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Abstract—Wireless-powered multi-access edge computing (WP-5
MEC), as a promising computing paradigm with the great potential6
for breaking through the power limitations of wireless devices,7
is facing the challenges of reliable task offloading and charging8
power allocation. Towards this end, we formulate a joint opti-9
mization problem of wireless charging and computation offloading10
in socially-aware D2D-assisted WP-MEC to maximize the utility,11
characterized by wireless devices’ residual energy and the strength12
of social relationship. To address this problem, we propose a deep13
reinforcement learning (DRL)-based approach with hybrid actor-14
critic networks including three actor networks and one critic net-15
work as well as with Proximal Policy Optimization (PPO) updating16
policy. Further, to prevent the policy collapse, we adopt the PPO-17
clip algorithm which limits the update steps to enhance the stability18
of algorithm. The experimental results show that the proposed19
algorithm can achieved superior convergence performance and,20
meanwhile, improves the average utility efficiently compared to21
other baseline approaches.22

Index Terms—Multi-access edge computing, wireless charging,23
computation offloading, deep reinforcement learning, proximal24
policy optimization.25

I. INTRODUCTION26

A. Motivation27

TO COPE with the issue of network congestion arising28

from the surge in network traffic, Multi-access Edge Com-29

puting (MEC) [1], [2] offers a solution by alleviating net-30

work burden. By offloading computation-intensive tasks from31

resource-limited edge devices to neighboring MEC servers,32

MEC effectively reduces both computational latency and energy33
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consumption [3]. In addition, portable edge devices are also 34

limited by battery life and computing power [4], and with the 35

advancement of wireless communication technology and Wire- 36

less Power Transmission (WPT) [5], [6], edge wireless devices 37

can be charged wirelessly without the necessity for battery re- 38

placement. To provide wireless devices with continuous energy 39

supply and enhance the computing capacity, more and more 40

studies have considered combining WPT with MEC, leading 41

to a new framework called wireless powered multi-access edge 42

computing (WP-MEC) [7], [8]. 43

WP-MEC enables devices to process data without wired 44

charging and can be used in networks requiring low latency 45

and high computing power, such as driverless cars, smart sensor 46

networks, and real-time data analysis applications. However, 47

WP-MEC still encounters several challenges. In WP-MEC, it 48

is very challenging to make offloading decisions and power 49

allocation to reduce the energy consumption of the system 50

and improve the network efficiency [9], [10]. And as abundant 51

personal private data (such as personal images, personal physical 52

health information and so on) transmitting and handling in 53

WP-MEC networks, it is important to guarantee the reliable and 54

efficient offloading as well as reasonable wireless charging allo- 55

cation in WP-MEC network [11]. Unreasonable task offloading 56

decisions and charging allocation will result in personal privacy 57

disclosure, excessive energy consumption or lead to improper 58

task execution. Socially-aware D2D task offloading schedule 59

is an effective solution for privacy protection, reducing energy 60

and processing resource requirements by mapping the social 61

relationship in social domain to the relationship between devices 62

in MEC. Therefore, it is significant to combine socially-aware 63

D2D communication with wireless charging to select an ap- 64

propriate offloading strategy and charging scheme in WP-MEC 65

[12], [13]. 66

What’s more, socially aware D2D-Assisted wireless powered 67

MEC combines social relationships, D2D communication, and 68

wireless charging technologies to optimize resource allocation 69

and computing power. What’s more, it has certain practical 70

application significance, and can be applied to UAV networks, 71

intelligent transportation system, personal health monitoring, 72

virtual reality or augmented reality applications and other re- 73

alistic scenarios. For example, in an intelligent transportation 74

system, the vehicle can select the best D2D communication part- 75

ner based on the owner’s social relationship, conduct real-time 76

data processing, road condition prediction and task offloading, 77
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and use wireless charging technology to charge the vehicle78

equipment during driving [14].79

Meanwhile, effectively addressing the above joint optimiza-80

tion problem is also challenging. Due to the advantages of DRL,81

more and more researchers pay attention to using DRL to address82

the problems in MEC [3], [15], [16], [17]. Most of the existing83

studies consider a single action space like discrete action [18]84

or continuous action [19]. Some focus on the discrete offloading85

decisions or selections by using Q-learning based algorithm86

[20], and others work out the continuous problems like resource87

allocation and power allocation by using the deep deterministic88

policy gradient (DDPG) based algorithms [3], [21]. However,89

these existing approaches focus on single discrete or continuous90

action, which are unsuitable for solving most MEC problems91

that require hybrid actions. And these unsuitable approaches92

will cause higher algorithm complexity for action transformation93

even the failure of action generation. Although some research94

works focus on the hybrid action space [3], [22], [23], these95

existing approaches have poor stability and convergence for the96

action transformation and policy updates. PPO or other methods97

can further optimize the algorithmic framework they used, which98

will make algorithm more stable and easier to converge by99

limiting the magnitude of policy updates.100

B. Our Contributions101

In order to deal with the above challenges, in this paper,102

we elaborate and model reliable partial task offloading under103

wireless charging MEC networks and jointly optimize the com-104

putation offloading and wireless charging in WP-MEC by using105

DRL method which is based on the PPO update policy. The106

major contributions of this paper are summarized as follows.107
� Problem Formulation: We jointly optimize the task of-108

floading, task allocation, and channel power allocation109

to maximize the utility of social relationships and device110

residual energy in the MEC network. To solve the above111

joint optimization problem by using DRL-based method,112

we further define state space, action space, and reward113

function, which is formalized as a Markov Decision Pro-114

cess (MDP).115
� DRL-based method using hybrid PPO: Since our action116

space is consist of hybrid actions, including one discrete117

task offloading action and two continuous actions: task118

assignment and the power of channels allocation, our DRL-119

based hybrid actor-critic framework includes one critic120

network and three actor networks: offloading decisions121

network, task assignment network and power allocation122

network, which are updated and improved by using the123

hybrid proximal policy optimization (PPO). On the basis124

of traditional hybrid PPO methods, our method introduces125

adaptive learning rate and dynamic importance sampling126

to overcome the limitation of convergence, stability and127

efficiency of traditional hybrid PPO method.128
� Simulation experiments and performance evaluation: To129

assess the efficacy of our proposed algorithm, we conduct130

extensive experiments to evaluate its performance. We131

carry out convergence analysis by comparing the reward of132

our approach with the other DRL methods and under dif- 133

ferent network parameters. Then we conduct experiments 134

under different methods and different number of three 135

kinds of devices in MEC with parameters changed in MEC. 136

Our experimental results demonstrate that our approach 137

outperforms compared with other baseline approaches in 138

terms of reward and average utility. 139

C. Outline 140

The remainder of this paper is organized as follows. Section II 141

presents the related work. The system model and optimization 142

problem of this paper are illustrated in Section III. In Section IV, 143

the DRL-based approach that are settled with the joint opti- 144

mization problem is described. The simulation experiments and 145

evaluation results of the proposed approach are described in V. 146

Finally, Section VI makes a conclusion of this work and provides 147

the directions for future research. 148

II. RELATED WORK 149

In recent years, the task offloading strategy selection is widely 150

investigated for energy conservation and improving network 151

efficiency. It follows that DRL is more and more widely used to 152

solve such problems effectively. 153

A. Wireless Charging and Task Offloading in MEC Network 154

Recently, most of the MEC network devices involved in 155

research has been limited by its own power. Therefore, it is 156

necessary to consider the energy consumption and its own power 157

as well as wireless charging when offloading tasks [13], [24]. 158

Wang et al. [25] focused on a wireless powered multi-user 159

MEC system and each user relying on the collected energy 160

depends on the collected energy for performing computing 161

tasks. For minimizing the energy consumption, the authors 162

jointly optimized energy beam forming and task offloading. 163

Furthermore, aiming at minimizing the energy consumption in 164

delay constraints in MEC, Malik et al. [9] proposed a combined 165

wireless charging solution based on computational offloading. 166

Wu et al. [26] elaborated a WP-MEC system and proposed a user 167

collaboration approach to improve the performance of active 168

devices, where nearby available devices help remotely perform 169

the computing tasks of the user by using the wireless energy 170

harvested from the energy transmitter. In [27], the study investi- 171

gated the concept of secure offloading in a WP-MEC system. In 172

this system, energy-constrained users are charged using wireless 173

power transfer, and the harvested energy is harnessed to offload 174

their computing tasks to the MEC server, even in the presence 175

of multiple eavesdroppers. Wang et al. [28] proposed a unified 176

MEC-WPT design, each user node rely on collecting energy 177

computing tasks and users can perform their own tasks locally 178

or offload tasks to MEC completely or partially based on TDMA 179

protocols. Zheng et al. [29] studied a wireless-powered MEC 180

network to minimize total computation delay (TCD), which is 181

decomposed into optimizing WPT and transmission durations 182

and offloading decisions, and a worst-WD-adjusting (WDA) 183
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algorithm and a DRL-based model efficiently achieve near-184

optimal solutions, demonstrating effectiveness in fast-fading185

networks.186

Although there are many researches above that have focused187

on the joint optimization problem of wireless charging and the188

computational offloading in MEC networks such as [9], [28], our189

proposed optimization problem differs from the above works in190

terms of partial offloading, D2D offloading strategy, or social191

relationships in MEC networks. Existing studies about joint192

optimization of wireless charging and task offloading mostly193

focus on the separative optimization instead of synchronous194

optimization of wireless charging and task offloading in different195

devices. What’s more, the social awareness is integrated into our196

proposed network system, which is rarely considered in current197

research works, such as [27], [29] and so on. And the existing198

methods that are used for solving the joint problem are not as199

effective as the approach we proposed based on the DRL and200

PPO.201

B. The Application of DRL in MEC202

With the gradual application of deep learning and rein-203

forcement learning [30], due to its advantages of independent204

decision-making, strong adaptability, handling complex tasks205

and exploring unknown areas, DRL has been more widely206

applied to solve joint optimization problems in MEC systems207

[19], [21], [31].208

Shang et al. [15] investigated the optimization of joint com-209

putation offloading and resource allocation in NOMA-MEC210

systems, aiming at minimizing the computation overhead, then211

a DRL approach was proposed to solve their problem. Jiao212

et al. [18] optimized the task completion time and energy con-213

sumption in the proposed MEC-enabled Industrial Internet of214

Things (IIoT) system, a time-energy tradeoff online offloading215

algorithm using DRL was proposed based on stochastic strategy,216

cross-mutation technology and a feasible sub-optimal offload-217

ing method. Research [4] proposed computational offloading218

using reinforcement learning (CORL) schemes to minimize219

the latency and energy consumption of IoMT’s medical de-220

vices in processing sensor data, and framing the problem as221

a combination of latency and energy cost minimization to meet222

the constraints of lack of limited battery capacity and service223

latency deadline constraints. In [16], Huang et al. considered a224

WP-MEC network with binary offloading strategy, and proposed225

a DRL-based online offloading framework, which can adapt to226

task offload decision and wireless resource allocation according227

to the wireless channels. In [21], the problems of dynamic228

caching, computing offloading and resource allocation in MEC229

system was studied. A dynamic scheduling strategy based on230

DRL and DDPG was proposed to minimize the long-term av-231

erage of the cost. Deng et al. [32] proposed an autonomous232

partial offloading system for delay-sensitive computing tasks in233

multi-user IIoT-MEC systems with the goal of providing the234

shortest latency offloading service, and proposed DRL-based235

offloading methods to optimize latency. Zhang et al. [33] opti-236

mized offloading and resource allocation in a WPT-enabled IoT237

network with multiple HAPs to maximize computation rate, and238

TABLE I
COMPARISON OF EXISTING RESEARCH WORKS

a DRL-based algorithm and Lagrangian duality method achieve 239

efficient, near-optimal solutions with fast convergence. 240

According to the above researched, the DRL are widely used 241

in the MEC networks for settling the problem like task offloading 242

[14], [34], resource allocation and caching, but few studies have 243

combined wireless charging with these above problem [15], 244

[16], [18]. In addition, most of the problems concerned by the 245

above researches focus on a single action space (discrete or 246

continuous) by using traditional deep reinforcement learning 247

methods [29] or the optimization problem is divided into several 248

sub-problems and solved by multiple methods [33]. However, 249

for the hybrid and high-dimensional action space, it is difficult to 250

use the traditional deep reinforcement learning method to solve 251

it. 252

C. Summary of Related Works 253

Then we summarize the difference of our work and the 254

existing researches which is shown in Table I. And we can 255

conclude that our work comprehensively considers many factors 256

in wireless powered MEC including partial offloading, D2D of- 257

floading strategy based on device’s social relationships reflected 258

by humans and time-varying channels. In view of the above 259

factors, we use PPO algorithm based on deep reinforcement 260

learning to solve our proposed optimization problem. Note that 261

our problems with the particularity of discrete and continuous 262

action space, the traditional DRL methods that consider single 263

action space can not solve our problem effectively [16], [18], 264

[32]. Although the methods proposed in [3] and [22] include the 265

discrete and continuous action space, but the PPO used in our 266

approach is proved being superior to Hybrid Advantage Actor- 267

Critic and Hybrid Actor-Critic in convergence and stability. 268

III. SYSTEM MODEL AND PROBLEM FORMULATION 269

In this section, we will illustrate our system model, communi- 270

cation model, computational model as well as social relationship 271

model. Next, we propose and formulate the joint optimization 272

problem addressed in this section. 273

A. System Model 274

We consider a system consisting of user devices, nearby 275

auxiliary devices, and MEC servers, which is centered around 276

MEC servers equipped with wireless charging device. The 277

set of user devices is described as I = {l1, l2, . . . , li, . . . , lI}, 278
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Fig. 1. An illustration of system model.

Fig. 2. Description of task partitioning.

Fig. 3. Process of task offloading and wireless charging in network.

N = {n1, n2, . . . , nj , . . . , nJ} is the set of nearby auxiliary279

devices, and the M = {m1,m2, . . . ,mb, . . . ,mB} is the set of280

MEC servers, where the I , J , B represent the number of user281

devices, nearby auxiliary devices and MEC servers, respectively.282

We construct the system model, as shown in Fig. 1. In this283

system, the relationships of devices in physical domain are284

mapped by the relationships of humans in the social domain.285

Specifically, we take user device i as an example for explain-286

ing our system model. In Fig. 3, the process of task offloading,287

wireless charging and returning the task execution result are288

completed through the execution process ©1 – ©5 . The process289

©1 , ©2 , ©3 illustrate the task partial offloading from user devices290

to nearby devices and MEC servers, ©4 is the charging process291

during task execution, and the execution results are returned in292

process©5 . The tasks in the network are generate on user devices293

and the arrival of tasks in the system follows a Poisson process294

based on the research [36]. What’s more, the tasks under this295

system are partially offloaded to MEC server, nearby auxiliary296

device and user device. Therefore, when selecting an offloading297

strategy for the task of size ai generated by user device, the task298

Fig. 4. An illustration of time slice on three devices.

TABLE II
NOTATION TABLE

can be divided into three parts for partial offloading. The task 299

size of three parts can be represented as ai =< ui, vj , wb >, 300

where ai is the task size and ui, vj , wb are assigned to the size 301

of tasks offloaded to user device i, nearby auxiliary device j and 302

MEC server b respectively, which is shown as Fig. 2. Note that, 303

ai=ui+vj+wb. 304

According to the above network model, given the time con- 305

straint of τ , the time span of task transmission, task execution, 306

wireless charging and return of execution results should not 307

exceed time slice τ [9], [37]. The time slice diagram of user 308

device, nearby auxiliary device and MEC server is shown in 309

Fig. 4. The task offloading process and the wireless charging 310

process are performed simultaneously on three devices. We 311

suppose that the process of wireless charging and task offloading 312

from the user to MEC servers are implemented simultaneously 313

over orthogonal frequency bands, so that the two transmitted 314

signals do not interfere with each other [37], [38]. 315

To enhance the readability of this paper, the primary notations 316

used throughout the paper are listed in Table II. 317
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B. Communication Model318

Based on the above system model, the data transmission319

process includes the data uplink process for offloading tasks and320

the data downlink process for returning results. The uplink and321

downlink transmission rates can be calculated according to the322

Shannon formula as shown below. Additionally, the co-channel323

interference among user devices is ignored, while assuming that324

each user device is allocated with an orthogonal spectrum [34].325

1) Uplink Transmission Rate: The transmission rate of the326

channel between the user device i and the nearby auxiliary device327

j is expressed as follows.328

rUN
i,j = Wlog2

(
1 +

PU
i (t)hUN

i,j (t)

N0

)
(1)

where W represents the bandwidth of the channels in MEC329

network; N0 is the channel noise and the transmission power330

of user device i at time slice t is expressed as PU
i (t); hUN

i,j (t)331

is the wireless channel gain which is follow the free space path332

loss model, expressed as hUN
i,j = h0(

3∗108
4πfcdUN

i,j
)θ [18]. And the333

antenna gain is represented as h0, θ is the path loss, fc denotes334

the carrier frequency and the distance between user device i and335

the nearby auxiliary device j is expressed as dUN
i,j [16].336

Furthermore, the transmission rate of the channel between337

user device i and the MEC server b can be calculated as follows.338

rUB
i,b = Wlog2

(
1 +

PU
i (t)hUB

i,b (t)

N0

)
(2)

where the hUB
i,b (t) denotes the wireless channel gain of the339

channel between user device i and the MEC server b. Similarly,340

hUB
i,b = h0(

3∗108
4πfcdUB

i,b

)θ where the dUB
i,b represents the distance341

between user device i and the MEC server b.342

And the Formula 3 expresses the transmission rate of the343

channel connecting the nearby auxiliary device j with the MEC344

server b.345

rNB
j,b = Wlog2

(
1 +

PN
j (t)hNB

j,b (t)

N0

)
(3)

where the PN
j (t) is the transmission power of the nearby aux-346

iliary device j at the time slice t; and hNB
j,b = h0(

3∗108
4πfcdNB

j,b

)θ,347

the distance between the nearby auxiliary device j and the MEC348

server b is dNB
j,b .349

2) Downlink Transmission Rate: The MEC servers and the350

nearby auxiliary devices return the execution results through351

the downlink channels. The transmission rate of the downlink352

channels can be calculated as follows respectively.353

The transmission rate of the downlink channel between MEC354

server b and the user device i is represented as follows.355

rBU
b,i = Wlog2

(
1 +

PB
b (t)hBU

b,i (t)

N0

)
(4)

where the PB
b (t) denotes the transmission power of the MEC356

server b at time slice t; and hBU
b,i = h0(

3∗108
4πfcdUB

i,b

)θ.357

The downlink channel’s transmission rate between the nearby 358

auxiliary device j and user device i is as follows: 359

rNU
j,i = Wlog2

(
1 +

PN
j (t)hNU

j,i (t)

N0

)
(5)

where hNU
j,i = h0(

3∗108
4πfcdUN

i,j
)θ, which follows the free space path 360

loss. 361

C. Computational Model 362

According to the system model and the partition of time 363

slice, the computational model consists of task transmission, 364

task execution, execution result return and wireless charging. 365

1) Task Transmission: For the task ai generated by user 366

device i, the task will be divided into three parts ui, vj , wb 367

which will perform locally, be offloaded to the nearby auxiliary 368

device and MEC server respectively. And the task executed on 369

the nearby auxiliary devices and edge servers will be transmitted 370

by the uplink channels. 371

Additionally, for the wb offloads to MEC server b, the trans- 372

mission process of this part of task is divided into two parts: 373

1) wU
b transmits from user devices to MEC servers directly; 374

2) and the another part wN
b is transmitted from user devices 375

to the nearby auxiliary devices and then from the nearby aux- 376

iliary devices to MEC servers. And it satisfies the constraint: 377

wb = wU
b + wN

b . 378

Therefore, the delay and energy consumed by the process 379

of transmitting wU
b from user device to MEC server can be 380

expressed as follows. 381

tUB
i,b =

wU
b

rUB
i,b

(6)

eUB
i,b = PU

i (t)tUB
i,b (7)

The PU
i (t) is the transmission power of user device i at time t. 382

And the delay and energy required by the transmission of task 383

wN
b and the task vj are described as follows. 384

tUN
i,j =

vj + wN
b

rUN
i,j

(8)

eUN
i,j = PU

i (t)tUN
i,j (9)

The delay and energy consumed during the transmission from 385

the nearby device to MEC server of task wN
b are as follows. 386

tNB
j,b =

wN
b

rNB
j,b

(10)

eNB
j,b = PU

i (t)tNB
j,b (11)

According to the above, for the task ai generated by the user 387

device, the energy consumption of the transmission is: 388

esi = eUB
i,b + eUN

i,j + eNB
j,b (12)

2) Task Execution: After the task transmission is completed, 389

the devices start to execute the task. Tasks are executed by 390

the user devices, the nearby auxiliary device and MEC servers 391

simultaneously. 392
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The consumption of delay and energy of execution on user393

device i are:394

tUi =
ui

ε
(13)

eUi = PU t
U
i (14)

where ε is the capability of user devices, andPU is the execution395

power of user devices.396

The delay and energy consumed by the execution of the nearby397

auxiliary device are calculated as follows:398

tNj =
vj
σ

(15)

eNj = PN tNj (16)

where the capability of the nearby auxiliary devices is denoted399

as σ, and the PN is the execution power of the nearby auxiliary400

devices.401

Moreover, the delay and energy consumption of MEC server’s402

execution process can be described as:403

tBb =
wb

ϕ
(17)

eBb = PBt
B
b (18)

where ϕ is the capability of MEC servers, and the execution404

power of MEC servers is denoted as PB .405

Therefore, for task ai generated by user device i, the energy406

consumed by the execution process is:407

eexei = eUi + eNj + eBb (19)

3) Execution Results Return: After the task is executed, the408

nearby auxiliary device and MEC server return the execution409

results back to user device through the downlink.410

The delay and energy consumption of returning results from411

nearby auxiliary device are shown as follows:412

tNU
j,i =

v′j
rNU
j,i

, (20)

eNU
j,i = PN

j (t)tNU
j,i . (21)

We assume that the execute result is proportional to the task size413

based on [26], which can be formulated as v′j = μvj , where μ414

is the proportional coefficient of task size.415

Analogously, the delay and energy consumed by the MEC416

server for transmitting the execution result can be described as417

follows:418

tBU
b,i =

w′
b

rBU
b,i

(22)

eBU
b,i = PB

b (t)tBU
b,i (23)

where the return results w′
b is proportional to the execution task419

size of MEC server, which can be expressed as w′
b = μwb.420

Therefore, we calculate the consumption of delay and energy421

for transmitting the result as follows:422

eri = eNU
j,i + eBU

b,i (24)

Fig. 5. An illustration of social relationship.

4) Wireless Charging: During task execution, the 423

AP device placed on the MEC server charges user 424

devices and the nearby auxiliary devices. We define 425

that the residual electricity of user devices can be 426

denoted as kU (t) = (kU1 (t), k
U
2 (t), . . . , k

U
i (t), . . .), and 427

kN (t) = (kN1 (t), kN2 (t), . . . , kNj (t), . . .) shows the residual 428

electricity of the nearby auxiliary devices; where kUi (t) is the 429

residual electricity of user device i and kNj (t) is the residual 430

electricity of the nearby auxiliary device j. Then we can get the 431

time for wireless charging according to the time slice illustration 432

of Fig. 4. 433

tc = τ − (T1 + T2 + T4) (25)

and T1, T2, T4 are as follows: 434

T1 = max{tUB
i,b , tUN

i,j } (26)

T2 = tNB
j,b (27)

T4 = max{tNU
j,i , tBU

b,i } (28)

The electricity produced by the AP device can be described 435

as: 436

ec = Pc(t)tc (29)

where Pc(t) is the power of the charging equipment for supply- 437

ing energy. 438

Thus, we can obtain the sum of residual electricity of the user 439

device and the nearby auxiliary device. 440

Ec = kUi (t) + kNj (t) + ec (30)

Moreover, the energy consumed by MEC server for transmit- 441

ting the electricity can be calculated as follows: 442

ect = PB
b (t)tc (31)

D. Social Relationship Model 443

In this system, we establish a correlation between the social 444

relationships among devices and those among users in the real 445

world [11], [39]. As illustrated in the network model depicted in 446

Fig. 5, we utilize the ownership of devices by users to reflect the 447

relationships in the social domain and the physical interactions 448

of devices. Specifically, the social relationships between devices 449

are modeled based on the social connections between the users 450

who own these devices. 451
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Additionally, the social relationships between users are char-452

acterized by similarities in their behaviors. This behavioral453

similarity is quantified by analyzing the likelihood of users454

selecting similar content and engaging in comparable activities.455

For example, on a movie streaming platform, if user A and user456

B both frequently watch action movies, and also follow similar457

movie critics, the system can measure their similarity based458

on these shared preferences. By examining patterns in content459

preferences and interaction histories, we can assess the degree of460

similarity and then the social connections between users, which461

is described in previous research [40]. Consequently, the strength462

of social relationships can be derived using this method. Thus,463

the construction of the social relationship matrix is defined as464

follows:465

Ψ(t) = (ω1(t),ω2(t), . . . ,ωi(t), . . .), (32)

where ωi(t) represents the social relationship vector of the user466

devices, and ωi(t) = (ωi,1(t), ωi,2(t), . . . , ωi,j(t), . . .)
T where467

theωi,j(t) represents the quantification of the social relationship468

between the user device i and the auxiliary device j at time t.469

In particular, ωi,j(t) ∈ [0, 1], and ωi,j(t) = 0 indicates that470

there is no social relationship between the user device i and the471

auxiliary device j at time t, and therefore the task offloading472

and transmission link cannot be established between the two473

devices. In other words, when two users have a stronger social474

relationship, they are more inclined to establish a D2D link in475

order to offload tasks.476

E. Problem Formulation477

According to the above communication, computation and478

social models, in this MEC system, we are aiming to choose479

a task offloading strategy with higher trust and less energy480

consumption, while charging user devices and auxiliary devices481

as much as possible during the task offloading process. In this482

system, the energy consumed in the task offloading process and483

power transmission process is shown as follows.484

Ei(t) = esi + eexei + eri + ect (33)

And we define the utility function as follows:485

Qi,j,b(t) = Σρωi,j(t) + (1− ρ)(Ec − Ei(t)) (34)

where ρ ∈ [0, 1], and ρ represents the weight value of the social486

relationship strength and the remaining energy of the MEC487

devices.488

Based on this, we formulate this problem as:489

max
{ai,PU (t),PN (t),PB(t),kU ,kN}

Q (35)

s.t.490

C1 : 0 ≤ PU
i (t) ≤ PU

max

C2 : 0 ≤ PN
j (t) ≤ PN

max

C3 : 0 ≤ PB
b (t) ≤ PB

max

C4 :

4∑
m=1

Tm ≤ τ

C5 : tUi + T1 ≤ τ

C6 : kUi (t)− eU,B
i,b − eU,N

i,j − eUi ≥ 0

C7 : kNj (t)− eN,B
j,b − eNj − eNU

j,i ≥ 0

C8 : Ec ≤ kUmax + kNmax

In above (35), C1, C2, C3 constrain the power of user devices, 491

the nearby auxiliary devices and MEC servers respectively, 492

which guarantees that the power of different devices varies in a 493

reasonable range. ThePU
max,PN

max andPB
max represent the max- 494

imum power of user devices, nearby auxiliary devices and MEC 495

servers respectively. Then, C4 and C5 are the time constraints 496

based on the time slice partitioning which is shown as Fig. 4, 497

illustrating that the sum of transmission time, execution time, 498

charging time on different devices is less than the length of a time 499

slice τ . Finally, C6, C7 and C8 ensure the effective range of the 500

remaining power of the user devices and the nearby auxiliary 501

devices, where C6, C7 make sure that the residual power of 502

devices is sufficient to support kinds of energy consumption, 503

and C8 guarantees that the obtained energy by charging from 504

APs is not excessive for maximum battery capacity kUmax and 505

kNmax of the devices. 506

IV. OPTIMIZATION ALGORITHM OF TASK OFFLOADING AND 507

WIRELESS CHARGING BASED ON DEEP REINFORCEMENT 508

LEARNING 509

The formulated optimization problem mainly includes two 510

parts, i.e., task offloading with its distribution and wireless power 511

distribution. 512

1) For the task offloading and distribution, we consider the 513

partial offloading in MEC system, and the task ai gen- 514

erated at time t is divided into three parts, expressed 515

as ai =< ui, vj , wb >; corresponding to the tasks that 516

offload to the user device i, the nearby auxiliary device j 517

and the MEC server b respectively. Therefore, we are intent 518

to optimize the problem (35) by finding an appropriate task 519

offloading and distribution strategy. 520

2) For the wireless power distribution, we can make the 521

devices in the system consume less energy and charge 522

more through rational distribution of wireless channel 523

power so that the devices in the system can keep their 524

residual energy as much as possible. 525

A. Problem Modeling and Algorithm Overview 526

To solve the formulated optimization problem, we leverage 527

DRL to mathematically model the problem and construct the 528

algorithm framework. 529

1) Problem Model: Under the framework of DRL, the inter- 530

action process between the agent and the environment is roughly 531

described as follows: first, the agent makes an action decision 532

according to the current environment state and decides to take an 533

action; then, the environment will give reward according to the 534

agent’s action, and the action influences the next state; finally, 535

the agent generates a large amount of states, actions and rewards 536

in the process of continuous interaction with the environment, 537
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which is oriented to the actual task goal [41]. Based on these538

data, the DRL algorithm can enable the agent to make more539

correct decisions, which is to learn the strategy. And the optimal540

problem can be formulated as Markov Decision Process (MDP)541

[19]. MDP encapsulates the essence of learning through trial and542

error, encompassing three fundamental components: actions,543

states, and rewards. These elements can be described as follows:544
� State space: In the above problem, we define the state space545

as consisting of the channel gain and the remaining energy546

of user devices and the nearby auxiliary devices in the547

network which can be expressed as: st = {Ht,Kt}. The548

Ht and Kt are described as follows.549

Ht = {hUN
i,j (t), hUB

i,b (t), hNB
j,b (t), hBU

b,i (t), hNU
j,i (t)}

(36)

Kt = {kU1 (t), . . . , kUi (t), . . . , kN1 (t), . . . , kNj (t)} (37)

� Action space: The action space consists of task assignment550

and offloading decisions and wireless channel power al-551

location decisions, expressed as at = {ad(t), ac(t), p(t)}.552

ad(t) represents discrete task offloading decisions, while553

ac(t) and p(t) represents continuous task allocation deci-554

sions and power allocation decisions, respectively. Finally,555

the hybrid action space is formed by the aforementioned556

three parts.557
� Reward: We utilize rt(s, a) to denote the reward function,558

which should be proportional to the value of the utility559

function for the above optimization problem. Therefore,560

we define the reward function rt(s, a) as:561

rt(s, a) =
∑

ρωi,j(t) + (1− ρ)(Ec − Ei(t)) (38)

2) Hybrid Actor-Critic Network: Furthermore, we construct562

the overall framework of the algorithm based on hybrid Actor-563

Critic network. Hybrid Actor-Critic (HAC) is a DRL algorithm564

that aims to learn policies that can handle both continuous and565

discrete action spaces efficiently [3], [15], [22]. In HAC, the566

actor networks propose actions for the environment, while the567

critic network assesses the quality of these actions. The model568

predicts the next state based on the current state and action,569

generating synthetic transitions that are used to refine both570

the actor and critic networks. The actor networks update their571

parameters using the policy gradient method to maximize the572

expected cumulative reward, while the critic network estimates573

the value function and provides feedback to enhance the actors’574

performance.575

The actor network uses a policy-based approach to optimize576

policies directly and maximize cumulative rewards by iteratively577

updating the policies. Considering that the policy gradient has578

the disadvantages of low sampling efficiency and unstable train-579

ing process, we adopt hybird PPO to solve these problems more580

effectively [42], [43]. Besides, hybird PPO uses the advantage581

function to estimate the advantage value of each state-action582

pair, which is used to measure the advantage or value of taking583

a specific action relative to the average behavior in a given584

state. The advantage function which is the policy loss of actor585

network is expressed as: Âπ(s, a) = Qπ(s, a)− vπ(s). In the586

above formula, Âπ(s, a) represents the advantage value of taking 587

actiona in state s,Qπ(s, a) is the state value function after taking 588

action a and finally the vπ(s) is the value function of the current 589

state s. 590

Accordingly, the critic network employs a value-based ap- 591

proach to acquire a deterministic strategy that makes decisions 592

by relying on the numerical value function. In particular, the state 593

value function is expressed as vπ(s) = E[Gt|st = s] where the 594

Gt = rt + γt+1 + γ2rt+2 + · · · =∑∞
k=0 γ

krt+k [44], where 595

γ ∈ [0, 1] and γ presents discount factor, determines the present 596

value of future rewards. If γ = 0, we’re thinking about maximiz- 597

ing the immediate return right now. As γ grows, it becomes more 598

focused on future returns. Besides, the action value function 599

is defined as Qπ(s, a) = E[Gt|st = s, at = a], and the value- 600

based method typically involves optimizing the action-value 601

function Qπ(s, a), where the optimal strategy is derived by 602

selecting the action that corresponds to the highest value in the 603

Qπ(s, a) function. 604

In addition,the Generalized Advantage Estimation(GAE) 605

is used for estimating the value of advantage function 606

which combines Monte Carlo estimation and TD(λ) meth- 607

ods. The method of GAE is to make multi-step estimates 608

of the advantage function and combine these multi-step esti- 609

mates with discount factor. ÂGAE(γ,λ)
t = (1− λ)(Â1

t + λÂ2
t + 610

λ2Â3
t + · · · ) =∑∞

l=0(γλ)lδvt+1 , where GAE’s parameter λ 611

controls the trade-off between Monte Carlo estimates and TD(λ) 612

methods. When λ = 0, GAE is equivalent to using only Monte 613

Carlo estimation; when λ = 1, GAE is equivalent to using only 614

the TD(λ) method. By adjusting the value of λ, a compro- 615

mise can be made between bias and variance. Moreover, the 616

formula above is calculated based on the 1-step estimation, 617

2-step estimation and infinite step estimation of the advan- 618

tage function, which are shown respectively as follows: Â1
t = 619

δvt = −v(st) + rt + γv(st+1), Â2
t = δvt + γδvt+1 = −v(st) + 620

rt + γrt+1 + γ2v(st+2) and Â∞
t =

∑∞
l=0 γ

lδvt+l = −v(st) + 621∑∞
l=0 γ

lrt+l. 622

3) Algorithm Overview: The algorithm is based on the hybrid 623

actor-critic and the overall framework of algorithm is depicted in 624

Fig. 6. The actor network is consist of three modules, which are 625

offloading decision module, task allocation module and power 626

allocation module. Thus, the discrete strategy and two con- 627

tinuous strategies are parameterised respectively as πη(a
d
t |st), 628

πχ(a
c
t |st), πξ(pt|st), and the critic value function is Vω(st). The 629

methodology used in this paper consists of two phases. In the first 630

stage, action generation takes place. The states obtained by the 631

environment are transferred to the actor networks and the critic 632

network. Then, the discrete actor network generates the offload- 633

ing decision, and continuous actor networks determine the task 634

assignment and power assignment, three actions constitute a hy- 635

brid action to feedback the environment. Nextly, the environment 636

calculates the immediate reward rt according to the feedback of 637

the action and stores it in the form of (st, at, rt, st+1). In the 638

second stage, policy updates are performed, and the algorithm 639

uses a set of samples from the buffer to train actor networks 640

and critic network. The algorithm of the general process is 641

summarized as follows. 642
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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 η, χ, ξ, ω and the weight and bias
of DNNs;

2: for Iteration = 1 : N do
3: Collect current state of environment st;
4: Three actor networks generate actions adt , act , pt

respectively, and the three form a hybrid action at;
5: Calculate the value of reward and advantage function;
6: Store the transition {st, at, rt, st+1} into the replay

buffer;
7: end for
8: for Iteration of updating actor networks do
9: Calculate rt(η), rt(χ), rt(ξ) and the objective

functions of three actor networks LCLIP (η),
LCLIP (χ), LCLIP (ξ), respectively;

10: Update η, χ, ξ 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 Lcritic(ω) of the critic

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

network;
15: end for

B. Hybrid Action Generation Module643

We can get the wireless channel gain Ht and the remaining644

energy Kt at time t according to the network and devices state.645

The environmental state will be entered into the task allocation646

module, the offloading decision module and the power allocation647

module respectively. Next, we will discuss the above three 648

modules separately. 649

1) Offloading Decision Module: In above MEC network, the 650

task generated by user devices will be executed locally, directly 651

to MEC server, D2D and D2D-assisted manners. To describe the 652

nearby auxiliary devices and the MEC servers involved under the 653

above four offloading strategies, we represent the task offloading 654

decision generated by the DNN characterized by the embedded 655

parameter η as follows. 656

adl,t = {(dNl,1, . . . , dNl,J ), (dBl,1, . . . , dBl,B)|dNl,j , dBl,b ∈ {0, 1}}
(39)

adt = {ad1,t, . . . , adl,t, . . . |l = 1, . . . , L} (40)

where the dNl,j and dBl,b indicate whether the task generated by 657

user device l will be offloaded to the nearby auxiliary device j 658

and MEC server b or not. At a certain time slice t, if dNl,j = 1 659

and dBl,b = 1, it means that the task offloading decision generated 660

by DNN is offloading the task generated by user device l to the 661

nearby auxiliary device j and MEC server b partially. Therefore, 662

the discrete decision at time slice t πη(a
d
t |st) can be calculated 663

by the offloading strategies of every task at time slice t, which 664

can be described as follows. 665

πη(a
d
t |st) =

l=L∏
l=0

πη(a
d
l,t|st) (41)

2) Task Allocation Module: In particular, we consider a task 666

partial offloading, the task generated by user device will be 667

divided into three parts which will execute locally, offload 668

to nearby auxiliary device and MEC server. Hence, the task 669

allocation module makes the decision which determines the 670

task allocation proportion to three kinds of devices. Then, we 671
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represent the task allocation decision as follows.672

acl,t = {ul,t, vl,t, wl,t|ul,t, vl,t, wl,t ∈ [0, 1], l = 1, . . . , L}
(42)

act = {ac1,t, . . . , acl,t, . . . |l = 1, . . . , L} (43)

where ul,t, vl,t, and wl,t represent the proportion of tasks as-673

signed to user devices, the nearby auxiliary devices, and MEC674

server devices, respectively. What’s more, ul,t, vl,t and wl,t675

satisfy equation ul,t + vl,t + wl,t = 1. The continuous decision676

πχ(a
c
t |st) generated by DNN characterized by the embedding677

parameter χ is shown as follows.678

πχ(a
c
t |st) =

l=L∏
l=0

πχ(a
c
l,t|st) (44)

3) Power Allocation Module: For reducing the energy con-679

sumption and enhancing the efficiency of task offloading, we dy-680

namically assign the power of channels between devices. Then,681

the power allocation decision can be represented as follows:682

pl,t = {(pUl,1, . . . , pNl,1, . . . , pBl,1, . . .)|l = 1, . . . , L} (45)

pt = {p1,t, . . . , pl,t, . . . |l = 1, . . . , L} (46)

where pUl,i ∈ [0, PU
max], p

N
l,j ∈ [0, PN

max], p
B
l,b ∈ [0, PB

max] and683

pUl,i, p
N
l,j , pBl,b are corresponding to the channel power of the684

user device, the nearby auxiliary device and MEC server. We685

represent the power allocation decision πξ(pt|st) generated at686

time t by a DNN characterized by the embedded parameter ξ as687

follows.688

πξ(pt|st) =
l=L∏
l=0

πξ(pl,t|st) (47)

C. Policy Update Module689

The hybrid Proximal Policy Optimization (PPO) method is690

adopt for updating actor and critic networks, hybrid PPO aims691

to optimize the decision-making capability of agents by limiting692

the magnitude of policy updates. The core idea of this algorithm693

is to introduce a clipped loss function to control the changes694

between the old and new policies, thereby enhancing the stability695

and robustness of policy updates. In the implementation process,696

hybrid PPO first collects experience data through interaction697

with the environment, including states, actions, rewards, and698

next states. Subsequently, it employs Generalized Advantage699

Estimation (GAE) to compute the advantage function, allowing700

for a smoother evaluation of the relative effectiveness of each701

action against the current policy. Hybrid PPO executes multiple702

optimization steps on each data batch; in this study, we uti-703

lize the Adam optimizer to adjust the learning rate adaptively.704

Furthermore, by systematically tuning hyperparameters such as705

learning rate, batch size, and clipping range through experi-706

mental methods, our approach based on hybrid PPO achieves707

good convergence and performance outcomes. By limiting the708

update steps using PPO-clip mechanism, this approach prevents709

policy collapse, improves algorithm stability, and enhances sam-710

ple efficiency by incorporating efficient sampling techniques,711

compared with other DRL models [45].712

1) Actor Network Update: As shown in Fig. 6, after receiving 713

the mixed actions generated by the actor network, which consist 714

of discrete and continuous actions, the environment obtains the 715

reward value of the corresponding action strategy. In addition, 716

the three actor networks update their network parameters with 717

their own independent valid sampling values by maximize the 718

objective functions respectively. 719

To maximize the value of the reward function, we need to 720

make the advantage of the actor networks output as large as 721

possible. So training the actor networks require updating the 722

corresponding parameters by maximizing the following objec- 723

tive function. 724

For the discrete actor network, we have the object function as 725

follows: 726

LCLIP (η) = Êt[min(rt(η)Ât, clip(rt(η), 1− ε, 1 + ε)Ât)]
(48)

where the rt(η) and the clip function are as follows: 727

rt(η) =
πη(a

d
t |st)

πηold
(adt |st)

(49)

clip(rt(η), 1− ε, 1 + ε)=

⎧⎨
⎩
1− ε, if rt(η) ≤ 1− ε;
rt(η), if 1− ε < rt(η) < 1 + ε;
1 + ε, if rt(η) ≥ 1 + ε.

(50)

In a similar way, for the two continuous actor network, they 728

have their objective function respectively as follows. 729

LCLIP (χ) = Êt[min(rt(χ)Ât, clip(rt(χ), 1− ε, 1 + ε)Ât)]
(51)

where 730

rt(χ) =
πχ(a

c
t |st)

πχold
(act |st)

(52)

LCLIP (ξ) = Êt[min(rt(ξ)Ât, clip(rt(ξ), 1− ε, 1 + ε)Ât)]
(53)

where 731

rt(ξ) =
πξ(pt|st)
πξold(pt|st)

(54)

2) Critic Network Update: The main purpose of the Critic 732

network is to evaluate the current strategy and provide a numer- 733

ical feedback signal to the actor network to guide it to choose 734

better actions. Based on the current state and actions taken, the 735

critic network calculates the expected reward function value of 736

the current policy and transmits it to the actor network as a 737

feedback signal. 738

After the actor network is updated, the critic network is then 739

updated based on the data sampled from the replay buffer. And 740

dynamic importance sampling method is adopted to improve the 741

efficiency of sampling. The critic network is updated by using 742

the computed long term discounted rewards Gt and the critic 743

network’s prediction of the current state reward value Vω(st) 744

to do the difference as the loss function to train the DNN. We 745

update the critic network by minimizing the mean square loss 746

function, which is expressed as follows: 747

Lcritic(ω) = (Vω(st)−Gt)
2 (55)
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In conclusion, hybrid PPO extends traditional Proximal Policy748

Optimization (PPO) by integrating value function optimization749

strategies to enhance policy learning in reinforcement learning.750

By combining multiple optimization techniques, hybrid PPO751

significantly improves training stability and sample efficiency752

while accelerating convergence in complex tasks, ultimately753

yielding higher-quality policies and superior performance in754

real-world applications. However, unlike traditional hybrid PPO,755

which applies fixed learning rates separately to discrete and con-756

tinuous policies, our approach incorporates an adaptive learning757

rate adjustment mechanism based on gradient variance. This758

dynamic adjustment enhances training stability and efficiency,759

allowing for more effective policy updates in highly dynamic760

environments. Furthermore, while traditional hybrid PPO re-761

lies on standard importance sampling to correct for off-policy762

updates, our method introduces a dynamic importance sampling763

strategy that adjusts sampling weights based on action relevance764

and transition confidence. This improves training efficiency765

by prioritizing impactful experiences and reducing variance766

in policy gradient estimation. Building upon the hybrid PPO767

framework, our approach integrates adaptive learning rate tuning768

and enhanced importance sampling, addressing the limitations769

of traditional hybrid PPO and achieving more robust and efficient770

reinforcement learning performance.771

V. SIMULATION AND PERFORMANCE EVALUATION772

This section primarily conducts simulation experiments to773

evaluate the effectiveness of the proposed algorithm by compar-774

ing it against other existing baseline methods.775

A. Experimental Setup776

The series of simulation experiments are conducted mainly777

on the computer with Intel Core i5-1135G7 CPU 2.40GHz778

2.42GHz, and the operation of Windows 11 system, as well779

as with the assistance of computer cluster equipped with the 16780

core CPU, 32GB of memory and a GPU. We implement the781

above algorithm using PyTorch in PyCharm2021.3.782

1) Parameter Setting: Before conducting the experiment, we783

initialize the parameters which will be used in the algorithm.784

Moreover, we consider a circular area that the devices in the785

MEC system are distributed with the radius of 100m. Specifi-786

cally, the MEC severs are located in the center of the circular787

area with the range 10m, and in the range 10m to 50m of the788

area, the nearby auxiliary devices are randomly distributed, and789

the user devices are distributed in the annular area with a radius790

of 50–100 m [40]. Besides, the related parameters are initialized791

and assigned as Table III based on [3], [15], [18], [32].792

2) Comparison System: For the problems with hybrid action793

space, there are many approaches and models with DRL that794

can solve the discrete and continuous action at the same time.795

Moreover, we choose following baseline approaches to compare796

with our approach, which can proving the advantages of our797

approach.798
� A3C: Asynchronous Advantage Actor-Critic(A3C) [35] is799

an improved version based on the Actor-Critic algorithm,800

which uses asynchronous parallel training to improve the801

efficiency and performance of the algorithm. A3C is trained802

TABLE III
THE PARAMETERS INITIALIZATION

using multiple parallel worker threads, each with a separate 803

instance of the environment in which they interact with the 804

model. These worker threads speed up the training process 805

by asynchronously updating the parameters of the model. 806
� A2C: Advantage Actor Critic(A2C) [31] is a reinforce- 807

ment learning algorithm based on policy gradient, which 808

combines the idea of Actor-Critic algorithm and advantage 809

function. It is a synchronous update algorithm, which is 810

updating the parameters of the Actor and Critic network at 811

each time step. 812
� TRPO: Trust Region Policy Optimization (TRPO) op- 813

timizes policies by maximizing expected rewards while 814

constraining policy updates to remain within a trust region, 815

defined by a KL divergence limit. It formulates the opti- 816

mization as a constrained problem and utilizes a conjugate 817

gradient method to find optimal policy parameters. 818
� LOC: The tasks generated by the user devices will be 819

executed locally. 820
� MEC: In this approach, the tasks generated by the user 821

devices will be transmitted to the MEC severs and executed 822

on MEC servers. 823
� Our proposed approach: In our proposed approach, we 824

use the main idea of Proximal Policy Optimization (PPO) 825

to solve the problem of hybrid action space including 826

continuous and discrete. We adopt the PPO-clip method to 827

update the actor networks. PPO-clip introduces a clipping 828

mechanism to limit the size of the policy updates which 829

will address the limitation of the original PPO algorithm. 830

B. Simulation Results and Performance Evaluation 831

In this section, we evaluate the performance of the proposed 832

algorithm under different experimental parameters, and compare 833

the experimental results with different approaches. 834

1) Convergence Evaluation: In this section, we analyze and 835

experiment the convergence of our method different parameters 836

and different methods, which is shown in Fig. 7. 837

Convergence Evaluation: First, we carry out the experiment 838

on the convergence of reward function values under 500 iter- 839

ations with the learning rate is 0.05, PPO-clip is ε = 0.1 and 840

the episode of update parameters as well as the batch size 841
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Fig. 7. Convergence results.

Fig. 8. The performance under different parameters of proposed algorithm.

is 100. The result shows the convergence of our approach as842

Fig. 7(a). The results indicate that the value of reward is increased843

within a hundred iterations, and the value of the reward function844

fluctuates in the range of 20 000 to 22 000 gradually. And the845

results converge gradually after 20 iterations. What’s more, the846

volatility in algorithmic results after convergence can be caused847

by several factors. First, the randomness in strategy updates in848

reinforcement learning can make policies unstable, leading to849

performance fluctuations. Second, the diversity and randomness850

of training samples, including random sampling in experience851

replay, contribute to result variability. Additionally, inherent852

randomness in the environment, such as random rewards or853

state changes, can cause inconsistencies. Finally, the complexity854

of the training process and the interaction between different855

networks in a hybrid structure can also lead to variations in856

experimental outcomes.857

Convergence of Different Methods: Next, for contrasting the858

convergence of our approach and other methods, we carry out859

the experiment including four approaches: our approach, A2C,860

TRPO and A3C that can solve the hybrid action space problems.861

We compare how the value of the reward function changes as862

the number of iterations increases under the three methods. Note863

that the parameters of three kinds of methods are set to the same.864

The experimental results are shown in Fig. 7(b). Obviously, the865

experimental results show that our approach converges better866

than A2C, A3C and TRPO, and the algorithm we adopt converge867

to a larger value of reward in 100 iterations.868

Third, to evaluate the comprehensiveness and completeness 869

of the algorithm results, we also conduct experiments on the 870

convergence performance of the algorithm under different net- 871

work parameters, such as learning rate, PPO-clip coefficient 872

and update episodes. We implement a comparative experiment 873

on the changes of the reward function value with the number 874

of iterations under different parameters, and the experimental 875

results are shown below. 876

Convergence under Different Learning Rate: Fig. 8(a) depicts 877

the effect of the learning rate on the change in the value of 878

the reward function. Under different learning rates, the reward 879

function increases rapidly and converges gradually with the 880

increase of the number of iterations. According to the results, we 881

can find that the reward converges best and in the range of 21 000 882

to 22 500 when the learning rate is set as 0.05, and the reward 883

converges worst in range 20 000 to 22 500 when the learning 884

rate is 0.01. In addition, when the learning rate is set to 0.05, the 885

reward converges earlier than that while learning rate is 0.01, 886

0.005 and 0.001 which indicates that our algorithm shows better 887

convergence when the learning rate is set to 0.05. 888

Convergence under Different PPO-clip: Moreover, the per- 889

formance of our approach under different PPO-clip parameters 890

ε is described as Fig. 8(b). The experimental result represents 891

that under different values of PPO-clip parameter the reward 892

increases and then converges with the increase of iterations. 893

What’s more, it is obvious that the reward converges to a 894

lager value when ε = 0.1 but the last to achieve convergence. 895
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Fig. 9. The effect of different variable values on average utility function.

However, when ε = 0.3, it reaches to convergence rapidly but896

the reward converges to a smaller value. At the same time, when897

ε = 0.3, the performance of the algorithm is better than ε = 0.1898

in the convergence speed.899

Convergence under Different Batch Size: Finally, we can get900

the variation of the reward function value under different batch901

sizes from the Fig. 8(c). The reward increases and converges902

gradually, while it performs better while the batch size is 32903

which means we take 32 samples from the replay buffer for a904

network update. Our approach perform worse while the batch905

size is 64. We can draw an important conclusion from the above906

experiments: the parameters in the network will greatly influence907

the performance of our approach, and we can adjust the different908

parameter values to make our algorithm perform better.909

2) Performance Evaluation: In this section, we carry out910

several experiments comparing our approach with other methods911

under different circumstance.912

First of all, we conducted experiments by adjusting the913

variables involved in the optimization problem. We compared914

the average utility function values corresponding to different915

variable values under different methods, such as the input task916

size, the computing capability of the MEC servers, the weight917

value between energy consumption and social relations in the918

optimization problem, which is shown as Fig. 9.919

Task Size vsAverage Utility Function: As shown in Fig. 9(a),920

the above experimental results show that as the size of the input921

task increases, the average utility function values corresponding922

to different methods all decline. The reason for this downward923

trend is that as the size of the task increases, the energy con-924

sumption required by the device to execute and transmit the task925

increases, and the remaining energy consumption of the device926

decreases accordingly. At the same time, it is founded that our927

proposed method shows the largest average utility function value928

under different input task sizes. Moreover, the average utility929

function value decreases the fastest under the local method,930

while the proposed method decreases slowly. While task size931

changes from 30 to 110, the average utility function decreases932

11.69% under our proposed approach, 20.18% under A2C,933

17.18% under A3C, 13.83% under MEC and 61.93% under local934

method, which indicates that our method has better performance935

and stability under different input task sizes. In particular, the 936

average utility function of our method is 6.79% higher than that 937

of TRPO method. 938

MEC Computing Capability vsAverage Utility Function: 939

Next, in Fig. 9(b), the average utility function corresponding to 940

different MEC computing capability under different methods is 941

shown. Note that due to the local method under the average utility 942

function value is not affected by MEC computing capability 943

change, so we exclude it. We can also find that with the increase 944

of MEC computing capability, more of the task is allocated 945

to the MEC server for execution, and the energy consumed in 946

the process of transmitting the task increases, and the average 947

utility function decreases. However, in this experiment, the 948

average utility function value of the proposed method under 949

different MEC computing capability is higher than that under 950

other methods. Especially, compared with MEC method, the 951

average utility function under our proposed method is average 952

8.27% higher than that under MEC method. 953

Weight of Energy and Social Relationship vs Average Utility 954

Function: Moreover, the variation of average utility function 955

values of different methods under different weight values is 956

shown in Fig. 9(c). We can find that under all methods, as 957

the weight value increases between 0 and 1, which means that 958

the weight of energy consumption in the optimization problem 959

decreases, and the value of the average utility function decreases. 960

The experimental results show that it is necessary to consider 961

the energy consumption and residual power of the devices in the 962

MEC network while optimizing the task offloading problem in 963

MEC network. 964

Second, we conducted the experiments on the effect of differ- 965

ent numbers of different devices on the average utility function. 966

The results of different kinds of device are shown in Fig. 10. 967

User Device Number vsAverage Utility Function: Fig. 10(a) 968

illustrates the effect of the number of user devices on the average 969

utility function under different methods. It can be concluded 970

that with the gradual increase of the number of user devices, 971

the average utility function basically presents an upward trend. 972

This is because with the increase of user device number, the task 973

will execute on the user device more, which will reduce energy 974

consumption of transmitting tasks. Moreover, our method shows 975
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Fig. 10. The effect of the number of different devices on average utility function.

a greater advantage in average utility function values, while976

method MEC has a smaller average utility function value.977

The Nearby Device Number vs Average Utility Function:978

Then, we conduct the experiment of the impact of the number979

of nearby auxiliary devices on the average utility function value980

under different methods. The result is shown in Fig. 10(b). We981

can find that the average utility function value increases with982

the nearby auxiliary devices’ number increasing from 5 to 20,983

which means the D2D makes a difference on reducing the energy984

consumption and improving the efficiency of task offloading985

in MEC networks. And the average utility function under our986

proposed method increases 8.97% while others decreases or has987

a lower rate of increase. Besides, it is also shown that the average988

utility function value increases more rapidly and is higher than989

other approaches.990

The MEC Number vsAverage Utility Function: Lastly, in991

Fig. 10(c), we compare the average utility function of different992

methods with the MEC number ranging from 3 to 11. We do993

not adopt the local method as the comparison method, because994

changing the number of MEC devices has no effect on the995

results under the local method. The experimental result shows996

that our method still performs higher average utility function997

values when changing the number of MEC devices compared998

with other methods, which proves the superiority of our method.999

In particular, the average utility function under our proposed1000

method is 7.24% higher than that under A3C.1001

VI. CONCLUSION1002

In this paper, we study the wireless charging and partial1003

computation offloading in time-varying MEC by considering1004

social relationship and devices’ remaining energy. To address1005

the problem, we propose a DRL-based approach under the1006

framework of actor-critic with three hybrid actor modules and1007

one critic network. In particular, we use the PPO-clip to update1008

the actor networks and critic network. We carry out simula-1009

tion experiments to evaluate the performance in terms of the1010

convergence and the average utility function by comparing our1011

proposed method with other methods in different scenarios. The1012

experimental results show that our proposed approach is superior1013

to others in terms of the average utility function value with 1014

1.57% higher than that of A2C and 2.60% than that of A3C. 1015

In the future, we will focus on real-life application scenarios of 1016

computation offloading and wireless charging in MEC, which 1017

will bring us with convenient services and satisfied QoS. 1018
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