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DRL-Based Joint Optimization of Wireless Charging
and Computation Offloading for Multi-Access
Edge Computing

Xinyuan Zhu, Fei Hao”, Lianbo Ma ", Changqing Luo

Abstract—Wireless-powered multi-access edge computing (WP-
MEC), as a promising computing paradigm with the great potential
for breaking through the power limitations of wireless devices,
is facing the challenges of reliable task offloading and charging
power allocation. Towards this end, we formulate a joint opti-
mization problem of wireless charging and computation offloading
in socially-aware D2D-assisted WP-MEC to maximize the utility,
characterized by wireless devices’ residual energy and the strength
of social relationship. To address this problem, we propose a deep
reinforcement learning (DRL)-based approach with hybrid actor-
critic networks including three actor networks and one critic net-
work as well as with Proximal Policy Optimization (PPO) updating
policy. Further, to prevent the policy collapse, we adopt the PPO-
clip algorithm which limits the update steps to enhance the stability
of algorithm. The experimental results show that the proposed
algorithm can achieved superior convergence performance and,
meanwhile, improves the average utility efficiently compared to
other baseline approaches.

Index Terms—Multi-access edge computing, wireless charging,
computation offloading, deep reinforcement learning, proximal
policy optimization.

1. INTRODUCTION
A. Motivation

O COPE with the issue of network congestion arising
from the surge in network traffic, Multi-access Edge Com-
puting (MEC) [1], [2] offers a solution by alleviating net-
work burden. By offloading computation-intensive tasks from
resource-limited edge devices to neighboring MEC servers,
MEC effectively reduces both computational latency and energy
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consumption [3]. In addition, portable edge devices are also
limited by battery life and computing power [4], and with the
advancement of wireless communication technology and Wire-
less Power Transmission (WPT) [5], [6], edge wireless devices
can be charged wirelessly without the necessity for battery re-
placement. To provide wireless devices with continuous energy
supply and enhance the computing capacity, more and more
studies have considered combining WPT with MEC, leading
to a new framework called wireless powered multi-access edge
computing (WP-MEC) [7], [8].

WP-MEC enables devices to process data without wired
charging and can be used in networks requiring low latency
and high computing power, such as driverless cars, smart sensor
networks, and real-time data analysis applications. However,
WP-MEC still encounters several challenges. In WP-MEC, it
is very challenging to make offloading decisions and power
allocation to reduce the energy consumption of the system
and improve the network efficiency [9], [10]. And as abundant
personal private data (such as personal images, personal physical
health information and so on) transmitting and handling in
WP-MEC networks, it is important to guarantee the reliable and
efficient offloading as well as reasonable wireless charging allo-
cation in WP-MEC network [11]. Unreasonable task offloading
decisions and charging allocation will result in personal privacy
disclosure, excessive energy consumption or lead to improper
task execution. Socially-aware D2D task offloading schedule
is an effective solution for privacy protection, reducing energy
and processing resource requirements by mapping the social
relationship in social domain to the relationship between devices
in MEC. Therefore, it is significant to combine socially-aware
D2D communication with wireless charging to select an ap-
propriate offloading strategy and charging scheme in WP-MEC
[12], [13].

What’s more, socially aware D2D-Assisted wireless powered
MEC combines social relationships, D2D communication, and
wireless charging technologies to optimize resource allocation
and computing power. What’s more, it has certain practical
application significance, and can be applied to UAV networks,
intelligent transportation system, personal health monitoring,
virtual reality or augmented reality applications and other re-
alistic scenarios. For example, in an intelligent transportation
system, the vehicle can select the best D2D communication part-
ner based on the owner’s social relationship, conduct real-time
data processing, road condition prediction and task offloading,
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and use wireless charging technology to charge the vehicle
equipment during driving [14].

Meanwhile, effectively addressing the above joint optimiza-
tion problem is also challenging. Due to the advantages of DRL,
more and more researchers pay attention to using DRL to address
the problems in MEC [3], [15], [16], [17]. Most of the existing
studies consider a single action space like discrete action [18]
or continuous action [19]. Some focus on the discrete offloading
decisions or selections by using Q-learning based algorithm
[20], and others work out the continuous problems like resource
allocation and power allocation by using the deep deterministic
policy gradient (DDPG) based algorithms [3], [21]. However,
these existing approaches focus on single discrete or continuous
action, which are unsuitable for solving most MEC problems
that require hybrid actions. And these unsuitable approaches
will cause higher algorithm complexity for action transformation
even the failure of action generation. Although some research
works focus on the hybrid action space [3], [22], [23], these
existing approaches have poor stability and convergence for the
action transformation and policy updates. PPO or other methods
can further optimize the algorithmic framework they used, which
will make algorithm more stable and easier to converge by
limiting the magnitude of policy updates.

B. Our Contributions

In order to deal with the above challenges, in this paper,
we elaborate and model reliable partial task offloading under
wireless charging MEC networks and jointly optimize the com-
putation offloading and wireless charging in WP-MEC by using
DRL method which is based on the PPO update policy. The
major contributions of this paper are summarized as follows.

® Problem Formulation: We jointly optimize the task of-
floading, task allocation, and channel power allocation
to maximize the utility of social relationships and device
residual energy in the MEC network. To solve the above
joint optimization problem by using DRL-based method,
we further define state space, action space, and reward
function, which is formalized as a Markov Decision Pro-
cess (MDP).

® DRL-based method using hybrid PPO: Since our action
space is consist of hybrid actions, including one discrete
task offloading action and two continuous actions: task
assignment and the power of channels allocation, our DRL-
based hybrid actor-critic framework includes one critic
network and three actor networks: offloading decisions
network, task assignment network and power allocation
network, which are updated and improved by using the
hybrid proximal policy optimization (PPO). On the basis
of traditional hybrid PPO methods, our method introduces
adaptive learning rate and dynamic importance sampling
to overcome the limitation of convergence, stability and
efficiency of traditional hybrid PPO method.

o Simulation experiments and performance evaluation: To
assess the efficacy of our proposed algorithm, we conduct
extensive experiments to evaluate its performance. We
carry out convergence analysis by comparing the reward of

IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 0, NO. 0, 2025

our approach with the other DRL methods and under dif-
ferent network parameters. Then we conduct experiments
under different methods and different number of three
kinds of devices in MEC with parameters changed in MEC.
Our experimental results demonstrate that our approach
outperforms compared with other baseline approaches in
terms of reward and average utility.

C. Outline

The remainder of this paper is organized as follows. Section II
presents the related work. The system model and optimization
problem of this paper are illustrated in Section III. In Section IV,
the DRL-based approach that are settled with the joint opti-
mization problem is described. The simulation experiments and
evaluation results of the proposed approach are described in V.
Finally, Section VI makes a conclusion of this work and provides
the directions for future research.

II. RELATED WORK

In recent years, the task offloading strategy selection is widely
investigated for energy conservation and improving network
efficiency. It follows that DRL is more and more widely used to
solve such problems effectively.

A. Wireless Charging and Task Offloading in MEC Network

Recently, most of the MEC network devices involved in
research has been limited by its own power. Therefore, it is
necessary to consider the energy consumption and its own power
as well as wireless charging when offloading tasks [13], [24].

Wang et al. [25] focused on a wireless powered multi-user
MEC system and each user relying on the collected energy
depends on the collected energy for performing computing
tasks. For minimizing the energy consumption, the authors
jointly optimized energy beam forming and task offloading.
Furthermore, aiming at minimizing the energy consumption in
delay constraints in MEC, Malik et al. [9] proposed a combined
wireless charging solution based on computational offloading.
Wauetal. [26] elaborated a WP-MEC system and proposed a user
collaboration approach to improve the performance of active
devices, where nearby available devices help remotely perform
the computing tasks of the user by using the wireless energy
harvested from the energy transmitter. In [27], the study investi-
gated the concept of secure offloading in a WP-MEC system. In
this system, energy-constrained users are charged using wireless
power transfer, and the harvested energy is harnessed to offload
their computing tasks to the MEC server, even in the presence
of multiple eavesdroppers. Wang et al. [28] proposed a unified
MEC-WPT design, each user node rely on collecting energy
computing tasks and users can perform their own tasks locally
or offload tasks to MEC completely or partially based on TDMA
protocols. Zheng et al. [29] studied a wireless-powered MEC
network to minimize total computation delay (TCD), which is
decomposed into optimizing WPT and transmission durations
and offloading decisions, and a worst-WD-adjusting (WDA)
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algorithm and a DRL-based model efficiently achieve near-
optimal solutions, demonstrating effectiveness in fast-fading
networks.

Although there are many researches above that have focused
on the joint optimization problem of wireless charging and the
computational offloading in MEC networks such as [9], [28], our
proposed optimization problem differs from the above works in
terms of partial offloading, D2D offloading strategy, or social
relationships in MEC networks. Existing studies about joint
optimization of wireless charging and task offloading mostly
focus on the separative optimization instead of synchronous
optimization of wireless charging and task offloading in different
devices. What’s more, the social awareness is integrated into our
proposed network system, which is rarely considered in current
research works, such as [27], [29] and so on. And the existing
methods that are used for solving the joint problem are not as
effective as the approach we proposed based on the DRL and
PPO.

B. The Application of DRL in MEC

With the gradual application of deep learning and rein-
forcement learning [30], due to its advantages of independent
decision-making, strong adaptability, handling complex tasks
and exploring unknown areas, DRL has been more widely
applied to solve joint optimization problems in MEC systems
[19], [21], [31].

Shang et al. [15] investigated the optimization of joint com-
putation offloading and resource allocation in NOMA-MEC
systems, aiming at minimizing the computation overhead, then
a DRL approach was proposed to solve their problem. Jiao
et al. [18] optimized the task completion time and energy con-
sumption in the proposed MEC-enabled Industrial Internet of
Things (IIoT) system, a time-energy tradeoff online offloading
algorithm using DRL was proposed based on stochastic strategy,
cross-mutation technology and a feasible sub-optimal offload-
ing method. Research [4] proposed computational offloading
using reinforcement learning (CORL) schemes to minimize
the latency and energy consumption of IoMT’s medical de-
vices in processing sensor data, and framing the problem as
a combination of latency and energy cost minimization to meet
the constraints of lack of limited battery capacity and service
latency deadline constraints. In [16], Huang et al. considered a
WP-MEC network with binary offloading strategy, and proposed
a DRL-based online offloading framework, which can adapt to
task offload decision and wireless resource allocation according
to the wireless channels. In [21], the problems of dynamic
caching, computing offloading and resource allocation in MEC
system was studied. A dynamic scheduling strategy based on
DRL and DDPG was proposed to minimize the long-term av-
erage of the cost. Deng et al. [32] proposed an autonomous
partial offloading system for delay-sensitive computing tasks in
multi-user I[IoT-MEC systems with the goal of providing the
shortest latency offloading service, and proposed DRL-based
offloading methods to optimize latency. Zhang et al. [33] opti-
mized offloading and resource allocation in a WPT-enabled IoT
network with multiple HAPs to maximize computation rate, and

TABLE I
COMPARISON OF EXISTING RESEARCH WORKS

. . Hybrid
Works Diireless . bartial Db DRL  Action
owered Offloading

Space
[91, [25], [27], [28] v v x X X
[26] v v v X X
[15],121], [31] x X x v v
(18], [4] X X X v X
[16] v X X v X
[32] X v X v X
[3] X v X v v
[35] X X v v v
[29], [33] v v X v X
ours v v v v v

a DRL-based algorithm and Lagrangian duality method achieve
efficient, near-optimal solutions with fast convergence.

According to the above researched, the DRL are widely used
in the MEC networks for settling the problem like task offloading
[14], [34], resource allocation and caching, but few studies have
combined wireless charging with these above problem [15],
[16], [18]. In addition, most of the problems concerned by the
above researches focus on a single action space (discrete or
continuous) by using traditional deep reinforcement learning
methods [29] or the optimization problem is divided into several
sub-problems and solved by multiple methods [33]. However,
for the hybrid and high-dimensional action space, it is difficult to
use the traditional deep reinforcement learning method to solve
it.

C. Summary of Related Works

Then we summarize the difference of our work and the
existing researches which is shown in Table I. And we can
conclude that our work comprehensively considers many factors
in wireless powered MEC including partial offloading, D2D of-
floading strategy based on device’s social relationships reflected
by humans and time-varying channels. In view of the above
factors, we use PPO algorithm based on deep reinforcement
learning to solve our proposed optimization problem. Note that
our problems with the particularity of discrete and continuous
action space, the traditional DRL methods that consider single
action space can not solve our problem effectively [16], [18],
[32]. Although the methods proposed in [3] and [22] include the
discrete and continuous action space, but the PPO used in our
approach is proved being superior to Hybrid Advantage Actor-
Critic and Hybrid Actor-Critic in convergence and stability.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we will illustrate our system model, communi-
cation model, computational model as well as social relationship
model. Next, we propose and formulate the joint optimization
problem addressed in this section.

A. System Model

We consider a system consisting of user devices, nearby
auxiliary devices, and MEC servers, which is centered around
MEC servers equipped with wireless charging device. The
set of user devices is described as I = {l1,lo,..., L, ..., 1},
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Time slice T

User Task offloading | Local computing

Terminal User device
g @ @ equipments
User Task offioading | MR Task | NR computing | Return result | Charging only
& Human
Nearby assist device(NR)
Wireless
)@ charge
Data User Task offloading | R ek | AP computing &charging | Return result | Charging only
issi L 1 1 L 1 J
. Device-Owner T 4 T T T(T1+T2+T3+T%)
pair Access point (AP)
————— Social
relationship . . . . . .
Souial Fig. 4. Anillustration of time slice on three devices.
Domain
. . . TABLE II
Fig. 1. Anillustration of system model. o
Notation ~ Description
u i v ] Wb
| | | T time slice
— w the bandwidth of the channels
Offload to local device i Offload to nearby device j Offload to server b NO the channel noise
T PiU(t) the transmission power of the user device ¢ at time frame ¢
a; ho the antenna gain
i 0 path loss
Taski fe the carrier frequency
) o L PjN (t) the transmission power of the nearby auxiliary device j at
Fig. 2.  Description of task partitioning. time frame ¢
PbB (t) the transmission power of the MEC server b at time frame ¢
€ the capability of the user devices
Py the execution power of user devices
() (P o the capability of the nearby auxiliary devices
Y Py the execution power of the nearby auxiliary devices
e @ BS/AP ) © the capability of MEC servers
BSmy/ BSmy @ @ Task offloading from user to NR Pp the execution power of MEC servers
H ! @ Task offloading from user to AP kY (t) the residual energy of the user devices
@ Q/® NR ® Task offloading from NR to BS/AP EN(t) the residual energy of the nearby auxiliary devices
. P.(t) the power of the charging equipment for supplying energy
) @ Wireless charging from AP to NR and user : : : : :
sle w;(t) the social relationship vector of the user device ¢

\
NR n, N ®/ ® MR n ® Return the result

& User

User I, User I; User I.,
Fig. 3. Process of task offloading and wireless charging in network.
N ={ni,na,...,n;,...,ny} is the set of nearby auxiliary

devices, and the M = {my,ma,...,my, ..., mp} is the set of
MEC servers, where the I, J, B represent the number of user
devices, nearby auxiliary devices and MEC servers, respectively.
We construct the system model, as shown in Fig. 1. In this
system, the relationships of devices in physical domain are
mapped by the relationships of humans in the social domain.
Specifically, we take user device ¢ as an example for explain-
ing our system model. In Fig. 3, the process of task offloading,
wireless charging and returning the task execution result are
completed through the execution process (- (5). The process
@, @, @ illustrate the task partial offloading from user devices
to nearby devices and MEC servers, (@) is the charging process
during task execution, and the execution results are returned in
process (5). The tasks in the network are generate on user devices
and the arrival of tasks in the system follows a Poisson process
based on the research [36]. What’s more, the tasks under this
system are partially offloaded to MEC server, nearby auxiliary
device and user device. Therefore, when selecting an offloading
strategy for the task of size a; generated by user device, the task

P the weight value of the social relationship strength and the
remaining energy of the MEC devices.

PY . the maximum transmission power of the user devices
va the maximum transmission power of the nearby auxiliary
devices
PB the maximum transmission power of the MEC servers
k%m the maximum energy storage of the user devices

mas the maximum energy storage of the nearby auxiliary devices

can be divided into three parts for partial offloading. The task
size of three parts can be represented as a; =< u;, vj, wy >,
where a; is the task size and u;, v, wy are assigned to the size
of tasks offloaded to user device ¢, nearby auxiliary device j and
MEC server b respectively, which is shown as Fig. 2. Note that,
a; =Ui+tvj+Wyp.

According to the above network model, given the time con-
straint of 7, the time span of task transmission, task execution,
wireless charging and return of execution results should not
exceed time slice 7 [9], [37]. The time slice diagram of user
device, nearby auxiliary device and MEC server is shown in
Fig. 4. The task offloading process and the wireless charging
process are performed simultaneously on three devices. We
suppose that the process of wireless charging and task offloading
from the user to MEC servers are implemented simultaneously
over orthogonal frequency bands, so that the two transmitted
signals do not interfere with each other [37], [38].

To enhance the readability of this paper, the primary notations
used throughout the paper are listed in Table II.
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B. Communication Model

Based on the above system model, the data transmission
process includes the data uplink process for offloading tasks and
the data downlink process for returning results. The uplink and
downlink transmission rates can be calculated according to the
Shannon formula as shown below. Additionally, the co-channel
interference among user devices is ignored, while assuming that
each user device is allocated with an orthogonal spectrum [34].

1) Uplink Transmission Rate: The transmission rate of the
channel between the user device ¢ and the nearby auxiliary device
7 is expressed as follows.

P ()N (1)

rUN = Wiogy [ 1+~ . (1)

where W represents the bandwidth of the channels in MEC
network; Ny is the channel noise and the transmission power
of user device i at time slice ¢ is expressed as PY (t); h?JN (t)
is the wireless channel gain which is follow the free space path

loss model, expressed as N = ho(%)e [18]. And the
dU]

antenna gain is represented as hg, 6 is the path loss, f. denotes
the carrier frequency and the distance between user device ¢ and
the nearby auxiliary device j is expressed as dg jN [16].
Furthermore, the transmission rate of the channel between
user device ¢ and the MEC server b can be calculated as follows.

PI(HhTY (t)>

UB i
riy = Wlo 1+ (2)
b g2 < No

where the h%g (t) denotes the wireless channel gain of the
channel between user device ¢ and the MEC server b. Similarly,
hep = ho(%)g where the d” represents the distance
between user device 7 and the MEC server b.

And the Formula 3 expresses the transmission rate of the
channel connecting the nearby auxiliary device j with the MEC
server b.

PN(t)h

NP = Wiogy | 14 —L—20 22 3)

Ny

where the PjN (t) is the transmission power of the nearby aux-

3x10% )9
Infod )
the distance between the nearby auxiliary device j and the MEC
server b is dJYbB .

2) Downlink Transmission Rate: The MEC servers and the
nearby auxiliary devices return the execution results through
the downlink channels. The transmission rate of the downlink
channels can be calculated as follows respectively.

The transmission rate of the downlink channel between MEC
server b and the user device ¢ is represented as follows.

PBtRPY(t
rfiU =Wlogs | 14 2201 7 ( 3\](:7’1 ®)

iliary device j at the time slice ¢; and hé\’be = ho(

“)

where the P () denotes the transmission power of the MEC
3x108 )

. S BU __
server b at time slice ¢; and hb’i = h0(4nfcdf{,§

The downlink channel’s transmission rate between the nearby
auxiliary device j and user device ¢ is as follows:

PN ()Y (t
ri = Wilogy | 1+ —L—2—— Ohs 1) ©)
7 NO

3%108

NU _
where h;';" = h0(4wfcd§{]N

loss.

)9, which follows the free space path

C. Computational Model

According to the system model and the partition of time
slice, the computational model consists of task transmission,
task execution, execution result return and wireless charging.

1) Task Transmission: For the task a; generated by user
device i, the task will be divided into three parts wu;, v;, wy
which will perform locally, be offloaded to the nearby auxiliary
device and MEC server respectively. And the task executed on
the nearby auxiliary devices and edge servers will be transmitted
by the uplink channels.

Additionally, for the w;, offloads to MEC server b, the trans-
mission process of this part of task is divided into two parts:
1) wg transmits from user devices to MEC servers directly;
2) and the another part wév is transmitted from user devices
to the nearby auxiliary devices and then from the nearby aux-
iliary devices to MEC servers. And it satisfies the constraint:
wp = wl(,] + w{)\/ .

Therefore, the delay and energy consumed by the process
of transmitting wl()] from user device to MEC server can be
expressed as follows.

U

w

t%:ﬁﬁ ©)
ib

ely = Pl ()tp (7)

The PY (t) is the transmission power of user device i at time .

And the delay and energy required by the transmission of task
w;’ and the task v; are described as follows.

N
UN _ YT w
Ly = JTUN ®)
2,
ep; =P (O] ©)

The delay and energy consumed during the transmission from
the nearby device to MEC server of task w;" are as follows.

N

NB _ W

liy = W (10)
Js

exy =Pty (11)

According to the above, for the task a; generated by the user
device, the energy consumption of the transmission is:

: UB , UN , NB
e; =e;p tei; ey (12)

2) Task Execution: After the task transmission is completed,
the devices start to execute the task. Tasks are executed by
the user devices, the nearby auxiliary device and MEC servers
simultaneously.
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The consumption of delay and energy of execution on user
device 7 are:

g (13)
€
eV = PytV (14)

where ¢ is the capability of user devices, and P is the execution
power of user devices.

The delay and energy consumed by the execution of the nearby
auxiliary device are calculated as follows:

N =Y (15)
g
el = Pyt} (16)

where the capability of the nearby auxiliary devices is denoted
as 0, and the Py is the execution power of the nearby auxiliary
devices.

Moreover, the delay and energy consumption of MEC server’s
execution process can be described as:

8 =22 (17)
@
el = PptP (18)

where ¢ is the capability of MEC servers, and the execution
power of MEC servers is denoted as Pp.

Therefore, for task a; generated by user device i, the energy
consumed by the execution process is:

et = er + ej-v + ebB (19)

3) Execution Results Return: After the task is executed, the
nearby auxiliary device and MEC server return the execution
results back to user device through the downlink.

The delay and energy consumption of returning results from
nearby auxiliary device are shown as follows:

v

NU __ J
T T (20)
j,l
e =Py (1)

We assume that the execute result is proportional to the task size
based on [26], which can be formulated as v;- = pwvj, where
is the proportional coefficient of task size.

Analogously, the delay and energy consumed by the MEC
server for transmitting the execution result can be described as
follows:

!

Y = (22)
T

ery =Dty (23)

where the return results wj, is proportional to the execution task
size of MEC server, which can be expressed as w;, = piwy,.

Therefore, we calculate the consumption of delay and energy
for transmitting the result as follows:

r_ _NU BU
€ =€ TE;

(24)
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4) Wireless  Charging: During task execution, the
AP device placed on the MEC server charges user
devices and the nearby auxiliary devices. We define
that the residual electricity of user devices can be
denoted as kY(t) = (kY (¢),kY(t),..., kY (¢),...), and

kN(t) = (kY (t), k5 (t), ..., kY (t),...) shows the residual
electricity of the nearby auxiliary devices; where kY (¢) is the
residual electricity of user device 7 and k:;\' (t) is the residual
electricity of the nearby auxiliary device j. Then we can get the
time for wireless charging according to the time slice illustration
of Fig. 4.

te=7—(Th +To+Ty) (25)
and 17, 15, T} are as follows:
Ty = max{t{” ¢V (26)
Ty =t} 27)
T, = max{t%U, tfiU} (28)

The electricity produced by the AP device can be described
as:

ec = Po(t)te (29)

where P, (t) is the power of the charging equipment for supply-
ing energy.

Thus, we can obtain the sum of residual electricity of the user
device and the nearby auxiliary device.

Ee=k[(t) + Kk} (t) + ec (30)

Moreover, the energy consumed by MEC server for transmit-
ting the electricity can be calculated as follows:

ect = PB(t)t. @31

D. Social Relationship Model

In this system, we establish a correlation between the social
relationships among devices and those among users in the real
world [11], [39]. As illustrated in the network model depicted in
Fig. 5, we utilize the ownership of devices by users to reflect the
relationships in the social domain and the physical interactions
of devices. Specifically, the social relationships between devices
are modeled based on the social connections between the users
who own these devices.
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Additionally, the social relationships between users are char-
acterized by similarities in their behaviors. This behavioral
similarity is quantified by analyzing the likelihood of users
selecting similar content and engaging in comparable activities.
For example, on a movie streaming platform, if user A and user
B both frequently watch action movies, and also follow similar
movie critics, the system can measure their similarity based
on these shared preferences. By examining patterns in content
preferences and interaction histories, we can assess the degree of
similarity and then the social connections between users, which
isdescribed in previous research [40]. Consequently, the strength
of social relationships can be derived using this method. Thus,
the construction of the social relationship matrix is defined as
follows:

U(t) = (w1 (t), wat), ..., wi(t),...),

where w; (t) represents the social relationship vector of the user
devices, and w; (t) = (w;1(t),wi2(t), ... ,wi;(t),...)T where
the w;_;(t) represents the quantification of the social relationship
between the user device ¢ and the auxiliary device j at time t.

In particular, w; ;(t) € [0,1], and w; ;(t) = 0 indicates that
there is no social relationship between the user device 7 and the
auxiliary device j at time ¢, and therefore the task offloading
and transmission link cannot be established between the two
devices. In other words, when two users have a stronger social
relationship, they are more inclined to establish a D2D link in
order to offload tasks.

(32)

E. Problem Formulation

According to the above communication, computation and
social models, in this MEC system, we are aiming to choose
a task offloading strategy with higher trust and less energy
consumption, while charging user devices and auxiliary devices
as much as possible during the task offloading process. In this
system, the energy consumed in the task offloading process and
power transmission process is shown as follows.

E;i(t) = e + € + e + e (33)
And we define the utility function as follows:
Qi jp(t) = Bpwi ;(t) + (1 — p)(Ec — Ei(t) (34

where p € [0, 1], and p represents the weight value of the social
relationship strength and the remaining energy of the MEC
devices.

Based on this, we formulate this problem as:

(35)

max
{a;,PY(t),PN(t),PB(t),kY kN}

S.t.
C1:0<PY(t)< PY

max

max

C2:0< PN(t) < P,
C3:0< PP(t) < Py

max

4
C4 . ZTmST
m=1

Cs:tY +Th <7
C’Gskfj(t)fegffegfvfegzo
C7:k§v(t)fegéBfe§y-e%U20
C8: Ee < kfuy + kiyas

In above (35), C1, C2, C3 constrain the power of user devices,
the nearby auxiliary devices and MEC servers respectively,
which guarantees that the power of different devices varies in a
reasonable range. The P/, PN and PB__ represent the max-
imum power of user devices, nearby auxiliary devices and MEC
servers respectively. Then, C4 and CS5 are the time constraints
based on the time slice partitioning which is shown as Fig. 4,
illustrating that the sum of transmission time, execution time,
charging time on different devices is less than the length of a time
slice 7. Finally, C6, C7 and C8 ensure the effective range of the
remaining power of the user devices and the nearby auxiliary
devices, where C6, C7 make sure that the residual power of
devices is sufficient to support kinds of energy consumption,
and C8 guarantees that the obtained energy by charging from
APs is not excessive for maximum battery capacity kU  and

N max
kryq. Of the devices.

IV. OPTIMIZATION ALGORITHM OF TASK OFFLOADING AND

WIRELESS CHARGING BASED ON DEEP REINFORCEMENT
LEARNING

The formulated optimization problem mainly includes two
parts, i.e., task offloading with its distribution and wireless power
distribution.

1) For the task offloading and distribution, we consider the
partial offloading in MEC system, and the task a; gen-
erated at time ¢ is divided into three parts, expressed
as a; =< u;,v;,wy >; corresponding to the tasks that
offload to the user device ¢, the nearby auxiliary device j
and the MEC server brespectively. Therefore, we are intent
to optimize the problem (35) by finding an appropriate task
offloading and distribution strategy.

2) For the wireless power distribution, we can make the
devices in the system consume less energy and charge
more through rational distribution of wireless channel
power so that the devices in the system can keep their
residual energy as much as possible.

A. Problem Modeling and Algorithm Overview

To solve the formulated optimization problem, we leverage
DRL to mathematically model the problem and construct the
algorithm framework.

1) Problem Model: Under the framework of DRL, the inter-
action process between the agent and the environment is roughly
described as follows: first, the agent makes an action decision
according to the current environment state and decides to take an
action; then, the environment will give reward according to the
agent’s action, and the action influences the next state; finally,
the agent generates a large amount of states, actions and rewards
in the process of continuous interaction with the environment,
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which is oriented to the actual task goal [41]. Based on these
data, the DRL algorithm can enable the agent to make more
correct decisions, which is to learn the strategy. And the optimal
problem can be formulated as Markov Decision Process (MDP)
[19]. MDP encapsulates the essence of learning through trial and
error, encompassing three fundamental components: actions,
states, and rewards. These elements can be described as follows:
® State space: In the above problem, we define the state space
as consisting of the channel gain and the remaining energy
of user devices and the nearby auxiliary devices in the
network which can be expressed as: s; = {Hy, K;}. The

H,; and K, are described as follows.

H; = {hlUJN(t),hi{f(t),hﬁf(t),h{f?(t),hé\;U(t)}
(36)
K, ={kY@),....kV @), ..., kN(1),...,

K2

kY (6} (37)

® Action space: The action space consists of task assignment
and offloading decisions and wireless channel power al-
location decisions, expressed as a; = {a®(t), a®(t),p(t)}.
a’(t) represents discrete task offloading decisions, while
a®(t) and p(t) represents continuous task allocation deci-
sions and power allocation decisions, respectively. Finally,
the hybrid action space is formed by the aforementioned
three parts.

e Reward: We utilize r+(s, a) to denote the reward function,
which should be proportional to the value of the utility
function for the above optimization problem. Therefore,
we define the reward function (s, a) as:

ri(s,a) = Y pwij(t) + (1= p)(E. — Ei(t))

2) Hybrid Actor-Critic Network: Furthermore, we construct
the overall framework of the algorithm based on hybrid Actor-
Critic network. Hybrid Actor-Critic (HAC) is a DRL algorithm
that aims to learn policies that can handle both continuous and
discrete action spaces efficiently [3], [15], [22]. In HAC, the
actor networks propose actions for the environment, while the
critic network assesses the quality of these actions. The model
predicts the next state based on the current state and action,
generating synthetic transitions that are used to refine both
the actor and critic networks. The actor networks update their
parameters using the policy gradient method to maximize the
expected cumulative reward, while the critic network estimates
the value function and provides feedback to enhance the actors’
performance.

The actor network uses a policy-based approach to optimize
policies directly and maximize cumulative rewards by iteratively
updating the policies. Considering that the policy gradient has
the disadvantages of low sampling efficiency and unstable train-
ing process, we adopt hybird PPO to solve these problems more
effectively [42], [43]. Besides, hybird PPO uses the advantage
function to estimate the advantage value of each state-action
pair, which is used to measure the advantage or value of taking
a specific action relative to the average behavior in a given
state. The advantage function which is the policy loss of actor
network is expressed as: A.(s,a) = Qx(s,a) — vx(s). In the

(38)
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above formula, A (s, a) represents the advantage value of taking
action a in state s, Q (s, a) is the state value function after taking
action a and finally the v, (s) is the value function of the current
state s.

Accordingly, the critic network employs a value-based ap-
proach to acquire a deterministic strategy that makes decisions
by relying on the numerical value function. In particular, the state
value function is expressed as v, (s) = E[G}|s; = s] where the
Gt =7+ V41 + 727}—0—2 +---= Zkoozo ’}/krt+k [44], where
~ € [0, 1] and y presents discount factor, determines the present
value of future rewards. If v = 0, we’re thinking about maximiz-
ing the immediate return right now. As v grows, it becomes more
focused on future returns. Besides, the action value function
is defined as Qr(s,a) = E[G}|s; = s,a; = a], and the value-
based method typically involves optimizing the action-value
function @, (s,a), where the optimal strategy is derived by
selecting the action that corresponds to the highest value in the
Qr(s,a) function.

In addition,the Generalized Advantage Estimation(GAE)
is used for estimating the value of advantage function
which combines Monte Carlo estimation and TD(X) meth-
ods. The method of GAE is to make multi-step estimates
of the advantage function and combine these multi-step esti-

mates with discount factor. AtGAE(’Y’A) = (1— ) (Al +1A2 +
A2AZ ) =300 o (vA)!oY,, , where GAE’s parameter A
controls the trade-off between Monte Carlo estimates and TD(A)
methods. When A = 0, GAE is equivalent to using only Monte
Carlo estimation; when A = 1, GAE is equivalent to using only
the TD(X) method. By adjusting the value of A, a compro-
mise can be made between bias and variance. Moreover, the
formula above is calculated based on the 1-step estimation,
2-step estimation and infinite step estimation of the advan-
tage function, which are shown respectively as follows: /1,} =
0f = —v(se) + e +y0(se41), A7 =6 + 9071 = —v(se) +
Te + Y71 + y2v(s¢12) and Af" =32 716;’“ = —v(sy) +
>izo Yreq.

3) Algorithm Overview: The algorithm is based on the hybrid
actor-critic and the overall framework of algorithm is depicted in
Fig. 6. The actor network is consist of three modules, which are
offloading decision module, task allocation module and power
allocation module. Thus, the discrete strategy and two con-
tinuous strategies are parameterised respectively as 7, (af|s;),
Ty (af|st), me (pe|se), and the critic value function is V,,(s¢). The
methodology used in this paper consists of two phases. In the first
stage, action generation takes place. The states obtained by the
environment are transferred to the actor networks and the critic
network. Then, the discrete actor network generates the offload-
ing decision, and continuous actor networks determine the task
assignment and power assignment, three actions constitute a hy-
brid action to feedback the environment. Nextly, the environment
calculates the immediate reward r; according to the feedback of
the action and stores it in the form of (s, a¢, 74, sp41). In the
second stage, policy updates are performed, and the algorithm
uses a set of samples from the buffer to train actor networks
and critic network. The algorithm of the general process is
summarized as follows.
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Fig. 6. The overall framework of algorithm.

Algorithm 1: Proposed Approach.

Initialize:

1: Initialize the parameters of the DNNs including
embedding parameter 7, x, &, w and the weight and bias
of DNNSs;

2: for Iteration =1: N do

Collect current state of environment S;;
4: Three actor networks generate actions af, ay, P
respectively, and the three form a hybrid action a;;
5: Calculate the value of reward and advantage function;
6: Store the transition {s;, as, ¢, s¢+1} into the replay
buffer;
7: end for
: for Iteration of updating actor networks do
9: Calculate r4(n), r+(x), r+(£) and the objective
functions of three actor networks LEE1F (1),
LELIP(y), LELIP (€), respectively;
10:  Update 7, x, £ by maximizing the object functions of
three actor networks;
11: end for
12: for Iteration of updating critic network do
13: Calculate the loss function L;.;;.(w) of the critic

(O8]

oo

network;

14: Update w by minimizing the loss function of critic
network;

15: end for

B. Hybrid Action Generation Module

We can get the wireless channel gain [, and the remaining
energy K at time ¢ according to the network and devices state.
The environmental state will be entered into the task allocation
module, the offloading decision module and the power allocation

module respectively. Next, we will discuss the above three
modules separately.

1) Offloading Decision Module: In above MEC network, the
task generated by user devices will be executed locally, directly
to MEC server, D2D and D2D-assisted manners. To describe the
nearby auxiliary devices and the MEC servers involved under the
above four offloading strategies, we represent the task offloading
decision generated by the DNN characterized by the embedded
parameter 7 as follows.

al bt {(dl 1o+ adﬁ]) (dl 1o adlBB)|d{YJ7dI],3b € {Oa 1}}
(39)
al ={af,,....af,,..Jl=1,...,L} (40)
where the d ; and dP, indicate whether the task generated by

user device l w111 be ofﬂoaded to the nearby auxiliary device j
and MEC server b or not. At a certain time slice ¢, if dN =1
and dP 1 = 1,itmeans that the task offloading decision generated
by DNN is offloading the task generated by user device [ to the
nearby auxiliary device j and MEC server b partially. Therefore,
the discrete decision at time slice ¢ 7, (a{|s;) can be calculated
by the offloading strategies of every task at time slice ¢, which
can be described as follows.

HWW a’lt‘st

(41)

n(ag \st

2) Task Allocation Module: In particular, we consider a task
partial offloading, the task generated by user device will be
divided into three parts which will execute locally, offload
to nearby auxiliary device and MEC server. Hence, the task
allocation module makes the decision which determines the
task allocation proportion to three kinds of devices. Then, we
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represent the task allocation decision as follows.

ajy = {wie, vie, wi|w e, vie, wie € [0,1],0=1,..., L}
(42)
af ={ai -0y l=1,..., L} 43)

where w4, v; 4, and w; ; represent the proportion of tasks as-
signed to user devices, the nearby auxiliary devices, and MEC
server devices, respectively. What’s more, w; ¢, v;; and wy
satisfy equation u; ; + v;+ + w;; = 1. The continuous decision
my(af|s) generated by DNN characterized by the embedding
parameter  is shown as follows.

l
m(aflst) =

L

Ty (aglst) (44)

I
=)

3) Power Allocation Module: For reducing the energy con-
sumption and enhancing the efficiency of task offloading, we dy-
namically assign the power of channels between devices. Then,
the power allocation decision can be represented as follows:

DDl =1, L} (45)
Pt :{pl,tw"apl,tv"'“:1,"';L} (46)

where pp; € [0, P, ] pfY; € [0, Pu.l. v € [0, Prl,,] and
pLi» P> Py are corresponding to the channel power of the
user device, the nearby auxiliary device and MEC server. We
represent the power allocation decision 7¢(p;|s;) generated at
time ¢ by a DNN characterized by the embedded parameter £ as
follows.

pre =A{(pis, -

=L

me(pelse) = me(puelse)
=0

47)

C. Policy Update Module

The hybrid Proximal Policy Optimization (PPO) method is
adopt for updating actor and critic networks, hybrid PPO aims
to optimize the decision-making capability of agents by limiting
the magnitude of policy updates. The core idea of this algorithm
is to introduce a clipped loss function to control the changes
between the old and new policies, thereby enhancing the stability
and robustness of policy updates. In the implementation process,
hybrid PPO first collects experience data through interaction
with the environment, including states, actions, rewards, and
next states. Subsequently, it employs Generalized Advantage
Estimation (GAE) to compute the advantage function, allowing
for a smoother evaluation of the relative effectiveness of each
action against the current policy. Hybrid PPO executes multiple
optimization steps on each data batch; in this study, we uti-
lize the Adam optimizer to adjust the learning rate adaptively.
Furthermore, by systematically tuning hyperparameters such as
learning rate, batch size, and clipping range through experi-
mental methods, our approach based on hybrid PPO achieves
good convergence and performance outcomes. By limiting the
update steps using PPO-clip mechanism, this approach prevents
policy collapse, improves algorithm stability, and enhances sam-
ple efficiency by incorporating efficient sampling techniques,
compared with other DRL models [45].
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1) Actor Network Update: AsshowninFig. 6, after receiving
the mixed actions generated by the actor network, which consist
of discrete and continuous actions, the environment obtains the
reward value of the corresponding action strategy. In addition,
the three actor networks update their network parameters with
their own independent valid sampling values by maximize the
objective functions respectively.

To maximize the value of the reward function, we need to
make the advantage of the actor networks output as large as
possible. So training the actor networks require updating the
corresponding parameters by maximizing the following objec-
tive function.

For the discrete actor network, we have the object function as
follows:

LOEIP (n) = By [min(ry (n) Ay, clip(re(n), 1 — e, 1 + €) Ay)]

(48)
where the (7)) and the clip function are as follows:
7w (a|s
o) = Zlailen) tL 2 (49)
Tota (at |5t)
1—e ifri(n) <1l-—g¢
cip(ri(n),1 —e,1+e)=Sr(n), ifl—e<r(n <l+e
1+e ifrin)>1+e

(50)
In a similar way, for the two continuous actor network, they
have their objective function respectively as follows.
LM (x) = By [min(ry(x) Ar, clip(re(x), 1 — €, 1+ €)Ay)]
(5D
where
mx(ag]st)
TXold (aflst)
LOHP(¢) = By[min(ry (&) Ay, clip(r(€), 1 — €, 1 + €) Ay)]
(53)

re(x) = (52)

where

e (pe|st)
T o1a VAED)

2) Critic Network Update: The main purpose of the Critic
network is to evaluate the current strategy and provide a numer-
ical feedback signal to the actor network to guide it to choose
better actions. Based on the current state and actions taken, the
critic network calculates the expected reward function value of
the current policy and transmits it to the actor network as a
feedback signal.

After the actor network is updated, the critic network is then
updated based on the data sampled from the replay buffer. And
dynamic importance sampling method is adopted to improve the
efficiency of sampling. The critic network is updated by using
the computed long term discounted rewards G and the critic
network’s prediction of the current state reward value V,,(s¢)
to do the difference as the loss function to train the DNN. We
update the critic network by minimizing the mean square loss
function, which is expressed as follows:

Leritie(@) = (Vio(st) — Gy)?

ri(§) = (54)

(55)

713
714
715
716
717
718
719
720
721
722
723
724
725
726

727

728
729

730

731

732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747



748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771

772

773
774
775

776

777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802

ZHU et al.: DRL-BASED JOINT OPTIMIZATION OF WIRELESS CHARGING AND COMPUTATION OFFLOADING 11

In conclusion, hybrid PPO extends traditional Proximal Policy
Optimization (PPO) by integrating value function optimization
strategies to enhance policy learning in reinforcement learning.
By combining multiple optimization techniques, hybrid PPO
significantly improves training stability and sample efficiency
while accelerating convergence in complex tasks, ultimately
yielding higher-quality policies and superior performance in
real-world applications. However, unlike traditional hybrid PPO,
which applies fixed learning rates separately to discrete and con-
tinuous policies, our approach incorporates an adaptive learning
rate adjustment mechanism based on gradient variance. This
dynamic adjustment enhances training stability and efficiency,
allowing for more effective policy updates in highly dynamic
environments. Furthermore, while traditional hybrid PPO re-
lies on standard importance sampling to correct for off-policy
updates, our method introduces a dynamic importance sampling
strategy that adjusts sampling weights based on action relevance
and transition confidence. This improves training efficiency
by prioritizing impactful experiences and reducing variance
in policy gradient estimation. Building upon the hybrid PPO
framework, our approach integrates adaptive learning rate tuning
and enhanced importance sampling, addressing the limitations
of traditional hybrid PPO and achieving more robust and efficient
reinforcement learning performance.

V. SIMULATION AND PERFORMANCE EVALUATION

This section primarily conducts simulation experiments to
evaluate the effectiveness of the proposed algorithm by compar-
ing it against other existing baseline methods.

A. Experimental Setup

The series of simulation experiments are conducted mainly
on the computer with Intel Core i5-1135G7 CPU 2.40GHz
2.42GHz, and the operation of Windows 11 system, as well
as with the assistance of computer cluster equipped with the 16
core CPU, 32GB of memory and a GPU. We implement the
above algorithm using PyTorch in PyCharm2021.3.

1) Parameter Setting: Before conducting the experiment, we
initialize the parameters which will be used in the algorithm.
Moreover, we consider a circular area that the devices in the
MEC system are distributed with the radius of 100m. Specifi-
cally, the MEC severs are located in the center of the circular
area with the range 10m, and in the range 10m to 50m of the
area, the nearby auxiliary devices are randomly distributed, and
the user devices are distributed in the annular area with a radius
of 50-100 m [40]. Besides, the related parameters are initialized
and assigned as Table III based on [3], [15], [18], [32].

2) Comparison System: For the problems with hybrid action
space, there are many approaches and models with DRL that
can solve the discrete and continuous action at the same time.
Moreover, we choose following baseline approaches to compare
with our approach, which can proving the advantages of our
approach.

® A3C: Asynchronous Advantage Actor-Critic(A3C) [35] is

an improved version based on the Actor-Critic algorithm,
which uses asynchronous parallel training to improve the
efficiency and performance of the algorithm. A3C is trained

TABLE III
THE PARAMETERS INITIALIZATION

Parameters  Values
1w 10 MHz
2 ho 4.11
30 fe 915 MHz
4 0 2.8
5 N —174 dBm//Hz
6 PY.. 18 dBm
7 N e 18 dBm
8 Pl 70 dBm
9 € 1 GHz/s
10 o 1GHz/s
1 % 5 GHz/s
12 kY. 20000 J
13 kN .. 20000 J
14 Batch size 64
15 ~ 0.64
16 € 0.1
17 7 1s

using multiple parallel worker threads, each with a separate
instance of the environment in which they interact with the
model. These worker threads speed up the training process
by asynchronously updating the parameters of the model.

® A2C: Advantage Actor Critic(A2C) [31] is a reinforce-
ment learning algorithm based on policy gradient, which
combines the idea of Actor-Critic algorithm and advantage
function. It is a synchronous update algorithm, which is
updating the parameters of the Actor and Critic network at
each time step.

® TRPO: Trust Region Policy Optimization (TRPO) op-
timizes policies by maximizing expected rewards while
constraining policy updates to remain within a trust region,
defined by a KL divergence limit. It formulates the opti-
mization as a constrained problem and utilizes a conjugate
gradient method to find optimal policy parameters.

e LOC: The tasks generated by the user devices will be
executed locally.

e MEC: In this approach, the tasks generated by the user
devices will be transmitted to the MEC severs and executed
on MEC servers.

® Qur proposed approach: In our proposed approach, we
use the main idea of Proximal Policy Optimization (PPO)
to solve the problem of hybrid action space including
continuous and discrete. We adopt the PPO-clip method to
update the actor networks. PPO-clip introduces a clipping
mechanism to limit the size of the policy updates which
will address the limitation of the original PPO algorithm.

B. Simulation Results and Performance Evaluation

In this section, we evaluate the performance of the proposed
algorithm under different experimental parameters, and compare
the experimental results with different approaches.

1) Convergence Evaluation: In this section, we analyze and
experiment the convergence of our method different parameters
and different methods, which is shown in Fig. 7.

Convergence Evaluation: First, we carry out the experiment
on the convergence of reward function values under 500 iter-
ations with the learning rate is 0.05, PPO-clip is ¢ = 0.1 and
the episode of update parameters as well as the batch size
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Fig. 8. The performance under different parameters of proposed algorithm.

is 100. The result shows the convergence of our approach as
Fig. 7(a). The results indicate that the value of reward is increased
within a hundred iterations, and the value of the reward function
fluctuates in the range of 20000 to 22000 gradually. And the
results converge gradually after 20 iterations. What’s more, the
volatility in algorithmic results after convergence can be caused
by several factors. First, the randomness in strategy updates in
reinforcement learning can make policies unstable, leading to
performance fluctuations. Second, the diversity and randomness
of training samples, including random sampling in experience
replay, contribute to result variability. Additionally, inherent
randomness in the environment, such as random rewards or
state changes, can cause inconsistencies. Finally, the complexity
of the training process and the interaction between different
networks in a hybrid structure can also lead to variations in
experimental outcomes.

Convergence of Different Methods: Next, for contrasting the
convergence of our approach and other methods, we carry out
the experiment including four approaches: our approach, A2C,
TRPO and A3C that can solve the hybrid action space problems.
We compare how the value of the reward function changes as
the number of iterations increases under the three methods. Note
that the parameters of three kinds of methods are set to the same.
The experimental results are shown in Fig. 7(b). Obviously, the
experimental results show that our approach converges better
than A2C, A3C and TRPO, and the algorithm we adopt converge
to a larger value of reward in 100 iterations.

200

(b) ppo-clip

300 400 500 o 100 200 300

Episode
(c) batch size

400 500

Episode

Third, to evaluate the comprehensiveness and completeness
of the algorithm results, we also conduct experiments on the
convergence performance of the algorithm under different net-
work parameters, such as learning rate, PPO-clip coefficient
and update episodes. We implement a comparative experiment
on the changes of the reward function value with the number
of iterations under different parameters, and the experimental
results are shown below.

Convergence under Different Learning Rate: Fig. 8(a) depicts
the effect of the learning rate on the change in the value of
the reward function. Under different learning rates, the reward
function increases rapidly and converges gradually with the
increase of the number of iterations. According to the results, we
can find that the reward converges best and in the range of 21 000
to 22500 when the learning rate is set as 0.05, and the reward
converges worst in range 20000 to 22500 when the learning
rate is 0.01. In addition, when the learning rate is set to 0.05, the
reward converges earlier than that while learning rate is 0.01,
0.005 and 0.001 which indicates that our algorithm shows better
convergence when the learning rate is set to 0.05.

Convergence under Different PPO-clip: Moreover, the per-
formance of our approach under different PPO-clip parameters
€ is described as Fig. 8(b). The experimental result represents
that under different values of PPO-clip parameter the reward
increases and then converges with the increase of iterations.
What’s more, it is obvious that the reward converges to a
lager value when € = 0.1 but the last to achieve convergence.
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Fig. 9. The effect of different variable values on average utility function.

However, when € = 0.3, it reaches to convergence rapidly but
the reward converges to a smaller value. At the same time, when
e = 0.3, the performance of the algorithm is better than e = 0.1
in the convergence speed.

Convergence under Different Batch Size: Finally, we can get
the variation of the reward function value under different batch
sizes from the Fig. 8(c). The reward increases and converges
gradually, while it performs better while the batch size is 32
which means we take 32 samples from the replay buffer for a
network update. Our approach perform worse while the batch
size is 64. We can draw an important conclusion from the above
experiments: the parameters in the network will greatly influence
the performance of our approach, and we can adjust the different
parameter values to make our algorithm perform better.

2) Performance Evaluation: In this section, we carry out
several experiments comparing our approach with other methods
under different circumstance.

First of all, we conducted experiments by adjusting the
variables involved in the optimization problem. We compared
the average utility function values corresponding to different
variable values under different methods, such as the input task
size, the computing capability of the MEC servers, the weight
value between energy consumption and social relations in the
optimization problem, which is shown as Fig. 9.

Task Size vsAverage Utility Function: As shown in Fig. 9(a),
the above experimental results show that as the size of the input
task increases, the average utility function values corresponding
to different methods all decline. The reason for this downward
trend is that as the size of the task increases, the energy con-
sumption required by the device to execute and transmit the task
increases, and the remaining energy consumption of the device
decreases accordingly. At the same time, it is founded that our
proposed method shows the largest average utility function value
under different input task sizes. Moreover, the average utility
function value decreases the fastest under the local method,
while the proposed method decreases slowly. While task size
changes from 30 to 110, the average utility function decreases
11.69% under our proposed approach, 20.18% under A2C,
17.18% under A3C, 13.83% under MEC and 61.93% under local
method, which indicates that our method has better performance

Weight of social and energy

(c) Weight of energy and social relationship
vs Average utility function

and stability under different input task sizes. In particular, the
average utility function of our method is 6.79% higher than that
of TRPO method.

MEC Computing Capability vsAverage Utility Function:
Next, in Fig. 9(b), the average utility function corresponding to
different MEC computing capability under different methods is
shown. Note that due to the local method under the average utility
function value is not affected by MEC computing capability
change, so we exclude it. We can also find that with the increase
of MEC computing capability, more of the task is allocated
to the MEC server for execution, and the energy consumed in
the process of transmitting the task increases, and the average
utility function decreases. However, in this experiment, the
average utility function value of the proposed method under
different MEC computing capability is higher than that under
other methods. Especially, compared with MEC method, the
average utility function under our proposed method is average
8.27% higher than that under MEC method.

Weight of Energy and Social Relationship vs Average Utility
Function: Moreover, the variation of average utility function
values of different methods under different weight values is
shown in Fig. 9(c). We can find that under all methods, as
the weight value increases between 0 and 1, which means that
the weight of energy consumption in the optimization problem
decreases, and the value of the average utility function decreases.
The experimental results show that it is necessary to consider
the energy consumption and residual power of the devices in the
MEC network while optimizing the task offloading problem in
MEC network.

Second, we conducted the experiments on the effect of differ-
ent numbers of different devices on the average utility function.
The results of different kinds of device are shown in Fig. 10.

User Device Number vsAverage Utility Function: Fig. 10(a)
illustrates the effect of the number of user devices on the average
utility function under different methods. It can be concluded
that with the gradual increase of the number of user devices,
the average utility function basically presents an upward trend.
This is because with the increase of user device number, the task
will execute on the user device more, which will reduce energy
consumption of transmitting tasks. Moreover, our method shows
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Fig. 10.

a greater advantage in average utility function values, while
method MEC has a smaller average utility function value.

The Nearby Device Number vs Average Utility Function:
Then, we conduct the experiment of the impact of the number
of nearby auxiliary devices on the average utility function value
under different methods. The result is shown in Fig. 10(b). We
can find that the average utility function value increases with
the nearby auxiliary devices’ number increasing from 5 to 20,
which means the D2D makes a difference on reducing the energy
consumption and improving the efficiency of task offloading
in MEC networks. And the average utility function under our
proposed method increases 8.97% while others decreases or has
alower rate of increase. Besides, it is also shown that the average
utility function value increases more rapidly and is higher than
other approaches.

The MEC Number vsAverage Utility Function: Lastly, in
Fig. 10(c), we compare the average utility function of different
methods with the MEC number ranging from 3 to 11. We do
not adopt the local method as the comparison method, because
changing the number of MEC devices has no effect on the
results under the local method. The experimental result shows
that our method still performs higher average utility function
values when changing the number of MEC devices compared
with other methods, which proves the superiority of our method.
In particular, the average utility function under our proposed
method is 7.24% higher than that under A3C.

VI. CONCLUSION

In this paper, we study the wireless charging and partial
computation offloading in time-varying MEC by considering
social relationship and devices’ remaining energy. To address
the problem, we propose a DRL-based approach under the
framework of actor-critic with three hybrid actor modules and
one critic network. In particular, we use the PPO-clip to update
the actor networks and critic network. We carry out simula-
tion experiments to evaluate the performance in terms of the
convergence and the average utility function by comparing our
proposed method with other methods in different scenarios. The
experimental results show that our proposed approach is superior

(b) The nearby device number vs
Average utility function

(c) The MEC number vs Average
utility function

The effect of the number of different devices on average utility function.

to others in terms of the average utility function value with
1.57% higher than that of A2C and 2.60% than that of A3C.
In the future, we will focus on real-life application scenarios of
computation offloading and wireless charging in MEC, which
will bring us with convenient services and satisfied QoS.
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