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Abstract: Multi-access edge computing (MEC) presents computing services at the edge of networks to address the
enormous processing requirements of intelligent applications. Due to the maneuverability of unmanned aerial vehicles
(UAVs), they can be used as temporal aerial edge nodes for providing edge services to ground users in MEC. However,
MEC environment is usually dynamic and complicated. It is a challenge for multiple UAVs to select appropriate
service strategies. Besides, most of existing works study UAV-MEC with the assumption that the flight heights of
UAVs are fixed; i.e., the flying is considered to occur with reference to a two-dimensional plane, which neglects the
importance of the height. In this paper, with consideration of the co-channel interference, an optimization problem
of energy efficiency is investigated to maximize the number of fulfilled tasks, where multiple UAVs in a three-
dimensional space collaboratively fulfill the task computation of ground users. In the formulated problem, we try
to obtain the optimal flight and sub-channel selection strategies for UAVs and schedule strategies for tasks. Based
on the multi-agent deep deterministic policy gradient (MADDPG) algorithm, we propose a curiosity-driven and
twin-networks-structured MADDPG (CTMADDPG) algorithm to solve the formulated problem. It uses the inner
reward to facilitate the state exploration of agents, avoiding convergence at the sub-optimal strategy. Furthermore,
we adopt the twin critic networks for update stabilization to reduce the probability of Q value overestimation. The
simulation results show that CTMADDPG is outstanding in maximizing the energy efficiency of the whole system
and outperforms the other benchmarks.

Key words: Multi-access edge computing; Multi-agent reinforcement learning; Unmanned aerial vehicles; Task
scheduling
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1 Introduction the successful execution of numerous tasks together
with a stringent consideration of needing to mini-
mize the consumption of resources, including time,

thereby achieving an effective delay minimization.

The increasingly up-to-date information tech-
nology has accelerated the development of various in-

telligent applications, and these applications aim at  [n such a circumstance, the resultant computation

demands become challenging. If all tasks are deliv-
ered to the cloud center, it will induce the explo-
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sive growth of network traffic, which imposes a huge
burden on the backbone network. In addition, the
latency of task data transmission is high since the
tasks are generally far from the cloud server. In
this case, multi-access edge computing (MEC) (Ding
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et al., 2023) is an excellent choice for the provision of
real-time processing services. It extends cloud com-
puting by providing computing services near the data
sources. As for the deployment of edge servers, they
can be deployed at fixed locations, such as base sta-
tion (BS). Nevertheless, once BS malfunctions occur,
it leads to paralysis of the edge network.

As an auxiliary edge server, unmanned aerial
vehicles (UAVs) can be deployed to offer the compu-
tational resources on demand. The combination of
UAV and MEC, called UAV-MEC, provides high-
quality edge services with flexibility and maneu-
verability characteristics. In UAV-MEC, the UAV
equipped with a communication module serves as an
aerial BS to communicate with ground users. It pro-
cesses the tasks from these users or merely acts as a
communication relay to forward the task data. The
UAVs’ service environment is quite complicated and
volatile. There are various densities of user clusters
and different tasks under diverse geographical condi-
tions. Manually navigating the UAVs with suitable
flight and schedule strategies is extremely difficult.
The inappropriate strategies consume much energy
and increase the task computation delay. Meanwhile,
the UAV’s energy is a crucial resource, which directly
determines the endurance of flight. The flight strat-
egy refers to flying deployment guidance for a UAV
during its cruise, related to direction and speed. The
schedule strategy represents a scheme to properly
schedule various tasks to be processed on different
edge servers with diverse resource allocation strate-
gies, including UAVs and BSs.

Therefore, it is necessary to develop an intel-
ligent module for UAVs to adjust their flight and
schedule strategies automatically. There have been
many works maximizing the edge server’s utility via
optimization of both UAV deployment and resource
allocation in UAV-MEC scenarios. Some works
(Zhou et al., 2018; Ashraf Ateya et al., 2019; Liu JF
et al., 2019) dispatch UAVs around BSs for an aux-
iliary assist, aiming at facilitating the edge service.
However, the locations of the dispatched UAVs can-
not be dynamically adjusted with the change of edge
environment. Other works (Jiang et al., 2020; Wang
JR et al., 2020; Zhang and Ansari, 2020) focus on
the flexible flight trajectory adjustment during the
UAV’s cruise. For simplicity, they usually assumed
that the UAV’s flying height is fixed. It indicates that
the UAV flies in a two-dimensional (2D) plane rather

than a three-dimensional (3D) space. Nevertheless,
higher flying height means a higher probability of es-
tablishing a line of sight (LoS) link between the UAVs
and ground users (Liao et al., 2021). Furthermore,
according to Al-Hourani et al. (2014), the radio cov-
erage scope will increase with a higher flying height
of a UAV within 2 km. Hence, the flying height
is a significant element in the edge communication
environment. Nevertheless, most of existing works
omit the impact of flying height. Our approach, on
the other hand, is to fully exploit the significance of
the concept of flying height in the edge communica-
tion environment, so that a study of the UAV-MEC
scenario that aligns with reality is facilitated.

In this paper, we study the flying and serving
process of multiple UAVs in a 3D space, where the
UAVs can dynamically adjust their flying heights.
Through the UAVS’ flight deployment and the task
scheduling, we focus on an optimization problem
aiming at maximizing energy efficiency with con-
sideration of the co-channel interference. To solve
the optimization problem, it is formulated as a
multi-agent extension of Markov decision processes
(MDPs) in deep reinforcement learning (DRL) (Liu
XY et al., 2022).

The main contributions of this paper are sum-
marized as follows:

1. We present a novel UAV-MEC scenario,
which aligns with reality.
tiple UAVs dynamically fly in a 3D space to pro-
vide edge services to ground users under the circum-
stance of co-channel interference. During the cruise
of UAVs, they flexibly adjust the flying action, se-
lect the sub-channel for communication, and gener-
ate proper task scheduling strategies. These deci-
sions are fully comprehensive, based on which the
optimization problem of energy efficiency is studied
to improve the overall performance.

In this scenario, mul-

2. We propose a multi-agent reinforcement
learning algorithm to facilitate the state exploration
and optimize the overall energy efficiency cooper-
atively. Via co-innovation, all agents have coopera-
tion to avoid potential collisions and coordinate their
decisions. Under such circumstances, all isolated in-
formation is integrated to support the optimal strat-
egy. Each collaborative agent unselfishly makes its
strategy to maximize the overall reward. To fully
explore the environment state, a discounted intrinsic
reward is considered, motivating the curiosity of the
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agent. Furthermore, we adopt twin critic networks
for stable update to tackle the instability problem
of Q value in the critic networks. Hence, each UAV
can dynamically adjust its flying strategy and its
serving task scheduling strategies to maximize the
number of fulfilled tasks with the minimum energy
consumption.

3. We conduct abundant simulations to eval-
uate the performance of the proposed algorithm.
The results have proved that our proposed algo-
rithm is outstanding in improving the overall sys-
tem performance. The training reward shows at
least a 19% improvement compared to the base-
line multi-agent deep deterministic policy gradient
(MADDPG) algorithm.

2 Related works

To efficiently implement the specific optimiza-
tion goals during task scheduling, many works adopt
the DRL method to improve the system perfor-
mance. This section reviews the related works, where
the UAV flying in a 3D space acts as a DRL agent to
make intelligent decisions. In Liu Q et al. (2020), a
single UAV was served as an agent in DRL. To ensure
the quality of service (QoS) of each terminal user, the
UAV with limited energy dynamically plans its tra-
jectory according to the locations of mobile terminal
users, based on the double deep Q networks (DQNs).
However, a single UAV’s coverage scope is limited.
Its computation resource cannot support large-scale
computing. Hence, the MEC scenario with a single
UAV providing computation service is not functional
in actual situations.

Inversely, multiple UAVs indicate a more enor-
mous communication coverage scope and more avail-
able resources compared with one UAV, and are ef-
ficient in complex environments. The multi-agent
algorithm possesses the features of autonomy, coor-
dination, and self-organization. It plays the role of
conductor, which automatically coordinates different
learning agents to make mutual effort, further max-
imizing the overall performance. The works (Dai C
et al., 2022; Dai ZJ et al., 2022; Wang LY et al.,
2022; Wang ZQ et al., 2022; Wu et al., 2022; Xia
et al., 2022; Xu S et al., 2022; Yin et al., 2022; Zhao
et al., 2022; Zhong et al., 2022; Lakew et al., 2023;
Wang JZ et al., 2023) use multiple UAVs to serve
as collaborative agents. In Wang ZQ et al. (2022),

UAVs were used as mobile BSs to offer MEC services
for user ends. The authors proposed a multi-agent
path planning scheme based on DRL. Besides, fair-
ness was considered to ensure the user end offloading
balance and the UAV load balance. In Dai ZJ et al.
(2022), a resource allocation algorithm for the UAV
network based on multi-agent collaborative environ-
ment learning was proposed. Each UAV was modeled
as an independent agent, which improves the UAV
network’s utility through the dynamic selection deci-
sions of its deployment position, transmission power,
and occupied sub-channels. Based on the K-means
algorithm and the DRL in a distributed manner and
a centralized manner (Xu S et al., 2022), the mis-
sion time was minimized with constraints of UAV’s
maximum speed and acceleration, collision avoid-
ance, and communication interference among UAVs.
A centralized multi-agent Q-learning algorithm was
built, with which multiple UAVs updated their po-
sitions in a joint manner in Wang LY et al. (2022).
The uplink transmission in a UAV-assisted cellular
network was studied to minimize the transmission
power consumption of users and UAVs through de-
signing the proper UAV deployment and association
schemes. In Wu et al. (2022), UAVs and unmanned
ground vehicles were deployed as BSs, where a fed-
erated MADDPG based trajectory optimization al-
gorithm was proposed to maximize the average spec-
trum efficiency.

Even though existing DRL methods are effective
in task scheduling, their performance remains to be
improved. Many multi-agent DRL algorithms suffer
from inherent disadvantages. Regarding the DQN-
based or deep deterministic policy gradient (DDPG)
based multi-agent DRL algorithms, Q value over-
estimation is a critical problem that may severely
degrade the performance. Apart from this, the ac-
tion exploration is usually prematurely converged to
a sub-optimal status in the multi-agent environment.
Therefore, we aim to solve the mentioned problems
to improve the DRL algorithm performance. Be-
sides, most of existing works (Liu Q et al., 2020;
Yang et al., 2020; Yu Z et al., 2020; Ji et al., 2021;
Joo et al., 2021; Tun et al., 2021; Wang L et al.,
2021; Xu Y et al., 2021) assume that the UAV flies
at a fixed height, and that its flying actions are es-
sentially 2D, not 3D. They ignored the impact of the
flying height, which influences the coverage scope
and communication delay. Although the works (Mei
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et al., 2020; Liao et al., 2021; Zhong et al., 2022)
allow UAVs to individually fly in a height scope,
their values ([50 m, 300 m], [20 m, 150 m]|, and
[50 m, 150 m]) are too small to seek out the op-
timal UAV deployment location in reality. To suf-
ficiently investigate our scenario in a 3D space, we
research the optimal flying height within the range of
[10 m, 1000 m]|. Our work tries to solve the energy ef-
ficiency optimization problem via a multi-agent DRL
algorithm in a 3D flight space. To achieve the opti-
mization goal, the trajectory design, task scheduling,
and sub-channel selection are involved in considering
the flying energy consumption.

3 System model

In this section, we consider the issue of max-
imizing the total energy efficiency of UAVs. As
shown in Fig. 1, the UAV-MEC scenario comprises
N UAVs, U users, and one remote BS. The sets of
UAVs and users are defined as N' = {1,2,..., N} and
U =1{1,2,...,U}, respectively. The runtime of UAVs
concerning the provision of edge services is divided
into T time slots, i.e., T = {1,2,...,T}. The dura-
tion of each time slot t € T is represented as 7. In
this scenario, UAV n serves multiple users, and user
u connects only to one UAV for edge service. An as-
sociation relationship between user v and UAV n is
represented as the binary variable al, .. If af, , =1,
user u is associated with UAV n. Otherwise, user u
cannot send its task data to UAV n for computation.
Thus, we have 3>V af, < 1,Vu € U. It is assumed

n=1 "u,n

that the near BS is malfunctioning, and that UAVs
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are deployed to help ground users process their tasks
as temporal BSs. Since the remote BS e is running
normally, UAVs can decide whether to relay the task
data to e for efficient computation. b!, . denotes the
computation relationship between user v and tem-
poral BS e, determined by UAV n. If b, . = 1, the
task data of user u will be transmitted to e. In con-
trast, bfhe = 0 denotes that the task will be locally
processed on UAV n. The orthogonal multiplexing
technology is adopted in the wireless communica-
tion process. The available bandwidth is divided
into K sub-channels, denoted as K = {1,2,..., K}.
K is subjected to K < N, which means that at
least two UAVs occupy the same sub-channel (i.e.,
co-channel). Thus, there exists interference between
UAVs, and the communication time would increase.
In Fig. 1, UAVs n; and n;_; have co-channel inter-
ference. Let binary variable ¢}, , indicate the sub-
channel utilization relationship for a UAV. If UAV n
occupies sub-channel k, then ¢, , =1, and ¢!, , = 0
otherwise. Each UAV can use only one sub-channel,
and thus S 1, ¢ =1,¥n € N. Since the result
of a task is much smaller than its original data, the
download time is assumed to be negligible. Similar
to the approaches adopted in the studies (Gu et al.,
2021; Joo et al., 2021; Yu Y et al., 2021), we con-
sider this a reasonable assumption to make in MEC.
Besides, UAVs can flexibly adjust their flying height
during a cruise in a 3D space, which is more intri-
cate than that in a 2D plane. A detailed description
of notations employed in this paper is provided in
Table S1 in the supplementary materials.

\
U, ‘Vp\ﬁ )
Interference

~

Fig. 1 Schedule scenario of UAVs’ flight and users’ tasks in a 3D space
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3.1 Task model

In UAV-MEC, UAVs are respounsible for process-
ing the tasks from users. Each user’s task data are
randomly generated during different time slots. A
user’s task is represented as

task’(u) = {D!,C! D!}, VuelU, (1)

where D} is the task data size, C! denotes the num-
ber of required cycles of the central processing unit
(CPU) per bit, and D! represents the task deadline.
To specify the correlation of DY and D!, D is cal-
culated as

t
Dl = mmax(m), (2)
where max(Dy) is the global maximum value of
the data size and max(Dy) is the global maxi-
mum value of the deadline. The maximum val-
ues are pre-configured. In our work, the task data
size D! is randomly generated from the range of
[min(Dy), max(Dy)], where min(Dy,) is the global
minimum value of the data size. In general, when
a task data size is large, its deadline should be in-
creased to reserve adequate time for computation.
As a consequence, in Eq. (2), we use the proportion
#:bu) to determine the corresponding
deadline, which is derived by multiplying the propor-
tion with the global maximum deadline max(Dy).

of data size

3.2 Mobility model

In time slot ¢, the 3D coordinates of UAV n and
user u are loc, (3D) = (a!,%%, ht) and locl,(3D) =
(xf,9t,0), respectively, where Xpin < 2!, < Xpax,
Ymin < y»fl < Ymax, and Hmin < h; < Hmax- Here,
x, y, and h refer to the points in X-, Y-, and H-
axis, whose minimum values individually are X,
Yiin, and Hpyin, and correspondingly, their max-
imum values are Xpjax, Ymax, and Hpax, respec-
tively. For ease of calculating the X-Y axis distance,
their 2D coordinates are involved and represented as
loct (2D) = (., yt) and loc),(2D) = (,4!). Ac-
cording to Al-Hourani et al. (2014), within the flying
height range of [0 m, 2000 m], the coverage radius
shows a positive growth trend, which is nearly in
direct proportion to the flying height. The coeffi-
cient of direct proportion is approximately equal to
1. Therefore, for simplicity, the coverage radius is
determined by the flying height within the range of

[10 m, 1000 m] in our work, prevailing a numerical
equality between the coverage radius and the flying
height range. The radio coverage scope of a UAV will
increase with a higher flying height. If user v wants
to offload data to UAV n in ¢, it must be inside the
radio coverage scope of UAV n, represented as rf,.
The location of user u needs to meet the constraint
[loct, (2D) — loc!, (2D)][2 < 7.

3.3 Communication model

Since we consider only the upload communica-
tion process, the communication model can be di-
vided into two parts: (1) from a user to a UAV; (2)
from a UAV to the remote BS.

3.3.1 Communication from a user to a UAV

The probabilistic air-to-ground model (Liao
et al., 2021; Dai C et al., 2022; Wang LY et al.,
2022) is adopted to formulate the average path loss
PL'(u,n) during the wireless communication be-
tween user v and UAV n. The formulation is

PL'(u,n) = Plog(u,n) L o5 + Ppos (1) Lipos,
(3)
where L! o and LY ¢ represent the path loss in
LoS and non-line of sight (NLoS) links, respectively.
They are given as

2
Bos = () @) mas, @)

Arcfe

B = () (@wn) o 9

where f. represents the carrier frequency, c is the
light velocity, d*(u,n) = |[loc’,(3D) — loc!, (3D)||2 de-
notes the straight-line distance between user u and
UAV n, and 71,05 and nnp,0s indicate the average ad-
ditional loss for LoS and NLoS links, respectively. In
Eq. (3), the probability of LoS link Pf ¢(u,n) be-
tween user u and UAV n is represented as

PEOS (u7 n) =

1
1+ crexp (—c2 (@}hn — cl)) > (6)

7T

where ¢; and ¢y are constant values of the com-

is the elevation

u,n

angle of user u to UAV n, calculated by éfhn =

munication environment, and 6

. hl . ¢ .
arcsin (m) With P! q(u,n), we can derive

PlGLOS(u7n> =1- PEOS(“””)'
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As mentioned, the co-channel interference is in-
volved in the UAV-MEC scenario. It is necessary
to calculate the interference among the UAVs that
share the same sub-channel.
UAV n occupies sub-channel k, the co-channel in-

If user u’s associated

terference from other users served by other UAVs is

depicted as
Ii(u',n) = Z az/,n/c;/’kpu/PLt(u/, n), (7)

u’ eUN\{u}

n’eN\{n}

where p,/ represents the transmission power of user
!

u'. For convenience, the transmission powers of all
users are set to be the same value. The signal-to-
interference-plus-noise ratio (SINR) is derived as

al ct  puPL' (u,n)

u,n-"n,k

If(w,n)+6

SINR}, (u,n) = (8)
where p, represents the transmission power of user
u, and @ is the noise power.

According to the Shannon capacity formula, the
upload transmission rate of user u is written as

ri(u,n) =

where Bj is the uplink bandwidth of user u. The
transmission time in the uplink is calculated as

Bi log, (1 + SINRE (u,n)), (9)

Tt

tran(

Dy,
n) =

i (u,n)’

(10)

3.3.2 Communication from a UAV to the remote BS

As aforementioned, UAV n needs to transmit
user u’s task data to the remote BS e when b!, . = 1.
The free space path loss model is used to formu-
late the communication process from a UAV to the
remote BS for convenience. The channel gain is de-

G'(n,e) = <4W—Cf°dt(n, e)) i ,

where df(n,e) is the distance between UAV n and
the remote BS e, which is calculated as d'(n,e) =
[loc!, (3D) — lock(3D)]|2. The SINR is denoted as

rived by

(11)

bfuepﬂGt (TL, 6)

@ )
where p,, denotes the transmission power of UAV n,
and b, . € {0,1} is the indicator that UAV n will
send task data to the remote BS e or not.

SINR/(n,e) = (12)

The transmission rate is calculated as

rt(n,e)

where Bs is the transmission bandwidth of UAV n.
The transmission time from UAV n to the remote BS
e is thus derived as

= Bylog, (1 + SINR!(n, e)), (13)

Tt

tran(

e) = ‘. (14)
3.4 Computation model

The dynamic UAVs and static remote BS are
used as edge servers, providing edge services for
ground users. The users send task data to them for
further computation. Therefore, the computations
adopted for UAV and remote BS, variously, are illus-
trated in the forthcoming content, which elucidates
the allocation of all tasks with equal computational
resources.

3.4.1 Computation in UAV

UAV n selects NUML ., (n) = SV . af = —

u=1 "u,n
Zu 1 b’; . association users to be computed locally.
Thus, the computation time of the selected user u is
calculated as
D,

f’Vl ’
NUM[ a1 (7)

Tt (u,n) =

com

(15)

where f, is the computation capacity of UAV n.
3.4.2 Computation in the remote BS

NUM? =

remote( ) =
users to be

All UAVb
Zn 1 Zu 1 u ,n u e
transmitted to the remote BS e. The computation
time of user u in e is derived as

Dt
T(fom (u,€) = — )

e

NUM[ ¢ pnote (€)

select
association

(16)

where f. is the computation capacity of the remote
BSe.

3.5 Energy consumption model

The energy consumption to maintain the flight
is considered in this paper. For UAV n, the energy re-
quired for flying (Chakrabarty and Langelaan, 2009;
Xue, 2014) can be approximated in Eq. (17), where
Eérawty?
sumed by the gravity, the kinetics, and the drag re-

t t
B} etic> and Edrag denote the energy con-

spectively, w1, wa, and w3 represent the parameter
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weights adopted for decreasing the consumed flight
energy, m is the UAV’s mass, g is the gravity coeffi-
cient, v represents the flying velocity of UAV n, p
denotes the density of the air, Cp denotes the drag
coefficient of the air kinetics, S is the UAV’s wing
area, and R is the gas constant:

Et(n) = wi (Eéravity) + wa (Eliinetic) + w3 (Efirag)

= () + wa (m(e4)?)

1 _
+ w3 <§p(vfl)2CDSR) .
(17)
3.6 Problem formulation

In time slot ¢, the total time consumed of user u
is represented as

N
T;ll(u) = Z (az,nTttran(u7 TL) + (1 - bz,e)TCtom(uv TL)

n=1
+bz,e (Tttran(n7 6) + T(fom(’uﬂ 6))) .
(18)

When T7(u) < D!, the task of user u can be
successfully finished. The energy efficiency of all
users is defined as

U t
EE'(U) =) AI(T;II(U) < D),

Et(n) (19)

u=1

where I(+) is an indicator function. When T, (u) <
D! is satisfied, I(T%,(u) < D!) = 1. Otherwise,
I(T4(u) < DY) = 0. The optimization problem is
to maximize the overall energy efficiency:

T
max Z EE'(U)
=1

K

t
N

s.t. C1: Zaz,n < 172031,1@ =1Vuel,
n=1 k=1

C2:b),,€{0,1},YuelUd,Vn e N,dl, , =1,

C3: Xinin < 2, < Xinaxe, Yinin < ¥ < Yinax,
Hpin < b, < Hyax,

C4 : |loct (2D) —loc!, (2D) |2 < 7, Yu € U,
Q= 1,

C5: T (u) < DE Yuel.

a.

(20)

Constraint C1 indicates that each user is associated
with at most one UAV, and that all UAVs can choose

only one sub-channel. Constraint C2 denotes that a
user’s task is computed in UAV or edge BS. Con-
straint C3 limits the scope for the flight of UAVs.
Constraint C4 demonstrates that the associated user
should be inside the radio coverage scope of a UAV.
Constraint C5 means that a user’s task should be
fulfilled within its deadline. The optimization prob-
lem is obviously non-convex, and is thus infeasible
to tackle using traditional optimization approaches.
This paper will present a multi-agent collaboration
scheme for energy-efficient task scheduling based on
DRL.

4 A multi-agent collaboration scheme
for energy efficiency optimization

Preliminary details concerning the MADDPG
algorithm are provided in the supplementary mate-
rials. To address the issue of energy efficiency op-
timization in UAV-MEC scenarios, the flight strat-
egy, channel selection, and task scheduling are con-
sidered for multiple UAVSs’ collaboration. Based on
MADDPG, we propose a curiosity-driven and twin-
networks-structured MADDPG (CTMADDPG) al-
gorithm to promote the exploration and stable up-
dating among intelligent UAVs, further improving
the overall performance.

4.1 Twin networks

It is known that MADDPG is derived based on
DDPG, which originates from DQN and is struc-
tured with actor—critic. Inevitably, for DQN and
DDPG, Q value overestimation is a crucial problem
that severely affects the performance. QQ value over-
estimation refers to an inaccurate estimate of the Q
value as being greater than the actual value. Further-
more, it leads to a poor policy update of the actor
network. The root cause of overestimation consists
of two aspects, namely, bootstrapping and maximiz-
ing. Bootstrapping represents an inappropriate up-
date method of the Q network, whose aim is to esti-
mate, by itself, the temporal difference (TD) related
values, and under this method, an overestimated
value incurs a higher overestimated value. Maximiz-
ing refers to the method of choosing the maximum
Q value. DDPG adopts a target network to solve
the issue of bootstrapping. Nevertheless, maximiz-
ing remains to be solved. To ultimately settle the
issue brought by maximizing, we adopt twin critic
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networks critic, critic’ to update the Q value (Fuji-
moto et al., 2018). The twin networks are equipped
with the same network structure but different pa-
rameters. During the training process, both of them
generate Q values. Only the smaller one can be cho-
sen as the official Q value for calculation of the tar-
get value y. The overestimation issue brought by the
maximizing method is thus settled through Q value
minimization.

4.2 Curiosity mechanism

In general, most of the DRL algorithms use e-
greedy for strategy exploration. However, the agent
does not explore the undiscovered action when it
is trained after a finite number of episodes. This
would lead to the consequence that the network will
not converge to the optimal strategies. Furthermore,
merely using e-greedy is ineffective in complex collab-
orative tasks (Zheng et al., 2021), since these tasks
require efficient exploration. To address this, we use
a discounted intrinsic reward to stimulate the agent’s
curiosity for sufficient exploration, further facilitat-
ing an optimal convergence. The intrinsic reward en-
courages the agent to visit all possible environmental
states and gather data as much as possible. It is de-
signed to be negatively correlated to the count of
similar observations in an episode. Hence, the agent
is encouraged to choose a new action that guides it to
a diverse state for effective exploration. Therefore,
the reward can converge to the optimal value with
motivation from the inner reward via the curiosity
mechanism. A detailed illustration of our scheme is
presented below.

4.3 MDP model

1. Agent. In the CTMADDPG algorithm, the
UAVs serve as multiple agents. They intelligently
choose actions to accommodate the dynamic envi-
ronment to maximize their rewards.

2. State space. In the MDP model, the
observation of each UAV in time slot t is de-
picted in Eq. (21) at the bottom of this page.
{loc! (3D)}nenr and {f,}nen represent a set of 3D
locations and a set of computation capacities of all

Of’b = {{IOC:L (3D)}ﬂ€/\/7 {fn}n€N7 {IOCZ (3D)7 SINR?@ (’U,, TL), taSkt (u)}ueu,kEK,aL

UAVs, respectively. It is assumed that each UAV
transmits its location and computation capacity to
the other UAVs in each time slot. Thus, each UAV
can observe the information of the other UAVs.
{loc,(3D), SINRj, (u, n), taSkt(“)}ueu,keic,a;_n:utn)k:1
denotes the information of UAV n’s associated users,
including their 3D locations, SINR values, and task
information in different time slots. There are the
task data size, the number of CPU cycles, and the
deadline inside task’(u), as shown in Eq. (1). The
state space is the union of all UAVS’ observations,
ie., st = {{ol }nen}-

3. Action space. The action of UAV 7 in time
slot ¢ is illustrated as

a’f’b = {pf’w 9;7 vf’w kf’m {bz,e}ueu,aiynZI}' (22)

Summarily, {pf,, 6!, v} } denotes the set of the flying
actions of UAV n, including the flying plane, flying
angle, and flying velocity. Three axis planes x-y,
x-h, and h-y are divided as flying planes, centering
on the 3D location of UAV, i.e., locl, (3D). It is noted
that x-y, x-h, and h-y are constantly refreshed and
generated according to the real-time 3D location in
different time slots. An example of flying action is

presented in the supplementary materials.

4. Reward function. The reward is an evalua-
tion indicator to score each agent’s action. Agent u
To facil-
itate the agent’s curiosity in state exploration, the
discounted intrinsic reward is added into the aug-
mented reward (Badia et al., 2020). It is formulated
as

is trained to maximize the total rewards.

t _ ~t —t
Tn - Tn + ﬁrnv

(23)

t

where 7,

represents the extrinsic reward derived
from the environment, 7%, denotes the intrinsic re-
ward to promote the state exploration, and [ is the
discounted coefficient.

Extrinsic reward 7, is the feedback from the en-
vironment. Since the CTMADDPG algorithm is de-
signed to tackle the optimization problem, we design
the reward to be related to the optimization goal.

The reward of each agent is set to be the energy

Lt =D 10C6(3D), fE}'
(21)

T
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efficiency in time slot ¢, depicted as

D, _
<1 (Tyy(u) < D).

Et(n) (24)

U
M =EE'U) =)
u=1

In the intrinsic reward mechanism, an on-line
episodic buffer D’ is exploited to store abstract ob-
servations with a dynamic size. Abstract observation
o1 refers to the feature extracted by a fixed embed-
ding network with the input of observation o};1, i.e.,
oltl = f(olt1). ofF! represents the feedback obser-

vation in time slot ¢ + 1 after the execution of action

t

v in time slot ¢, which is used for the calculation

a
of intrinsic reward to encourage environment state
exploration.

To stimulate the agent’s curiosity, intrinsic re-

ward 7, is designed as

. 1 1
Tn = ~
VNOUMGE) [ en, K@ ) + 2

where NUM(a%H1) is the count of visits of o5t ap-
proximately calculated by the sum of similarities de-
rived from an inverse kernel of Dirac delta function
K(ot+!, fi) with additional constant ¢. According
to Badia et al. (2020), when a Dirac delta function
is used, the count approximation becomes exact but
consequently does not provide generalization of ex-
ploration required for huge state space. Therefore,
the inverse kernel of Dirac delta function is used in
our work. The function K (05!, f;) is depicted as

€
2(At+L ¢ )
d (0(7'il2 ).f?r) _|_ g

m

K0, fi) = (26)

where € is the constant for the function K, f; € Ny,
represents one of the k nearest neighbors, Ny is the
set of the k nearest neighbors of 61, d2, is the mean
of the squared Euclidean distance of the k nearest
neighbors, and d?(0'"!, f;) represents the squared
Euclidean distance between o/f! and f;. Details
of K (o', i) are presented in the supplementary
materials.

The summation of all UAVs’ rewards is calcu-
lated as * = SN 7t which will be stored into the
experience replay buffer D for off-line training. It is
mentioned that all the performance evaluations are
conducted based on the extrinsic reward rather than
the augmented reward.

4.4 Pseudocode of
algorithm

the CTMADDPG

The pseudocode of the CTMADDPG algorithm
isillustrated in Algorithm 1. For better presentation,
the procedure of the algorithm is given in Fig. 2.

Algorithm 1 CTMADDPG algorithm

1: Initialize the experience replay buffer D

2: for UAV n=1 to N do

3:  Initialize the parameters of the actor network p’(x)
and twin critic networks Q7 (%), Q% (*) with random
weights 97, 7', and ¢35

4:  Initialize the parameters of target actor network p/™ (x)
and twin target critic networks Q"(x), Q5*(*) with
weights 9™ = 9™, o' = 7, and ¢’y = @
Initialize the fixed embedding network W™ (x)

: end for

5
6
7: for episode=1 to M do
8
9

Initialize the state space s?

for UAV n=1 to N do

10: Initialize the episodic buffer D/,

11: Store the initial abstract observation 32 into D!,
12:  end for

13:  for t=1 to T do

14: for UAV n=1 to N do

15: if £ < € then

16: Randomly select an action al,

17: else

18: Add diminishing action noise ¢ to the action

generated by u™(x), i.e., al, = p™(o},) + ¢
19: end if

20: Execute the action a,

21: Obtain an extrinsic reward 7f, and the new ob-
servation offL !

22: Store the abstract observation a5 into D],

23: Calculate the intrinsic reward 7!, in Eqgs. (25)
and (26) and derive the augmented reward rf in
Eq. (23)

24: end for

25: Store (s¢,at,T¢, St4+1) as a transition into D

26: for UAV n=1 to N do

27: Randomly select X transitions (sz, az, 7z,
Sg+1) for off-line training

28: Obtain Q values Q’f:n, Qg:n from the twin target

critic networks and seleg:t the small(;r one as the
formal Q value, i.e., Q) = min ( ‘f’n,Q’;’n)

29: Update the parameters of the critic networks via
loss function minimization in Eq. (28)
30: if I'%. == 0 then
31: Update the parameters of the actor network
u"(*) via the policy gradient ascent method
in Eq. (29)
32: Update the parameters of the corresponding

target networks u'™ (%), Q7 (%),
soft update method in Eq. (30)

7¥(x) via the

33: end if
34: end for
35: end for

36: end for
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’
_.n oW /1 12
Yy=rg + 'YQn (SI+17 am+17 am-t,-l? e

At the start of the algorithm, the initialization
of experience replay buffer D and six networks
[ (), Qi (4), QB (), 1™ (+), QY (), Q4 ()} s per-
formed. Besides, fixed embedding network ¥ (x) is
initialized for the abstract observation and the in-
trinsic reward in the following training procedure
(lines 1-6). M episodes are involved in the whole
training process, and each of them contains 7" time
slots (line 7). At the initial phase of each episode,
state space s’ is generated from the environment.
st = {o},0h,...,0} consists of the initial observa-
tions of all UAVs (line 8). For each UAV, its episodic
buffer D/ is initialized to store the initial abstract
observation 8" obtained via ¥"(*) (lines 9-12).

In T time slots, each UAV randomly chooses
an action when random probability £ is less than e.
Otherwise, it adopts action a!, obtained from its ac-
tor network p™(x). To facilitate action exploration,
action noise ¢ is adopted as af, = u"(0!,) + ¢, which
diminishes with the growth of the run steps (lines 13—
19). Then, each UAV executes action af, and receives
extrinsic reward 7, and new observation o, from
the environment. Abstract observation o/ is de-
rived from ¥™(x) and stored into D!,. Hence, intrin-
sic reward 7!, and augmented reward r!, are obtained

,aﬁl)

a’mi+1:#’i(o;+l),Vi€N’

with Egs. (23), (25), and (26) (lines 20-24). Transi-
tion (s, ag, 7, Se+1) will be stored into D for off-line
training (line 25). In the off-line training procedure,
each UAV randomly selects X transitions to be fed
into the training networks (lines 26-27). A smaller Q
value Q' is chosen from Q’f:n, Q‘Q‘:n, which are gen-
erated by twin target critic networks Q'Y (), Q' (*)
(line 28). Then Q"' is used for calculating the target
value y, as illustrated in Eq. (27) at the top of this
page, where each action a/’; is derived from the ith
agent’s target actor network p’*(x) with the input
ol 1, VieN.

Values QY ,,, Q% ,, obtained from the twin critic
networks are used for calculation of loss function.
Hence, the Q values should maintain their original
values to obtain accurate loss values, which are used
to optimize parameters of the twin critic networks
precisely. Twin critic networks Q7 (%), Q% () are up-
dated via loss function minimization (line 29):

X
1
Ly=52 (v-Qi, (sa:ak, a2, al))?,
=1
9 1 X m 1 2 N 2
En: YZ(y_ 2,n (Sz’aw7aw""’a$ )) ’
r=1
(28)
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1

Vor I (") 3 2 (Vor (0" | 02)Var QY (500

X

where @Y, and Qf, represent the Q values
outputted by Q7 (%) and Q% (), respectively.

A delay update method is adopted to up-
date actor network p™(x) every ¢ steps, satisfying
I'%t == 0, where I refers to the number of training
steps accumulated. This method reduces the train-
ing time and the likelihood of repeated updates. For
(), it is updated via the policy gradient ascent
method (lines 30-34), shown in Eq. (29) at the top
of this page, where only a” is the output of its own
actor network p™(x) and other actions are chosen
from D. One of the twin critic networks, i.e., Q7 (%),
is selected to calculate Q value Q’fn with the input
of (sg,al,a2,...,a% 1 a" a?*t a2 ... ad).

The parameters of the three mentioned target
networks are refreshed via the soft update method,
depicted as

9" =ed" + (1 —e)d",
or
vy

ep1™ + (1 —e)el, (30)

6<p2n + (1 - 6)<p/2n7

where e is the proportion coefficient for soft update.

5 Performance evaluation
5.1 Parameter setting

To evaluate the performance of the proposed
CTMADDPG algorithm, simulations are conducted
with Python 3.6 and PyTorch 1.4 on the Ubuntu
20.4. Six benchmarks (MADDPG, MIADDPG,
MASAC, MAPPO, Greedy, and Random) are used
for performance evaluation. The specific settings are
illustrated in the supplementary materials.

5.2 Simulation results and analysis
5.2.1 Flying trajectory of CTMADDPG with N = 3

To better show the 3D trajectory, the location
for taking off is determined as (1000, 0, 10) with the
minimum height. As shown in Fig. 3a, the light and
regular colors jointly represent two different trajec-
tories of the same UAV at the convergence state.
Two user clusters are distributed on the ground with

2 n—1 n n+l n+2 N
z,az’”"az Y 7am ,CLI 9 7am )|an:u"(0;)).
(29)
— UAV 1
e UAV 2
oY + 1000
W User
+ 800
* 600 E
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Fig. 3 Flying trajectory of CTMADDPG at the con-
vergence state with N = 3: (a) flying trajectory in a
3D space; (b) flying trajectory projection in the x-y
plane (References to color refer to the online version
of this figure)

different task requirements in each time slot. As de-
picted in Fig. 3b, the projection region represents the
coverage area at each UAV’s final location. UAV 1
equipped with a high configuration of 20 GHz com-
putation capacity tends to hover above the light user
Contrastingly, UAV 2 and UAV 3 fly to-
gether toward the dark user cluster, both endowed
with 10 GHz computation capacity. This denotes
that all UAVs’ flying actions are in accordance with
load balance. Due to the restricted number of sub-

cluster.

channels, i.e., K = 2, co-channel interference ex-
ists in the communication process. We can see that
UAV 2 flies with the lowest height among the three
UAVs, covering the least ground users.
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5.2.2 Training rewards with N = 3, 4, and 5

With different numbers of UAVs, ie., N =
3,4,5, training is conducted to study the effect of
collaboration. When N = 3,4,5, we set K = 2,3,4
and U = 40, 60, 80, respectively. As shown in Fig. 4,
the rewards of all algorithms are increasing with
the increase of N. From the perspective of the
CTMADDPG algorithm, its rewards in the conver-
gence state are approximately equal to 250, 370,
and 490 when N=3, 4, and 5, respectively. When
there exist more users, more task data should be
fulfilled. Thus, the reward is increased. Driven
by curiosity, the agents in the CTMADDPG algo-
rithm can accommodate the dynamic environment
via full exploration of the environment. As for the
MADDPG algorithm, the reward shows a noticeable
improvement from N = 3 to N = 4. Neverthe-
less, it is slightly enhanced from N = 4 to N = 5.
In MADDPG, more agents simultaneously partici-
pate in the training, which denotes that the environ-
ment becomes more complicated. Without enough
exploration, each agent becomes stagnant and tends

400
250
350
200 300
- 250
]
2 150 200
o 150
100

— ctmabppg 100

to prematurely converge to a sub-optimal reward.
In terms of the multiple-independent-agent DDPG
(MIADDPG) algorithm, its reward constantly fluc-
tuates without convergence. The environment en-
countered by an agent in MIADDPG is dynamic and
unknown, and accordingly it is difficult for such an

agent to attain convergence.

5.2.3 Training rewards of individual UAVs of
CTMADDPG with N =5

Using the CTMADDPG algorithm, five UAVs
simultaneously act as the learning agents to coordi-
nately optimize the total reward. As shown in Fig. 5,
the reward of each UAV is gradually growing within
1000 episodes. Eventually, they will converge to a
stable value. We can see that the rewards of UAV 1,
UAV 3, and UAV 5 are approximately 100. Mean-
while, the rewards of UAV 2 and UAV 4 roughly
equal 60. It is inferred that not all UAVs reach the
maximum value. The reason is that some UAVs need
to sacrifice their interest to maximize the overall re-
ward. If all the UAVs care only for the best reward for
themselves, occupying the limited resources without

500

400

300

200
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Fig. 4 Overall training reward comparison with N =3 (a), N =4 (b), and N =5 (c)
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Fig. 5 Training rewards of all UAVs of CTMADDPG with N =5
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considering the global circumstances, none of them
Similar to a cooperative
game, the priority of overall interest is more signif-
icant than that of individual interest. Only when
the overall interest is regarded as the most impor-
tant, can the UAVs obtain the most suitable result
for themselves and the comprehensive system.

obtains the best results.

5.2.4 Convergence rewards with N = 3

Apart from the training reward, the convergence
rewards with different metrics are evaluated from
various aspects. The explicit analysis of the con-
vergence rewards is provided in the supplementary
materials. In summary, the CTMADDPG algorithm
always obtains the highest reward compared to the
six algorithms, since it can flexibly adjust its strate-
gies with enough exploration toward the complex
environment.

6 Conclusions

In this paper, we present a novel scenario in
which the UAVs flexibly fly in a 3D space. They
can select their flight actions related to the flying
plane, flying angle, and flying velocity. Since the
UAVs are deployed to provide computational ser-
vices to the ground users, they need to make sched-
ule strategies for these users. Besides, the available
sub-channels are limited in this UAV-MEC scenario.
There exists interference between UAVs, which has
an adverse effect on communication time. When
UAVs’ actions are in proper alignment with the goal
of maximization of the overall reward, this activates
the potential for achieving an increase in the num-
ber of fulfilled tasks.
formance, we propose a multi-agent reinforcement
learning algorithm, CTMADDPG, to maximize the
system energy efficiency. To facilitate the state ex-
ploration by impelling agents’ curiosity to fully ex-
plore the state space, the present research ensures the

To improve the overall per-

involvement of the inner reward of the proposed algo-
rithm CTMADDPG. This mechanism significantly
improves the system performance. In addition, we
adopt the twin critic networks to stabilize the up-
date of the Q value. Using the proposed algorithm,
all UAVs coordinate their actions to maximize the
overall reward with enough state exploration. The
simulation results have illustrated the outstanding
performance of the CTMADDPG algorithm.
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