high-altitude platform sta-
tion to build an intelligent transportation system framework. By considering the
computing offloading strategy of the vehicle, planning the caching strategy of
the basic data at the edge of the network, and coordinating resource scheduling
to improve the delay performance of the application.

Due to the limited storage capacity of MEC server, it must store the services
required by users while meeting the capacity constraints. This makes us still face
huge challenges when solving the above problems. Some current research mainly
focuses on a single MEC server for caching services to minimize task processing
delay [21]. However, the research on mutual collaborative caching service among
MEC servers is not deep enough. Therefore, we need to design a method for
multiple MEC servers to collaborative service caching to meet task requests.

Against this background, we proposes a multiple servers collaborative task
processing model. The aim is to minimize system delay and cost by making
optimal offloading decisions and computing resources for tasks. The main con-
tributions of this paper are as follows:

1) Under the constraint of satisfying the long-term average system cost, the sys-
tem delay is minimized by making optimal offloading decisions and computing
resources for tasks.

2) To solve the above problems, this paper based on Lyapunov optimization pro-
poses an online algorithm(OKMTA), which is executed in an online manner
without predicting future information.

3) By using the Lagrange multiplier method to solve the computing resource allo-
cation problem of tasks, and by using matching theory to solve the offloading
decision problem of tasks.

4) The simulation results show that the scheme proposed in this paper not only
achieves the near-optimal delay effect, but also keeps the system cost low.

The rest of the paper is organized as follows: Section 2 presents the system
model and formulates the optimization problem. Section 3 designs the OKMTA
algorithm to solve the optimization problem. Section 4 compares the performance
through simulation results. Finally, Sect.5 concludes the paper.

2 System Model and Problem Formulation

In this section, we will introduce the system model. Suppose the whole network
consists of one remote cloud server, multiple edge nodes (EN) and multiple
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users (as shown in Fig.1). Suppose these users have many different types of
task requests that need to be executed in the whole network. For each user’s
task request, it may need the execution of several services, which are stored on
ENs and cloud servers. Suppose the cloud server has all services for all task
requests, while for each EN, it randomly has part of these services. Based on the
location feature, each user can only communicate with its associated EN, while
ENs can communicate with each other. This means that when a user sends a
task request to its associated EN, the required services may not be stored on
this EN. Then this EN may need to send this request to other ENs or request
downloading services from the cloud server. Our optimization goal is to minimize
the system delay and system cost by formulating optimal offloading decisions and
computing resources for task requests. Next, we will introduce the network and
service models, communication model, computing model and system cost model
in this paper, respectively.

2.1 Network and Service Models

Suppose there are N ENs in the whole network, and denote A as the set of ENs.
For each EN;(€ N), denote Bj, F; and G; as the communication resource, the
calculation capability, and the storage capacity respectively. Suppose there are
K services in the whole network, and denote K as the set of services. Denote
¢ as the required storage space for service k. When initializing, each EN will
randomly download services from the cloud server. Denote K; as the service set
of EN;, we have

> <G (1)

kCK;

Suppose there are M users in the network model, and denote M as the
set of users. For each user i(€ M), it may have a computationally intensive
task needed to be processed during the scheduling time. Denote U; as the task
for user i, and we use the quadruple {D;, C;, K;,T/"**} to represent resource
requirements of U;, where D; is the workload data volume, C; is the required
computing resources, K; is the set of required services, and 7;"%* is the threshold
of time delay.

2.2 Communication Model

Suppose we use the Orthogonal Frequency Division Multiple Access (OFDMA)
technology for wireless communication, thus we can ignore the interference
between users. Denote R; ; as the uplink transmission rate between user ¢ and
EN;, we have
Ri; = Bl Dighi

] T J 092(1 + 0_2 )a (2)
where B; is the available spectrum bandwidth, p; ; is the uplink transmission
power, o2 is the noise power and h; ; is the state of the uplink channel between



Collaborative Task Processing and Resource Allocation 389

s SO
e
P g o~ ~
< send this request >,
m to other ENs
@ ¢ e

< LA

,+ send a task request

(3 b
need services Cand D . .
- EEE - -

i{ Edge Node z User Service Type

Fig. 1. Multi-ENs collaborative task processing model

user ¢ and EN;. Denote Tl-if]’-) as the uplink transmission delay for task U; to EIV;,
we have D
"= L 3
= 3
In our scheduling scenario, we only consider the uplink transmission delay and
thus ignore the downlink transmission delay.

Denote 2} ; € {0,1} as a binary decibion variable on whether task U; is

executed on associated EN; in time slot t. x} i,; = 1 means task U; is executed
on the associated E'Nj, 0therw1se xt . =0.

Denote 2! g € {O 1} as a bmary decision variable on whether task U; is
executed on other ENj in time slot t. z; ; ;, = 1 means that task U; is sent to
ENj for execution, otherwise z! .y~ = 0. When the user ¢ sends task request
to EN EN; needs to send a task request to ENj if EN; doesn’t have the
requlred service k. Based on this situation, z! . = 0 and 2 g =1L

Denote R:‘;“j"d as the transmission rate of the task U; between FN; and

ENj:. Denote T[;”;”d as the round trip delay of task U; between EN; and EN.
we have

round D, (4)
,5,5" Rround
2,7,

When ENj; executes task Uj, if the required service k£ is missing, it needs
to download this service from the cloud server to EN;. Denote Rgf’jw” as the

download rate between the cloud server and E'N;. Denote Tgf?“’” as the download
delay for the required set of services from the cloud server to EN;. We have

down Ck
chj = Z Rdogun ' (5)

kEKiNkgK; ~ ©J

Thus the total transmission delay mainly consists of three parts: uplink trans-
mission delay, round trip delay and download delay. Denote T/"*"* as the total
transmission delay, we have
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Titrane Tup + xl]Tcd;)um + Z Zij,j’(l )(Tlr;n;nd + Tdoum). (6)
J'eEN

2.3 Computing Model

When user 7 sends task U; to EN;, EN; will allocate computing resources for
user . Denote f;;° as the computing resources allocated by EZN; to user 7. Since
the computing resources allocated to users by each EN cannot exceed the total

computing resources of the EN, each EN needs to satisfy

meec < F (7)

where M is all users who execute tasks in EN;. Denote T}7¢ as the computing
delay for EN; to execute task U;, we have

ere CZ
T %, = mec’ (8)

3,J

Denote T7*¢ as the computing delay for EN to execute task U;, we have

Tere =l T30 3 (= ) TG ©)
JEN

The total delay mainly consists of transmission delay and computing delay.
Thus denote T} as the total delay for EN to execute task U;, we have

T;t — Titrans + Tieafe (10)

2.4 System Cost Model

User renting EN resources to execute task will incur additional costs, mainly
including communication, computing, and storage costs. The communication
cost is the overhead generated by the bandwidth resource used for data trans-
mission between the user and the EN, determined by the transmission energy
consumption. The computing cost is the overhead incurred in executing task
in EN, determined by the amount of task data. The storage cost is the cost of
using EN and remote cloud storage services, which is determined by the storage
resources occupied by the services. Furthermore, denote Q7Y as the long-term
average system cost for user i. Denote Q! as the system cost incurred by user i
renting the resource of EN in time slot ¢t. We have

;i Di

Qi = +B;Ci+ > vick+ > peck, (11)

Bjloga(1 + Priztt) KCK; KCK;

where a;; and 3; are the unit cost of energy consumption and task execution in
ENj respectively. v; and p. are the unit cost of the storage service in EN; and
cloud server respectively.
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2.5 Problem Formulation

In this section, we formulate multiple ENs collaborative processing and resource
allocation problem for tasks. Minimize system delay and keep cost low by design-
ing optimal solution. Based on the previous discussion, we can express the prob-
lem as follows:

[ T=1 M
P1: min lim — T!
xt,zt, ft T—oo 1’ ;(Z:ZI Z)
=
4. C1l: lim — b Qe
S im 7 ; Q; <£Q;

T— o0

C2:T! < T

C3: Z cp < Gj (12)
kCK;

C4: f"c>0

.3

) —

M;
Ch: Z mec < Fj
=1

C6 : zt € {0,1}
C7: Zt . € ‘{07 1}

i.,J

Constraint C1 represents the long-term average system cost threshold for
each user. Constraint C2 is the maximum threshold constraint imposed on the
total delay of executing tasks. Constraint C3 is the constraint that the stor-
age space of EN is limited. Constraint C4 and C5 are the computing resource
constraints allocated by EN to tasks. Constraints C6 and C7 represent binary
offloading decision variable constraints that determine whether the task is exe-
cuted on the associated EN or E'N;: respectively.

Through the analysis of the above problems, we can conclude that P1 is a
mixed-integer nonlinear programming problem. It contains constraints of two
discrete binary variables and continuous variables C4-C5, making the problem
an NP-hard problem. Therefore, it is impractical to solve P1 directly. In addi-
tion, solving P1 requires a large amount of future network state information,
but predicting such future information is difficult or even impossible. Therefore,
in the absence of complete information, it is necessary to propose an online
optimization algorithm to solve the problem.

3 An Online Optimization Algorithm

To solve P1 efficiently, we propose an online distributed optimization algorithm
(OKMTA for short). The algorithm mainly includes two parts: (1). Based on Lya-
punov optimization, we propose an online algorithm to reformulate P1, decom-
posing the long-term optimization problem into a series of one-slot optimization
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problems. (2). For the one-slot optimization problem, we propose a distributed
solution based on Lagrange multiplier method and matching theory.

3.1 Restate the Problem by Lyapunov Optimization

The idea of Lyapunov optimization is to decompose an optimization problem
with long-term constraints into each time slot. And then we can directly optimize
the problem in each time slot while ensuring the stability of the system [22].
Denote ¢(t) = {q1(¢), q2(t), ..., qi(t)} as a virtual cost queue and set the initial
value to 0O for solving the long-term average cost constraint. The virtual cost
queue constructed for user ¢ can be expressed as

qi(t +1) = maz{q;(t) + Qf — Q7" 0}, (13)

where ¢;(t) is the queue backlog of time slot ¢, representing the deviation between
the system cost and the threshold under the current time slot t.

M
To stabilize ¢(t), we denote L(q(t)) = 3 > ¢?(t) as quadratic Lyapunov
i=1

function, representing the “congestion level” of the virtual cost queue length [23].
A small value of L(¢(t)) means that the backlog of all virtual cost queues is small,
so that the stability of all queues can be achieved. However, it is impractical to
keep L(q(t)) small all the time. Therefore, to solve this problem, we further
denote A(g(t)) as a one-slot Lyapunov drift to keep the Lyapunov function low
and thus keep the queue stable. we have

Alg(t)) = E[L(q(t + 1)) — L(q(®))[a(D)], (14)

where A(q(t)) represents the change of the virtual cost queue within a single
time slot in the Lyapunov function. We define a drift-plus-penalty function that
integrates system delay and virtual cost queue stability via (15).

Alg(t) + VED T q(1)], (15)

i=1

where V is a non-negative parameter controlling the trade-off between system
delay and cost. The following Lemma 1 provides an upper bound on the drift
plus penalty function.

Lemma 1: For all possible optimization variables satisfying C2-C7, there is an
upper bound for the drift-plus-penalty function [24], as shown in (16). Where B

M
is a constant, B = 2 > (Q® — Q¢"?)2. Where Q7"*® is the upper bound of the
i=1

one slot virtual cost for user 7.

M M M
Alg(t) + VE[Y  Tila(t)] < B+ VEY | Tila(t)] + E[Y a:(t)(QF — QF*")la(t)]
i=1 i=1 i=1

(16)
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According to Lemma 1, our goal is to minimize the expression on the right
side of (16) to determine the upper bound of the drift-plus-penalty function.
This will help us transform the long-term optimization problem P1 into a one-
slot optimization problem P2. The offloading decision and resource allocation
problems of tasks are determined by solving P2.

P2: min ZVTt—qu t)Q: (17)

xt zt ft

Algorithm 1 describes the implementation process of OKMTA algorithm.
The algorithm runs online, using real-time network information and the current
backlog status of the queue as input, and solves P1 by solving the approximate
optimal solution of P2. At each time slot ¢, by solving for P2 we can obtain
the values of the variables xf, 2%, f!'. At the same time, each virtual cost queue
is also updated for calculation in the next time slot.

Algorithm 1: OKMTA Algorithm

Input: M: the set of users, N: the set of ENs, task U;, the set of services,
non-negative parameter V and q(0)=0
Output: The offloading decisions z*, z* and the computing resource f* for task
for each time slot ¢
1 fort =0t T-1 do
2 According to Algorithm 2 and 3, the values of z?, 2%, f* for each time slot ¢
are obtained.
3 Update the q(t+1) according to (13).
4 t=t4+ 1.
5 end

We can observe that (17) is a joint optimization problem. They are mutually
constrained when the conditions are satisfied, so it is difficult to use mathematical
methods to solve P2. The offloading decisions x! and z' are binary variables,
and the computing resource f* is a continuous variable, so P2 is a mixed-integer
nonlinear programming problem. We can decompose the original problem P2
into two sub-problems to solve: (1). Under the given conditions of z* and z¢, use
the Lagrange multiplier method to solve the allocation problem of computing
resources f!. (2). On the basis of obtaining the f* solution, the optimal solutions
of 2' and z* are obtained by bilaterally matching the task set and the EN set. By
alternately solving these two subproblems, we can gradually optimize P2 and
find the optimal solution finally.

3.2 Distributed Optimization Algorithm in Each Time Slot

The Optimal Computing Resource Allocation. When user 7 sends a
task U; to EN, assuming z' and z! are already given, we will ignore variables
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unrelated to f! in the optimization objective function. Therefore, we can express
the optimization problem for allocating computing resources to tasks as follows:

P3: m1nF1 meey meec

sit. C4: fec >0 (18)

C5 - Z mec<F

In order to prove that P3 is a convex problem, we take the second derivative
of Fy(f/5°¢) with respect to f/;°°. we have

82 ( W;e(/) B 201
a( mec)2 _( mec)3 (19)

) )

Due to constraint C4, we have % > 0, so P3 is a convex problem.

Therefore, the Lagrangian function can be used to solve P3. We have

M;

Z fmec Z Z";EC - Fj)’ (20)

where A is a non-negative Lagrangian multiplier associated with the comput-
ing resource constraints of EN. Then we use the Karush-Kuhn-Tucker (KKT)
condition to obtain the optimal computing resource allocation f* [25]. Thus the
partial derivative of (20) with respect to f/"°® is given as

aL(f7 )‘) _ Ci
af;,njec - (fi'r,njec)Q

Based on the KKT condition, we can obtain the approximate optimal solution
of (21), we have

Y (21)

=5 (22)

Then we can obtain the optimal computing resource allocation scheme f* based
on Algorithm 2.

The Optimal Task Offloading Decisions. Then we need to further transform
P2 into a problem of how to optimize the offloading decisions of task to reduce
system delay and cost when the computing resource f* is determined. Therefore,

we can express the problem as follows:
P4 : II’III}FQ( i f“ )
(23)
s.t. C2-C7
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Algorithm 2: Optimal Computing Resource Allocation Algorithm

Input: M: the set of users, N: the set of ENs, task U;, Maximum tolerance
C=1x10"% Anin =0 and Apaz = 1

Output: The optimal computing resource allocation f*

1 for all users i € M do

2 while Aoz — Amin > ¢ do

3 Denote A = (Amaz + Amin)/2.

4 Compute f* according to substitute A into (22).

5 If Z fi¢ < Fj, update Amae = A, otherwise update Amin = A
6 end

7 f* can be obtained by substituting A into (22).

8 end

U Cl own
Fy(xl 2t 0) Zv T3 + af j (5 + T3+

" (24)
S k(= at ) + T+ T2 + i (6) Q)
JEN 2,5’

To effectively solve P4, we propose a task offloading algorithm based on
matching theory. This algorithm views the problem of task offloading as a two-
sided many-to-one matching problem, aiming to find a stable optimal matching
between task set and EN set. By establishing a stable two-sided matching, it can
ensure that the task in the current matching can obtain the maximum system
utility. When no “blocking pairs” are found during the matching process, the
matching is considered stable [26].

In this paper, user tends to offload task to EN with required services and suf-
ficient computing resources, while EN tends to process tasks with less demand-
ing computing resources. To simplify the description, we denote U as a set of
tasks and denote A/ as a set of ENs, which are two disjoint players. Then we
need to match & and A. Tasks can only select one EN for processing, and
each EN can process multiple tasks. Denote H(z) as the matching function
between U; € U and EN; € N. It needs to satisfy the following conditions: (1).
H(U;) € N,VU; € U means that any task matches any EN in the set N. (2).
H(EN;) € U,Vj € N means that U contains any task processed by any EN in
the set V. (3). H(EN;) = U; & H(U;) € EN; means that the task U; to EN;
processing is equivalent to E'N; processing of tasks including U;, but not only
processing a task U;. If there is a current matching H, the offloading decision of
the task can be determined as

i = (25)

. 1, if HEN;) =Us;
0, otherwise.
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z (26)

4.3," T

.1, i H(EN))=Uiand at; =0, j #j';
0, otherwise.

Each player can build a preference list with other players by defining a utility
function that is inversely proportional to the sum of the system’s total delay and
cost [27]. Then the utility function of EN for task U; can be expressed as

1
SUp (EN;) = —— (27)
" Bl )

If there is the following definition SUy,(EN;,) > SUy,(ENj,), it means that
the task U; prefers to be processed in N, rather than in ENj,.

Algorithm 3: Based on Matching Theory Task Offloading Algorithm
Input: M: the set of users, U: the set of tasks, N: the set of ENs and the set of
services
Output: All tasks optimal offloading decisions z* and z*
1 Initialize Phase:

2 All users and associated ENs are initialized to construct a matching H that
satisfies all constraints C2-C7.
3 Calculate the system utility under the current matching pair according to (27).
4 Matching Phase:
5 while there erists unstable matching do
6 if ENj/ exists the services required by U; then
7 Obtain the parameters of ENj/.
8 Calculate system utility of user i to ENj/.
9 if SUy,(EN;) < SUy,(EN;/) then
10 ENj: accepts the matching request and calculates the system utility
of user ¢ according to (27).
11 If constraints C2-C7 can not be satisfied, user ¢ will be re-matched.
12 end
13 else
14 ENj rejects matching request of user ¢, and user 7 sends matching
requests to other ENs.
15 end
16 end
17 end

18 The system unility does not change, that is, tasks and ENs achieve an optimal
and stable matching H.

19 According to the matching results and (25)-(26), we can obtain the optimal
offloading decisions z* and z' of all tasks.

Based on the above definition of matching theory, we propose Algorithm 3
to solve P4. The algorithm includes two phases: an initialization phase and a
matching phase. In the initialization phase, all users are matched with asso-
ciated ENs and calculate the system utility. In the matching phase, all users
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continuously search for available ENs to process their tasks and establish stable
matching relationships with ENs. If task U; has low system utility with the cur-
rently matched EN, user ¢ will send a matching request to other ENs. When other
ENs receive this matching request, they calculate the system utility and make
corresponding matching decisions: (1). If the EN accepts task U; to improve the
system utility, it accepts the matching request of user i. (2). Otherwise, it rejects
matching request of user 7. If user i’s matching request is rejected by the EN,
user ¢ will send a matching request to the next available EN. When no user initi-
ates a matching request in the matching phase, the matching phase ends. During
each round of matching between tasks and ENs, both parties can achieve stable
matching with the maximum system utility. Finally, according to the matching
results satisfying all the constraints, the optimal offloading decisions of all tasks
can be obtained.

4 Simulation Results

In this section, we evaluate the performance of the proposed OKMTA algorithm
through simulation results.

4.1 Simulation Setting

In the scenario of multi-ENs collaborative task processing, we can set the fol-
lowing parameters for simulation experiments. The coverage area size is 500m x
500m, in which there are 10 users and 4 ENs randomly distributed. The wireless
channel gain from user ¢ to FN; can be expressed as h;; = d;f, where d; ;
denotes the distance between the user ¢ and the associated EN;, the path loss
factor 9 = 4, the noise power o2 is set to -100dBm, and the transmission power
for user i is set to p; ; = 30dBm [28]. Considering the heterogeneity of EN, the
channel bandwidth Bj, storage capacity G, and computing resources F; of EIN;
are set to [8, 12] MHz, [5, 10]GB, [30, 60]GHz respectively. The input data size
D; of the task U; is set to [30, 50]MB [29]. The number of CPU cycles required
to execute each bit task is set to 1200. To process tasks, various resources of
EN need to be rented. The communication unit cost «; and the execution unit
cost (3; of the task are set to [2x 107%,3 x 10™*] unit/J, [0.4 x 1077,0.8 x 10~ 7]
unit/bit respectively. The unit cost of the storage service on the remote cloud
server and EN is set to [1.0, 1.2] unit and [0.54, 0.6] unit respectively [30].

Next, we conduct a performance research on the OKMTA algorithm pro-
posed in this paper. We use 500 time slots for evaluation, and the time interval
of each time slot is set to 10ms. Additionally, we introduce three benchmark
algorithms to evaluate the algorithmic performance of OKMTA algorithm: (1).
Non-Collaborative EN Processing Algorithm (NCEPA): ENs within the cover-
age area process tasks independently, and there is no collaborative relationship
between them. Tasks can only be processed in their associated EN. (2). Optimal
System Delay Processing Algorithm (OSDPA): When processing tasks, it only
considers reducing system delay, without considering system cost constraints.
(3). Random Processing Algorithm: tasks can be randomly offloaded to any EN
for processing.
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4.2 Performance Comparison

Figure2 and 3 respectively show the average delay and cost performance of 4
ENs processing 10 tasks in the case of V = 4. As can be seen from the follow-
ing two figures, the OKMTA algorithm achieves near-optimal delay performance
while satisfying the long-term cost constraint. Although the OSDPA algorithm
performs best in terms of delay performance, it can be clearly seen in Fig.3
that using the OSDPA algorithm for task processing results in higher costs. In
comparison, the random algorithm assigns tasks randomly to any EN without
considering specific resource requirements, leading to inferior delay and cost per-
formance. In addition, in the NCEPA algorithm, EN processes task requests sent
by users independently, without considering the mutual collaboration relation-
ship between ENs, resulting in poor overall system delay performance.
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Fig. 2. Average system delay of all users Fig. 3. Average system cost of all users

4.3 The Effect of Parameter V on System Performance

Figure4 and 5 show the average system delay and cost of processing 10 tasks
for OKMTA and OSDPA algorithms with different parameters V, respectively.
It can be seen from Fig. 4 that as the parameter V increases, the average system
delay of the OKMTA algorithm decreases significantly, and gradually approaches
the optimal processing delay of the system. It can be seen from Fig. 5 that
with the increase of the parameter V, the average system cost of the OKMTA
algorithm gradually increases, and finally remains at a level lower than the cost
of OSDPA algorithm. But the OSDPA algorithm achieves the best system delay
at a higher system cost. The above two figures verify that the parameter V
can flexibly adjust the trade-off between system delay and cost, and different
parameters V can be set according to different situations to meet the needs of the
system. Considering the long-term cost constraints, our algorithm outperforms
the OSDPA algorithm.
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4.4 The Effect of the Number of Users on System Performance

Figure 6 and 7 show the total system delay and cost when using different schemes
to process tasks with different numbers of users, respectively. As the number of
tasks increases, system delay and cost increase for all scenarios. Specifically, the
OSDPA algorithm achieves the lowest system delay, followed by our OKMTA
algorithm with slightly higher system delay, while the NCEPA and random algo-
rithms result in the highest system delay. Additionally, from Fig. 7, it can be
observed that our algorithm has the lowest system cost. Although the OSDPA
algorithm maintains low system delay, its cost is the highest, indicating that this
algorithm consumes significant system cost to achieve the best system delay. In
summary, under the condition that the constraints are satisfied, our algorithm
closely approaches optimal system delay while maintaining lower system cost.
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Fig. 6. System delay with different M Fig. 7. System cost with different M

5 Conclusion

In this paper, we propose a multi-ENs collaborative task processing model. It
mainly studies the collaborative task processing among multiple ENs, making
optimal offloading decisions and computing resources for tasks to minimize sys-
tem delay and cost. To solve this problem, we propose an online optimization
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algorithm (i.e., OKMTA), which is executed in an online manner without pre-
dicting future information. The algorithm is mainly used to jointly optimize
the offloading decision and computing resource allocation of tasks, and obtain
a near-optimal solution. Finally, the simulation results show that our algorithm
not only achieves the near-optimal delay effect, but also keeps the system cost
low.
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