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Abstract. Mobile-Edge Computing (MEC) is a promising paradigm
which enables mobile devices (MDs) to offload the computation-sensitive
tasks (e.g., Augmented Reality) to the MEC server in close proximity to
MDs to obtain low execution latency and energy consumption. Different
from traditional partial offloading scheme, in this paper, we study the
partial offloading in MEC. Consider single user scenario and Rayleigh
fading channel, we first formulate the energy-efficient partial offloading
problem as a non-convex problem. To solve the problem optimally, we
reformulate the problem into two subproblems and use block coordinate
descent method to solve the problem separately. For each subproblem, we
give the proof of its feasibility. Simulation results show that the proposed
method consumes less energy compared with two benchmark algorithms.

Keywords: Mobile-edge computing - Partial computation offloading -
Convex optimization + Transmission power control

1 Introduction

Mobile devices (MDs) has been gaining enormous attention since 4G era.
With the continuous development of information and communication technol-
ogy (ICT), more and more new mobile applications with high requirement on
quality of experience (QoE) are envisioned to be integrated into smart MDs
[1]. However, those novel applications including augmented reality (AR), virtual
reality (VR) are typically resource-hungry, requiring huge computation capac-
ity [2]. Although the processing power of MDs has been greatly improved in
recent years, due to the physical size limit, MDs are still lack of computation
resource and battery life. The contradiction between resource-sensitive services
and resource-constrained MDs poses a great challenge for future ICT system.
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One promising approach to address such a challenge is mobile cloud comput-
ing, where MDs offload their resource-hungry tasks to the remote cloud center
(e.g., Amazon EC2, Windows Azure) with rich computation resource through
wireless access to reduce the energy consumption of MDs [3]. However, MDs may
experience a long latency to finish the task since the cloud servers are typically
far away from MDs and the backhaul network is congested. High task process-
ing latency will hurt the QoE severely, since people are sensitive to delay and
jitter. To address this issue, mobile-edge computing (MEC) as a new paradigm
has been proposed in recent years [4]. The key idea for MEC is to set powerful
servers in close proximity to MDs (e.g. wireless access point, base stations), so
that MDs can offload the tasks with fast connection and low latency.

Many existing works have been focused on the computation offloading issue in
MEC. [5] proposes a distributed energy-efficient computation offloading scheme
based on game theory and shows the convergence and effectiveness. [6] formu-
lates the multi-user computation offloading problem as a mixed integer nonlinear
problem and prove its NP-hard property, and solves the problem suboptimally
through reinforcement learning approach. [7] studies the energy-optimal mobile-
cloud computing under stochastic wireless channel, which shows the impact of
wireless channel in computation offloading. [8] studies the joint task offload-
ing and resource allocation for multi-server MEC networks and decomposes the
MINLP problem into two subproblems. [9] studies the energy-latency trade-
off for energy-aware offloading in MEC networks, where communication and
computation resource allocation are jointly optimized under the limited energy
and latency constraints. Although the existing works are insightful, they mainly
focused on binary computation offloading, namely each task is either offloaded
to the MEC server or executed locally. However, for some typical tasks, e.g.,
virus scan and image compression, a task can be partitioned into several sub-
tasks so that a MD can offload part of the task to MEC server and process the
rest of the task locally. Moreover, the performance of computation offloading
is affected significantly by wireless channel state, so it is important to analyze
the computation offloading issue under realistic channel state. Toward this end,
[12] studies the energy-efficient partial computation offloading and resource allo-
cation issue under IoT scenario. The problem is formulated as an non-convex
optimization problem solved by block coordinate descent and successive convex
optimization method. [13] studies the online partial offloading method in multi-
user MEC networks by leveraging Deep Deterministic Policy Gradient (DDPG)
framework. [14] studies the stochastic partial computation offloading problem
where the stability issue is considered. The authors use lyapunov optimization
method to convert the complex global optimization problem into a single time
slot decision problem. However, the algorithm proposed in [12] is with high com-
plexity so that it cannot adapt to the real-time MEC. Moreover, [13] faces the
challenge of convergence, and DDPG needs a lot of pre-training. [14] gives a
[O(1/V),0(V)] tradeoff between stability and effectiveness, however it does not
consider the realistic wireless channel model.
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Different from existing works, in this paper, we focus on the jointly optimizing
the partial offloading ratio and the transmission power of the MD. Specifically,
the optimization objective is the total energy consumption in a time period under
the task process latency constraint. In the single-user scenario with Rayleigh fad-
ing channel, we first formulate the energy-efficient partial offloading problem as
a non-convex problem. By using block coordinate descent method, we reformu-
late the problem into two subproblems and solve the problem separately with
low complexity. Our contributions can be summarized as follows:

1) Different from previous work, we study the partial offloading method under
rayleigh fading channel through monte carlo method, and the transmission power
control issue is jointly considered.

2) We formulate the energy-efficient partial offloading problem as a non-
convex problem and decompose the problem into two subproblems. Instead of
using traditional block coordinate descent method, we analyze the monotonicity
property of each subproblem and solve them with low-complexity.

3) Simulation results show that our proposed partial offloading method con-
sumes less energy compared with three benchmark algorithms.

The rest of this paper is organized as follows: Sect. 2 gives the system model
and problem formulation. In Sect.3, we propose our energy-efficient partial
offloading method to solve the non-convex optimization problem. Finally, simu-
lation and results are given in Sect.4 and 5, respectively.

2 System Model and Problem Formulation

2.1 Network Model

Figure 1 gives the network model. Specifically, we consider a single MD either
offloading the tasks to a single MEC server located in an e-NodeB or execute the
task locally. Different from previous works in binary offloading, partial offloading
in this paper allows a single task being partitioned (e.g., virus scan, video com-
pression) so that it can be executed simultaneously both in MEC server and local
processor (i.e., CPU). We consider a discrete time period 7 = {1,2,3,...,T}, in
each time slot t € 7 a task A(X, L) needs to be executed, where X denotes the
size, L denotes the maximum tolerant delay of the task, respectively. Accord-
ing to [10], each bit of the task need to consume o CPU circles. A(t) € [0,1]
represents the offloading ratio to the MEC server in time slot ¢.

2.2 Communication Model

In each time slot, the MD offloads the task through wireless channel. For con-
venience, we consider the channel coherence time is larger than a single time
slot, namely the channel fading is constant in each time slot but varies among
different time slots. Considering the white noise power density is Ny, the uplink
transmission rate in time slot ¢ is given by:

Pilh(t)®
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Fig. 1. Single-user partial offloading in mobile-edge computing

where B denotes the bandwidth allocated to the MD, P; is the transmission
power, h(t) is a random variable which represents the channel fading coefficient.
In this paper, we assume the probabilistic density function (PDF) of h(t) is
given as:

r r?

Ph(t) = 1) = 5 exp(—5 ). 0 <1 < o0, 2)
where o2 is the average receive power. According to the probabilistic theory, the
PDF of |h(t)]? is given as:

2 - 1 T
p(|[h(t)] —r)—ﬁexp(—ﬁ),0<r<00. (3)
In this paper, we assume the base station have perfect channel state informa-
tion (CSI) of the uplink channel. The uplink transmission time can thus be
modelled as:

Ty(t) = : (4)

The transmission energy in each time slot is given as:

Eu(t) = PTu (). (5)
According [5], we do not take the downlink transmission into consideration, since
after processing in MEC server the size of the task and the downlink transmission
time is negligible.
2.3 Computation Model
According to [7], we model the computation energy consumption of CPU as

P =0f3, (6)

where 6 and k are the coefficient and computation speed of the CPU, respectively.
Since f denotes CPU cycles per second, the energy consumption per cycle can
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be expressed as 6f2. Thus, the computation energy consumption in MD can be

expressed as
E(t) = a(l - A(t)X0f%. (7)

In this paper, we focus on the energy consumption in MD, thus the energy
consumption in MEC server is not considered. Furthermore, the execution delay
is given as

(1-Xt)Xa

Ti(t) = 7

(8)

2.4 Problem Formulation
Based on the model, the total energy consumption in a single time slot is given as
Etotal (t) = EU(t) + El(t) (9)
The total execution latency in time slot ¢ is given as
Tiotar(t) = max(Ty (t), Ty(t)) (10)

Therefore, the energy-efficient partial computation offloading problem can be
formulated as

(1) win > a(l - A0)X0f?) + — LMD
AP t=1 Blog, (1 + (tz)vlglg)l )
s.t. C1:0< A\t <1
02:0 < P(t) < P
C3: Tiotat(t) < L

The objective is to minimize the total energy consumption of the MD in a
time period T'. C1 gives the range of A\, C2 constrains the transmission energy,
C3 guarantees the task should be finished under the maximum tolerant delay
constraint.

3 Proposed Energy-Efficient Partial Offloading Method

Note that in P1, A and P are coupled in both objective function and C3, there-
fore P1 is not a standard convex optimization problem. To obtain the optimal
solution, we first reformulate the problem as:

PAX
Blog, (1 + HM2)
s.t. Cl:0<)\<1

C2:0< P < Pou

C3: Tiotal < L

~ _ 2
(P2) r)r\{l})la(l ANXO0f +
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Since in each time slot ¢ MU needs to execute one independent task, in order
to minimize the total energy consumption in time period T', we just need to
minimize the energy consumption in every single time slot ¢, which reduces the
number of optimization variables significantly. However, P2 is still non-trivial to
solve due to the couple of A and P and the non-convex optimization objective
and constraint.

Lemma 1: It is always true that

inf f(,y) = inf f(z)
z,y z
where f(x) = inf f(z,y)
y

[11] gives the complete proof, we do not expand in this paper due to the page
limit. Lemma 1 allows us to solve P2 through minimizing A and P sequentially.

We first consider P as a constant and try to find A*. The problem can then
be formulated as:

PAX

h2 )
Blog, (1 + L)
s.t. Cl1:0<A<1

C2: max{)\TX, (1—]/>)Xa

(P3) mino(l - N X0 f% +

}< L

2
where r = Blog, (1 + %) is the uplink transmission rate in time slot ¢. It can

be observed that P3 is a linear programming problem with respect to A, thus it
can be solved through convex optimization.

Theorem 1. The optimal value of X\ in each time slot is:

min{l)_mf,o} , T < #
AN =4vaelo,1],r= —aéim

max{%, 1} s> WF}Q
Proof. We rewrite the objective function as f(\) = A(% —aX0f?) +aX0f?.
Since f(A) is a linear function of A. The minimum value of f()\) is determined
by the sign of f(r) = £X —aX60f2. If f(r) > 0, to obtain the minimum f(}),
A* = min{A\A € dom}. Relatively, If f(r) < 0, to obtain the minimum f(\),
A* = max{A|\ € dom}. For the special case when f(r) =0, A\ = VA € [0, 1] since
the objective value is not related with A. Furthermore, C2 should be satisfied.

Ao = —== denotes the case when ATX = % If A > A\g, we have \g < A <

T
%. If A\ < Ao, we have 2
finish the proof.

}I;f < A < Ap. Taking intersection with C2, we finally
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By using A* obtained from P3, we now consider the P as optimization variable
and try to find P*. The problem can then be formulated as

PAX
Blogy(1+ %)
s.t. Cl:OSPSPmaX

(P4) mina(l—A)X0 A+

AX 1-M)X
C2 : max B ,( )Xa <L
Theorem 2. f(P) = % is monotonically increasing with respect to
082

variable P.

Proof. Let AP — 0, we define function g(P) = f(P + AP) — f(P). By sub-

stituting f(P), g(P)
abPllog,(1+aP)— log2(1+aP+aAP)]+abAPlog2(1+aP)
a?log, (1+aP+AP)log, (1+aP)

Since the denominator is always positive, we observe the numerator h(P) =

Pllogy(1 + aP) —logy(1 + aP + aAP)] 4+ APlog, (1 + aP). Divide both sides of

the equation by the term Plog,(1 + aP): % —log,(aAP) + % >

1 — logy(aAP). Since, AP — 0, thus 1 — logQ(aAP) > 0, which indicates
h(P) >0, i.e., g(P) > 0. Since f(P + AP) — f(P) > 0, we finish the proof.

can be expressed as: g(P) =

Theorem 2 gives the fact that the optimization objective value is monoton-
ically increasing with respect to P, thus the minimum value can be obtained
according to the lower bound of the domain. Since A is constant in C2 and

— A —— is monotonically decreasing with respect to P. Define P, =

Blog2(1+P‘ le3 )

o3 [20**)5& — 1] which satisfies AX = (=N Xa Therefore, when

[h log2(1+PU|h‘ ) f

Proe > P > Py, (1_)]})XO‘ < L must hold, this gives the feasible set of L,

namely L > %, and P* = Fy. When P < P, W < L, which gives
82

P > Nof (22% - 1). Thus, when 0 < P < Py, P* = 2 (22% - 1). Finally,

we solve P4 with P* = min { XL (2% — 1) ,PO}.

Algorithm 1 gives the detailed procedure of the proposed algorithm. For
each task i, we do a total of M monte carlo simulations to illustrate the statistic
property of rayleigh fading. We first give the input parameters according to [5—
10]. For each task i, we first take A as variable and give an initial value P, to
find the optimum A* according to Theorem 1. Then we take P as variable and
let A = \*, and find the optimum P* through Theorem 2. The average energy
consumption is the mean value of f;(A\*, P*).
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Algorithm 1. Proposed energy-efficient partial offloading method
1: Initialize input parameters B, No, 0, f, o, X, L, M

2: for task i in A/ do

3: for jin M do

4: Obtain the channel coefficient h(t) through channel state information

5: Take A as variable, let P = Py

6: Find A* through linear programming method according to Theorem 1

7: Take P as variable, let A = \*

8: Calculate P* = min % (2% — 1) , Py,

9: Find the optimum value of the objective function f;(A*, P*) in j-th simulation
10:  end for

11:  Find the average energy consumption of task ¢ under rayleigh fading channel.
12: end for

N
13: Calculate total energy consumption Eioter = Y. fi(A*, P*)
i=1

4 Simulation Results

4.1 Parameters Settings

The main parameters are listed in Table 1. Specifically, we consider a time period
T consists of 100 time slots. The bandwidth and the white noise density is set
as 10 MHz and 10~2 W /Hz, respectively. The size and maximum tolerant delay
of each task are assumed to be equal in this paper, with specific value 2000 Kb
and 0.1s, respectively. The computation capacity of MD is set as 1 GHz and the
maximum transmission power of MD is 0.2 W. According to [10], « is set as 40,
6 is set as 10726, The simulation environment is Windows 10 under Python 3.7.

Table 1. Parameters settings

Parameters Values
Bandwidth B 2% 10°

Noise power density No 107°

Data input size X 500-2000 KB
Maximum tolerant delay Lmaz 0.1s

Maximum CPU frequency of mobile devices fpqz | 1 GHz

Maximum transmission power P 0.2W
Computation factor « 40
Average receive power o2 0.1W

Computation energy coefficient 6 10726
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4.2 Performance Analysis

Figure2 gives the offloading ratio versus each executed task. Note that, the
offloading ratio varies with each time slot. However, the tasks in this paper all
have the same property, which indicates that the channel state has significant
influence on the offloading ratio. When the channel fading is severe, MDs tend
to offload a small part of taks to MEC server to obtain a better performance.
When the channel state is ideal, MDs tend to offload the whole task to the MEC
server, since the transmission energy and latency are relatively low.

Figure 3 gives the transmission power with respect to each executed task,
the maximum transmission power of each MD is 0.2W. Figure3 shows that
instead of transmitting message with maximum power, the transmission power
can change adaptively under the latency constraints, which can reduce the energy
consumption of MDs significantly. Furthermore, this result also shows the impact
of wireless channel in MEC, namely when the channel fading is severe, the MD
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needs to use higher transmission energy to guarantee the transmission rate so
that the transmission delay can be reduced.

Figure4 gives the total energy consumption with respect to each task. Note
that, the energy consumption of each task varies significantly. The reason is that
local execution consumes more energy than offloading to MEC server, however,
when the channel state is poor, offloading the task to MEC server can not satisfy
the latency constraint. Therefore, Fig. 4 gives the insight that, when the chan-
nel state is ideal, offloading the task to MEC server can guarantee the latency
constraint, resulting in a low energy consumption. When the channle fading is
severe, offloading to MEC still consume less energy than local offloading, how-
ever, due to the latency constraint, part of the task should be executed locally,
which results in a higher energy consumption.

Figure 5 gives the performance comparison of the proposed EPOTPC method
with two benchmark algorithms in terms of energy consumption through monte-
carlo simulation. Local computing represents that all tasks are executed locally,
and MEC offloading represents that all tasks are offloaded to the MEC server
if the transmission time is above the maximum tolerant delay, a energy punish-
ment factor will be added. It can be shown that, the total energy consumption
of the proposed EPOTPC method is significantly lower than the two benchmark
algorithms, which shows the effectiveness of our proposed method.

5 Conclusion

In this paper, we study the energy-efficient partial computation offloading and
transmission power control of single mobile user under the Rayleigh fading chan-
nel. We first formulate the problem as an optimization problem with non-convex
optimization objective and constraints. To solve the problem, we first reformulate
the problem and analyze the property of each subproblem using block coordi-
nate descent method to optimize each variable separately. Simulation results
show that the proposed method has a better performance compared with two
benchmark algorithms in terms of total energy consumption. As for future work,
studying the joint optimization of computation and communication resource
allocation and partial offloading in multi-user scenario will be challenging and
interesting which is our future work direction.
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