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Abstract—In this paper, we investigate code-oriented partition-
ing computation offloading strategy for multiple user equipments
(UEs) and multiple mobile edge computing (MEC) servers with
limited resources (i.e., limited computing power and waiting
task queues with finite capacity). The paper aims to develop
an offloading strategy to decide the execution location, CPU
frequency, and transmission power for UE while minimizing the
execution overhead (i.e., a weighted sum of energy consumption
and computational time) of UE’s applications, which is an NP-
hard problem. To achieve the objective, first, we transform
the problem into a convex optimization problem and find the
optimal solution. Second, we propose a decentralized computation
offloading strategy (DCOS) algorithm for UE, and define a
dictionary data structure for recording the strategy of the UE
to reduce the algorithm complexity. Finally, the effectiveness of
DCOS, and the impact of various key parameters on the strategy
and overhead are demonstrated by simulation experiments.

Index Terms—Code-oriented partitioning offloading, computa-
tion offloading strategy, mobile edge computing, multiple servers
with limited resources.

I. INTRODUCTION

BOILE edge computing (MEC) is an architecture that

deploys limited computing power and storage capacity
close to user equipment (UE), aiming to reduce the service
delay and energy consumption of UE, and promote the quality
of experience (QoE) and the quality of service (QoS) [1].
In MEC, the most relevant part to users is the computation
offloading of applications [2], [3]. The computation offload-
ing strategy research can be categorized into full offloading
and partitioning offloading [4]. Full offloading focuses on
indivisible applications and has been investigated in [5], [6],
[71, [8], [9], [10]. Partitioning offloading investigates divisible
applications. Based on the type of applications, partitioning
offloading can be further classified as data-oriented parti-
tioning offloading (DOPO), continuous-execution partitioning
offloading (CEPO), and code-oriented partitioning offloading
(COPO) [11]. DOPO requires that an application can be able
to split into subsets of any size, and the amount of the data to
be processed is known beforehand [12], [13], [14], [15]. CEPO
focuses on applications that cannot know the data amount in
advance and has been studied in [16], [17]. COPO corresponds
to applications that can be divided into several tasks with
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dependencies and has been studied in [18], [19], [20], [21],
[22].

However, there are some limitations in the above works.
First, most of the researches assume that the resources of
MEC servers are unlimited (i.e., unlimited computing power
and waiting task queues with infinite capacity). The unlimited
computing power means that the server can execute an unlim-
ited number of tasks simultaneously. Although some works
limit the computing power of the MEC server, they assume
that the waiting queue of server has an infinite capacity, such
as references [12], [19]. Second, if there are multiple MEC
servers that can provide services and UE has a set of tasks
with dependencies, the process of the UE making offloading
strategy will be more complicated. Meanwhile, under the
environment of MEC servers with limited resources, the UE’s
offloading strategy is affected by other UEs that simultane-
ously send requests to the same MEC server. The strategy
made only between a certain pair of the UE and the MEC
server increases the additional consumption caused by request
collisions. But there are no works consider the situations.
Third, the UE, the MEC server, the network environment,
and the application type may all be heterogeneous in MEC.
However, except for reference [10], [12], most of the above
works do not consider the characteristic of MEC. Finally,
although the MEC server is suggested to be deployed as
densely as possible to satisfy the requests of user [23], from
the perspective of the average utilization of servers and energy
saving, the suggestion may not be the best option. But all
above works do not study the appropriate number of MEC
servers that can meet the UEs’ requirements.

Based on the above discussions, we need to consider the
following five questions.

o For an application that can be divided into some tasks
with dependency, which tasks should be offloaded to the
MEC server?

e« How to allocate the resources of UE to reduce the
execution overhead of the UE while meeting the latency
constraint of the application?

e How does UE select the MEC server that performs the
tasks when there are multiple MEC servers with limited
resources?

o How to handle request conflicts and redundant calcu-
lations caused when multiple UEs simultaneously send
requests to the same MEC server?

o How to determine the number of MEC servers to mini-
mize the overhead of UEs while maximizing the average

1551-3203 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T11.2019.2951206, IEEE

Transactions on Industrial Informatics

utilization of MEC servers?

In order to address the above issues, this paper investigates
the COPO strategy for multiple UEs and multiple MEC servers
(MUMMS) with limited resources (i.e., limited computing
power and waiting task queues with finite capacity), and has
the following works. First, we restrict the resources of UE and
the MEC server. All UEs and MEC servers can only execute
one task at a time, that is, they can only execute tasks in
a serial manner. Meanwhile, all MEC servers have a queue
with finite capacity for waiting tasks. Second, we consider the
additional overhead generated by MEC servers collaboratively
providing services. When the MEC server that is executing
a UE’s task can no longer accept subsequent requests from
the UE, the MEC server needs to send the result of the task
to other available MEC servers, thereby causing the addi-
tional waiting overhead. In addition, the tasks in the waiting
queue of MEC servers also have additional waiting overhead.
Third, we further consider the heterogeneous characteristics
of MEC. Each UE is specified by its own CPU frequency,
transmission power, application type, latency constraint, and
communication channel. Each MEC server is also specified
by its computing power, queue capacity, and communication
channel. Finally, we propose two indicators, including MEC
execution rate (MER, i.e., the proportion of the tasks that are
executed remotely) and MEC utilization rate (MUR, i.e., the
proportion of MEC servers participating in performing the
tasks), to find the appropriate number of MEC servers that
can meet the UEs’ requirements. The evaluation of MER and
MUR can avoid deploying too many idle MEC servers, and
can also reduce the energy consumption of MEC servers.

The problem is to schedule the offloaded tasks of UE on
a set of MEC servers as well as to allocate CPU resource
and transmission power of the UE, such that the execution
overhead of the UE is minimized. The main contributions of
our work are as follows.

o We restrict the resources of UE and the MEC server,
and consider the additional overhead generated by MEC
servers collaboratively providing services. Moreover, we
consider the heterogeneous characteristics of MEC. The
scenario studied in this paper is closer to the real world.

o« We formulate the problem as an execution overhead
minimization problem that satisfies the resource and
latency constraints. We transform the original non-convex
optimization problem into a convex optimization problem
through the variable substitution technique, and prove that
there is an optimal solution to the problem.

o We define a dictionary data structure for recording the
offloading strategies of UE to handle the request conflicts
and redundant calculations under the environment of
MUMMS. And then, we propose a decentralized com-
putation offloading strategy (DCOS) algorithm to make
the offloading policy for each UE.

o The convergence of DCOS, the effect of DCOS to reduce
the execution overhead, and the impact of various key
parameters on offloading decision and the overhead are
demonstrated by simulation experiments. In addition, we
discuss the impact of MEC servers on the execution
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Fig. 1. An illustration of the MUMMS scenario.
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Fig. 2. Program call graph of UEs.

overhead of UEs and propose two indicators to help to
reduce the number of idle MEC servers.

To the best of our knowledge, this is the first paper that
studies the COPO strategy optimization for MUMMS with
limited resources. And the scenario is closer to the real world.
The rest paper is outlined as follows. Section I demonstrates
the system model, mathematical models and formulations
of the problem studied in this paper. Section III introduces
the DCOS in detail. Section IV describes the simulation
experiments and evaluates the performance of DCOS. Section
V presents our conclusions.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

Fig. 1 illustrates an example of the MUMMS scenario. We
have the following assumptions. First, we assume that there
are N UEs and M MEC servers. UE; (i € {1,2,...,N})
offloads tasks to MEC; (j e{1,2,..., M}) through wireless
communication, such as 4G or 5G. Second, the wireless
links are orthogonal channels so that the link will not be
interfered by other links. Third, UE; knows the workload of
application and channel-side information in advance, but does
not know anything about other UEs. UE; communicates with
all connectable MEC servers to determine the status of these
servers, such as the computing power and the number of tasks
in the waiting queue. The overhead of probe communication
between MEC; and UE; is ignored. Fourth, once the UE starts
uploading a task to the MEC server, the MEC server ensures
that the expectation completion time of the task will not be
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postponed. Fifth, UE; remains station while uploading tasks
and receiving the result of tasks. Sixth, MEC; can execute the
task of UE; directly. Finally, the computing power of UE and
MEC servers are restricted, that is, they can only execute tasks
in serial manner. Moreover, the maximum capacity of MEC;’s
waiting queue is denoted by Q; (0 < Q; < +00).

B. Application Model

We assume that the application has been split into a set
of tasks with dependency by MAUI [24], CloneCloud [25],
ThinkAir [26], mCloud [27] or ULOOF [28]. Thus, the appli-
cation generated by UE can be represented as a program call
graph [29]. As shown in Fig. 2, UE,; can also be expressed as
G; = {V;, A;}, where V; represents the set of tasks generated
by UE;, and A; represents dependencies between the tasks. For
example, if there are v,, v,+1 € V;, and there is a directed edge
from v, to v,11 in Gy, then v, must be executed after v,.
Because UE; executes tasks serially, (vy, va+1) € 4, is always
true. Moreover, we use w; ,,, to represent the workload of vy,
which indicates the number of CPU clock cycles required to
complete the task. d; ,, represents the processing density of
v, (bits per cycle) and o; ,,, indicates the ratio of the output
data size to the input data size. vy means that the task can
only be executed locally, such as the user’s input operation.
Voo 18 a virtual task that represents the termination of the
application. Other tasks can be executed remotely or locally.
In the following, if not specified, |V;| +1 > a > 0. We
use a binary variable I; ;,, € {0,1} to indicate whether v,
is executed at MEC;. I;0,, = 1 represents v, is executed
locally. Because a task can only be executed at one location,
there is a constraint, i.e., ZjM:O Li v, = 1.

C. Communication Model

According to the Rayleigh fading channel model [30], the
rate of UE; to transmit v, to MEC; can be obtained from

Rijiw, = Wiilog, (1 + Budbvai h) (1)
d;5N;

where W; 4, D; j tv,, R, di j,w;, N; are the transmission chan-

nel bandwidth, the transmission power of UE;, the channel

fading coefficient, the distance between UE; and MEC;, the

channel path loss exponent, and the channel white Guassian
noise, respectively.

The rate of UE; to receive the result of v, from MEC; is

Rijr = Wi, log, (1 + gwj ;@) @)
where W ;. is the receiving channel bandwidth and p; , is the
receiving power of UE;.

In addition, if v, is offloaded to MECj/ and v,41 will be
offloaded to MEC; (j' # j), the rate of MEC ;v to transfer the
result of v, to MEC; is

o h

14+ 22|, A3)
J ’
3G

Ry ; =Wy ;logy

where Wj/,j,pj/7j7hj/,dj/yj,wj/,Nj/ are the channel band-
width, the transmission power of MECj/, the channel fading
coefficient, the distance between MEC i and MEC;, the chan-
nel path loss exponent, and the channel white Guassian noise,

respectively.

D. Computation Model

1) Local computation model: The maximum CPU fre-
quency of UE; iS fi maz (cycles per second). Meanwhile, the
CPU of UE,; is equipped with the technique of dynamic voltage
and frequency scaling (DVFS) such that can adjust the CPU
frequency. Thus, the actual CPU frequency is represented as
fiva» where 0 < f; . < fi maz. According to [31], the local
energy consumption of v, can be formulated as

By, = Wi, kif} “)

i,Vq 1,0q 7

where k; is the coefficient factor of UE;’s chip architecture.
The local computational time of v, is

1 Wi v,
T, v (5)
2) MEC server computation model: The computing power
of an MEC server is denoted by f; (cycles per second). Due
to the dependencies between the tasks, the execution scheme
of v, is affected by v,_1. Therefore, the computational time
of v, executed at MEC; is

J _ pdewe o o )
17, =ti, tlrtije, ¥ retijo, 0, 15, . (6)
j.exe __ . . . . . .
where ti,v,,, = whva/fj’ Urti v, wz,va(sz,va/Rw,t,va’
L e = Wiwa10iwe 1 Oia 1 /Ry o tjwes Telijo, =

Wi v, 0,0, Tiv, / Ri jr are the computational time of v, exe-
cuted at MEC;, the transmission delay of v,, the delay to
transmit the result of v,_; from MEC ;o MEC;, the waiting
delay if v, is offloaded to MEC;, and the receiving delay of
Vg, respectively. It should be noted that the transmitted result
of ve_1 will not need to be executed by MEC; repeatedly.
The energy consumption of v, executed at MEC; is

Efv = Pigitwa i, + PigrTelijo, - (7

E. Problem Formulation

Some tasks are more sensitive to delay, and some tasks are
more sensitive to energy. To balance the 2 consumptions, we
draw on the work of [32] and define the execution overhead
of v, as Cost; ., = Vi Ei v, + (1 —7:)T; 0,, Where v; € [0,1]
denotes the tradeoff parameter of UE;’s energy consumption.
v; can be obtained from the multiple attribute utility theory
[33]. The execution overhead of UE; can be formulated as

[Vl M
COStZ‘ = Z ((1 - Z Ii,j,va> COStfi,va
a=1 j=1

®)

M
§ : . J

+ IZy],UaCOSti,va ’
j=1

where Cost, , = vE{, + (1 —)T},, and Cost!, =
viE],, + (1 — %)T/, . In this paper, we minimize the

1551-3203 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T11.2019.2951206, IEEE

Transactions on Industrial Informatics

execution overhead of the application generated by UE;. Thus,
for UE,, the problem can be formulated as

P1: min Cost;, )]
I;,P;,F;

s.t. Cl . 0 S fi,va S fi,maxv
CQ : 0 S DPi,j,tva S Di,tmazx,

Vil M
<1 -3 Iz‘.,j,va>Til,va
j=1

Cg : Z
M
+ZIi,j,v,,,Tij;va < L;,
j=1

a=1

Cy :V(Va,Var1) € Aj, Vg, Va1 € Vi,
Cs: Y Iijow. =

where I;, P;, F; are the offloading decision set of V;, the
transmission power strategy set of V;, and the CPU frequency
strategy set of V;. In P1, Cy,Cy are the CPU frequency
constraint and transmission power constraint, respectively. C5
is the latency constraint of the application. Cy represents the
dependency between the tasks. C5 indicates that a task can
only be executed at one location at a time. According to P1,
we can know that the problem is a mixed integer programming
problem, and an NP-hard problem [22].

15 Ii,j,va, € {Oa l}a

III. TASK SCHEDULING AND RESOURCE ALLOCATION
ALGORITHM

P1 can be transformed to a standard linear programming
problem through the branch and bound method. Thus, we
consider using convex optimization method to solve this
problem. For a task, the subproblem can be formulated as

P2: min Cost;,,, (10)
Si,vg
st. C1,Cq,C4,Cy,
M
Co: > Tijuw, =1,Tijw, €0,1],
j=0
07 : (1 — Ii>jyva)Til,ua + Ii,j,vaTij_’Ua S Li,’r,'uaa
w .
where L;,,, = L; — ,‘,>(|1 Wiy, [ fimin — Lipw, is the

remaining time of v,, and s;,, denotes the offloading
strategies (i.e., 1; jv,,Pijtvas a0 fio,) Of Va. fimin =
ZLV:‘l W; p, /L is the minimum CPU frequency to meet the
latency requirement. L;, ., is the predecessor tasks’ com-
putational time of v,. As shown in P2, the problem can
be further decomposed into 2 subproblems based on I; ; .
When I; ., = 1, the original problem becomes a CPU
resource allocation problem, which is attempting to minimize
the overhead for local execution. When I; ; ,, = 1, the original
problem is converted into a transmission power allocation
problem, which is attempting to minimize the overhead for
remote execution. Thus, we should first give I; ;.. a value.

A. Offloading Decision

The optimal decision of the task can be gotten from

P3: min C’ostﬁ’va + 1 j v, (Costg,va — Costﬁ’va), (11)

i,J,va

st. (C1,05,C4,Cq,Cr.

It can be known that C'ost; ,, is a linear function with regard
to (w.r.t.) I; ;... Thus, we have the following theorem [34].

Theorem 1 P3 is a convex optimization problem w.rt. I; ;...

We can obtain I; ;,, through the greedy strategy, that is,
choosing the execution location with the minimal overhead.
Thus, the offloading decision can be given as

> Cost!

1,Vq?

: l
S 1, 1fC'osti7va
Zi 7'Ua. -
J 0,

12
otherwise. (12)

B. CPU Frequency Strategy

If Costl, < Cost], , the task will be executed locally.

The optimal CPU frequency can be obtained from the problem

P4: minCost!, , (13)

iva

s.t. 01,04,07.

The optimal CPU strategy [/,
following theorem.

can be obtained from the

Theorem 2 P4 is a convex optimization problem w.rt. f; .

And 7, can be gotten from
fi,mawa if Vi = 0or fio,za > fi,mawa
f;jva = fi,minv lf ’Yi = 17 (14)
f¥ ., otherwise,

where fzoga = Q/(l — % + Tiw,)/27viki, and T, is the
nonnegative Lagrange multipliers related to C7.

Proof. Because d*Costl, /df?, >0, we can obtain f
through the KKT conditions of P4. As shown in Equation (8),
if v; = 0, the original problem will be converted to minimize
the time consumption. Hence, the optimal CPU frequency is
f:va = fi,maz- And if 7; = 1, the original problem will be
converted to minimize the energy consumption. Thus, f, =
fimin- Therefore, the optimal strategy of the CPU can be
obtained from Equation (14). The detailed proof is omitted. []

It can be seen from Theorem 2 that the CPU strategy is
only related to x;,7; and 75 ,,. Meanwhile, w;,, and other

parameters do not affect the allocation of CPU resource.

C. Transmission Power Strategy

If Costﬁ»wa > Cost{y,ua, the task will be executed remotely.
The optimal transmission power can be gotten from
P5: min Cost!, , (15)
Pij,t,va e
s.t. 02,04707.

It is obvious that P5 is a non-convex optimization problem.
However, we can adopt the variable substitution technique to
make P5 to be a convex optimization problem.
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Theorem 3 The convex optimization problem

3 Wi, 04,0, 2509v0a —1
P6: min ;| p; ., ret; ;, + —2te Yl
Ti vy i (pz.,r 1,5, Wi o, DHd;;)
+(1 a ’71) (t{:f)je + tj;Ua + tj/»jﬂ)a_l + Teti,j,va
Ws,v 61'.11
_‘_# , (16)
Wi,twi,j,ua>
s.t. 077

Cs : 0 < 45,0, <108y (14 pistmac D' (dij)),

where x; ., = 1ogy (14 pijiv.D'(d;;)) and D'(d; ;) =
hi/ (df] N;), is equivalent to P5. And the optimal transmission
power can be obtained from

* _ Dij,t,max,
Dijtua = N op
Dijtva

if Yi = 0 or h(pi,tm,ar) § 0,
otherwise,

where h(pijiv,) = Wl + pijre.D(dij) — 1 —
(DM(di j)(Tiswa +1 =) = %) /7% (1 + pi v, D (di5)), and
D3 4.0, 18 the solution of h(pi jt,v,) = 0 and can be obtained
through binary search method.

a7

Proof. We can convert P5 to a convex optimization problem
by replacing log, (1 + p; jt,0, D'(d;;)) with @; ., . Accord-
ing to the KKT conditions of P6, we know that the optimal
transmission power should meet A(p;”; , , ) = 0. Meanwhile,
if h(pi tmaz) > 0, pf’pj’t’va can be obtained through the binary
search method [34]. Therefore, we have the conclusion. [

D. The Optimal Strategy for a Task

Algorithm 1 Offloading Strategy for One-to-One (OSOTO)

. . . . . . . c tid. . 5.
Il’lpllt. Gza L;, Wi vg s Piyrs Pi,g,tvg s fz,va ) fj , D (dz,])7 Vi, 6z,va,
Oives Tiva s Wi,t, Wi,T‘a and K.

OUtPUt: Dijtwas fi,va’ and Ii,j,v,,,-

while k£ < K, and |Ti,va (k + 1) — Ti,vg (k)‘ > 10" do
: Calculate Costé)va through Equation (8);

1:
2 and Cost] .
3 Iigw, < 1{Costl, > Cost]  };
4 if 9, =1 then

5: Update f; ,, by Equation (14);
6: else

7 Update p; ; t ., by Equation (17);

8: end if

9:  Update 7;,, by Equation (19);

10: k <+ k+1;

11: end while

120 Pijito, € Pigitves

13: fi,va — fi;ua; ]

14: Calculate Cost! , and Cost},, through Equation (8);
15: I jv, < {Cost}, > Costiva};

16: return p; ;¢ v, fiv,, and Iy j ...

As shown in Equations (14) and (17), f7, and pj,,
are all related to 7;,,,. Thanks to Theorems 1-3, we can get
Theorem 4 [34].

5

( . . * 3 o3

MEC;:  [es;.t, . Pis,y, 12 costs, |
. . * Dol

MECI N [651, t],va ’ pi, 1tv,? Jiv,”? COSti,va ]

dl.Ct =1 . - o Ji
w, |Local: |es,, Loy s Dijin, ﬁva, cost;,

. * 4)
MEC;: [654«* Ly, Prasy,»

; Ed
iv,

4
cost;, ]

Fig. 3. The structure of the strategy record dictionary.

Theorem 4 P2 is a convex optimization problem w.r.t.
Lijvas fiva and pijt o,

Theorem 4 indicates that the problem P2 has a zero duality
gap and satisfies the Slater’s constraint [34]. Therefore, we
can get the optimal strategy through the dual problem of P2.
The dual problem of P2 is

P7:

max min L; ., (Ti v, Si,04)

Ti,vg Siyva

s.t. Cg C Tig > 0,

(18)

where Li,@/a (’7'1'71)(17 Si,va) = (]_ Iiyj_rva')Costéjva +
10, Cost] , +Tiw, (L= jw )T} o, 1w T, = Lisrvg)-
Then, we can use the sub-gradient method to update 7; ,,, for

a given strategy. The update function of 7; ,,, is

OLiu, } (19)

Tiwv, (k+1) = maz{O, Tiw, (k) + 0

1,Vq
“ 87—i,va

where k > 0 indicates the index of the iteration, 1 > 6, >0
represents the update step size. Therefore, for a task and an
MEC server, if we get s; 4,,, we can update 7; ,,,. And we can
update the offloading strategy after the update of 7; ,,. Repeat
this process until we get the optimal strategy (i.e., £k = K;
or |7, (k+ 1) — Ti 0, (k)] < 10711). Algorithm 1 shows the
process by which the UE gets an optimal strategy of a task
between the local and an MEC server. The complexity of the
algorithm is O(K;U;), where K, is the maximum iterations
of the update of 7;,,, U; is the number of the binary search
iterations of p; j; v,

E. The DCOS Algorithm

If there are multiple MEC servers that can provide services,
the process of the UE making offloading strategy will be more
complicated. For UE;, some MEC servers can communicate
with them, but they are not necessarily suitable for providing
computing or storage resource. In order to avoid unnecessary
calculations, UE; should first determine a set of available MEC
servers (MEC,, ) within the communication range. UE; can
select MEC,, according to Theorem 5.

Theorem 5 For a UE and an MEC server, if
Dt (di,j) > (ZOi'j’v"' - 1)/p1',t7na;c, where 05,5,v, =
5i,vawi,va/(Wi,t(Li,r,va _tz,’sfe_tjwa _tj’ Va1 —relijov, )):

MEC; is an available server for UE;.
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Algorithm 2 Offloading Strategy for One-to-Many (OSOTM)
Input: dict; ,,, t = 0.
Output: I” . fi*_%, and pzjma.

1 keypis <— dict; o, .keys();

2: op < keyiise[0];

3t Top,u, () < dict; y, [0P].top, v,

4: UE; communicates with MEC,,, to get top ., (t + 1);
ssifop=0ort> B; or top, (t+1) <tops,(t) then
6: Iz*op,v,, +— 1

7: Zva — diCti,Ua [Op}.fima;

8: p;j t,va — diCti,va [OP] Dijtvgs

9. return I/, . . f', ,andp];, ., s

10: else

11:  for j € key;st do

12: if j =0 or j = op then

13: continue;

14: else

15: UEZ- communicates with MEC; € MEC,, to get

tiwe (E+1);

16: Atj oy, < tjw,(E+1) —tj0,(1);

17: dict; o, [J]-t5,0, < tjw, (t+1);

18: dict; y, [j].cost] , < cost], + (1 —7)Atj,,;
19: t+—t+1;
20: end if
21:  end for
22: end if

23: dict; .,  Sort(dict, ,,);
24: Call Algorithm 2 recursively until I}, .
are obtained.

*
1,Vq°

and

*
Dijtwa

Proof. If v, will be offloaded to MEC; TZJ va < Lirw,- Then,

we bring L; ;. ,, into Equation (6) and get the conclusion. [J

If the resource of MEC servers is not exhausted, the
servers can continue to receive task requests from other UEs.
Therefore, UE; should communicate with the optimal server
(MEC,, € MEC,y) to determine if the request can be
completed as former expected before uploading the task to the
server. In order to handle the request conflicts and redundant
calculations, we define a dictionary data structure (dict; ,,)
for recording the strategies of the UE’s task. UE; retains the
optimal strategies of the task executed locally and remotely.
The key of dict;,, is the execution location. And the value
of dict; ., [key] is a list that holds the optimal strategies and
the overhead of the task, including the execution sequence,
the waiting delay, the CPU frequency, the transmission power,
and the execution overhead for executing the task. Fig. 3 is an
example of dict; ,,. It should be noted that dict; ,, is sorted
through the merge sort based on the overhead.

Therefore, for a task and multiple MEC servers, we can
use dict; ,, to obtain the optimal strategy between local and
multiple MEC servers. As shown in Algorithm 2, we assume
that the initial strategy and overhead of the UE’s local and
remote execution (i.e., for all MEC servers belonging to
MEC,,) have been obtained through Algorithm 1. Since
dict; ,, has been sorted according to the overhead from small

6

to large, the first record of dict;,, is the current optimal
strategy (lines 1-3). If the task is executed locally, the UE
starts processing the task directly (lines 5-10). We assume
that the UE has communicated with MEC,,, at time slot ¢ and
communicates again at time slot ¢t + 1 to determine whether
to start uploading the task. And if the completion time of the
task has not been postponed or the number of communications
exceeds the maximum iteration number (B;), the UE starts
uploading the task to MEC,,, (lines 5-10). Otherwise, the UE
will update dict; ,,, (lines 11-21). Repeat this process until we
get the optimal strategy (lines 23-24). The complexity of the
algorithm is O(B; H; log, H;), where H; = |[MEC,y|.

With the help of Algorithms 1 and 2, we propose Algorithm
3 to determine the offloading strategy for UE; in the scenario
of MUMMS. For each UE and each of its tasks, UE; first
determines MEC,,, gets the optimal offloading strategies
to execute the task locally and remotely through Algorithm
1, and initializes dict;,,. Then the optimal strategy of the
task can be obtained from Algorithm 2. It is not difficult to
know that the complexity of the algorithm for multiple UEs
is O(M N | |Vi|K;U; B;H; log, H;).

Algorithm 3 The DCOS algorithm for UE;
InPUt3 Gia Vi7 fi,maa:;pi,tmaa:api,m L?a f] ’ Wz St Wi,?"v hia Ni7
did,wi, 67;,0'7;, hj,wj,Nj, Wj/’pj’,yh] ,djl J’ N and Nj"
Output: I, F, and P;.

1: for v, € V;,a > 0 do

2: fi,va — fi,mam;

3 DPij,tva — Pitmazs

4:  MEC,, + 0;

5: for j € M do

6: if T] < Ly, then

7 MECav append(MEC );

8 end if

9: end for

10: for MEC; € MEC,, do

11: local pst < 00;

12: dict; 4, [0] <= [1,Di 5 tvas fives loCAcost];

13: Obtain Cost,,, , I}, . Pi;; .. and fi(fv)a through
Algorithm 1;

14: dict; ., [j] + [esj,p” t00) f(J) Cost!, 1:

15: if local st > C’ost then

16: dict; ., [0] < [1, p”m%, w 7C’os?fi o l;

17: else

18: continue;

19: end if

20:  end for

21:  dict; ,, < Sort(dict; ., );

22:  Obtain I, . fr, .and p};, , from Algorithm 2;
23: end for

24: return I}, F}, and P;.

IV. SIMULATION EXPERIMENTS AND RESULTS ANALYSIS
A. The Convergence of DCOS

Referring to [12], we generate UE; and MEC; according to
the following parameters: f; ;42 = (5+0.13)108+0-1¢ cycles/s,
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Ditmaz = 3+ 0.1d W, x; = 107204059 g, - =2 4 0.1 m,
dy ; = random(1,10) m, f; = (5 + 0.15)1097%17 cycles/s,
wj ., = 1041 cycles, d;,, = 1041 bits/cycle, 0; ., = 0.05+
0.005¢, |‘/1| =10, Wz’,t = Wiﬂo =108 HZ, N; = Nj = 1079,
h; = hj = 1073, v = 0.5, w; = 3, L;=1sand Qj = 10.

Table I shows the average number of iterations required for

a UE’s task to obtain its optimal strategy in different scenarios.
The number of iterations refers to the number of loops required
to search the optimal value of parameters (i.e., IZ-*7 v fi’jva,
and p; ;, , ). According to the table, we have the following
three observations.

o For different (N, M), where N < 50 and M < 50, the
average number of the iterations of a task is less than
220.

o It can be seen that when the number of MEC servers is
fixed, the average overhead increases as the number of
UEs increases due to the limitation of computing power
of MEC servers.

o It can be seen that when the number of UEs and the
application type are fixed, as the number of MEC servers
increases, the average overhead cannot be continuously
reduced.

Next, we demonstrate the above observations in detail.

B. The Effect of DCOS

In this experiment, we use the following five schemes as
baselines to evaluate the effect of DCOS.

o UE; executes its tasks locally while using DVFS technol-
ogy. We mark this scheme as AL.

o All tasks will be offloaded to the MEC server to exe-
cute. However, UE,; uploads its task using the maximum
transmission power. We mark this scheme as AMP.

« All tasks will be offloaded to the MEC server to execute.
Meanwhile, the transmission power is obtained from
Equation (17). We mark this scheme as AM.

« All tasks can be executed locally or remotely. However,
UE; sends requests only to the most powerful servers
among MEC,,. The scheme is marked as MP.

o All tasks can be executed locally or remotely. However,
UE; sends requests only to the servers closest to itself
among MEC,,. The scheme is marked as NM.

We set x; = 10~ (20+0-5) jp the experiments, which means
that as ¢ increases, the local execution overhead of UE;
decreases. Thus, we can see that the AL curve in Fig. 4(a)
shows a downward trend. As shown in Fig. 4(a), from the
trend of the AMP and AM, the tasks with larger workload
and longer distance are suitable to be executed locally. The MP
and NM curves reflect that increasing the computing power of
MEC servers will help reduce the overhead of UEs. The NM,
MP, and DCOS curves indicate that when the MEC server
has sufficient resource, the MEC server with more powerful
are more suitable as the request server. In the figure, the NM,
MP, and DCOS curves first increase and then decrease. The
reason lies in that the resource of MEC servers is limited. Due
to the limited resource of MEC servers, as the number of UEs
increases, the waiting time of the UEs increases, so the average
remote execution overhead of UEs is gradually increasing.

TABLE I
THE AVERAGE NUMBER OF ITERATIONS REQUIRED FOR A UE’S TASK TO
OBTAIN ITS OPTIMAL STRATEGY IN DIFFERENT SCENARIOS

Scenario Average iterations Average overhead
N M (x10~7)
1 1 23 1.55
1 3 63 1.55
3 1 23 1.9
3 3 63 1.69
30 5 40 1.99
30 | 10 77 1.99
50 | 50 219 1.2
% —e-DCOS AMP AM MP —aNM AL
545
=40
535
S 30
£ 25
2 20
& 1s
g0
Z 5
0 *
1 5 10 15 20 25 30 35 40
The number of UEs
()
—e-DCOS AMP AM MP NM AL

[P Y N Y
S h S h S

Average overhead (*107)
838

o v o o

1 5 10 15 20 25 30 35 40
The number of MEC servers

(b)

Fig. 4. The comparison between DCOS and other schemes. (a) M = 15. (b)
N = 20.

Thus, we can see that the NM, MP, and DCOS curves first
increase. However, according to the definition of UE;, as i
increases, the workload of the task gradually increases, but
the local execution overhead decreases, so the tasks of these
UEs are executed locally while reducing the average overhead
of UEs. Hence, we can see that the NM, MP, and DCOS
curves then decrease. Fig. 4(b) shows the comparison between
DCOS and other schemes when we set N = 20. We can also
know that as the number of MEC servers increases, the average
overhead of UEs cannot be continuously reduced. As shown in
Fig. 4, the DCOS can effectively reduce the average execution
overhead of UEs in the heterogeneous environment of MEC.
Experiments show that compared with the five other strategies,
the DCOS performs better.

Table II shows some tasks’ offloading strategy and their
overhead when the resource of MEC servers is limited or
unlimited (i.e., the MEC servers can execute an unlimited
number of tasks simultaneously without incurring additional
overhead for UEs). It should be noted that the execution
sequence refers to the order in the waiting queue of MEC; at
the time. As shown in the table, under the environment of MEC
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TABLE 11
THE STRATEGY AND OVERHEAD OF UE COMPARISON BETWEEN THE RESOURCE OF MEC SERVERS IS LIMITED AND UNLIMITED (N = 10, M = 5)

Execution location

Task Execution sequence Di,jtva Overhead (x107%)
Limit Unlimit | Limit Unlimit Limit | Unlimit | Limit Unlimit
V1,1 MEC4 MEC1 1 1 0.39 0.35 1.72 1.55
V3,1 MEC>2 MEC1 1 1 0.36 0.35 2.05 2
V5,1 MECs5 MEC1 1 1 0.4 0.35 3.05 2.72
V7,1 MEC4 MEC1 2 1 0.39 0.35 3.94 3.57
v10,1 | MECy MEC1 3 1 0.39 0.35 5.76 5.11
v10,2 | MECy MEC1 2 1 0.39 0.35 5.39 5.11
v10,3 | MECy MEC1 2 1 0.39 0.35 5.39 5.11
- m UE, w UE, o UE; . UE; 5 UE; e my=0.1 my=03 ®my=0.5 =y=0.7 ®my=0.9
E 12 =6
2 5
g 10 x5
- =]
g Sy4
£ 6 =
£ £ 3
4 =
g S 2
(SI] >
= &
0 - .. .l
— 10-26 1027 10-28 53]
The coefficient factor of UE,’s chip architecture (;) 0 UEI UE, UE, UE5
UE,
Fig. 5. The impact of x; on the local execution task amount. @)
. L. , . . By=01 ®y=03 "y=05 "y=0.7 ®y=09
servers with limited resources, the UE’s offloading strategy o
. . (=}
and overhead are affected by other UEs. The dictionary data 5 6
structure proposed in this paper can handle the conflicts when g5
multiple UEs simultaneously send requests to the same MEC §4
server. Compared with the related work, the scenario studied Z3
in this paper is closer to the real word. 3,
g
C. The Impact of Other Parameters 0 UE UE
. . 2 4
To analyze the impact of k, 7, §, and the distance (d) UE,,
between the MEC server and UE on the overhead, in this (b)

experiment, we set N =5, M = 2.

1) The impact of k: ; is the coefficient factor of UE,;’s chip
architecture, which represents the energy consumption per unit
cycle of the CPU. As shown in Fig. 5, as x; decreases, the
number of tasks executed locally increases, that is, the higher
energy utilization rate. Therefore, the energy utilization of UE
should be further improved to meet the growing demand of the
complex applications. Increasing the energy utilization of UE
will make the tasks more suitable for local execution, which
can also help to improve the QoE.

2) The impact of ~: ~; denotes the tradeoff parameter
of UE;’s energy consumption. As shown in Fig. 6, as ~;
increases, the decision is more inclined to choose a strategy
that consumes less energy. Conversely, as ; decreases, the
decision is more inclined to choose a strategy with less delay.
By setting y;, the user can set a strategy that is more biased
toward delay or energy consumption according to their own
needs and the QoE can also be improved.

3) The impact of §: §; represents the processing density of
task (bits per cycle). The increase in d; will directly increase
the overhead required for transmitting tasks. However, when d;
is increased to a certain extent, the overhead of local execution
may be less than the overhead required for remote execution.

Fig. 6. The impact of ; on the execution overhead. (a) The impact of ; on
the energy consumption. (b) The impact of ~y; on the computational time.

—o— UE, -m UE, UE, UE, —a— UE;

.
/

)
G

IS
S

@

S

; /

0

Execution overhead (*106)

100 300 500 700 900 1100 1300

The processing density of task (d)

1500 1700

Fig. 7. The impact of d; ., on the execution overhead.

Therefore, we can see that the curves in Fig. 7 grows first and
then stabilizes.

4) The impact of d: As can be seen from Fig. 8, d; ; is
proportional to the overhead of UEs when the communication
environment is certain. Thus, MEC servers should be deployed
closer to UE, and the QoS should be further improved to
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—e— UE, -= UE, UE, UE, —4- UE;

Execution overhead (*107)
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The distance (d) between UE,; and MEC;

Fig. 8. The impact of d; ; on the execution overhead.
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Fig. 9. The impact of the capacity of waiting queue on the average overhead
of UEs.

reduce the execution overhead required for UE to perform
their application remotely.

D. The Impact of MEC Server

Next, we analyze the impact of the MEC server on the av-
erage overhead of UEs, which increase the average utilization
of MEC servers and save energy consumption of the MEC
server.

1) The impact of the capacity of waiting queue: Fig. 9
shows the impact of the capacity of waiting queue on the
average overhead of UEs under the different value of (IV, M).
It can be seen that increasing the capacity of waiting queue can
appropriately reduce the average overhead of UEs. However,
when the UE size and application type are fixed, as the
resources of MEC servers increase, the overhead cannot be
continuously reduced.

2) The impact of MEC server amount: As shown in Table I,
when the number of MEC servers and UEs reaches a ratio, the
more MEC servers can no longer reduce the overhead. In order
to study the appropriate number of MEC servers, we introduce
2 indicators, including MEC execution rate (MER) and MEC
utilization rate (MUR). MER represents the proportion of the
tasks that are executed remotely and can be gotten from

M N
Zj:l Zi=1 Lijv,
~ .
>i=1 Vil
MUR is the proportion of MEC servers participating in per-

forming the tasks, indicating the average utilization rate of
MEC servers. MUR can be obtained from

1 M N
MUR = — ; ;1]

MER = (20)

2y

—+—MER MUR —e—Overhead <
105 107
£ 95 8 g
% 85 6 £
IS 5
s 75 4 E
565 e 2 2
55 0z
0 10 20 30
The number of MEC servers
(a)
~+=MER MUR =e=Overhead <
105 ——— — - — - 10~
£ 95 8 =
% 85 6 <
8 2
s 75 4 o
e o~ )
5 65 o 2 g
55 0 >
<
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The number of MEC servers
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Fig. 10. The impact of MEC server amount on MER, MUR, and the overhead.
(@ N=3.(b) N=5.(c) N="7.(d) N =10.

The evaluation of MER and MUR can avoid deploying
too many idle MEC servers, and can also reduce the energy
consumption of MEC servers. Fig. 10 shows the impact of
M on MER, MUR, and the average overhead for different
N. As can be seen from Fig. 10, when M /N > 0.5, there
will be some MEC servers in idle state, which will increase
the overhead of MEC servers. Thus, from the perspective of
MER, MUR, and energy saving, the number of MEC servers
needs to be determined based on the application scenario, not
the more the better.

V. CONCLUSION

In this paper, we study the COPO strategy for MUMMS
with limited resources, that is, the UEs and MEC servers
can only execute tasks in a serial manner, and each of MEC

1551-3203 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/T11.2019.2951206, IEEE

Transactions on Industrial Informatics

servers has a finite capacity queue for waiting tasks. We first
transform the non-convex optimization problem into a convex
optimization problem, define a dictionary data structure for
recording the strategies of UE, and propose a decentralized
algorithm DCOS to make the offloading strategy for each UE.
Second, the effect of DCOS to reduce the overhead and the
impact of key parameters on the overhead are demonstrated
by the simulation experiments. Finally, we give some sugges-
tions for MEC deployment through analyzing the impact of
MEC servers on the overhead. In the paper, we assume that
UE remains station while uploading and receiving the data,
however, the UE may always be moving. Thus, as the UE
keeps moving, we should further study the COPO strategy to
bring the scenario closer to the real world.
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