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As a promising computing paradigm, Mobile Edge Computing (MEC) provides communication and computing
capability at the edge of the network to address the concerns of massive computation requirements, constrained
battery capacity and limited bandwidth of the Internet of Things (IoT) systems. Most existing works on mobile
edge task ignores the delay sensitivities, which may lead to the degraded utility of computation offloading and
dissatisfied users. In this paper, we study the delay sensitivity-aware computation offloading by jointly consid-
ering both user's tolerance towards delay of task execution and the network status under computation and
communication constraints. Specifically, we use a specific multi-user and multi-server MEC system to define the
latency sensitivity of task offloading based on the analysis of delay distribution of task categories. Then, we
propose a scoring mechanism to evaluate the sensitivity-dependent utility of task execution and devise a
Centralized Iterative Redirection Offloading (CIRO) algorithm to collect all information in the MEC system. By
starting with an initial offloading strategy, the CIRO algorithm enables IoT devices to cooperate and iteratively
redirect task offloading decisions to optimize the offloading strategy until it converges. Extensive simulation
results show that our method can significantly improve the utility of computation offloading in MEC systems and
has lower time complexity than existing algorithms.

support task execution for IoT devices, thereby enhancing users' experi-
ence and QoS [13-15]. A typical computing scenario for MEC systems is

1. Introduction

With the rapid development of smart devices and communication
technologies, IoT devices have been deeply integrated into our daily
lives [1-4] to motivate a wide variety of applications. Many
resource-consuming applications, such as multi-perception fusion and
virtual/augmented reality are more complex than ever, placing
demanding requirements for computation and communication re-
sources [5]. Due to their constrained resources, IoT devices usually
suffer from a lack of computational power [6] when faced with complex
computational tasks, or even rapidly deplete their battery power [7-9].
Although Cloud Computing techniques can provide sufficient resources
to solve computation-demanding tasks [10], the noticeable delay
caused by long transmission is a common frustration for users.

Recently, Mobile Edge Computing (MEC) has emerged as a promising
computing paradigm [11,12] that deploys micro servers at the edge of
networks in proximity to IoT devices. With a short transmission distance
and sufficient bandwidth, MEC can provide computation services and
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shown in Fig. 1, where IoT devices can offload computation tasks to
nearby edge servers via communication channels provided by base sta-
tions in various urban sites. Based on this classic scenario of edge
computing, many existing works have focused on devising various
computation offloading strategies with the goal of optimizing offloading
decisions and minimizing the average task execution delay [16-18].
However, most of these schemes do not take into account the delay
sensitivities of tasks in different categories, leading to the degraded
utility of computation offloading to meet the needs of users [19,20].
Generally, IoT devices can generate different types of computation
tasks. For instance, in Ref. [21], authors analyzed a cellular traffic dataset
collected by a major network operator in China, where requested ap-
plications are classified into 19 categories as reflected in Table 1. People
have different tolerances for various types of task execution delays, for
example, a short delay in an online shopping application is rarely a
concern for cell phone users, but the same delay in autonomous driving
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Fig. 1. A typical computing scenario for MEC systems.

can lead to a crash or even endanger human life. It is worth noting that
latency sensitivity is different for different types of computing tasks and
can be assessed qualitatively based on user surveys. Thus, such differ-
ences can be categorized by using three labels (ie., sensitive, moderate,
insensitive) to mark delay sensitivities of different application categories.

To illustrate the influence of various sensitivities on the utility of
computation offloading, a specific example is shown in Fig. 2. There are a
game task and a news task which need to be offloaded to edge servers
with two potential strategies. When conducting offloading strategy 1, the
game task is offloaded to edge server 1, and the news task will be pro-
cessed by edge server 2. The execution delays for the game task and the
news task are 3 ms and 15 ms, respectively. When conducting offloading
strategy 2, the execution delays of both the game task and the news task
are 7 ms. Apparently, the average delay of offloading strategy 2 (7 ms) is
lower than that of offloading strategy 1 (9 ms). Nevertheless, strategy 2 is
not a desirable solution when considering the delay sensitivities of the
above tasks since the game task is more sensitive to delay and vice versa
for the news task. To conclude, users' experience can be significantly
affected by the same delay in executing different application tasks, and
when the user experiences longer response times for latency-sensitive
tasks, it can cause user dissatisfaction.

Therefore, in this paper, we take delay sensitivity into full consider-
ation to study computation offloading in mobile edge computing system.
We aim to optimize the computation offloading strategy with the goal of
maximizing the task execution utility. However, there are three critical
challenges in finding the best offloading strategy as follows.

@ First, delay sensitivity is an abstract concept that is difficult to
quantify, so it becomes challenging to evaluate the utility of task
execution in terms of conceptual delay sensitivity.

@ Second, in MEC systems, heterogeneous edge servers have different
computation capacities and communication bandwidth. On this basis,
the channel quality and task queues on each edge server change
dynamically when IoT devices offload tasks, and it is a challenge to
adaptively adjust the offload policy in a dynamic MEC environment.

@ Third, when the number of edge servers and tasks increases, the so-
lution space for offloading strategies would become huge, so it is
difficult to find an optimal offload policy with the highest utility.

Table 1
App classification and delay sensitivities.
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To address the above challenges, first the delay is modeled when
considering the following three factors: task uploading, task queuing and
task computation. Then, the delay distribution in various task categories
is analyzed and their delay sensitivities are defined. Next, the utility
function is constructed to quantify the utility as a score so as to evaluate
the effect of task execution according to the delay sensitivity of different
task categories. To this end, a Centralized Iterative Redirection Off-
loading (CIRO) algorithm is proposed, which can collect all the infor-
mation in the MEC system for computation task offloading. Starting from
an initial offloading strategy, the CIRO enables IoT devices to cooperate
and iteratively redirect task offloading decisions. The contributions of
this paper can be summarized as follows.

@ We are the first to evaluate the utility of task execution and proceed
from the user experience when considering the task execution delay
and delay sensitivity for better user satisfaction and user experience.

@® We explore a more comprehensive delay composition and more
complex dynamic MEC systems, and propose the CIRO algorithm for
computational offloading through the collaboration of IoT devices to
efficiently and quickly find the offloading strategy with the highest
utility in the face of large MEC systems.

@® We conduct extensive simulation experiments to verify the effec-
tiveness of the CIRO algorithm and compare it with the existing
computation offloading algorithms. Experimental results show that
the CIRO algorithm can converge faster and outperform other base-
line algorithms for various settings.

The rest of the paper is organized as follows. Section 2 summarizes
related works in computation offloading. Section 3 presents the system
model and problem formulation. Section 4 introduces the design of our
offloading strategy and the CIRO algorithm. Section 5 presents the
simulation experiments and the comparison results of the CIRO algo-
rithm with existing algorithms. Section 6 concludes this paper.

2. Related work

Computation offloading is considered as one of the core technologies

Edge Server 1 Edge Server 2 Edge Server 1 Edge Server 2
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Average task delay: 9ms Average task delay: 7ms

Fig. 2. Two offloading strategies.

No. Category Delay sensitivity No. Category Delay sensitivity No. Category Delay sensitivity
1 Games sensitive 8 Travel moderate 14 Music not sensitive

2 Video moderate 9 Life service sensitive 15 Maps sensitive

3 News not sensitive 10 Education moderate 16 Reading not sensitive

4 Social not sensitive 11 Medical sensitive 17 Fashion moderate

5 Shopping not sensitive 12 Commute not sensitive 18 Working sensitive

6 Finance sensitive 13 Vehicle sensitive 19 Babycare sensitive

7 Estate not sensitive
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in MEC and has attracted significant research attention in recent years.
The computation offloading can be divided into three categories ac-
cording to the optimization goal: (1) minimizing the delay [22,23]; (2)
reducing the energy consumption [24-27]; and (3) balancing the delay
and energy consumption [28]. In this article, we mainly study compu-
tation offloading to reduce the delay.

Existing works on computation offloading can be broadly classified
into two categories: centralized and distributed. For centralized compu-
tation offloading [29,30], the MEC controller collects all information,
including the quality of wireless channels, the queuing status and
computing capability of edge servers, and the information of tasks, etc.
Based on this information, the controller gives offloading decisions for
each task. Cooperation among multiple Mobile Devices (MD) is presented
in Ref. [29] to realize the task scheduling by constructing a potential
game with the aim of minimizing the overhead of each MD. In Ref. [30],
Chen et al. propose a task offloading policy for mobile edge computing in
software-defined ultra-dense networks. They formulate the task off-
loading problem as an NP-hard nonlinear mixed-integer programming
problem. Then, they transform this optimization problem into a task
placement sub-problem and resource allocation sub-problem.

Another thrust of works targets distributed resource allocation for
multi-user MEC systems [31,32]. In Ref. [31], they formulated the
problem as a distribution overhead minimization problem by targeting
multi-user and multi-server scenarios for small cell networks integrated
with MEC to minimize the overhead of users. In Ref. [33], authors have
studied the impact of inter-user task dependency on the task offloading
decisions and resource allocation in a two-user MEC network. They
propose an efficient algorithm to optimize resource allocation and task
offloading decisions. In Ref. [34], the author provides a fine-grained
offloading strategy in mobile edge computing for IoT systems. They
propose a novel offloading scheme to reduce the overall completion time
of the IoT applications by jointly considering the dependency among
subtasks and the contention among multiple users.

In [34,35], the authors use game theory to find the optimal unloading
strategy, model computational unloading as a noncooperative game
process, and design algorithms so that the game reaches a Nash equi-
librium through a finite number of iterations. In a non-cooperative game,
IoT devices compete for computing and communication resources with
the goal of maximizing their own utility. The difference is that we believe
that IoT devices can use various resources efficiently by cooperating,
which can avoid the bad consequences of vicious competition caused by
non-cooperative games.

3. System model

This section introduces the system model. We first describe the multi-
user and multi-server MEC system, and then present communication
model, computation model, and task execution utility model in detail.
For clear presentation, Table 2 summarizes the notations used in the
following formulation.

3.1. Multi-user and multi-server MEC system

This paper considers the MEC system with multiple users and multiple
edge servers. An illustration of the MEC system is shown in Fig. 3. It is
assumed that there is a set of N = {1, 2, ..j, ..n} IoT devices. Edge servers
distributed at the edge of the network can be defined by S = {1, 2, ..k, ..s}.
In the MEC system, edge servers are located at base stations and IoT
devices can offload tasks through radio channels provided by base sta-
tions. M = {1, 2, ..i, ..m} are tasks generated by all IoT devices. As
analyzed above, tasks can be divided into different types based on delay
sensitivity. Therefore, we use Y = (v1, v3.., vp, ..07) to represent the cat-
egories of task set M, v, is the h — th task category.

T; represents the i — th task, which can be described by a five-tuple
(my, ¢;, a;, w;, 1;). Here m; denotes the size of input data for computation
(e.g., the program codes and inputting parameters), ¢; denotes the
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Table 2
Notations used in the paper.
Notation Definition
N The set of IoT devices

S The set of edge servers

M All tasks in the MEC system

T; j — th task in the MEC system

m; The computation input data size of T;

ci The required CPU cycles of T;

a; The offloading decision of T;

w; The IoT device that generated T;

u; The category that T; belongs to

A The offloading strategy of all tasks

By The bandwidth of BS connected to edge server k

qj The transmission power of IoT device j

8k Channel gain
Jl, The computation capability of IoT device j
* The computation capability of edge server k
t; Total delay of T;

] The delays of all tasks

op The h — th task category

Yh Delay distribution of h — th task category

Hh The mean of y,

o7 The variance of yy

d; The execution score of T;

required total CPU cycles to accomplish the task T;. The value of a; de-
notes where task T; is executed, a; = 0 means the task T; is executed
locally in the IoT device. a; = k means T; is offloaded to the edge server k
for execution. w; indicates the IoT device that generated the task T;. u;
denotes the category which task T; belongs to. Offloading strategy in-
cludes offloading decisions of all tasks and can be denoted by A = (ay, aa,
ves Qjy oy Q).

3.2. Communication model
The communication model for wireless access is presented as

qi8ik

@ + Zi’eM:u’/ =41 81 .k>

By represents bandwidth of the channel connected to edge server k. r; x
denotes the upload data rate from device i to edge server k. Here g; is the
transmission power of device i, g;x means channel gain for the link be-
tween device i and edge server k. w is background noise power.
> md a3 8 k denotes the wireless interference suffered from other IoT

Fixk = Bkl()gz <1 + (1)

devices which offloads tasks to the same edge servers. It can be seen that
rik is determined by offloading strategy A. If an edge server serves more
IoT devices, the upload rate from the IoT device to the edge server will be
lower, leading to an increase in transmission delay.

3.3. Computation model

For each task, there are two kinds of execution methods. In the first
method, tasks are executed on the IoT devices that generate them called
Local Computing. The second method is to offload tasks to edge servers for
execution called Edge Computing. Two different task execution modes
produce various delays.

1) Local computing: Task T; chooses Local Computing will only generate
computing delay. We know the required total CPU cycles of task T;, fll-
represents the computation capability (i.e., CPU cycles per second) of
IoT device j that generated task T;, w; = j. Then we can get the
computing delay t! of T; as the following formula:

1 1
t[:Ci/fj

(2)
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Fig. 3. An illustration of the MEC system.

2) Edge computing: Tasks' Edge Computing can be divided into three steps.
First, the task will be uploaded to an edge server, then the task queued
in the edge server for execution, and finally, the processor calculates
the task to get results.

In the first step, task T; is uploaded from the IoT device j to an edge
server and causes upload delay tf‘”pl"ad. Given the offloading strategy A,
we can get the upload data rate rj by formula (1). Therefore, the upload
delay 7" of T; can be calculated as

,upload
tei:) uploa

3)

=m / Tik

In the second step, when T; arrives on the edge server k, there may be
some tasks waiting to be executed. Without the execution order of tasks
on edge server k, the waiting delay "™ of T; is difficult to calculate.

Therefore, we take a worst-case scenario and assume that T; is executed
last in the edge server to estimate the waiting delay as follows

e,wait e
. = s
i ¢ k

s
i eM:a, =a;
/

t (€]

In this way, we can get the longest waiting delay of task T; on each
edge server, based on which we can select the appropriate edge server for
T;. Here, f; is the computation capability of the edge server k,
D i era, —o,C¢ 18 the sum of CPU cycles of tasks queued before T; in the

edge server.

In the third step, the computing delay ¢
be calculated by

e,compute

; on the edge server can

tf.('UYﬂplllE — Cl/j:; (5)
The total delay t; of task T; in Edge Computing is composed of
uploading delay, waiting delay and computing delay as

e,upload
ti

©)

t; represents the total delay of T;, when the task chooses Local
Computing, t; = t', when the task chooses Edge Computing, t; = t¢. Given
the offloading strategy, the channel interference and task queue on each
edge server can be determined. So we can calculate the delays ® = (ty, to,
. b, .., ty) of all tasks through the above delay calculation method.

e __ e,wait e,compute
6= g
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3.4. Task execution utility model

As mentioned above, our goal is to find the offloading strategy with
the highest utility, so we first propose a method to evaluate the utility of
the task execution in terms of delay and delay sensitivity. The delay
distribution model of a task category can reflect its delay sensitivity and
we consider that the execution delays of the same task category all obey
Gaussian distribution. The Gaussian distribution model for different task
categories can be expressed as I' = [y1, y2.., 7h--, 71l, yn denotes Gaussian
distribution for task category vp, up is the mean of yp, and aﬁ is the
variance. The task category with the smaller mean and variance of the
delay distribution has higher delay sensitivity.

We compare the task's execution delay with the delay distribution to
evaluate its execution utility. Next, we take task T; as an example to
introduce the evaluation process. It is assumed that task T; belongs to
type vp and yp, is its Gaussian distribution model. The probability density
function of yp, can be expressed by

2
1 exp<_<xg‘n> )
V270, 20,
We assume that the mean yuy, is 500 ms and o3, is 100 ms, and then we
can draw the graph of y, as shown in Fig. 4. After calculating the
execution delay t; of task T;, we compare t; with y, to analyze the
execution utility of T;. The shaded area in Fig. 4 represents the probability

pr(t) that the execution utility of T; is better than other tasks in type vp,
pr(t) = P{X > t;} can be calculated by

ph(t-):/m L o o)
1 w V210, 20,

Based on this comparison, we use a scoring mechanism to quantify
the execution utility of the task. d; denotes the score of task T;'s execution
utility, which can be represented by

fu(x) @)

(8

d; = py(t;) x 100 ©)

This scoring mechanism evaluates the execution utility by consid-
ering both execution delay and delay sensitivity of tasks. The utility of the
offloading strategy can be reflected by the average of all tasks' scores,
which is called AverageScore and can calculate by

AverageScore = (Zd,-) /m
i'eM

Fig. 5 shows how the scores of the execution utility in different task
categories vary with delay. It can be seen that the scores of delay-
sensitive tasks decrease rapidly with the growth of delay. To get a
higher AverageScore, the offloading strategy is adjusted so that latency-
sensitive tasks are executed as soon as possible, which is exactly what
users need.

(10)

4. Problem formulation

In the MEC system, different offloading strategies will bring
completely different results. The offloading strategy A = (a3, ay, .., @;, -.,
a,) determines the execution position of all tasks, and the execution
position of all tasks will affect AverageScore. According to A, we can
calculate tasks' execution delay ® = (t, to, .., t;, .., ty) as in the 3.3
Computing Model. Based on ®, AverageScore can be calculated by formulas
(8), (9), (10), which reflects the utilities of the offloading strategy.

Our goal is to find the optimal offloading strategy with the highest
AverageScore, the task offloading problem can be formulated as
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=100 exp| ——5— m
<r§p v V2moy P ( 262

5. Task offloading strategy

This section proposes an efficient centralized algorithm to solve the
optimization problem defined above. Unlike the distributed method, the
centralized approach can obtain information about the MEC system and
offload tasks based on a global perspective.

5.1. The CIRO algorithm

The CIRO algorithm chooses an edge server as the central station,
which collects global information, based on which, the central station
server runs the CIRO algorithm to get the offloading strategy with the
highest AverageScore and informs IoT devices of the task's offloading
decision by broadcasting. Then, IoT devices offload tasks according to the
central station's commands. The core idea of the CIRO algorithm can be
briefly expressed as follows: After collecting global information, the
CIRO algorithm generates an initial offloading strategy denoted by A,
then iteratively adjusts the task's offloading decision to improve the
AverageScore of the offloading strategy. A; represents the offloading
strategy after the | — th iteration. When an iteration is adjusted to no
longer increase the AverageScore, the CIRO algorithm converges and
obtains the final offloading policy. The main process of the CIRO algo-
rithm can be divided into three steps as follows.

(1) Global information collection: At the beginning of the algorithm, the
IoT devices send five-tuple information of tasks to the central
station server. The edge server will also send the server's infor-
mation, including the server's computing capability, task queue
status, base station's bandwidth, and other information to the
central station. The data amount of this information is small that
will not occupy too many communication resources.

(2) Initial offloading strategy generation: After collecting the global in-
formation, the CIRO algorithm initializes the offloading strategy
Ap in a random way, that is, randomly generating the offloading
decision for each task (line 1). Starting from Ao, the CIOR algo-
rithm then iteratively adjusts the offloading strategy. When the
offloading strategy does not change after the iteration, the algo-
rithm is considered to converge and ends (line 2).

Gaussian distribution of y,

0.0040 - —— Mp = 500ms g = 100ms
0.0035 4
0.0030 1
0.0025

0.0020 4

0.0015 A

Probability of delay

0.0010 A

0.0005 -

0.0000 -

400 600 t; 800 1000

Task execution delay (ms)

200

o4

Fig. 4. Delay sensitivity analysis of task T;.

959

Digital Communications and Networks 8 (2022) 955-963

(3) Iterative optimization: In the iterative process, the adjustment
method of the offloading strategy is to redirect the offloading
decisions of tasks. Redirection of task refers to changing the task's
current offloading decision to find a better offloading decision
that makes offloading strategy's AverageScore higher. In order to
reduce the complexity of the redirection, we only redirect one task
at a time, and the offloading decision of other tasks remains un-
changed during this time.

Algorithm 1: Centralized iterative redirection
offloading (CIRO) algorithm.
Input: Task Information, Edge Server
Information
Output: The offloading strategy with the
highest AverageScore
1 Initialize Ag, a; is a random value in {0} U S
2 while A; # A;_; do

3 for alli e M do
4 forall je Mandj+ido
5 Attempt to swap the offloading
decisions of the two tasks, swap
the values of g; and a; in A, to get
Al
6 Calculate AverageScore of A}
7 end
8 Get All’i with highest AverageScore
9 forallk € S do
10 Attempt to redirect task 7; to server
St leta; = kin A; get A%i.
1 Calculate AverageScore of A7,
12 end
13 Get A7, with highest AverageScore
14 Attempt to redirect task 7; from the
edge server to local, @; = 0 or from
local to an edge server to get Aii.
15 end
16 Choose the offloading strategy with the
highest AverageScore among All,i’ AIZJ., Aii
as Aj;
17 if AverageScore of A;; >AverageScore of
A; then
18 Implement that redirection and update
A=Ay,
19 end
20 I=1+1
21 end

22 Get the final offloading strategy and notify IoT
devices to offload according to the strategy

through broadcast

In a round of iteration, we will attempt to redirect the task to each
possible offloading decision called redirection attempts, to find the best
redirection, and the redirection attempts for each task can be divided into
three types. The attempt will result in changes to the offloading strategy.
We use A{.i to represent the offloading strategy after the j — th type
redirection attempt of T; in the | — th iteration. Next, take task T; as an
example to introduce three types of redirection processes.
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Fig. 5. Score of delay in different task categories.

@ As shown in Fig. 6(a), the first type of redirection is to swap Tj's off-
loading decision with other tasks (lines 4-8). After the swapping,
AverageScore will increase or decrease. We let T; attempt to swap the
decision with all tasks to find the offloading strategy Alli with the
highest AverageScore after first type redirection attempt.

@ The second type of redirection (Fig. 6(b)) is simply to change the
offloading decision of task T; from the current edge server to other
edge servers to get the offloading strategy Afi (lines 9-13). At last, we
will get the offloading strategy Afi with the highest AverageScore.

@ As shown in Fig. 6(c), the third kind of redirection is to redirect the
offloading decision of task T; from the current edge server to the local
or from the local to an edge server (line 14).

After completing the three types of redirection attempts, we get the
offloading strategy (A};,A%,A%) with the highest AverageScore in each
kind of redirection attempt. Then we choose the best offloading strategy
in (Aii ,Alz_i,A?i), which can be denoted by AZi (line 16). If the AverageScore
of Azi exceeds the AverageScore of offloading strategy A;, then we update
the offloading strategy by A; = An (line 17-18), otherwise, we will not
update A;. Because the purpose of task's redirection is to increase the
AverageScore of the offloading strategy, we will not implement the redi-
rection without the increase of AverageScore.

When all tasks are redirected, this round of iteration ends. When the
AverageScore cannot be improved by task redirection, the offloading
strategy in the iteration will not change, and the CIRO algorithm con-
verges. It is worth noting here that redirection is only part of the calcu-
lation in the algorithm, rather than actually offloads the task.

5.2. Convergence analysis of CIRO

Next, we prove that the CIRO algorithm can converge in a finite
number of iterations. We use C to represent the number of iterations of
the CIRO algorithm. C may be a finite integer or infinite. Because finding
the optimal offloading strategy in the MEC system is a combination
problem, therefore there is the optimal offloading strategy A” = (aj, a;, -
. @ ,..a,) with the highest AverageScore. The CIRO algorithm continu-
ously improves AverageScore of offloading strategy through iterations,
and A, represents the increment of AverageScore after the t-th iteration.
Let Apin be the smallest increment of all iterations in the CIRO algorithm,
Apmin = min Ag, 0<d < C. Because the AverageScore of each offloading
strategy is a certain value, Apin cannot be infinitely small. So there must
be a positive real number e that ¢ is smaller than Apin, €<Ampin.

We use AverageScore® to represent the AverageScore of the initial
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offloading strategy A,. AverageScore* represents the AverageScore of the
optimal offloading strategy A*. Based on AverageScore*<100 and
€<Anin, we know that

(AverageScore” — AverageScore®) - 100

Cc<
Apin €

(12)

Because e is a positive real number that is not infinitesimal, 100/¢ is a
finite real number. Through formula (12), we can deduce that the CIRO
algorithm can converge through a limited number of iterations.

5.3. Complexity analysis of CIRO

After the convergence analysis, we use the calculation of AverageScore
as the basic operation to analyze the complexity of the CIRO algorithm in
an iteration. It is assumed that there are n tasks that need to be offloaded
to the k edge servers or local, and in each iteration, we perform three
redirect attempts for all n tasks.

In the first redirection attempt, each task has to swap offloading de-
cisions with other n — 1 tasks. In the second redirection attempt, each
task attempts to be redirected to other servers for computing, and k — 1
basic operations are implemented. In the third redirection attempt, the
task is attempted to be redirected to local or from local to an edge server,
and only implements 1 basic operation. So each task hastodon + k — 1
basic operations. In an iteration, n tasks' redirection require n(n + k — 1)
basic operations, so the complexity of the CIRO algorithm in each iter-
ation is O(n(n + k)). Besides that, a few tasks change the offloading de-
cision in the redirection process. When calculating AverageScore, only the
scores of the affected tasks need to be recalculated, which significantly
reduces the amount of computation.

6. Experiment and evaluation

In this section, we conduct experimental simulations to evaluate the
performance of the proposed CIRO algorithm. Under three different
scenarios, we calculate AverageScore of the offloading strategy to verify
the effectiveness of our method. In particular, the Distributed Earliest
Finish time Offload (DEFO) and the Random algorithm are used to
compare with the CIRO algorithm, which randomly offloads tasks to edge
servers for execution.

6.1. Experimental parameter setting

The experiment is set in a multi-user and multi-server scenario. The
parameter settings in the experiments are shown in Table 3. We set the
channel bandwidth of each base station as 20 Mhz + 20% and the
computing capability of each edge server as 10 Ghz + 20%. Considering
the QoS of tasks, the number of tasks queued on the edge server is ranged
from 0 to 10 randomly. We set the computing capability of IoT devices to
1 Ghz £+ 20%, and the transmission power of each device as 100mWatts +
20%. Distance between IoT devices and edge servers ranges from 20 m to
50 m at random. For tasks generated by IoT devices, the task's data
volume is 1000 KB + 50%, and the number of CPU cycles required for the
task is between [1000,5000] Megacycles. The background noise is
assumed as —100 dBm and the pass loss factor is 4. We divide tasks into
10 species and the mean of each task specie's delay distribution is 500 ms
+ 30%, and the standard deviation is 120 ms + 30%.

6.2. AverageScore of different algorithms

As mentioned above, our purpose is to obtain an offloading strategy
with the highest AverageScore. Hence, we first use the AverageScore as an
evaluation index to verify the effect of algorithms. Here, three experi-
ments are designed to study the impacts of the different numbers of edge
servers, [oT devices, and tasks on AverageScore.

In the first experiment, we aim to study the impact of different
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numbers of edge servers on AverageScore. We set the number of [oT de-
vices to 15, the number of tasks to 50, then gradually increase the
number of edge servers from 1 to 20. The AverageScore of offloading
strategy generated by each algorithm is shown in Fig. 7(a). When there
are only a few edge servers, many tasks will be queued on them and cause
task waiting delay. Therefore, the AverageScore of offloading strategy will
decrease. As the number of edge servers increases, computing resources
become more sufficient, and theAverageScore gradually becomes higher.
It can be seen from Fig. 7(a) that the AverageScore of three algorithms
increases simultaneously with a larger number of edge servers. The
AverageScore of the CIRO algorithm are always higher than those of DEFO
algorithm and Random algorithm. The above results show that the pro-
posed CIRO algorithm can achieve robust performance under different
scales of edge networks.

The second experiment studies the relationship between the Aver-
ageScore and the number of IoT devices. We set the number of edge
servers at 10, and the number of IoT devices gradually increased from 1
to 30. Since the number of tasks is related to the number of IoT devices,
we set the number of tasks as three times the number of IoT devices. With
experimental results in Fig. 7(b), we find that as the number of IoT de-
vices increases, the competition for edge servers becomes more intense,
resulting in more interferences in communication channels and longer
task queues on each edge server. However, the drop rate of AverageScore
by the CIRO algorithm is significantly slower than the two baseline al-
gorithms. In addition, the CRIO can still achieve a relatively satisfactory
AverageScore with a large number of IoT devices.

In the third experiment, we further explore the impact of tasks'
number on AverageScore. For this simulation, the number of tasks grad-
ually increases from 1 to 50 in an MEC system with 10 edge servers and
15 IoT devices. The experimental results shown in Fig. 7(c) are similar to
the second experiment. As the number of tasks increases, the Average-
Score becomes to decline for three algorithms, however, the CIRO algo-
rithm significantly outperforms two baseline methods with a steady
AverageScore.

Table 3
Experimental parameters.

Parameters Value

Base station bandwidth 20 Mhz + 20%
Computing capability of edge servers 10 Ghz + 20%
Number of waiting tasks [0,10]

Computing capability of IoT devices 1 Ghz £+ 20%
Transmission power of IoT devices 100 mWatts + 20%
Distance from IoT device to each server [20,50]m

Task data volume 1000 KB + 50%

CPU cycles number required for the task [1000,5000]Megcycles
Background nosie —100 dBm

pass loss factor 4
Mean of delay distribution 600 ms + 30%
Standard deviation of delay distribution 120 ms £+ 30%

Swap

Task | Task

Edge server i Edge server j Edge server i

(a) Swap the offloading decisions of

the two tasks servers

Offload

Edge server j

(b) Offload tasks to other edge
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6.3. Convergence of different algorithms

In this part, we verify the convergence of the CIRO algorithm and
DEFO algorithm. The convergence of the algorithm is reflected in the
number of iterations, and an algorithm that achieves convergence with
fewer iterations can have lower time complexity in obtaining optimized
offloading strategies.

In order to verify the convergence of the two algorithms in different
scenarios, three experiments were conducted in different cases. The re-
sults of the first experiment are shown in Fig. 8(a). With a larger number
of edge servers, the solution space of the offloading strategy also in-
creases, leading to more iterations of algorithms. The number of itera-
tions of the DEFO algorithm increases sharply as the number of edge
servers increases. The difference is that the number of iterations in the
CIRO algorithm is only a few, which indicates that the CIRO algorithm
can efficiently cope with a larger number of edge servers.

The second experiment and the third experiment investigate the
changes in the number of iterations for these two algorithms when the
number of IoT devices and tasks increase, respectively. As shown in
Fig. 8(b) and (c), as the number of IoT devices and tasks increases, the
number of iterations in the two algorithms increases accordingly.
Meanwhile, judging from the curves of the two algorithms in figures, the
CIRO algorithm performs better than the DEFO algorithm, and can reach
convergence with fewer iterations.

AverageScore reflects the utilities of the offloading strategy generated
by the algorithm. Here, we want to analyze the execution utilities of each
task. Therefore, an experiment is designed to observe the score of each
task in the two algorithms with changes in the number of edge servers. In
the experiment, we set the number of IoT devices to 15 and the number of
tasks to 50. We analyze the scores of 50 tasks in the experiment after the
execution of the CIRO and DEFO algorithms. Fig. 9 shows the scores of 50
tasks under different numbers of servers. It shows that tasks' scores in the
CIRO algorithm are generally higher than that in the DEFO algorithm. As
the number of edge servers increases, the proportion of high-scoring
tasks in the 50 tasks increases in the CIRO algorithm. The CIRO algo-
rithm improves the score of a single task while offloading with the goal of
maximizing AverageScore. The DEFO algorithm uses non-cooperative
game theory to ensure the utility of a single IoT device, but the compe-
tition between IoT devices leads to a drop in the scores of tasks.

7. Conclusion

In this paper, the problem of computation offloading in the MEC for
IoT systems is studied, the user's tolerance towards the task's execution
delay is considered and the execution utilities of tasks based on tasks'
delay sensitivities are evaluated. To incorporate different IoT devices for
efficient computation offloading, the CIRO algorithm is proposed to
collect global information and find the optimal offloading strategy
through IoT devices' collaboration. Extensive simulations are conducted
and the results show that the CIRO algorithm can significantly improve

Task ||
s A Return

S
Task |

| 1

S g

0ffload Local

[t ]

[ rask |

5
Q
NS
Edge server i

(c) Return the task to local or offload to
an edge server

Fig. 6. Three types of redirect attempts.



M. Wang et al.
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the utility of the task offloading strategy with lower time complexity,
stronger scalability and higher robustness.
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