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Abstract— Service-caching, computation-offloading, and mobile
edge-computing (MEC) have been widely recognized as three
key 6G wireless technologies which can efficiently support
implementing the ultra-dense networks (UDNs) with massive
small-cell base stations (SBSs). But, these impose the new chal-
lenges for the UDNs to solely rely on grid power for energy
supplying and to jointly optimize service-caching, computation-
offloading, and resource-allocations. To overcome the above
described difficulties, integrating energy-harvesting (EH) tech-
niques with MEC-enabled 6G UDNs, we propose to develop
the joint optimization schemes for cooperative service-caching,
computation-offloading, and resource-allocations. In our consid-
ered UDNs, there exist a large number of EH-based stationary
users (SUs) or mobile users (MUs), and a mixture of on-grid
SBSs powered by electric grid and off-grid SBSs power-supplied
by solar, radio frequency (RF) energy, etc. Specifically, first we
formulate an energy minimization problem under a non-linear
RF-energy EH model to minimize the sum of weighted energy
consumption of users and off-grid SBSs. Second, for scenarios
with SUs, we develop a two-timescale based joint cooperative
service-caching, computation-offloading, and resource-allocations
scheme using the hierarchical multi-agent deep reinforcement
learning. We derive cooperative service-caching in each time
frame, and then derive computation-offloading and resource-
allocations in each time slot. Third, we extend our work to
scenarios with MUs, where MUs can move with certain tra-
jectories at low speeds. Finally, we validate and evaluate the
performances of our proposed schemes through the extensive
simulations.

Index Terms— EH/MEC-based 6G UDNSs, cooperative service-
caching, computation-offloading, resource-allocations, HMDRL.

I. INTRODUCTION

OBILE edge-computing (MEC) enabled ultra-dense
networks (UDNs), which merge edge-computing with
UDNSs [1], [2], [3], [4], can provide enormous benefits, e.g.,
ultra-low latency and super-high data rates. UDNs increase
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network capacity and provide users with flexible radio access
services by densely deploying short-range small-cell base
stations (SBSs), and MEC provides users with the efficiently
complementary cooperations between the cloud computing
and the edge computing. However, under the constrained
computational power and caching resources at SBSs, the
severe interference, etc., the quality of services (QoS) [5],
[6], [7] improvement-levels gained by MEC-enabled UDNs
heavily depend on the efficient deployments and coopera-
tions of three key 6G techniques, including service-caching,
computation-offloading, and MEC. Correspondingly, the joint
co-designs and optimizations over computation-offloading,
service-caching, and resource-allocations for MEC-enabled
UDNs have been highly demanded, while having not been
well studied yet.

A number of works have studied the problem of
computation-offloading and/or resource-allocations for MEC-
enabled UDNs. The authors of [4] and [8] minimized the task
processing delay of users, the energy consumption of users
and SBSs, etc., by developing suitable computation-offloading
and/or resource-allocations schemes. In [3] and [9], taking
into account the mobility of a representative user, the authors
considered the joint problem of computation-offloading, com-
putation migration, and wireless handover in MEC-enabled
UDNs. However, it is not always feasible to provide grid power
to all SBSs due to their possible outdoor/remote/hard-to-reach
locations. Moreover, the density of SBSs in UDNs is larger
than 1 SBS/1000 m2. Therefore, to reduce the dependence
of SBSs on grid power for energy supplying, it is necessary
to integrate energy-harvesting (EH) techniques, which enable
SBSs to harvest energy from solar, wind, radio-frequency
(RF) signals, etc., with MEC-enabled UDNs [10]. Hence,
the authors of [11] considered the computation-offloading
and resource-allocations problem for MEC-enabled UDNs
with EH capabilities, where SBSs harvest energy from solar
or wind. The authors of [12] considered energy efficiency
maximization for downlink transmission of millimeter-wave-
based UDNs with EH SBSs, where SBSs harvest energy from
the ubiquitous RF signals in UDNs. However, computation-
offloading and/or resource-allocations for MEC-enabled UDNs
with RF-energy harvesting capabilities has/have not been
widely studied.

In addition, for processing the offloading tasks of users,
SBSs must have cached the required services of these users.
However, the above works, including [4], [8], [9], [10], [11],
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and [12], assume that each SBS has cached all the service
programs required by users. In practice, due to limited caching
storage capacity, each SBS can only selectively cache a subset
of service programs [13]. Hence, it is necessary to optimize
the utilization of the limited caching resources to improve
entire network performances. Therefore, the authors of [14]
studied the joint optimization problem of service-caching
and computation-offloading, where SBSs cooperatively serve
users or they offload users’ tasks to the remote cloud.
The work [15] considered the joint optimization problems
of cooperative service-caching and computation-offloading
among SBSs, where SBSs collaboratively serve users relying
on their caching services. Notice that the schemes proposed
in [15] update service-caching and computation-offloading in
the same timescale. However, unlike computation-offioading
generally updating at a time level of less than hundreds of
milliseconds, the downloading and installation of a service
program generally takes more than tens of seconds (even
several hours or days) [13]. Hence, the authors of [14]
and [16] developed two-timescale schemes, which update
service-caching of SBSs in a slow timescale, e.g., in each time
frame, but optimize computation-offloading and subcarrier
allocations in a fast timescale, e.g., in each time slot. On the
other hand, the work of [14] assumes that each user only
requests one type of service in one time frame and the work
of [16] assumes that all SBSs cache the same services. Besides,
the works of [14], [15], and [16] did not consider the mobility
of users and assume that all SBSs are powered by electric grid,
which is unrealistic for wireless UDNS.

To overcome the above-mentioned shortcomings, in this
paper we propose to develop the joint optimization schemes
for cooperative service-caching, computation-offloading, and
resource-allocations for EH/MEC-based 6G UDNs, where a
large number of users,' including stationary users (SUs) or
mobile users (MUs), with RF-energy harvesting capabilities
and a mixture of on-grid SBSs, powered by electric grid, and
off-grid SBSs, powered by solar and/or RF-energy, coexist.
We formulate an energy minimization problem to minimize the
sum of weighted energy consumption of all users and off-grid
SBSs under a non-linear RF-energy EH model. Also, for
the scenarios with SUs, we develop the two-timescale based
joint cooperative service-caching, computation-offloading, and
resource-allocations scheme using the hierarchical multi-agent
deep reinforcement learning (HMDRL). Leveraging HMDRL,
we derive SBSs’ cooperative service-caching policies which
are updated in each frame consisting of multiple time
slots. According to the obtained cooperative service-caching
policies, we first derive users’ and SBSs’ computation-
offloading policies and then derive SBSs’ computation
resource-allocations policies, which are updated in each time
slot. Furthermore, taking into account the mobility of users,
we extend our work to the scenarios with MUs, where each
MU can move with a certain trajectory at a low speed.
In addition, we validate and evaluate the performances of

I'Throughout this paper, we use user to represent either stationary user (SU)
or mobile user (MU) or both stationary user (SU) and mobile user (MU),
unless specifically stating that it represents the stationary user (SU) or the
mobile user (MU) for the particular scenario, otherwise.
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Fig. 1. System model for our proposed EH/MEC-based 6G UDNs, which
consist of a large number of EH-based SUs or MUs, on-grid SBSs powered
by grid power, and off-grid SBSs powered by solar and/or RF-energy.

our developed schemes through the extensive simulations.
The simulation results show that the sum of weighted energy
consumption of users and off-grid SBSs can be significantly
reduced by using our proposed schemes, especially when the
densities of users and off-grid SBSs increases.

The rest of this paper is organized as follows. Section II
builds up the system models. Sections III and IV develop
our proposed joint cooperative service-caching, computation-
offloading, and resource-allocations schemes for scenarios
with SUs and MUs, respectively. Section V validates and eval-
uates our proposed schemes through the extensive simulations.
The paper concludes with Section VI.

II. THE SYSTEM MODELS

A. Architecture for Our Proposed EH/MEC-Based UDNs

Consider a mobile edge-computing (MEC) enabled energy
harvesting (EH) 6G ultra-dense network (UDN) depicted in
Fig. 1, which consists of multiple EH-based stationary users
(SUs) or mobile users (MUs), multiple small-cell base stations
(SBSs) each equipped with two antennas, and a macro base
station (MBS). Each SBS is equipped with an MEC server
and the MBS is equipped with a cloud server. Users connect
to SBSs through wireless links, while SBSs connect to each
other and the MBS through wired links [17]. The SBSs can be
classified into two types, i.e., the on-grid SBSs, powered by
the conventional grid power, and the off-grid SBSs,?> powered
by the solar energy and the radio frequency (RF) energy
harvested from ambient on-grid SBSs. However, the users
can only harvest RF-energy from the on-grid SBSs, since it
may not be able to equip users with solar panels due to their
size limitations [18]. Besides, the on-grid SBSs, the off-grid
SBSs, and the users are spatially distributed according to three
independent homogeneous Poisson Point Processes (HPPPs),
denoted by By, B., and €, respectively, with spatial densities
Ag» Ae, and p, respectively. Due to the limited computation

2In practice, solar-powered SBSs have been realized and applied in practice,
but SBSs powered only by RF-energy have not been realized because the
limited RF-energy cannot support the huge energy consumption of SBSs.
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‘ Cooperative service-caching at SBSs ‘
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Fig. 2. Frame structure for our proposed EH/MEC-based 6G UDNSs, where
computation-offloading and service-caching update in two timescales.

capability, each user Uy, Vk € 2, may need to offload part of
its computation task to a nearby SBS. Moreover, SBSs work in
a cooperative service-caching manner. That is, if an SBS does
not cache services required by some users, it can offload these
users’ tasks to other SBSs which have cached the services
required by these users.

The updating of service-caching generally follows a slow
timescale (e.g., tens of seconds or several hours) [16].
In contrast, computation-offloading follows a relatively fast
timescale (e.g., milliseconds). Therefore, service-caching and
computation-offloading work in two different timescales.
As shown in Fig. 2, in each frame, SBSs first collaboratively
update service-caching within several time slots. Then, in each
of the remaining w time slots (each with duration of p), each
user Uy, Vk € , first scavenges energy from RF signals
radiated by ambient on-grid SBSs over system downlink
spectrum in Phase-I with duration ¢/2, and then uses the
harvested energy to process its own task locally and/or offload
the task to a nearby SBS b,,, Vn € B £ (Bg U Be), over system
uplink spectrum in Phase-II with duration o/2. In addition,
each off-grid SBS harvests energy from the solar and/or the
RF signals emitted by the on-grid SBSs nearby in the whole
time slot, and in the meantime utilizes the harvested energy to
help users process tasks in Phase-II. The main symbols used
in this paper are listed in Table I.

B. The Communication and Computation Models

Different SBSs can use the same spectrums while users
accessing the same SBS use the orthogonal uplink spectrums.
Thus, there exists interference among users accessing different
SBSs, if these SBSs share the same spectrums. Moreover,
to reduce energy consumption, each user Uy, first offloads task
to its nearest on-grid SBS. In time slot ¢, we denote U,, [t] as the
set of users whose nearest on-grid SBS is b,,Vn € B,. Also,
to reduce interference among users accessing different SBSs,
we consider bandwidth allocations and let 6,, ;[t] denote the
proportion of b,,’s spectrum allocated to user Uy, Vk € U, [t].
Then, we can express the achievable rate from user Uy, Vk €
Uy [t], to on-grid SBS b, in time slot ¢, denoted by Ry, ,[t],
as follows:

Rinlt] £ On i [t]W
Pyt hienlt]]?

2
Y X Pom[thwat] +o?
mel (n) k' €Up [t]

x log, |1+

(D

TABLE I
SYSTEM VARIABLES
Symbol Description
0, xlt] Proportion of on-grid SBS by, ’s spectrum allocated
n,k to user Uy, in time slot ¢
Binary variable indicating whether SBS b,, offloads
Yie,n,mt] user Uy ’s task to SBS b,,, in time slot ¢
i1 Caching state of service ¢ at SBS by, in frame T’
Zn i [t] Usage state of service ¢ at SBS by, in time slot ¢
Computation resource of SBS b, allocated to user Uy
In,k[t] in time slot ¢
By Set of on-grid SBSs
Be Set of off-grid SBSs
B Set of all on-grid SBSs and off-grid SBSs
Q Set of all users
T Set of service types
Un [t] Set of users whose nearest on-grid SBS is by, in time slot ¢
B(n) Set of SBSs which connect to on-grid SBS b,,
(including SBS by,)
Lalt] Set of users for which SBS b, needs to provide
n computing services in time slot ¢
£u 1] Task processing time at user Uy, in time slot ¢
k for local computing
B[] Energy consumption at user Uy, in time slot ¢
k for local computing
v g Transmission time at user Uy, to offload data to
k,n its nearest on-grid SBS b, in time slot ¢
BT[] Energy consumption at user Uy, to offload data to
k,n its nearest on-grid SBS b, in time slot ¢
v Transmission time at SBS b,, to offload data
n,m to SBS by, in time slot ¢
pr [t Task processing time at SBS by, in B(n) to process
k,n,m user Uy’s task in time slot ¢
o 1] Energy consumption at SBS b, in B(n) to process
k,n,m user Uy’s task in time slot ¢

where W, is the bandwidth of on-grid SBS b,,, I'(n) is the set
of other on-grid SBSs that share the same spectrums with SBS
bn, Pr.n[t] and hy ,[t] are the transmit power and the channel
fading gain from user Uy, Vk € U,[t], to on-grid SBS b, in
time slot ¢, respectively, and o2 is the power of the additive
white Gaussian noise. Moreover, we define the channel fading
gain in time slot ¢ as hy ,[t] = hgn[t]kkn[t], Where kg, [t]
is the small-scale fading which follows Rayleigh fading and
Ekm[t] is the large-scale fading which follows the free-space
path loss model [19], [20]. Similar to [20], we have

. 3x 108 \*

hk,n[t] Ad (47chdk,n[t]) ’
where Ay is the antenna gain, f, is the carrier frequency, d.
is the path loss exponent, and dy, ,,[t] is the distance between
user Uy, and on-grid SBS b,, in time slot ¢.

We let Dy[t] denote the data size (in bits) of user Uy,’s task
and Zj[t] be the number of CPU cycles required for computing
one bit of Uy,’s task in time slot ¢. User Uy, can partition its task
into two parts [21], where one part with D} [¢] bits is executed
locally, and the other part with Dy ,[t] bits is offloaded to
its nearest on-grid SBS b,,. We denote fj as the computation
resource, i.e., the clock frequency of the CPU chip, at user
Uy, for task processing [17]. Thus, if the D} [t] bits of input
data to be processed locally at Uy, then the task processing
time and the energy consumption at Uy, denoted by &}[t] and
E}[t], respectively, are given as follows:

2

&l 2 7 i) ®
Ej[t] = vf Dyt Zi[t), )
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where v is the effective switched capacitance [18]. Moreover,
we can express the transmission time and the energy con-
sumption at Uy, to offload Dy ,[t] bits of data to its nearest
on-grid SBS b, in time slot ¢, denoted by &, [t| and EJ  [t],
respectively, as follows:

tr A Dkn[t]
k,n[t] - Rk,n[t], (5)
B}, [t]—0.Tcm £ Ppalt] B nlt]. (6)

There exist T types of services, indexed by 7 £
{1,2,. ,I'}. Each user U}, needs one type of services,
denoted by zk[] € Z, in time slot ¢. When on-grid SBS
b, cannot complete the offloading task of user Uy,Vk €
U, [t], or it cannot provide service ix[t] to user Uy, it further
transfers the offloading task of user Uy to other SBSs that
support service ii[t] and have light computation workloads
through wired links [22]. Therefore, similar to [21], the
computation-offloading in our paper contains two tiers, i.e.,
computation-offloading from user Uy, Vk € U,[t], to its
nearest on-grid SBS b,, and computation-offloading from on-
grid SBS b, to other SBSs. We denote B(n) as the set of
SBSs (including SBS b,,) which connect to on-grid SBS b,,.
Moreover, let the binary variable yy , m[t] € {0,1} denote
whether on-grid SBS b,, offloads the task of user Uy, Vk €
Uy [t], to SBS by, Ym € B(n). The variable yj ».m[t] = 1,
if on-grid SBS b,, offloads the task data of Uy,Vk € U,[t],
to SBS by,,, Vm € B(n); otherwise yx ,, m [t] = 0. Please notice
that yx. ,, »[t] = 1 means that on-grid SBS b,, will process task
for Uy, Vk € U, [t], by itself. Then, we can obtain that

th+Dknt Z ykn’rn (7)
meB(n)

Similar to [22], if the task is offloaded from on-grid SBS
by, to SBS b,,,Vm € B(n), it will be processed at SBS by,.
Let 7y, ,, and &, [t] denote the data transmission rate of the
wired link and the transmission time for data offloading from
on-grid SBS b,, to SBS b,,,Vm € B(n), respectively. Then,
for SBS b,,, Vm € (B(n) \ {n}), we can express &, [t] as
follows:

1 > [srnmldDiald] o ®

keU,[t]

while & [t] = 0. Let ¢, ;[T] denote the caching state of
service ¢ at SBS b,,,, Ym € B, in frame T, where ¢,, ;[T] €
{0,1}. ¢, 4[T] = 1 indicates that SBS b, needs to cache
service ; otherwise ¢, ;[T] = 0. In addition, let z,, ;[t] €
{0,1} denote the usage state of service ¢ at SBS b,, in time
slot ¢, where z,, ;[t] = 1 means that service ¢ has not been
used at by, and x,, ;[t] = 0 otherwise. We assume that in time
slot ¢, each SBS can simultaneously process multiple tasks
requiring different services. Moreover, we denote f, x[t] as
the computation resource allocated to user Uy at SBS b,, in
time slot ¢. In general, f, x[t] is much larger than f;. Then,
we can express the task processing time and the computation
energy consumption at SBS b,,,Vm € B(n), for processing

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS

the task of Uy, Vk € U [t], denoted by &' [t] and E}, | [t],
respectively, as follows:

ko, 1]

k,n,m
N 1

fms[t]

= Cmﬂ‘k[t] [T]xm,ik[t] [t]yk‘,n,m [t]y(fm,k [t])QDk,n[t]Zk [t} (10)

Crmi[t] [T] Lo i [t }[ ]yk n m[ ]Dk,n[t] Zy, [t]} ) 9

C. Services Fetching and Caching

The MBS has cached all services in Z. Whether SBS b,
needs to fetch service ¢ from the MBS in frame 7' depends on
the specific values of ¢, ;[T"— 1] and ¢, ;[T]. We can express
the time duration for SBS b,, to fetch service 7 from the MBS
in frame T, denoted by fn,i[T], as follows:

Enill) 2 [icn [T} ensdT ~ @ codlTD], (A1)
where 7, (in bps) is the data rate of the wired link between
the MBS and SBS b,, [17], 3; is the size of the ith service
program (in bits), and & is the exclusive-or (XOR) operation.
When ¢, ;[T — 1] and ¢, ;[T take the same values, we have
CnilT =1 @ ¢, i[T] =0, and ¢, ;[T — 1] D ¢y, ;[T] = 1 when
¢n,i|T — 1] and ¢, ;[T take different values. Therefore, using
Eq. (11), we can know that only when ¢, ;[T — 1] = 0 and
enilT] = 1, SBS b, needs to fetch service ¢ from the
MBS with time duration &, ;[T] > 0. Moreover, SBSs first
cooperatively update their caching services at the beginning
of frame 7T, and then help users process tasks when all
SBSs finish updating services. Then, we can express the time
duration for all SBSs updating services in frame 7', denoted
by £"[T, as follows:

& ﬂ;lgg{me }

€L

12)

D. Non-Linear Energy Harvesting Model

From the practical point of view, the RF-based EH cir-
cuits typically exhibit non-linear end-to-end wireless power
transfer [23]. Adopting the non-linear EH model developed
n [23], we can express the amount of RF-energy harvested
by Uy, Vk € Q, denoted by El[t], and the amount of energy
harvested by off-grid SBS b,,Vn € B, denoted by EI[t],
in time slot ¢ as follows:

NL[4]

@MégfkTC?My (13)
NL[4]

mMé[@fﬂf“ﬂ+mw (14)

respectively, where E? [t] denotes the amount of solar energy
harvested by off-grid SBS b,, in time slot ¢, and M} and
M, are the maximum harvested powers at U and b,,
respectively, when the EH circuits saturate. Besides, ¢ £
1/(1 + exp (sp2x)) and ¢, = 1/(1 + exp(s,2,)) are used
to guarantee a zero input/output response, respectively, where
Sk, Zk, Sn, and z, are constants related to the non-lincar EH
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circuit characteristics, e.g., the capacitance, resistance, etc.

Furthermore,
M
NL A k
= ) (15)
w11 1+exp (— k(P,S[t]—zk))
M,
NL A n
n Lt = ) (16)
14 1+ exp (—s, (PU[t] — zn))
are the traditional logistic functions, where
2
P e Y (Pm\hm’k[tﬂ ) : (17)
meE|t]
2
P2 Y (Palhmaldl), (18)
meé&(n)

are the received powers for EH at user Uy, and off-grid SBS b,,,
respectively, where &[t] and £(n) denote the sets of on-grid
SBSs that can wirelessly power user Uy and off-grid SBS b,
in time slot ¢, respectively, P, is the transmit power of on-grid
SBS by, and Ay, i [t] and hyy, , [t] are the channel fading gains
from on-grid SBS b,,, to user Uy and off-grid SBS b,, in time
slot ¢, respectively.

Then, we can express the amount of energy that can be used
by off-grid SBS b,,, denoted by E,,[t], and that can be used
by user Uy, denoted by E}[t], in time slot ¢ as follows:

E,[t] £ min {E?L[t — 1]+ Bt — 1]

— > Eflt }Em} (19)
k€U, [t]
and
Ek[t]min{E};[t]+Ek[t—1]—Eg[t—1]
L
m:kEU,

respectively, where E;'* and E,Tax are the maximum battery
capacities of user Uy, and off-grid SBS b,,, respectively.

E. The Optimization Problems Formulations

We aim to minimize the sum of weighted energy consump-
tion of all off-grid SBSs in B. and all users in {2, while
satisfying the quality of services (QoS) of SBSs and users,
e.g., users’ task completion time. Therefore, we can formulate
the considered optimization problem as follows:

CIY EE+D>. D ELLM|+(1-0)

t=1 keQ neBy kel [t]

> BN

t] me(B(n)NB.)

2y

Z cnilT)6;) < Co[T], Vn € B,
€T

S 0l <1, VhneB,

kel [t]
C3: D wkmmlt] <1, VEn € By, kU],
meB(n)
C4 :ci[T1<1, VneB,iel,
C5 €] < g Vi k€ Q,
0
C6 : }@r,n[t]—’_gg, []+§knm[] 57

Vt,n € By, k €Uy,[t],m € B(n),

C7 : Eilt| + Ej ,[t] < Ex[t], Vt,n€ By, kelUylt],

8 Z Z Ekmn <E[]7 Vt,nGBe»
mE(ByNB(n)) k€U 1]
C9 Z Z (Yk,mn [t] fox[t]) < FRE,
me(BNB(n)) k€U, [t]
Vt,n € B,

C10: Di[t] + Dy nlt] = Dilt], Vt,n € By, k €Uy lt],

where
©2{0< 0] <1,
C & {c,:[T) €{0,1}, VYneB,icTI},
VE{yknmlt]€{0,1}, Vt,n €Bg, k € Upt],me B(n)},
FE2{0< fuilt] < F™ VtneBkeQ},
D2{0< D}[t], Drnlt] < Dilt], Vt,n € By, k € Uy[t]},

Vt,n € By, k € Upt]}

where C,[T] is the available caching storage capacity of
SBS b,, in frame T, F7™ is the total computation resource
of SBS b,, and ¢ € [0,1] is a weight factor. Cl is the
caching capacity constraint of each SBS. C2 is the bandwidth
allocations constraint of SBS b,,,Vn € B,. C3 indicates that
SBS b,, can only offload user Ujy’s task to one SBS b,
in B(n). C5-C6 are the task completion time constraints of
user Uy, Vk € €, for local-computing and edge-computing,
respectively. C7-C8 are the energy consumption constraints of
user Uy, Vk € Q, and off-grid SBS b,,,Vn € B, respectively.
C9 is the computation resource-allocations constraint of SBS
b,,VYn € B. C10 is the flow conservation constraint for user
Uk, VEk € Q.

III. JOINTLY OPTIMIZING COOPERATIVE SERVICE-
CACHING, COMPUTATION-OFFLOADING, AND
RESOURCE-ALLOCATIONS FOR
SCENARIOS WITH SUS

For UDN:s, it is challenging to solve the large-size opti-
mization problem in Eq. (21) by using the traditional
optimization based methods with low complexity. Hence,
we will leverage the advanced deep reinforcement learn-
ing (DRL) based methods to solve this problem with the
help of deep neural networks (DNNs) [2], [18]. Service-
caching and computation-offloading work in two different
timescales. Therefore, based on the hierarchical multi-agent
deep reinforcement learning (HMDRL), we will develop
a two-timescale based joint cooperative service-caching,
computation-offloading, and resource-allocations scheme for
scenarios with SUs [24]. Specifically, using HMDRL, we first
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derive SBSs’ cooperative service-caching policies in each time
frame 7. Then, based on the cooperative service-caching
policies, we derive users’ and SBSs’ computation-offloading
policies in each time slot ¢. Finally, we derive SBSs’ computa-
tion resource-allocations policies in each time slot ¢ according
to the obtained service-caching and computation-offloading
policies.

First, to reduce energy consumptions of off-grid SBSs and
all users while satisfying their delay and energy constraints,
we define the total reward in time frame T, denoted by r[T7,
as follows:

S

t=1

r[T]

DB+ Y D Ei.l

kEQ n€By keU, [t]

- C) Z Z Z Ellzr,n,m[t]

n€By keU, [t] me(B(n)NBe)

> Y Yhamlt+ DTN

n€By meB(n) keUy, [t] neBe

+3 [T“ e ]}} 22)
ke
where T{[t], T[], T3, . [t], Yo'[t] < O are defined as
follows:
s el ifan >,
Ti[t] = 2 (23)
0, otherwise,
i . T 0
T N (ptk,n,m’ if g;c,n[t] [ ]+£k n m[ } 57
k,n, m[ }_ .
0, otherwise,
(24)
en if ER[t]+ EY [t] > Eft
Tin[t] A P 1 kH+ k,n[] k[]v (25)
0, otherwise,
and (26)
802“7 if Z Z Ek m, n
Ten[t] N me(ByNB(n)) kEUm [t]

> E,[t],
0, otherwise,
27

respectively, where ¢!, gok nomo Pi» and pt are all negative
constants which are introduced to punish users or SBSs
for violating time constraints C5-C6 and energy constraints
C7-C8, respectively.

A. Slow Timescale: Cooperative Service-Caching

In service-caching, each SBS is treated as an agent and all
SBSs cooperate with each other to decide the service-caching
variables ¢, ;[T]’s in each time frame 7. Since there are a
large number of discrete variables ¢, ;[T]’s, we will utilize
Deep Deterministic Policy Gradient (DDPG) [25], which can
learn the deterministic policy for high-dimensional continuous
action spaces, to decide ¢, ;[T]’s by relaxing ¢, ;[T]’s as
real-valued variables taking values within [0, 1].

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS

In time frame T, we define the state of SBS b,,,Vn € B,
for service-caching, denoted by O[T, as follows:

{em[T — 1), ¢hn,[T —1], VieZ,
o8 (1] & m e B(n)}, Vn € By,
{eni[T = 1], emi[T], i [T — 1],
VieI,me (B(n)NBy)}, VnebB,
(28)
where v, ;[T" — 1] denotes the number of times service i,

Vi € 7, is requested at SBS b,,Vn € B, in time frame
(T — 1). For cooperative service-caching, on-grid SBS b,
Vn € By, needs to know the caching state c,,;[T" — 1] of
service i, Vi € Z, at SBS b,,,Vm € B(n), in time frame
(T —1). Similarly, off-grid SBS b,,, Vn € B., needs to know
the caching state ¢, ;[T] of service i, Vi € Z, at on-grid SBS
by, Vm € (B(n) N By), in time frame 7". Moreover, all on-grid
SBSs perform service-caching simultaneously before the off-
grid SBSs, and they will cache as many services as possible
to reduce energy consumption of the off-grid SBSs for task
processing.

Furthermore, in time frame 7', we define the action of SBS
bn, Vn € B, for service-caching, denoted by a$, [T, as follows:

aS [T & {canlT), - s enilT), - sens[T]}. (29)

In addition, we define the reward of SBS b,,Vn € B, for
service-caching in time frame 7", denoted by r$,[T7], as follows:

g Cn [ T]n o[ T
n [T] - %::an,z[T] - ; gn,L[T}v (30)

where the first term of the right hand side of Eq. (30) is
the service-caching hit rate of SBS b,, which is obtained
by dividing the requested times, i.e., D, 7 Cni[T]|Vni[T],
of SBS b,,’s cached services by the total number of times all
services in Z are requested at SBS b,, in time frame 7, i.e.,
Y ier YnilT] [24]. By defining 7§, [T], we aim to maximize
the cumulative service-caching hit rate of all services while
reducing the service fetching time at SBS b,,. When the reward
r¢[T] defined in Eq. (30) takes a large value, the hit rate
generally takes a large value and the service fetching time
takes a small value [24]. As a result, users can have more
opportunities to offload tasks to MEC servers, and then 7[T]
defined in Eq. (22) increases.

Based on the above defined O¢[T], aS[T], and rS[T],
we use DDPG to derive the service-caching policies of all
SBSs. The DDPG includes four DNNSs: the actor network, the
critic network, and two corresponding target networks [25].
Based on the observed state Of[T], the actor network of
SBS b,,,Vn € B, will train a policy function 7y, (O5,; wg, ,,)
to generate an action af [T] for SBS b, at the beginning of
time frame 7', where wy, ,, is the parameter vector (including
the weight parameters and the bias parameters) of the actor
network [25]. Moreover, in order to explore more actions, the
DDPG will add a Gaussian noise w to the policy function
75, (O5,; Wey ). Then, the DDPG decides ag, [T'] by using the

following policy [25]:
a, [T] =

n

T (On[T); wan ) + w GD
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To evaluate a$,[T], the critic network of SBS b,, will gen-
erate a Q-value, i.e., Q5(O5[T], af,[T]; w, ,,). based on its
Q-function @)%, (On, Ay} Wen n)» Where wg,, 1, is the parameter
vector of the critic network [25]. Once we obtain as, [T,
we can determine the service-caching of SBS b, Vn € B.
Specifically, we first sort the services in Z in the descending
order of the obtained real-valued ¢, ;[T]’s, and then services
are cached according to the above-sorted sequence (i.e., the
service ¢ with the largest ¢, ;[T will be cached first) until
constraint C1 is violated.

Furthermore, the DDPG will utilize the experience replay
buffer and the target networks to improve and stabilize the
training process [26]. In each time frame 7', SBS b,,,Vn € B,
will store the current transition, i.e., (OS[T], aS,[T], S [T,
O¢ [T +1]), into its experience replay buffer M¢. Also,
it will randomly sample a batch of transitions in M to

train its actor and critic networks. Let 75 (O5; &g, ,,) and

Qs (05, a5,; @5, ,,) denote the policy function and Q-function
of the target actor network and target critic network, respec-
tively, where w wan , and w wcn », are the corresponding parameter
vectors. Randomly samphng a batch of transitions (O%,[T"],

as,[T"], 5 [T"], O[T + 1)) with size ¥ from M¢,, the DDPG
updates wg, ,, of its critic network by minimizing the following
loss function [26]:

L (wzn,n)ﬁé{z (IS 715, (OSIT), 0 [T ey n))Z} ,

T/
(32)
where in time frame 7",
JEIT) = ri [T + Q5 (0L [T + 1],
T (ORI + 1 @50 ) s Din ) (33)
where 7 € (0,1) is a discount factor.
Utilizing the selected transitions from M, the DDPG

updates the parameter vector wy, ,
using the following formula [26]:

of the actor network by

Otin
i 5 (s @6 (OLT 65 T st

T/
T (O8I ) |,

where ah,€(0, 1) is the learning rate of the DDPG’s actor net-
work for updating wS, ,,.Vae Q5,(O5[T7], a5, [T"]; w$, n) is the
gradient of the critic network’s Q-function Q%, (05, af; WS, )
with respect to (Wrt) action af in time frame 7", and
Ve 75, (O4[T"]; W, ,,) is the gradient of the actor network’s
policy functlon 5, (OC an_’n) W.LL. Wy, , in time frame 7.
Notice that since the state O[T (see Eq. (28)) of SBS b, is
related to the service-caching policies of SBS b,,, ¥m € B(n),
the updating of wy, ,, and wg, ,, is affected by the states and
actions of SBS bm,Vm € B(n )

Every G° time frames, we update the parameter vectors
of the target networks by using the following operational
formulas [26]:

&zcm,n — pran n + (1 - Tp) &v):n no (35)
o +(1-7)&¢ (36)

wcn,n cn,n’

c
wan,n —w

X Ve (34)

— pr(,n n

where 7P € (0,1) is the learning rate of DDPG for updating
“A‘}zn,n and a}zn,n

B. Fast Timescale: Computation-Offloading

Since user Uy first offloads task to its nearest on-grid
SBS, only on-grid SBSs need to decide the computation-
offloading variables, i.e., Dy ,[t]’s and yx . m[t]’s, and the
related spectrum allocation variables 8,,  [t]’s. We use Dueling
Deep Q Network (Dueling DQN) and DDPG to decide discrete
variables yy . m[t]’s and continuous variables Dy ,,[t]’s and
0,k [t]’s, respectively.

For SBS b,,Vn € B,, we define the states of DDPG
and Dueling DQN for computation-offioading in time slot %,
denoted by O2°[¢] and O;’Ld [t], respectively, as follows:

O [t] £ {hinlt], Dil[t], Zi[t], Ex[t], Eml[t],
Vk € U [t] m € (B(n)NBe) }, (37)
021t £ {ix[t], 1, c.i[T), x,i[t], VE € Uy [t],
zeI,me(B’( )NB.),LeB(n)}.  (38)

Moreover, the corresponding actions of DDPG and Dueling
DQN, denoted by a®[t] and a®'[t], respectively, are defined
as follows:

{a [t] 2 {0,4[t], Drnlt], Vk € Up[t]}, (39)

& Ykt Yk € Unlt], m € B(n)}.  (40)

In Egs. (37)-(38), for effective computation-offloading, O%°[t]
and O%[t] of SBS b, also include the available energy
E,[t] at off-grid SBS b,,, Ym € (B(n)NB.), and/or the
service-caching and usage states, i.e., ¢, ;[T]’s and z, ;[t]’s,
at SBS b,, Vv € B(n). Moreover, notice that SBSs b,,’s in
B, derive a®[t]’s in a specified sequence [27]. Then, in time
slot t, the action a%$[t] taken by a given SBS b, in B, may
influence the serv1ce usage state ,,;[t] of SBS by, Vm S
B(n'). Therefore, x,, ;[t] may take different values in different
on-grid SBSs’ states O9°[t]’s in time slot .

Furthermore, for SBS b,,,Vn € B,, we define the rewards
of DDPG and Dueling DQN in time slot ¢, denoted by r°°[t]
and 7%9[t], respectively, as follows:

a t

Pt E— > (Bp[t] + Efu[t)
keUy,[t]
+ ) (TR +(1=0) > e, @D
kGun[t] mEB(n)
A sz m,1
e Y Z Yot <W) (42)
keUy, [t meB(n

where 75" [t] in Eq. (41) is the computation resource-allocations
reward of SBS b,,, Vm € B(n), which will be defined in the
next subsection, and ¢ € [0,1] is the weight parameter given
in Eq. (21). For SBS b, since the action a®[t] also affects
the computation resource-allocations of SBS b,,,, Vm € B(n),
we also consider 7' [¢] in Eq. (41). By defining r%4[t] given in
Eq. (42), SBS b,, aims to offload user Uy’s task to SBS b,,,
Vm € B(n), which has cached service i[t] but has not utilized
service iz [t] in time slot ¢. The higher 7°9[¢] is, the more users
can select suitable SBSs for task processing. Hence, the total
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reward r[T] given in Eq. (22) will become more and more
large.

When deciding a®[t]’s, the detailed updating process of
DDPG is similar to that in Section III-A. Hence, we only
introduce Dueling DQN in the following. The Dueling DQN
includes two DNNs: the Q network and the target Q net-
work [28]. Based on the observed state O%[t], the Q network
gets an action a%4[t] by adopting the following e-greedy policy:

sl £

d d d d d d :
argmax QO [t], an’s Wi, W Wit ), 1f [t >€
af €Ay

Randomly select an action, otherwise

(43)

where for SBS b,,, A, is the action space of Dueling DQN,
pn(t] € [0,1] is a random value chosen in time slot ¢, and
the Q-function Q%' (O, add; Wi, wd | wi ) is defined as
follows:

od od od od od od
QTL (OTL ) n?w wSV n’de n)

éVn (O%d;w W n) —|—A (OOd od, wod de )

n o Gn Wy s Way n

1
- |.A ‘ Z A O?Lda %dv od wg\(/j,n) (44)

avdeA,

In Eq. (44), Vo (O wdd,wd ) denotes the state-value of
state 0% with network parameters w9 and w ~[28].
A, ((9,01“, add; wdl, Wi ) denotes the action-advantage value
of a"d under state 0% with network parameters w® and

wyl . [28]. Besides, for SBS b,, Vn € By, |A,| is the
cardinality of the action space A, [28].

Selecting a min-batch of transitions (O[¢'], ad[t'], ro%[t'],
Ot +1]) with size ¥ from the replay buffer, for SBS
bn,¥n € By, Dueling DQN updates w®!, w? . and wy
by minimizing the following loss function:

L (e 0,) 2 3 {Z (71 (o

+

av n

od

2
Wttt ) } @s)

a

where in time slot ¢/,

Tl = 0] + @ (O3 + 1@+ 1

~od ~od

~od
o wn) : (46)

2} d ~od  ~od . .
where Q% (O;’Ld, a%d; & ,w(s’v,n,wgv)n) is the Q—functlon of

~od

thed target Q network of Dueling DQN, and w s Wey py and
Wyy.p, are its network parameter vectors. Moreover,
d ((od od, ~od ~od ~od
@%[t'4+1] =argmax QO ((’)0 [t'+1], ap; O Wy s gvn)
ade A,
(47)

is the action of the target Q network in time slot ¢’ obtained
based on state O%[t' + 1]. Dueling DQN minimizes the loss

function L (w?! w‘s’sn,wgs)n) by using the gradient descent
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method. For example, we can update w® by using the follow-
ing operational formula [29]:

W — W™ aqVWdL( Wl w0l ),

sv nsy *av,n

(48)

where a4 € (0,1) is the learning rate of Dueling DQN,

od od od od
vw‘,’fL (wn y Wevinr Wavn sv,n?

) is the gradient of L (w%, w

w§€7n) w.r.t. w®. In addition, every G°d time slots, the target
~od ~od

Q network updates w,, ww ns and @ wdv ,, DY setting w = w%,

~od __od _ ,,,0d

Weyp = Wey , and w wdv n = Way.p» respectively.

If SBS b,, has cached one type of service, e.g., ix[t], required
by user Uy, but Dy, ,,[t] =0 or yp mn[t] =0, Ym € By, n €
B(m), SBS b,, will reset ix[t] to be the unoccupied state in
time slot ¢, i.e., x,, ;, ;¢ [t] = 1. Hence, the value of the number
of times, i.e., ¥y, ;, 14T, that service i [t] is requested at SBS
b, in time frame 7" will be affected. Then, the service-caching
of SBS b, in time frame (7' + 1) may be affected because
service-caching reward r{ given in Eq. (30) is related to
Yy, (4 [T]. Moreover, since the output layer of DDPG uses the
hyperbolic tangent functions as activation functions, each out-
put value of DDPG is within [—1, 1], which is then normalized
to [0, 1]. To guarantee constraint C2, the outputs of DDPG for

On,k[t]’s in af’[t], denoted by o) ’[t]’s, are used to calculate

Ouilt]'s by using Blt] 2 o571t/ (Ser, ol ).
To guarantee constraint C10, for each Uy, we obtain Dy n[t]
in a%[t] by using D, [t] £ 0%, [t]Dy[t], where oy ,[t] s
the output of DDPG for Dy ,[f] and it is used as the task
offloading proportion for Uy.

C. Fast Timescale: Computation Resource-Allocations

Based on the obtained Dy ,[t]’s and yg . m[t]’s, we still
utilize DDPG to derive the computation resource-allocations
variables, i.e., fy, x[t]’s, where each SBS b,,, Vn € B, is treated
as an agent. We define the state, action, and reward of SBS
b,, Vn € B, for computation resource-allocations in time slot
t, denoted by O [t], a$[t], and 7S [t], respectively, as follows:

Ocr {Dk:n ykmn[]7Zk[t}7ik[t]7cnﬂ[T}7 g,m,n[t]ﬂ
Vm € Bg,n € B(m), k € Ly[t],i € T}, (49)
a%r[t] £ {fn,l[t]w"vfn,l([t]}v (50)
and
T:Lr[t] £ Z Z Ellzrmn
me(ByNB(n)) kEUm[t]
+ o D Yl 6D
me(B,NB(n)) keLy[t]
where & [t] £ & [t] + &5, ,[t] is the time consumption

for offloading Dy, [t } bits of user U}’s task data to SBS b,,,
and L,[t] is the set of users for which SBS b,,Vn € B,
needs to provide computing services in time slot . Moreover,
by defining r<'[¢]’s, we can minimize off-grid SBSs’ energy
consumptions while guaranteeing the related constraints C6
and C8 of all SBSs. Accordingly, by defining r°°[¢] in Eq. (41),
we can minimize the energy consumptions of all users and
off-grid SBSs while ensuring that constraints C5-C8 can be
satisfied.
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Input layer Output layer

Hidden layers

O[]y =
O, 1] \ ‘,". [t
u :
R[] i
N
Fig. 3. Structure of the actor network in DDPG for computation resource-

allocations, where ‘O”[t‘ = 59| + |Z). |O%[t]| = 5|Lat]] + |Z], and

R[] = 5 (192 — [£alt]).

However, since the set £, [t] may dynamically change as
time goes on, the dimension of O%[t] given in Eq. (49) may
take different values for different time slots. In reinforcement
learning, DNNs are trained by iteratively updating network
parameters. Since the change of the dimension of OZ[t] may
lead to the change of the number of DNN input layer neurons
and the dimension of DNN parameter set, the network struc-
ture of DNN may change, which in fact leads to the generation
of another DNN. To keep the DNN structure unchanged,
we generate DNNs with the possible maximum number of
input layer neurons. Since one element in state O%[¢] corre-
sponds to one neuron in the DNN’s input layer, the maximum
number of DNN’s input layer neurons is max {|O[t]|} =
max {5|L,[t]|} + |Z| = 5|9 + |Z|. Then, for computation
resource-allocations, we generate DNNs which are shown in
Fig. 3, where we re-define SBS b,,’s state for computation
resource-allocations in time slot ¢, denoted by OS[t], as:

O5lt] = {0511, R5[[1)} (52)
where |O%[t]| =510+ 7| and [R5¢]| = |Og14| - |0514] =
5(|Q| — [La[t]]). Here, R5[t] is used to guarantee that the
number of elements in OS[t] is 5 x || + |Z|, and the values
of elements in R<[t] are set as 0’s so that they do not affect
the outputs of DNNs [30].

In addition, similar to 6, 4[t]’s and Dy ,[t]’s in
Section III-B, we can obtain f, j[t]’s based on the outputs of
DDPG, denoted by o} , [t]’s, by using the following equation:

ERos,ft], i Y o[ <1,
. R k' €Ly [t]
Fuklt] = Q Fp=oglt]
e 2 Gl
K €L [t] o k' €Lnlt]

(53)

where the output value o , [t] of DDPG is normalized to [0, 1].
Specifically, when Zk'ebyl[t] oy 1[t] < 1, to reduce energy
consumption of SBS b,,, we let f, x[t] £ F™0o¢, [¢]. On the
contrary, when > ;e 05 o [t] > 1, t0 satlsfy constraint
C9, we let

Fp ol k1]
2. ol

K €L, [1]

frklt] 2 (54)

Algorithm 1 HMDRL-Based Algorithm for Solving the Opti-
mization Problem in Eq. (21) for Scenarios With SUs

1: Initialize: The network parameter vectors and reply buffers of
all DDPGs and Dueling DQNs.
2: For each episode = 1,2,..., do

3: | Reset the environment.

4: | For each frame T'=1,2,..., do

5: Each SBS b,, chooses action a5, based on state O5,[T'], where
on-grid SBSs choose actions before off-grid SBSs.

6: For each time slot t =1,2,..., do

7: For each on-grid SBS b,,,n=1,2,..., do

8: Choose actions a%[t] and a%[t ] based on states Oy [t]

and O[], respectlvely

9: Get reward 7°%[t] and next state (’)"d[t +1].

10: Store transition (O%'[t], a5'[t], rod[t], O5'[t+1]) in Du-
eling DQN’s replay buffer and sample a mini-batch of
transitions from this buffer.

11: Update the Q network by minimizing the loss function
L (wi, w ., wi ) given by Eq. (45).

12: Update the target Q network every G time slots.

13: End for

14: For SBS b,,,Vn € B, do

15: Choose action a<'[t] based on state O [t], and get reward
r&t] and next state Ot + 1].

16: Store transition (6:{[15}, a[t], v, O [t+ 1]) in

DDPG’s replay buffer for computation resource-
allocations and sample a mini-batch of transitions from
this buffer.

17: Update the actor network by using Eq. (34), and update
the critic network by minimizing the loss function given
by Eq. (32). Also, update the target networks by using
Egs. (35) and (36).

18: End for

19: For SBS b,,Vn € B, do

20: Get reward 7y [t] and next state Oy [t + 1].

21: Update DDPG for computation-offloading by using

methods similar to lines 16 — 17.

22: End for

23: End for

24: For SBS b,,,Vn € B, do

25: Get reward 75, [T] and next state O, [T + 1].

26: Update DDPG for service-caching by using methods
similar to lines 16 — 17.

27: End for

28: | End for

29: End for

For scenarios with SUs, we summarize the HMDRL-based
algorithm to solve the optimization problem specified by
Eq. (21) in Algorithm 1. Notice that in line 7 of Algorithm 1,
for on-grid SBSs b,, and b,,, if n < m, then SBS b,, performs
computation-offloading before SBS b,,.

D. Computational Complexity of Algorithm 1

When performing service-caching, for SBS b, Vn € B,
let H7) and HJ", be the numbers of neurons in the [-th
hidden layer of DDPGs actor network and critic network,
respectively, and L¥' and L{' be the numbers of hidden
layers in DDPGs’ actor network and critic network, respec-
tively. Therefore, in the training process, the complexity in
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STNYW Q|08 HE + §j L HE A HE |
neB
Ly
HHS (|08 +1as | ]+ H S H® + HS o v |
=2
(55)

where |Of | and |a$,| are the cardinality of SBS b,,’s state O,
and action a;,, respectively, IV is the number of frames in each
episode, Y is the number of episodes, and W is the mini-batch
sampling size given in Eq. (32). Similarly, we can analyze the
computational complexities for computation-offioading and
computation resource-allocations.

IV. JOINTLY OPTIMIZING COOPERATIVE
SERVICE-CACHING, COMPUTATION-OFFLOADING, AND
RESOURCE-ALLOCATIONS FOR SCENARIOS WITH MUS

We extend the work in Section III to more realistic sce-
narios with MUs, where each MU moves with a certain
trajectory at a low speed within the considered area. When
taking into account user mobility, since the set U,[t| may
dynamically change, the dimensions of actions a°[t] and
a%d[t] and states O%[t] and O%[¢] in computation-offloading
may dynamically change as time slot ¢ changes. Hence, for
computation-offloading, the network structures of DNNs built
in Section III-B may dynamically change.

Thus, similar to Section III-C, we generate DNNs with
the number of input layer neurons being max {|OX[t]|} =
max {4 |U,[t]|} + |B(n)NBe] = 4|92 + |[B(n)NB| and
the number of output layer neurons being max {|a®[t]|} =
max {2 [U,[t]|]} = 2|Q| to obtain Dy ,[t]’s and 0, x[t]’s
in a2°[t]. Similarly, we generate DNNs with the number of
input layer neurons being max {|O%[t]|} = max {[U4,[t]|} +
1B(n) N Be| +2[B(n)|Z] = || + |B(n) N Be| +2[B(n)] |Z]
and the number of output layer neurons being max { |a"d | }—

max {|U,[t]|} = |Q| to obtain yy . m[t]’s in a[t]. Accord-
ingly, for SBS b, Vn € B,, we define the sets of input states,
denoted by O°[t] and @%]¢], respectively, and output actions,
denoted by a°°[t] and a%[t], respectively, for scenarios with
MUs in time slot ¢ as:

{@mw@mnﬂn (56)
O[] & {0, R[]} (57)
and
{WMéwmmmmm (58)
ay'[t) = {a)'[t], R[]} (59)
where
O51t]| = 4121 + 1B(n) N B.l, (60)
O31t)| = 191+ 1B(n) N Bl +2(B)| 1T, (6
@il =21, (62)

|a'[t]] 192 . (63)
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Similar to RE[t], the sets RSC[ ], RI[t], R [t] and R[t] are
used to keep ‘(5%[ o4t [at]
stants, respectively. Moreover, we set the Values of elements
in R[t] and R$I[t] as 0’s, and the elements in R*[t] and
R[t] are not utilized to calculate Dy ,[t]’s and 6, x[t]’s in
a%[t] and Y m[t]’s in a®i[t].

Moreover, unlike Section III-B, we derive discrete variables
Ykn,m[t]’s by using DDPG instead of Dueling DQN. This
is because if Dueling DQN is leveraged, the dimensionality
of the action space grows exponentially with the number of
users. Similar to Section III-B, the output values of DDPG
are normalized to [0, 1]. At SBS b, to obtain yy ,, »,[t]’s for
user Uy, Vk € U,]t], the interval [0,1) is evenly divided
into |B(n)| + 1 intervals, with each corresponding to one
choice, i.e., local computing at user U, or data offloading
to one SBS b,,,,Vm € B(n). Specifically, user U or each
of SBS b,,,¥Ym € B(n), is assigned an index number. If

) [l

| as con-

o m X (IB(n)[ +1)| is equal to the index number of one

SBS b,,,, Ym € B(n), we set yi ».m[t] = 1; otherwise we set
ZmeB(n) Yim.m[t] = 0 and user Uj, processes task by itself,
where |-| denotes the floor function.

In addition, since the dimensions of each SBS b,,’s state
O¢[T] and action af [T are not affected by the mobility of
users, the cooperative service-caching scheme among SBSs for
scenarios with MUs is the same as that for scenarios with SUs.
While for computation resource-allocations of SBSs, since
the dimension of L, [t] always dynamically changes whether
or not user mobility is taken into account, the computation
resource-allocations scheme proposed in Section III can still
be used for scenarios with MUs. Then, for scenarios with
MUs, we can develop an HMDRL based algorithm as shown
in Algorithm 2 to solve the problem given in Eq. (21).

V. PERFORMANCES EVALUATIONS

SBSs and users are distributed in a 50 m x 50 m area.
Unless otherwise stated, for each user Uy, we take fr =
10° Hz and the penalty parameters @i = " = —0.02 in
Eqgs. (23) and (25), respectively. Besides, we take F'™* =
10'° Hz for SBS b,, Vn € B, and the penalty parameter
¢S = —0.02 in Eq. (27) for off-grid SBS b,, Vn € B..
Moreover, for SBSs b, and b,,, Vn € By, m € B(n), and
user Uy, Vk € U, [t], we set the transmit power from user Uy
to SBS b, as Py ,[t] = 0.05 W and the penalty parameter
Solli,n,m = —0.02 in Eq. (24). Also, in large-scale fading
hi.n[t], we take the antenna gain Ay = 4.11, the carrier
frequency f. = 915 MHz, and the path loss exponent d. = 2.8.
We take the noise power o2 = 1072 W, the effective switched
capacitance v = 1072%, and the weight parameter ¢ = 0.9 in
Eq. (21), and set the spatial densities of on-grid SBSs, off-grid
SBSs, and users as A, = 0.0016/m?, A\ = 0.0048/m?, and
p = 0.0048/m?, respectively. In addition, for all users, the
data input size and the number of CPU circles required per
bit follow uniform distribution with Dy [t] € [1 x 10°,2 x 10°]
bits and Zi[t] € [7.5 x 102,10%] cycles/bit, respectively.
Furthermore, we take the average total reward as the average
value of total rewards r[T]’s defined in Eq. (22) over 20 time
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Fig. 4.

Convergence performance comparisons: (a) Average total reward for scenarios with SUs; (b) Sum of weighted energy consumption for scenarios

with SUs; (c) Average total reward for scenarios with MUs; (d) Sum of weighted energy consumption for scenarios with MUs.

Algorithm 2 HMDRL-Based Algorithm for Solving the Opti-
mization Problem in Eq. (21) for Scenarios With MUs

1: Initialize: The network parameter vectors and reply buffers of

all DDPGs.

2: For each episode = 1,2,..., do
3: | Reset the environment.
4: | For each frame T'=1,2,..., do
5: SBS by, Vn € B, chooses action a5, [T'] based on state O5, [T]
similar to Algorithm 1.

6: For each time slot t = 1,2,..., do

7: For each on-grid SBS b,,n =1,2,..., do

8: Choose actions a%[t] and a%[t] based on states O[]
and O%[t], respectively.

9: Get reward r2[t] and next state O%[t + 1].

10 Update DDPG for obtaining @°’[¢] in computation-

offloading similar to lines 16 — 17 of Algorithm 1.
11: End for
12: For SBS b,,,Vn € B, do

13: Choose action aZf[t] based on state O%[t], and get reward

r<[t] and next state O [t 4 1].

14: Update DDPG for computation resource-allocations
similar to lines 16 — 17 of Algorithm 1.

15: End for

16: For SBS b,,V € B,, do

17: Get reward r°[t] and next state Ot + 1].

18: Update DDPG for obtaining @y [t] in computation-

offloading similar to lines 16 — 17 of Algorithm 1.
19: End for

20: End for

21: For SBS b,,,Vn € B, do

22: Get reward 75 [T] and next state O, [T + 1].

23: Update DDPG for service-caching by using methods
similar to lines 16 — 17 of Algorithm 1.

24: End for

25: | End for

26: End for

frames (one episode), where each frame consists of w =
50 time slots. To evaluate the performances of our proposed
schemes Algorithms 1-2, we also consider the following
baseline schemes:

e Random Service-Caching: This scheme leverages random
service-caching policies.

e Single DDPG-Based Offloading: In computation-
offloading, each on-grid SBS b, uses a single
DDPG to decide the discrete variables yj . m[t]’s
and the continuous variables 0, x[t]’s and Dy ,[t]’s
simultaneously.

e MBS-Based Offloading: MBS acts as an agent which
collects information from all users and SBSs to simul-
taneously decide Y n m[t]’s, On k[t]’s, and Dy ,[t]’s for
all users and SBSs [31]. But, MBS does not provide
computing services to users.

e Local Information-Based Offloading: Each on-grid SBS
b, also uses the states and actions of on-grid SBSs in
the set (B(n) \ {n}) to train its own network parameters,
e.g., w4, similar to [32].

e DDQON-Based Offloading: This scheme uses Double Deep
Q Network (DDQN) instead of Dueling DQN to decide
discrete variables Yy 5 m[t]’s.

We first compare the convergence performances of
Algorithms 1-2 and the above-mentioned schemes in Fig. 4,
where each episode consists of multiple frames. Analyzing
Fig. 4, we can observe that Algorithm 1 reaches convergence
within about 40 episodes, while Algorithm 2 can reach
convergence within about 50 episodes. But, the average total
reward and sum of weighted energy consumption for each of
the above-mentioned baseline schemes first converge and then
oscillate over relatively wide ranges. Fig. 4 also shows that the
average total reward of our proposed schemes Algorithms 1-2
are larger than those of the baseline schemes, while the sums
of weighted energy consumptions of Algorithms 1-2 are
lower than those of the baseline schemes. In particular, com-
pared with Random Service-Caching, it is necessary to decide
service-caching for all SBSs based on cooperative service-
caching. Besides, in MBS-Based Offloading, it is unreasonable
to let MBS function as an agent to collect state information
from all users and SBSs and make computation-offloading
decisions for them. This is because it is challenging for
MBS to extract featuring information about each user or
SBS from too much state information. Instead, each on-grid
SBS b, should act as an agent to collect its own related
information and decide the computation-offloading policies
for itself and related users. Moreover, in Local Information-
Based Offloading, each on-grid SBS b, does not need to
take into account too much states and actions information
about on-grid SBSs in the set (B(n)\ {n}). The reason
for this is that when training neural network parameters to
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Fig. 5. Convergence performance comparisons of Algorithms 1-2 with
AC-Based Scheme, A2C-Based Scheme, and TD3-Based Scheme: (a) Average
total reward for scenarios with SUs; (b) Average total reward for scenarios
with MUs.

make computation-offloading decisions, it is also difficult for
SBS b,, to extract its relevant featuring information from too
much collected information. Besides, compared with Single
DDPG-Based Offloading, it is necessary to decide the discrete
variables yi . [t]’s and the continuous variables 6, 5 [t]’s and
Dy, »[t]’s separately in computation-offloading and evaluate
their values based on different reward functions. In addition,
compared with DDQN-Based Offloading and Algorithm 2 for
SUs, we can know that Dueling DQN can find more suitable
Yk,n.m[t]’s than DDPG and DDQN.

Figure 5 compares the convergence performances of
Algorithms 1-2 with some other mainstream algorithms,
i.e., AC-Based Scheme, A2C-Based Scheme, and TD3-Based
Scheme, which use Actor-Critic (AC), Advantage Actor
Critic (A2C), and Twin Delayed Deep Deterministic pol-
icy gradient (TD3), respectively, instead of DDPG to
decide service-caching variables ¢, ;[T]’s, offloading vari-
ables Dy, »[t]’s and 6, x[t]’s, and resource-allocation vari-
ables f, x[t]’s. The results observed in Fig. 5 show that
Algorithms 1-2 can achieve the best convergence perfor-
mances for scenarios with SUs and MUs, respectively. This
is due to the fact that AC-Based Scheme and A2C-Based
Scheme do not incorporate the techniques of experience replay
and target networks when training neural networks [33] [34].
Moreover, TD3 is more suitable for dealing with complex
optimization problems with high-dimensional state and action
spaces, because of the utilization of a double Q-network
and delayed updates which avoid the overfitting to the cur-
rent policy [35]. In this paper, we simplify the considered
complex optimization problem by first decomposing it into
service-caching sub-problems, offloading sub-problems, and
resource-allocation sub-problems, and then utilizing multiple
agents to find solutions to these sub-problems through the
cooperations. In this case, the relatively simpler method of
DDPG is easier and more efficient to converge and find
more effective solutions. Fig. 6 shows the convergence range
of average total reward caused by Algorithms 1-2. Similar
to [36], the results are obtained by running Algorithms 1-2
with 6 different random seeds which determine system channel
fading gains, each user’s data size and required services, etc.,
in each time slot. The Mean and Median are the average
and middle values of the results over the 6 random seeds,
respectively. Besides, the shaded area shows the range between
the maximum and minimum values of the results over all
6 random seeds. From Fig. 6, we can observe that the
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Fig. 6. Convergence range of average total reward: (a) Average total reward
of Algorithm 1; (b) Average total reward of Algorithm 2.

S

g 7 | [ Algorithm 1 without communication overhead|

Z " | |——Algorithm 1 with communication overhead ~ 0.9

£ 1

z0 2

£ 5085

2 s os z

% A "M&mgyh =

Saf ™ < 08

g :

=3l 02 2

2° 2075

E[/ 0.2 £

g2 S

< 200 220 240 260 280 ~ 07

S 2 26 [——Algorithm 1 with communication overhead|
E

70 0.65

0 50 100 150 200 250 300 0 50 100 150 200 250 300
Episode Episode
(@) (b)

Fig. 7.  Performances of Algorithm 1 with and without communication

overhead considerations: (a) Sum of weighted energy consumption; (b) Com-
munication overhead.

average total reward functions of Algorithms 1-2 oscillate
within the constrained range while still capturing their random
characteristics.

Figure 7 shows the performances of Algorithm 1 with and
without communication overhead considerations, where the
communication overhead occurs when offloading data from
one SBS to another [37]. When considering communication
overhead, the optimization objective of the problem formulated
in Eq. (21) becomes:

@anl}rjl-‘D Z ZEk Z Z Eg”[ﬂ
R kEQ neBy k€U, [t]
1D Z By mlt]
n€Bg keU,, [t] me(B(n)NB.)
= > > D ramlld)]p 64

nEB, k€U, [t] mE(B(n)NBe)

where ¢ is the communication overhead when SBS b,,,Vn €
B, offloads user Uy’s, Vk € U, [t], task data to SBS b,,,, Vm €
(B(n)N B.), and € is a weight parameter that balances the
sum of weighted energy consumption and the communication
overhead. From Fig. 7(a), we can observe that the sums of
weighted energy consumptions are almost the same whether
or not we consider the communication overhead. This is
because to reduce energy consumption for off-grid SBSs and
communication overhead among SBSs, each on-grid SBS will
try to process the offloading tasks of users by itself as much
as possible. Just as shown in Fig. 7(b), the communication
overhead becomes smaller and smaller as the training episode
increases. Also, to reduce interference among users accessing
different SBSs, we consider bandwidth allocations specified
by constraint C2 instead of subcarrier allocations developed
in [38] for users in each SBS. From Fig. 8, we observe that
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Fig. 8. Sum of weighted energy consumption of Algorithms 1-2 for

bandwidth allocations and subcarrier allocations: (a) Sum of weighted energy
consumption of Algorithm 1; (b) Sum of weighted energy consumption of
Algorithm 2.
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Fig. 9. Convergence performance comparisons between Algorithm 2 and

Two-Layer Baseline: (a) Average total reward; (b) Sum of weighted energy
consumption.

Algorithms 1-2 can always achieve satisfactory convergence
performances no matter whether we employ bandwidth alloca-
tions or subcarrier allocations. Moreover, the sums of weighted
energy consumptions obtained when considering bandwidth
allocations are almost the same as those when considering
subcarrier allocations. Therefore, by bandwidth allocations, the
interference among different SBSs can also be significantly
reduced.

In Fig. 9, we compare the convergence performances
of Algorithm 2 and a Two-Layer Baseline, which first
decides service-caching in each frame and then decides
computation-offloading and computation resource-allocations
in each time slot simultaneously. Analyzing Fig. 9, we can
observe that Algorithm 2 performs much better than
Two-Layer Baseline. This is because in Algorithm 2
when performing computation resource-allocations, each SBS
has already known the computation-offloading policies of
nearby users, while in Two-Layer Baseline SBSs need to
decide computation-offloading and resource-allocations simul-
taneously. Fig. 10(a) shows the average total reward of
Algorithm 1 versus the learning rate o (see Eq. (48)) of
Dueling DQN, and Fig. 10(b) shows the average total reward
of Algorithm 2 versus DDPG’s learning rate ob, in Eq. (34).
Analyzing Fig. 10(a), we can observe that Algorithm 1 may
fail to converge and the average total reward is very small
when af takes a large value, e.g., a4 = 0.1. Similarly, when
ab, takes a relatively large value, e.g., ab, = 0.001, the
average total reward caused by Algorithm 2 is also very small.
On the contrary, when a4 or of, takes a small value, e.g.,
ad = 0.0001 or ab, = 0.00001, the convergence speed of
Algorithm 1 or Algorithm 2 becomes relatively low. Hence,
we should choose suitable o4 and oy, e.g., a4 = 0.001 and
ab, = 0.0001.
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Fig. 10. Average total reward of Algorithms 1-2 versus different learning rate
parameters: (a) Average total reward of Algorithm 1 versus Dueling DQN’s
learning rate a9; (b) Average total reward of Algorithm 2 versus DDPG’s
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Fig. 11. Sum of weighted energy consumption versus the average distance,
e.g., denoted by dy g, between users and their nearest on-grid SBSs.

Figure 11 shows the sum of weighted energy consumption
of Algorithm 1 versus the average distance, e.g., denoted by
dy,¢, between users and their nearest on-grid SBSs. It can be
seen that the smaller d, ¢ is, the lower the sum of weighted
energy consumption is. This is because the smaller d, ¢ is,
the higher the uplink transmission rate Ry ,[t] from user
Uy to its nearest on-grid SBS b, is. Consequently, user
Uy consumes lower energy for data transmission. Moreover,
Fig. 11 also shows the sum of weighted energy consumption
of Algorithm 2 for scenarios with MUs. We can see that
the sum of weighted energy consumption of Algorithm 2 is
much higher than that of Algorithm 1, even if d,, takes a
much smaller value in Algorithm 2. The reason for this is
that during movement the distance between user Uy and its
nearest on-grid SBS in time slot ¢ may become very large.
Hence, user Uy needs to consume much more energy for data
transmission.

Figure 12 plots the sum of weighted energy consumption
versus the density of off-grid SBSs, i.e., A, and the density
of users, i.e., p. Analyzing Figs. 12(a) and 12(c), we can
observe that the sums of the weighted energy consumptions
of Algorithms 1-2 and the baseline schemes except for
Single DDPG-Based Offloading decrease as ). increases.
Moreover, the sums of weighted energy consumptions imposed
by Algorithms 1-2 are always lower than those imposed by
all baseline schemes whatever ). is. In addition, we can see
from Figs. 12(b) and 12(d) that the sum of weighted energy
consumption increases as p increases. When p takes small
values, there is no significant difference between the sums
of weighted energy consumptions caused by Algorithms 1-2
and those caused by the baseline schemes. However, when p
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takes a relatively large value, the sums of weighted energy
consumptions caused by Algorithms 1-2 are much lower than
those imposed by the baseline schemes.

For scenarios with MUs, Fig. 13 plots the task processing
energy consumption of on-grid SBSs versus on-grid SBS
b,’s transmit power P,, where in Only On-grid SBSs-Based
Scheme all SBSs all powered by electric grid. From Fig. 13,
it is evident that the energy consumption of on-grid SBSs
imposed by Only On-grid SBSs-Based Scheme is significantly
higher than that caused by Algorithm 2, where off-grid SBSs,
powered by solar and RF-energy, can also help users process
tasks. Moreover, Fig. 13 also shows that with the increase
of P,, the task processing energy consumption of on-grid
SBSs imposed by Algorithm 2 decreases. This is because
as P, increases, off-grid SBSs can harvest more RF-energy to
help users process tasks. Therefore, off-grid SBSs, powered by
solar and RF-energy, can indeed help to significantly reduce
the energy consumption of on-grid SBSs.

Also, for scenarios with MUs, Fig. 14 shows the sum of
weighted energy consumption versus the weight parameter
¢ which balances the energy consumptions of users and
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off-grid SBSs. It is obvious that the sum of weighted energy
consumption decreases as ( increases. This is because the
larger ( is, the more tasks are offloaded to SBSs for processing.
Hence, the energy consumption of users can be significantly
reduced, which then reduces the sum of weighted energy
consumption of users and off-grid SBSs. For example, when
¢ = 0.60, the average task offloading rate is 88.99%, the
energy consumptions of users and off-grid SBSs are 0.95 J
and 2.58 J, respectively, and the sum of weighted energy
consumption is 1.60 J. When ( = 0.90, the above values
become 96.71%, 0.37 J, 2.90 J, and 0.62 J, respectively.
Figure 15 plots the average total reward caused by
Algorithm 2 under the non-linear EH and linear EH models
versus the transmit power P, of on-grid SBS b,,. For off-grid
SBS b,,, we take its battery capacity E** = 0.05 J. From
Fig. 15, we can see that the average total reward increases with
the increase of P,, since users and off-grid SBSs can harvest
much more energy as P,, increases. Moreover, when P,, takes
a relatively small value, e.g., P, = 0.01 W, the average total
reward obtained under the non-linear EH model is larger than
that obtained under the linear EH model. However, when P,
takes a relatively large value, e.g., P,, = 0.025 W, the average
total reward obtained under the non-linear EH model is lower
than that obtained under the linear EH model. This is due to the
fact that in the linear EH model the harvested energy of user
Uy, or off-grid SBS b,, is linearly proportional to the received
RF power. In the non-linear EH model, although the harvested
energy of user Uy or off-grid SBS b, also increases as the
received RF power increases, it cannot exceed the maximum
harvested power My of Uy or M, of b,,. Hence, when P,
increases beyond a certain value, the harvested energy under
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Fig. 16. Sum of weighted energy consumption for scenarios with MUs versus
computation-offloading sequence of on-grid SBSs.

the non-linear EH becomes much lower than that obtained
under the linear EH.

For scenarios with MUs, Fig. 16 depicts the sum
of weighted energy consumption versus the computation-
offloading sequence of on-grid SBSs, where the values below
the X-axis, e.g., 0123, 3210, are the specified computation-
offloading sequences of on-grid SBSs while random indi-
cates the random computation-offloading sequence. Analyzing
Fig. 16, we can see that although the sum of weighted energy
consumption for each scheme fluctuates within a certain range,
the fluctuation range of Algorithm 2 is relatively small.
That is, the computation-offloading sequence of on-grid SBSs
does not have significant effects on the performances of
Algorithm 2.

VI. CONCLUSION

We proposed the cooperative service-caching, computation-
offloading, and resource-allocations schemes for EH/MEC-
based 6G UDNs, where a large number of EH-based
SUs or MUs and a mixture of on-grid SBSs and off-
grid SBSs coexist. First, under a non-linear EH model,
we developed a two-timescale based joint cooperative service-
caching, computation-offloading, and resource-allocations
scheme based on HMDRL. Using HMDRL, we derived SBSs’
cooperative service-caching policies in each frame, and then
derived users’ and SBSs’ computation-offloading policies and
SBSs’ computation resource-allocations policies in each time
slot. Second, we extended our work to scenarios with MUs.
Finally, we validated and evaluated the performances of our
proposed schemes through the extensive simulations.
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