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Abstract: Mobile edge computing (MEC) has a vital role in
various delay-sensitive applications. With the increasing
popularity of low-computing-capability Internet of Things
(IoT ) devices in industry 4.0 technology, MEC also
facilitates wireless power transfer, enhancing efficiency and
sustainability for these devices. The most related studies
concerning the computation rate in MEC are based on the
coordinate descent method, the alternating direction method
of multipliers ( ADMMs ) and Lyapunov optimization.
Nevertheless, these studies do not consider the buffer queue
size. This research work concerns the computation rate
maximization for wireless-powered and multiple-user MEC
systems, specifically focusing on the computation rate of end
devices and managing the task buffer queue before
computation at the terminal devices. A deep reinforcement
learning ( RL)-based task offloading algorithm is proposed
to maximize the computation rate of end devices and
minimizes the buffer queue size at the terminal devices. The
central idea of this work is to explore the best optimal mode
selection for IoT devices connected to the MEC system. The
proposed algorithm optimizes computation delay by
maximizing the computation rate of end devices and
minimizing the buffer queue size before computation at the
terminal devices. Then, the current study presents a deep
RL-based task offloading algorithm to solve such a mixed-
integer and non-convex optimization problem, aiming to get
a better trade-off between the buffer queue size and the
computation rate. The extensive simulation results reveal
that the presented algorithm is much more efficient than the
existing work to maintain a small buffer queue for terminal
devices while simultaneously achieving a high-level
computation rate.
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0 Introduction

Currently, there are 13. 8 billion Internet of Things
(I0oT) devices worldwide, which will reach 30. 9 billion
in 2025, Meanwhile, these IoT devices have
limitations regarding latency-sensitive applications and
services, such as the Internet of Vehicles, face
recognition, augmented reality and interactive
gaming >®'. In such a circumstance, mobile edge
computing (MEC) has arisen and received considerable
attention ™. This work concerns computation rate
maximization for a wireless-powered and multiple-user
MEC system with the buffer queue.

MEC provides an IT service experience at a place
regarded to be a beneficial point in the mobile network
system, commonly known as the radio access network
(RAN) edge. This low-latency, close proximity and
high-bandwidth environment offers localized cloud
computing capabilities and simultaneously provides access
to real-time context information and RAN'". The
benefits of utilizing MEC with IoT devices are reduced
latency, saving transmission cost and lowering entry
barriers, which motivates us to continue with this
research study.

MEC servers have another key feature that is
powered with green energy or renewable energy
resources, i. €., solar, wind or a geothermal resource
that is readily available in the locality'®’ . MEC servers
also employ wireless-powered transmission to IoT devices
linked to the network. MEC servers are, therefore, a
primary incentive in this research.

A wireless-powered  MEC server handles radio
frequency ( RF ) energy transmission and accepts
computational tasks from wireless user devices ( WDs).
An illustration of a wireless-powered and multiple-user
MEC system is given in Fig. 1. Each WD connected with
the MEC system is well equipped with a battery, a small
computation unit and a communication circuit, i. e., a
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single antenna. A WD in this framework could range from
low-power IoT systems, like environmental monitoring
sensors strategically placed throughout the city, to the
components of a dynamic smart security network, which
encompasses both stationary surveillance equipment and
mobile units for real-time public safety management. The
MEC system is capable of broadcasting RF energy to the
linked WDs to the network. In terms of computation
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resources, the MEC server is more powerful than the
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Fig. 1

A Dbasic research challenge in the conventional
battery-powered MEC system is the collaborative design
of system resource allocation and task offloading.
Similarly, many key factors constrain the computation
performance in a wireless-powered and multiple-user
MEC system with a buffer queue. Specifically, the
availability of a free channel for task offloading plays a
significant role'”’.

In addition, the buffer queue size increasing with the
task accumulation will significantly affect the computation
rate and further affect the time delay of the whole MEC
system. Furthermore, the energy harvested by the WDs
affects the computation capacity of devices, and thus the
computation rate. Indeed, it is essential to design an
optimal offloading mechanism that takes the above factors
into consideration and recommends the best optimal
offloading decision to the WDs. Consequently, the best
optimal offloading decision makes the computation rate at
its optimized maximum.

Optimal mode selection provides the best usage of
resources at a specific time frame, thereby significantly
reducing both the execution latency and workload of the
size-constrained IoT devices'"”’. Utilizing optimal mode
selection for offloading WD tasks makes the best use of
the computation capabilities of the MEC system. In this
research work, deep reinforcement learning (RL) is a
promising method for improving MEC performance by
minimizing the buffer queue size and maximizing the
computation rate while also considering energy harvesting
and channel gain. It can predict optimal mode selection

—

Ilustration of wireless-powered and multiple-user MEC system with buffer queue

based on given circumstances in a certain time frame.

Many  existing studies''™™  concerning  the
computation rate maximization in the MEC system are
based on traditional optimization techniques, e. g., the
alternating direction method of multipliers ( ADMMs) ,
the coordinate descent method and Lyapunov
optimization.  Nevertheless, these works need a
considerable number of iterations to reach local optimum
and thus are not applicable to real-time offloading
decisions in fast fading channels. Another kind of related
studies """ is based on machine learning and focused on
task offloading in the MEC system. However, these
studies do not take the buffer queue (i. e., workload
management) into consideration.

The current research investigates the computation
rate maximization problem for a wireless-powered and
multiple-user MEC system with a buffer queue. It
presents an approach of task offloading to the MEC server
based on deep RL that optimizes the weighted sum of
WDs’ computation rates. At the same time, it helps to
keep the WD’ s buffer queue size to a minimum. A
wireless-powered MEC system is shown, in which the
MEC server transfers energy to WDs wirelessly and
receives the offloaded tasks from these WDs on the basis
of offloading decisions recommended by the algorithm
presented in this research work. Thus, the main idea is to
collaboratively optimize the time-allocation between
transmitting energy and offloading tasks from each WD
and the size of the buffer queue of all WDs. Therefore,
for the MEC system with several users, it is necessary to
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make an optimal offloading decision. The overall
contributions are summarized as follows.

1) This research work formalizes the task offloading
problem as an optimization problem that maximizes the
computation rate and minimizes the buffer queue size via
considering the channel gain, the buffer queue size and
the wireless power transfer ( WPT).

2) This research work proposes a deep RL-based task
offloading algorithm for solving such a non-convex and
mixed-integer optimization problem, aiming to get a
better trade-off between the computation rate and the
buffer queue size.

3) Extensive simulation results demonstrate that the
deep RL-based task offloading algorithm is much more
efficient than the existing work to maintain the buffer
queue size at a low level while achieving a high
computation rate at the same time.

The rest of the paper is organized as follows. In
Section 1, we formalize the optimization problem for task
offloading. Thereafter, we design a deep RL-based task
offloading algorithm to solve such an optimization
problem in Section 2, followed by the performance
evaluation in Section 3. Finally, we conclude the whole
paper in Section 4.

1 Formalizing Optimization Problem for
Task Offloading in MEC System

1.1 System model

A wireless-powered MEC server handles RF energy
transmission and accepts computational tasks from m
WDs. The set of all WDs connected to the MEC server is
denoted by M = {1, 2, ---, m}. Each WD is equipped
with a communication circuit, i.e., a single antenna. It
might be a low-power IoT system, such as a static
sensors system or a smart security network.

The MEC server has a reliable power supply source
powered by green energy, i. e., solar, wind and a
geothermal energy source, and is capable of broadcasting
RF energy to the linked WDs. The MEC server has more
computing resources than the WDs. As a result, the WDs
may offload their tasks to the MEC server, which can
save their energy resources. Each WD is equipped with a
rechargeable battery capable of storing the RF energy
gathered from the MEC server. Each WD’ s operations
are powered by the harvested energy from the MEC
server. WPT and the communications are adopted to
occur in the same frequency band. Adaptationally, a
time-division-multiplexing ( TDM ) circuit is considered
to be installed in each WD of the MEC system. TDM
circuits ~ prevent  mutual  interference  between
communication and WPT.

1.2 System time

The system time is divided into 7T time frames, and
each time frame is equal-length and less than the channel
coherence time, e. g. , on the order of a few seconds. At

each time frame, the wireless channel gain is proportional
to both the communication speed and the amount of the
harvested energy by a WD. The channel in both down-
link and up-link is considered to be reciprocal and
remains unchanged in each time frame, but it may vary
among different time frames'""™" .

The MEC server initially allocates eT time in each
time frame, where e € [0, 1] and is the time that the
MEC server broadcasts RF energy towards WDs. So they
can harvest energy for their needs. 7,7 is the time during
which the MEC server receives the tasks offloaded from
WDs. Assume that the offloading time for a specific WD
who does not offload tasks to the MEC server is 0. Then,
the time constraint is

M
e+ Y1, <1 (1)
i=0

Furthermore, the duration of a single offloading time
frame 7 is separated into two segments, one for offloading
tasks and the other for computing tasks. To guarantee that
the assigned tasks can be accomplished in a single time
frame, we assume that the total execution time of tasks
remains constant and a larger task is divided into several
smaller sub-tasks for execution. The illustration of a
single time frame is given in Fig. 2.
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Fig.2 Illustration of a single time frame

1.3 Data transmission and queuing model

As shown in Fig. 3, we consider that each WD runs
one application. Each WD has one task buffer queue
B,(1) where tasks are stored before assigning to local
execution or offloading to the MEC server. Arrived
application tasks are first stored in task queues, and wait
for the task assignment. Each WD receives the computing
results of the task execution immediately when the MEC
server returns results to the WDs. In each time frame, the
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arrived task A,(¢) in bits generated by the ith WD is
considered as independent and identically distributed. The
set of arrived tasks from different WDs is represented as
A = A, A0, =, A1), =, A0
Likewise, the arrived task from the ith application in the
time frame ¢ will be stored in the task buffer queue B,(t)
where the tasks await for their assignments. B,(¢) in bits
denotes the buffer queue size of the ith WD. The set of

Generated

tasks in the buffer queue is denoted by B(t) :

B(t)= {B/(t), B,(t), -, B(t), -, By,(1)]. (2)

Note that| B,(¢) | =1 A,(¢) | . Additionally, in a
certain time frame ¢, we refer to the size of the data
executed locally by the ith WD as D, (1), and denote
the size of the data computed by the MEC server by

D, ,(1).
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Fig.3 Data transmission and queuing model for a WD

A mode selection parameter x; is defined for the ith
WD. «x, =0, when the ith WD locally computes its tasks.
Similarly, x, = 1, when the ith WD offloads its tasks to
the MEC server. The size of the tasks sent to the MEC
server and the size of the tasks locally executed are
defined as D (t) and D (t), respectively.

DE(L)z{DLE(t)’Dz'E(t)’ "'9D5y1,|g(t)%' (3)
Dlt(t) = {Dl,l.(t) ’ Dz, L(z) P DM, L(z) } (4)

1.4 Local execution model

At a specific time frame, the wireless channel gain
between the MEC server and the ith WD is denoted by h,.
At the beginning of each time frame, WDs harvest energy
from the MEC server, and e7 is used for WPT. The ith
WD harvests energy E,, from the MEC server :

E, =uPh.eT, (5)

where P denotes the transmit power of the MEC server;
pm e (0, 1) and represents the energy harvesting
efficiency of WDs. When tasks are computed locally, the
WDs ’ processor is the primary source of energy
consumption. Therefore, the square of the WD’s
processor frequency is directly proportional to its energy
consumption. In the local computing mode, a specific
WD can locally execute its computation tasks and harvest
energy at the same time ™ *'. Denote the WD’s
computation ( cycle per second) by f,. Similarly, the
computation time is denoted by ¢, which follows constraint
0<t < T"' The amount of the data processed by the
WD is ft, =¢, where ¢ > 0 and it denotes the number of
cycles needed to process one bit of task data.

Each WD must first process the prioritized
computing task within a fixed time frame using the

harvested energy from the MEC server. The ith WD is
given a unique weight w, , and a higher w, means a higher
computation rate. Meanwhile, E, , represents the ith
WD’ s energy consumption of the local computing

E, . =kf’t, (6)

where k, is energy efficiency coefficient"’. In general,
we assume E, = E, | to be necessary for WDs to work
properly.

It is obvious that the harvested energy of a WD
should be completely used, and the WD should compute
tasks throughout the time frame T in order to process as
many tasks as possible. That is, ¢, = T and subsequently

E \7
fiT = (k;) . Therefore, the rate of local computation

(bit per second) is given by

- < il
fi L _(,ueP)3(hL.) }
dT ¢ \k /)
Here assume that it will schedule the WD processor
frequency according to the policy of maximizing the
computation rate. D, ,(¢) represents the size of the tasks
computed locally by the processor of the ith WD.

D, (1)
| T

rist(e) =

(7)

=r (e),ieM,t T, (8)

where |T| denotes the length of a computation time
frame.
1.5 Edge computing model

When the mode selection parameter x; is 1, the tasks
are completely sent to the MEC server, and then the
corresponding computation results are returned to the
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WDs. It is worth noting that the data transfer relies on the
condition of the wireless channel gain h. WDs can offload
the heavy workload to the MEC server, but it can also
increase the processing time delay. As a result, the trade-
off between energy usage and time delay should be
considered.

Assume that in the edge computing mode, the main
energy consumption is resulted from offloading tasks. In
order to attain the maximum computation capability, a
WD in the edge computing mode fully exhausts its
harvested energy to offload the tasks'*'. N, denotes the
receiver noise power, and the communication bandwidth
is denoted by B,. In the edge execution mode, the tasks
sent to the MEC server are represented by D, (1) :

BT hE;
log2(1+ ) ieM, (9)

oTi

Di,F,(t) =

v,

where E;  is the energy consumed for transmitting tasks
to the MEC server; v, is the communication overhead
ratio. Similarly, power and energy in the edge computing
mode follow the relationship P = E, ,/(7,T). We assume
that the communication and WPT between the MEC
server and the WDs occur within the similar frequency
band. The communication and energy transfer operations
between the MEC server and the WDs follow the time
division multiplexing ( TDM) operating order. A TDM
operating order avoids mutual interference in the MEC
server . Because of TDM, after harvesting energy, a
WD operating in the edge computing mode can offload its
tasks to the MEC server ™. As a result, the
computation rate in the edge computing mode is equal to
the data offloading capacity :

B, T,

(10)

rog(e, 7)=

wPeh’ )

log, |1 +
gz( N,

Vu

1.6 Problem formulation

Based on the model discussed above, increment in
the buffer queue size definitely increases the workload of
the MEC system. Therefore, the computation rate of the
system decreases. For each time frame, to obtain a better
balance between the computation rate and the buffer
queue size, we formalize the weighted sum of the buffer
queue size and the computation rate,

M e % h %
OCh, 7, ¢, %, 4,) = z“’i(l_%)(’up) (k) +

=l o) ;
M BT
z wixi( - Llogz(l +
i=1 VM

2 M
“Peh"))— YB(. (D

N, i
wherer = {7,1i e M|; x={x,1i € M|; Pand N, are
fixed parameters. It is obvious from the above Eq. (11),
that when x, = 0, the tasks are locally computed.
Otherwise, the tasks are offloaded to the MEC server
when x; = 1. Obviously, there is a trade-off between the

buffer queue size and the computation rate.

Therefore, our study aims to find an optimal

solution that achieves a lower buffer queue size and a
higher computation rate simultaneously. Furthermore,
with the given task A, in the buffer queue B,(¢) and the
given wireless channel gain A, the problem is formulated
as the sum of the computation rate of the MEC server
executing the offloaded tasks, the local computation rate
and negative of the buffer queue size. In this work, we
aim to maximize the following problem.
Problem 1; max AQ(h, T,e,x,A,)

ho7oe, x, A
i

s.t. Eq. (1),
7.20,e=0, Vie M, (12)
x, € 10, 1}, (13)
B, =x,4,, x, € {0, 1}. (14)

It is inferred that if x, = 0, the MEC computation
time 7 = 0. It happens when the ith device chooses the
local execution mode. In the local execution mode for
the ith device, the buffer queue size will also become
zero. Therefore, we have to find the offloading
decision x; before pursuing the optimal solution.
Otherwise, the Problem 1 mentioned above is a non-
convex and mixed integer optimization programming
problem. It is difficult to find a solution for such a
non-convex and mixed integer  optimization
programming problem. Thus, it should be transformed
to a convex optimization programming problem. Once
the fixed values about the mode selection parameter x
are obtained, Problem 1 becomes a convex
optimization programming problem.

Problem 2, max Q(Ch, 7, e, x, A,)
l‘r.Al

s.t. Egs. (1), (12) and (14). The observations above
motivate us to devise a deep RL-based algorithm to solve
such a convex optimization programming problem stated
in Problem 2.

2 Deep RL-Based Task Offloading
Algorithm

We address Problem 2 by developing a deep RL-
based task offloading algorithm. As it is analyzed in the
previous section, Problem 1 can be transformed to a
convex optimization programming problem easily with the
given x. Therefore, the proposed deep RL-based task
offloading algorithm follows two steps, which is shown
in Fig. 4. The first step determines the appropriate e and
7. The optimal set {e, 7| maximizes the Q(h, 7, e, x,,
A,) with given h, ,x and A,. Thus, the channel gain h, and
the corresponding output of the deep neural network
(DNN) x will be used as a training set. The second step
is to train the DNN with the obtained training set from
step 1. The workflow of the deep RL-based task
offloading algorithm is shown in Fig. 4.
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Fig.4 Workflow of deep RL-based task offloading algorithm

2.1 Optimal time allocation {e, 7}

In this part, we deal with optimal time allocation
{e, 7} problem. We find a solution {e, 7| for Problem 2
with the givenx and A,. To solve Problem 2, we introduce
a Lagrangian multiplier s to Eq. (11). The converted
Lagrangian form of Problem 2 is

M L\ 1
L(e,7,9)=2wi(l—xi)nl( I) e’ +
i=1

ki
M ehZ M
Zwixim'iln(l + i 1) - leAi(t) +
i=1 T, i=1
M
s(1-e+ Y1), (15)
i=1
s.t. e, 7=0,
1
Py
where 17, , 1, and ¢ are constant parameters, 1, = (M¢>> ,
P "
n, =2 and e = .
0 v,In2

The corresponding dual function would be

d(s)= max{L(e, 7,5) |e=0,7=0,Yi e M. (16)
Then, we have a dual problem as

min {d(s) ls=0}. (17)

Once the optimal time {e”, 7| is determined, the
dual problem given in Eq. ( 17) can be easily solved.
The optimal time satisfies

M
e+ Y1, =1 (18)
i=0

Theorem 1
There exists one optimal solution {e”, 7", ¢ | that
satisfies
. 2
: n,h;
T - : Y. eM, (19)

6* -1 i

-1-Ww s
exp(l +7)

w,E

where W(y) is the Lambert — W function, i.e., u =

W(y). Lambert —W function is an inverse function of
S(uw) =u - exp(u) =y.
Proof

The partial derivative of the parameter L in Eq. (15)
with regard to the parameter 7° is
oL n,eh’ w,en,eh; (1/77) 7'
7*=wi81n(1+ l)— 3 5 —S
or 1 +myeh; (1/77)

(20)

Ti
. oL . .
By setting Pty = 0 at the optimal point, we have
T

Thehf 1 s’
Inf1+—-") + =l (21)
T 1 +n,eh;/T w;&

i

Taking exponential on both sides, we get

n,eh; 1 s
In{1+——]exp | = exp(l +7) .
T 1 + meh;/T w.e

i

(22)
Denote two positive values a and b that satisfy .
—aexp(—a)=-1/b. (23)

So, here « == W(~- 1/b). Combining Egs. (22) and
(23), we can get Eq. (19).

In summary, Theorem 1 holds.

When y € (- /e, 0) , subsequently the Lambert—W
function W(y) € (-1, 0). From Eq. (19), we can
infer that s* must be higher than zero. Otherwise, either
7. — o ore” —0. Similarly, wheny e (- 1/¢, 0) , the
the Lambert — W function has the increasing behavior.
Consequently, the denominator of the right-hand side of
Eq. ( 19) is always higher than zero. Therefore, when

s" >0, it follows - 1/e < ———— < 0.

S
exp 1+ﬁ

By transforming Eq. (19), we can obtain the

optimal 7°;
T =e ki (sT), (24)
-1 -1, -1
p(s™) & |- 1|W ( s) . (25)
exp|l + —
w.e

i

It can be seen that Eq. (18) holds strictly based on
the above analyses. Accordingly, by combining Egs.
(18) and (24), as a function of * , we achieve a semi-
closed-form e ”;

1
L+, 2 hfl//ig*

ieM

ATI(s™). (26)

6*

Both . (s") and II(s") are functions of the same

variable s*. The key idea is to find the optimal value for
s to solve Problem 2.
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Theorem 2
There exists one optimal solution s * that satisfies

sl o :
F(gl“)é?(H(G) D anw[(l =) (hi/k) 7+

ieM

2
w.x.h’

med (W(s )"

From Eq. (27), I'(s”) monotonically decreases when
s > 0.
Proof

s" =0. (27)

oL
We set the —
de

s” that maximizes L.

in Eq. (15) to zero, and we will get

oL 1 R L
“=om(e’) (1 =x) Y ow(h/k) o+
86 3 ieM
ey, =" =0 (28)

Sl +me hi/r]
From Eq. (24), we get that
nze*hf _ 1
(st

(29)

. 1 . -
F(gi) é?(n(g)*) } anwi(l _xi)(hi/ki) P+

ieM
wxh
e we oy S

By making I'(s” ) equal to zero, we can find s,e
and 7.

Therefore, Theorem 2 holds.

2.2 Training set

According to the above analyses, it is evident that
the mode selection parameter x plays a vital role in solving
Problem 2. We already know that a random x at a time
frame ¢ = 1 is not a satisfactory solution. In the following,
we will design a training set to train the deep RL-based
task offloading algorithm that gives us an optimal solution
for the mode selection parameter ( i. e., offloading
decision) for Problem 2.

At the beginning of the time frame ¢ = 1, we set
parameters of the DNN randomly, following a zero-mean
distribution. The bias of the DNN is initialized to 0. 1.
At the same time, we set the length of the arrived tasks
randomly in the range of [0.5, 1.5] cycle/bit. Thus,
we need to train the DNN to achieve the optimal value for
x as an output, given the channel gain & as the input to the
DNN.

2.2.1 Finding a better offloading decision x

When a task arrives at the task buffer queue, it
might be sent to the MEC server or locally executed. The
activation function in the DNN output layer is sigmoid

1

S(y) = (31)
1 +e”

Consequently, based on the output of DNN x €
(0, 1) , we can create K distinct alternative optimal X,.
Then, we can select the optimal solution among these
different x,. In the proposed algorithm, K meets the
constraint K < M + 1. The first optimal offloading
decision #, , can be generated through # :

O (1,if5, > 0.5
Y70, if 5, < 0.5
form=1,2, -, M. (32)

Then, based on the first offloading decision, we can
generate the remaining %, , which is formalized as

1, if Xy >%, s
I, if X, =X, 4y and L < 0.5;
bm 0, if x, =x > 0.5;

0, ifx, =x

,and %

m, k- m, k=1

m, k=13
for k=2,3, -, Kim=1,2, -, M. (33)
For an example, when¥, =[0.4 0.7 0.2 0.9]
and K = 4, accordingly, four mode selection actions

generated from ¥, would be ¥, = [0 0 1 1],%, =
(0 1 1 1], % = [0 0 0 1] and %, =
[1 1 1 1]. In this quantification, the distance

between ¥ and ¥, is larger than pre-existing exhaustive
method that generates 2" actions at most. So, the
complexity of the proposed algorithm has been reduced,
and it can maintain the similar performance at the same
time. Thus, we can find the best action more quickly.
2.2.2 Training set creation

Problem 2 can be solved through the candidate «, ,.
Then, we can find (h, x°, A,) that maximizes Q(h, 7,
e, x", A) and save these optimal values in memory or
use them for training DNN in later steps.

2.3 Training DNN

In our system, the DNN is utilized for learning the
distribution of x with the given h. Once the number of
data in the training set is higher than the batch size £, the
DNN gets trained immediately. The DNN is trained by
using a batch of training data to enhance the efficiency of
learning. We use a memory size of 1 024 bits. When the
training set has used the memory size ultimately, the
newly generated training data starts to replace the
previously generated training data. So, the DNN gets
learning from the latest training data only which are more
beneficial than the old ones.

There is no substantial difference between adjacent
time slots because the algorithm only adds or updates one
training dataset at one single time slot. It is a useless and
inefficient way for training the DNN at each time slot.
So, the training process uses data in batches for learning
purposes, and it is dependent on the batch size &.
Algorithm 1 shows the pseudo-code of the deep RL-based
task offloading algorithm.
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Algorithm 1. Deep RL-based task offloading algorithm

Input. Wireless channel gain A, at each time frame ¢.

1 Initialize DNN variables with default values.

2 fort =1,2, -+, ndo

3 Select the proper value of K based on .

4 Choose the right batch size b and training
interval &

5 Input channel gain 4 to DNN to get x.

6 Generate spare x,.

7 Calculate Q for all x, by solving Problem 2.

8 Choose x, that maximizes Q.

9 Update training set with {h,%,} .

10 if ¢ = b and the remainder (t/¢) = 0 then

11 randomly select b training data;

2 train the DNN with selected batches of

training data.
13 end if
14 end for

Return: An optimal solution {x, 7, e, B;(t) | to Problem 2.

3 Performance Evaluation

Deep RL-based task offloading algorithm is
evaluated. A DNN with four layers was built using the
python library TensorFlow.

3.1 Experimental setup

3.1.1 Metrics

The following metrics are used to investigate the
proposed algorithm ’ s performance. Specifically, to
analyze the convergence performance of the deep RL-
based task offloading algorithm, the metrics are used to
compute the normalized computation rate () and the
training loss. Specifically, three metrics are utilized for
training purposes: the offloading decision parameter, the
buffer queue size and the computation rate. Furthermore,
Baseline 1 and Baseline 2 are used as benchmarks to
compare the efforts of this dissertation.

In Baseline 1, all WDs locally compute their arrived
tasks at each time frame. Likewise, in Baseline 2, all
WDs offload their arrived tasks to the MEC server at each
time frame.

3.1.2 Parameter settings

This  research ~ work  considers 10  WDs
communicating with the MEC server simultaneously
based on the proposed algorithm. The computation tasks
generated by these WDs either are computed locally by
themselves or are offloaded to the MEC server. There are

90000-time frames in the simulation system.

We make use of the Power cast TX91501-3W as a
transmitter at the MEC server with the power P of 3 W.
Similarly, we use the P2110 Power Harvester in each WD,
and its energy harvesting efficiency u is 0. 51. We set ¢ =
10 and M = 10 in default settings. The free space path loss
model is considered for wireless channel gain h.

_ 3 x 10%)\ %
h,, =A,t( ) , (34)
4nf.d,

where l_z represents the average channel gain; d, is the
path loss exponent, and d, = 2.8 Hz; A, is the antenna
gain; f, is the carrier frequency, andf, =915 MHz without
loss of generality; d, is the distance between the
transmitter and the receiver. We define one-time frame

T=1. A model, Rayleigh fading channel h, =h S, , is
used to generate the wireless channel gain of each WD at
each time slot. B, is the independent random channel
fading factor and follows a unit mean exponential
distribution. Arrived tasks A, in the buffer queue are
measured in the same units as the computation rate. A, can
be any random value in a range of [ 0.5, 1.57,
depending on the task generated from the WDs at a
specific time frame. The default parameter settings for the
simulation model are given in Table 1.

Table 1 Default settings of parameters

Parameter Value Parameter Value
M 10 3 40
n 0.7 B, /Hz 2x10°
P/W 3 A, 4.11
d. /Hz 2.8 N, /W 107"
f. /MHz 915 & / (cycle/bit) 110

3.2 Simulation results
3.2.1 Convergence

The convergence of the deep RL-based task
offloading algorithm in terms of the normalized
computation rate and the training loss is given in Figs. 5
and 6, respectively.
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Fig. 5 Normalized computation rate () versus time frame ¢
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Fig. 6 Change of training loss with training interval ¢

The normalized computation rate Q(h, x) is

Q" (h, x)

QCh, x) = (35)

Its value can occur in the range of 0 < Q(h, x) < 1

In Fig. 5, the Q-t curve is given for K=M and M = 10
as the default parameters. We can see that () converges to
the optimal solution when ¢ increases gradually.
Specifically,  exceeds 0. 98 when ¢ > 400 and the
variance of () gradually approaches to zero when ¢ >
2000.

DNN is developed in the python library called
TensorFlow. The DNN training loss is already
investigated by adjusting the learning interval £ of DNN.
So, a specific learning interval £ is considered to study the
relationship between the training loss and the algorithm
efficiency. The variations in the training loss have been
compared at different learning intervals, i.e. , 10, 20,40
and 80. In Fig. 6, the training loss slows down gradually
as the learning interval increases.

It can be observed that, when & = 10, the training
loss decreases to 0 quickly, but the operation efficiency
of deep RL-based task offloading algorithm remains at a
low standard. On the contrary, when ¢ =80, the training
loss decreases slowly and takes long time before
approaching to 0. The operation efficiency of the
proposed algorithm has significantly improved. Selecting
a moderate value for the learning interval &, e. g., 40,
proves to be a practical and innovative choice.
Furthermore, the training loss declines over time and
settles down at near 0. 04, which is attributed to the
random sampling of the training data as well as the
randomly arrived task A, in the task buffer queue generated
by the WDs.

Overall, DNN learns iteratively from the previous
best action pairs (&, x) and achieves the improved
offloading decision that meets the constraints of the
memory space. As old memory is replaced by the new
one, DNN only uses the most up-to-dated dataset
generated by the updated mode selection parameters for
training. This closed loop RL algorithm helps to improve
itself as the time progresses, and approaches to
convergence at the end.

3.2.2 Offloading decision

The impact of the required processing cycles per bit
¢ of the task data on the MEC system offloading decision
and the optimal offloading decision of individual WD is
given in Figs. 7 and 8.
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Individually, Fig. 7 shows that offloading decisions
varying with ¢. It can be observed that as ¢ increases,
less WDs compute the generated tasks locally, and more
WDs prefer to offload their tasks to the MEC server.
Specifically, when ¢ is higher than 130, WDs’ decisions
do not change significantly. One reason is that the WDs’
local computation resources are not enough and WDs
prefer to offload tasks to the MEC server when ¢ is high.

In addition, we can observe in Fig. 8 that over
90 000 time frames, the number of WDs locally
computing the tasks (i.e., the mode selection parameter
x =0) has changed a lot with the varying weights and the
buffer queue size. The reason is that WDs prefer to
offload the tasks to the MEC server at first. Conversely,
the increasing the buffer queue size makes WDs choose to
work in the local computing mode rather than offloading
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tasks to the MEC server. Consequently, our work can
make a better trade-off that both the buffer queue size and
the time delay (i. e., the computation rate ) for
processing the generated tasks of WDs remain as low as
possible. Thus, it is beneficial to maximize the utilization
of computation resources. It has been proved that the
proposed deep RL-based task offloading algorithm can
adjust the WDs’ offloading decisions to maximize Q,
with respect to WDs’ varying demands of computation
resources.

3.2.3 Computation rate

In this section, we investigate the impact of the
required cycles ¢ for processing one bit of task data. We
make the comparison of the proposed algorithm with two
baselines, i.e., Baseline 1 and Baseline 2. As depicted
in Fig. 9, the normalized weighted sum of the
computation rate in these three algorithms decreases with
the increasing ¢. Moreover, it can be observed that ) in
the proposed algorithm is more robust to the increasing ¢.
In addition, @ in the proposed algorithm is higher than
that in the other two baselines, which means that the
proposed algorithm has better performance in joint
optimization of the buffer queue size and the computation
rate. It is worth noting that the maximum Q in Q° =

Q

max

0 is obtained when ¢ equals 110.
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Fig.9 Impact of ¢ on Q

In addition, it can be observed that () in Baseline 1
decreases continuously, and () in Baseline 2 is not
affected by ¢ at all. The reasons are that Baseline 1 is
only related to the local execution and that Baseline 2 is
not constrained by the local computing power.

3.2.4 Buffer queue size

This section investigates the impact of the optimal
solution to Problem 2 on the buffer queue size. The
impact of the needed cycles for processing one-bit data ¢
and its effect on the number of WDs M with respect to the
buffer queue size are given in Figs. 10 and 11,
respectively.
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Fig. 11 B,(t) versus ¢ when M = 10

In Fig. 10, the buffer queue size increases as the
number of WDs increases under offloading as shown in
Baseline 2 and the proposed algorithm. Subsequently, the
size of generated tasks also increases with the increase in
the number of WDs. It is obvious that the increase in the
buffer queue size with the increasing number of WDs is
not as significant as it occurs with a single device. The
reason is that the buffer queue deals with the arrived tasks
from WDs and then the proposed algorithm makes sure
that the buffer queue size remains at minimum. So, it
prefers the local execution rather than the MEC
execution. As a result, tasks remain in the buffer queue
are those only offloaded to the MEC server. In addition,
it is obvious that there are no tasks in the buffer queue
when x = 0. Similarly, in Baseline 2, when all WDs
choose to send their tasks to the MEC server, the buffer
queue size is maximum for each WD.

Similarly, Fig.11 shows the impact of ¢ on the
buffer queue size. As it is analyzed above, as the cycles
required for processing a single bit of task data increases,
the number of WDs offloading their tasks also increases,
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which subsequently makes increment in the buffer queue
size B,(t).

The reason is that as ¢ increases, the energy
consumption of processing their tasks in local execution
increases. So, more WDs send their tasks to the MEC
server, which in turn makes increment in the buffer queue
size. In Baseline 2, the buffer queue size is not affected
by ¢.

3.2.5 Discussion

In this section, we compare the training loss of the
proposed algorithm with the selfish-aware task offloading
algorithm'®' along individual time frames as shown in
Fig. 12. The selfish-aware task offloading method is
selfish aware of the users in the MEC network trying to
get more computation resources so it punishes them to
give more computation resources to the normal users in
the MEC network. In the beginning, the training loss
curve shows the minimum loss as the algorithm initializes
to recognize the selfish users. Once the proposed
algorithm recognizes the selfish users, it starts optimizing
computation resources accordingly. Meanwhile, the
training loss of the proposed algorithm follows the
conventional declining curve with time, reducing the loss
to the minimum. The proposed algorithm is focused on
enhancing the computation resources of the WDs and
minimizes the task buffer queue size in WDs.

Training loss

0 10000 20000 30000 40000 50000 60000 70000 80000
Time frame

(a)

Training loss

0 10000 20000 30000 40000 50000 60000 70000 80000
Time frame
(b)
Fig. 12 Training loss comparison between proposed algorithm and selfish-
aware task offloading algorithm over time: ( a) proposed

algorithm; (b) selfish-aware task offloading algorithm

4 Conclusions

This research work proposes a deep RL-based task
offloading algorithm for a wireless-powered and multiple-
user MEC system with the buffer queue at the terminal
devices. The proposed algorithm maximizes the weighted
sum computation rate and minimizes the buffer queue size
for user devices connected to the MEC system. A
mechanism for adaptive parameter setting is developed to
achieve rapid algorithm convergence. The proposed
algorithm utilizes RL to enhance its offloading actions
prescribed by a DNN by learning from previous
offloading  experiences. = Conventional optimization

approaches require tackling complex mixed integer
optimization programming problems. However, the
proposed algorithm eliminates this requirement by
converting it to a convex optimization programming
problem. The simulation findings reveal that the proposed
algorithm achieves near-optimal performance while
reducing CPU execution delay by more than an order of
magnitude , making real-time system optimization realistic
for wireless-powered MEC networks in fading
environments. In summary, extensive simulation results
demonstrate that the proposed algorithm can maintain an
elevated level of the computation rate while making the
buffer queue size at a minimum.

The study is highly significant because deep RL-
based algorithms are taking the place of conventional
optimization techniques and finding their usage in
different real-life scenarios. For the MEC system, this
work explores a better use of the deep RL-based
algorithm that leads industrial IoT devices to integrate into
the new paradigm of the MEC system. This integration
solves a pervasive issue of MEC in a robust manner, and
meanwhile proves its best performance.
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