
SELECTED PAPERS FROM IEEE ICCT 2023

Multilayer Satellite Network Collaborative Mobile Edge
Caching: A GCN-Based Multi-Agent Approach

Yang Jie1, He Jingchao1, Cheng Nan1,*, Yin Zhisheng1, Han Dairu2, Zhou Conghao3, Sun Ruijin1

1 School of Telecommunications Engineering, Xidian University, Xi’an 710071, China
2 School of Electronic and Optical Engineering, Nanjing University of Science and Technology, Nanjing 210000, China
3 Department of Electrical and Computer Engineering, University of Waterloo, Waterloo ON N2L 3G1, Canada
* The corresponding author, email: dr.nan.cheng@ieee.org

Cite as: J. Yang, J. He, et al., “Multilayer satellite network collaborative mobile edge caching: A gcn-based multi-agent approach,”
China Communications, 2024, vol. 21, no. 11, pp. 56-74. DOI: 10.23919/JCC.fa.2024-0216.202411

Abstract: With the explosive growth of high-
definition video streaming data, a substantial increase
in network traffic has ensued. The emergency of mo-
bile edge caching (MEC) can not only alleviate the
burden on core network, but also significantly im-
prove user experience. Integrating with the MEC and
satellite networks, the network is empowered popu-
lar content ubiquitously and seamlessly. Addressing
the research gap between multilayer satellite networks
and MEC, we study the caching placement problem
in this paper. Initially, we introduce a three-layer dis-
tributed network caching management architecture de-
signed for efficient and flexible handling of large-scale
networks. Considering the constraint on satellite ca-
pacity and content propagation delay, the cache place-
ment problem is then formulated and transformed into
a markov decision process (MDP), where the con-
tent coded caching mechanism is utilized to promote
the efficiency of content delivery. Furthermore, a
new generic metric, content delivery cost, is proposed
to elaborate the performance of caching decision in
large-scale networks. Then, we introduce a graph
convolutional network (GCN)-based multi-agent ad-
vantage actor-critic (A2C) algorithm to optimize the
caching decision. Finally, extensive simulations are
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conducted to evaluate the proposed algorithm in terms
of content delivery cost and transferability.
Keywords: cache placement; coded caching; graph
convolutional network (GCN); mobile edge caching
(MEC); multilayer satellite network

I. INTRODUCTION

With the surge in Internet of Things (IoT) devices and
the evolution of 6G technology, the demand for net-
work traffic has experienced unprecedented growth.
Ericsson’s forecast indicates that by 2030, global net-
work traffic could increase by 5 to 10 times the current
volume. This surge not only imposes higher require-
ments on bandwidth, but also exacerbates issues re-
lated to network latency and energy consumption. To
mitigate these issues, mobile edge computing (MEC)
technology has been proposed to enhance the service
capabilities of cellular networks. By caching popu-
lar content at the network edge, MEC alleviates the
load on the core network and reduces content retrieval
latency, significantly improving the quality of experi-
ence (QoE) for users [1]. However, in geographically
complex or remote areas, such as oceans, deserts, ru-
ral regions, and mountainous zones [2], the placement
of traditional edge base stations (BSs) is limited and
struggles to meet the expectations of 6G networks for
massive connectivity and low-latency communications
[3].
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Multilayer satellite networks, particularly those in
low Earth orbit (LEO), offer a viable solution for net-
work coverage in remote regions [4, 5]. LEO satel-
lite networks have garnered attention due to their ex-
tensive coverage and reduced communication latency.
These attributes not only enhance global connectivity,
but also support a diverse range of applications, from
IoT placements to emergency disaster response. De-
spite the considerable potential of LEO satellite net-
works, their utilization in remote regions remains low,
attributed to the sparse population and limited demand
for caching services. Therefore, it is imperative to
fully leverage the caching resources of the global LEO
satellite network to balance network load and alleviate
traffic congestion. When integrated with MEC tech-
nology, LEO satellite networks can ensure continuous
and efficient network services even in the most iso-
lated regions [6].

Furthermore, the global demand for data traffic is
highly uneven, predominantly concentrated in densely
populated hotspot areas. In these zones, traditional
base stations are often required to cache popular con-
tent at multiple locations due to frequent user requests
for the same material, leading to suboptimal utiliza-
tion of caching resources. LEO satellite networks,
by deploying MEC servers on satellites, can cover a
much broader area than terrestrial BSs [7], with a sin-
gle satellite like Starlink providing coverage ranging
from 350 to 1100 kilometers, far exceeding the 1 to 3
kilometers range of 4G BSs. Consequently, position-
ing MEC servers on LEO satellites can offer caching
services to a wider user base, significantly enhancing
cache efficiency. Additionally, the content demands of
users within different LEO satellite coverage areas can
be relayed through inter-satellite links (ISLs), facilitat-
ing multi-hop transmission. This not only optimizes
the use of caching and transmission resources but also
reduces the latency of content delivery, fulfilling the
requirements for instantaneous communication.

Although LEO satellite networks equipped with
MEC servers can expand the range of caching ser-
vices and enhance resource utilization, there are sev-
eral new challenges associated with cache placement
in such networks [8]. Firstly, the highly dynamic
topology of LEO satellite networks results in frequent
handovers between users and LEO satellites, lead-
ing to the redundant transmission of the same con-
tent and consequent consumption of link resources.

Secondly, the limited cache capacity at LEO satellite
nodes cannot satisfy all user demands. Thirdly, ex-
isting satellite network cache placement optimization
algorithms do not consider the unique structural char-
acteristics of satellite networks. Addressing these is-
sues, in our work [9], we propose a centralized caching
management architecture centered around geostation-
ary Earth orbit (GEO) satellites. This architecture op-
timizes the utilization of the entire cache resources of
the LEO satellite network by transmitting cached con-
tent to other satellites in the network via ISL. Subse-
quently, we integrated graph convolutional networks
(GCN) and reinforcement learning to extract network
features and optimize cache placement. While this ap-
proach mitigates the caching management challenges
in LEO satellite networks to a certain extent and en-
hances cache efficiency, centralized management still
presents limitations for the needs of future large-scale
satellite network management. Furthermore, there is a
need to further reduce content retransmissions caused
by dynamic topology changes.

Consequently, the aim of our paper is to investigate
the cache placement issue in dynamic LEO satellite
networks. We propose a multilayer distributed cache
management architecture to enable autonomy within
subnetworks and effective collaboration across them,
ensuring the network can adapt to the demands of var-
ious application scenarios. Considering the limita-
tions of cache capacity, we further introduce an op-
timization problem aimed at adjusting the placement
of cached content, while also incorporating a con-
tent encoding mechanism to enhance transmission ef-
ficiency. To overcome the shortcomings of existing
algorithms that inadequately account for the dynamic
topology of satellite networks, we also propose an ef-
ficient optimization algorithm. This algorithm is ca-
pable of adapting to the network’s dynamic changes,
achieving optimal cache decisions, thereby reducing
unnecessary data transmission and resource wastage,
and accelerating content delivery to users. The main
contributions of this paper are summarized as follows:

• We propose a three-layer distributed network
cache management architecture that supports soft-
ware defined network (SDN)/network functions
virtualization (NFV). LEO satellites equipped
with MEC servers constitute multiple LEO satel-
lite distributed autonomous domains (DADs).
Medium Earth orbit (MEO) satellites manage and
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coordinate these LEO satellite DADs in a dis-
tributed manner, while GEO satellites are aware
of the network state and user demands, issuing
control information to MEO satellites. This re-
sults in an intelligent service model that combines
centralized management within DADs and dis-
tributed management across them.

• To mitigate the transmission costs under the con-
straints of limited LEO satellite cache capacity
and dynamic network topology, we have formu-
lated an optimization problem for cache place-
ment. This problem is further transformed into a
markov decision process (MDP), wherein a con-
tent encoding caching mechanism is employed to
enhance the efficiency of content transmission.
Building upon this, we propose a GCN-based
multi-agent advantage actor-critic (A2C) cache
placement (GMACP) algorithm, which makes de-
cisions on the placement of popular content under
non-standardized and non-uniform distribution of
content requests.

• We propose a novel breadth-first search (BFS)-
based approach for evaluating cache placement
strategies in LEO satellite networks, termed con-
tent delivery cost. Extensive simulation results
demonstrate that the proposed GMACP algorithm
effectively reduces network caching resource con-
sumption compared to other benchmark algo-
rithms. Furthermore, we have investigated the im-
pact of varying numbers of LEO DADs on per-
formance, as well as the transferability of the pro-
posed algorithm, thereby laying a foundation for
future research on distributed caching.

The remainder of this paper is organized as follows.
Section II provides an overview of related works. Sec-
tion III describes the system model for the distributed
caching network architecture, the content model, and
elaborates on the optimization problem of cache place-
ment strategies. In Section IV, we detail the process
of modeling the optimization problem as an MDP and
the optimization of cache placement strategies using
the GMACP algorithm. Numerical results that demon-
strate the efficacy of the proposed algorithm are pre-
sented in Section V. Finally, the paper is concluded in
Section VI.

II. RELATED WORKS

In the context of network management architectures,
existing studies have favored the use of hierarchical
network structures to cope with the management of
complex, dynamic, and large-scale networks. In [10],
authors introduce a two-layer spatial information net-
work architecture, where control functions are dis-
tributed across various nodes, including GEO satel-
lites, data centers, and satellite gateways, with other
network nodes forming the data plane. Similarly, in
[11], LEO satellites are grouped and managed in clus-
ters, adopting a distributed network architecture within
each cluster. A centralized controller, deployed at the
ground station data center, manages the LEO clus-
ters. In [12, 13], authors propose a multi-domain
SDN integrated space-terrestrial network architecture
based on multi-layer networks, where the manage-
ment plane consists of GEO satellites equipped with
SDN super-controllers, and MEO satellites with stan-
dard SDN controllers centrally manage the LEO satel-
lites that form the data plane. In [14], GEO satel-
lites are designated as domain controllers, and ex-
tended OpenFlow-enabled LEO (SD-LEO) satellites
are divided into different domains according to the
coverage area of the GEO satellites. GEO satellites
can manage these SD-LEO satellites. In [15], authors
provide a novel perspective, suggesting that satellite-
unmanned aerial vehicle (UAV) networks can offer on-
demand communication services by integrating task-
level dependencies and robotic collaborative opera-
tions, thereby allocating resources in a task-oriented
manner. However, these network management archi-
tectures have not fully considered the diverse con-
tent requirements and the coordination mechanisms
between DADs, leading to inefficient content man-
agement schemes. There is an urgent need for a
lightweight and efficient intelligent collaborative sys-
tem architecture.

Due to the limited caching capacity, caching all
content on edge nodes is impractical. Hence, the
caching strategy under limited resources is indispens-
able. To satisfy users’ QoE requirements, current stud-
ies primarily employ conventional learning methods to
solve optimization problems. the authors in [16] pro-
pose a cooperative transmission scheme in integrated
satellite-terrestrial networks (ISTNs) to minimize the
average file transmission delay by jointly optimizing
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cache placement and content scheduling. In [17],
caching placement and power allocation are optimized
jointly in LEO satellite-terrestrial networks. In [18],
authors investigate the problem of joint cache place-
ment and cooperative multicast beamforming to pro-
vide content-centric data services for mobile users in
the ISTN. Addressing the constraint of limited cache
capacities, [8] formulates the content placement prob-
lem to minimize the average content retrieving delay
for users. In [19], the authors developed a cooper-
ative caching placement scheme based on a satellite
weighted time-varying graph, which caches content
proportionally along the data transmission path, effec-
tively enhancing the efficiency of content distribution.

As artificial intelligence (AI) technology matures
and becomes more widespread, its potential in solving
optimization problems is increasingly evident. The ar-
ray of advantages that AI methods offer in addressing
optimization challenges, such as adaptability to uncer-
tainty, efficient parallel computation, and the capabil-
ity to handle large-scale datasets, has introduced new
perspectives to the research field. Particularly in the
context of content caching optimization, these advan-
tages offer researchers novel tools and methods to ex-
plore more efficient and intelligent solutions. In [20],
a hierarchical deep Q learning (HDQL) algorithm is
introduced to minimize long-term overall content de-
livery delay. In [21], a SDN-based ISTN architecture
is proposed by to jointly manage the routing, caching,
and computing resources in networks. To address the
challenges of low cache efficiency in satellite network
nodes, a deep learning-enabled file popularity-aware
caching replacement mechanism is proposed in [22].
This mechanism aims to enhance file distribution ef-
ficiency within the satellite-integrated content-centric
network (SCCN). In [23, 24], the authors employ re-
inforcement learning (RL) techniques for cache place-
ment to achieve reduced placement latency and maxi-
mize the energy efficiency of terrestrial satellite net-
works. Taking into account the current state of re-
search, the utilization of a learning-based edge caching
scheme is viewed as a promising strategy for improv-
ing network efficiency [25].

However, given the complexity of large-scale LEO
satellite networks, traditional algorithms face limita-
tions in their applicability and computational com-
plexity when dealing with cache placement issues.
Additionally, while RL techniques have made cer-

tain advancements in optimizing cache resources, they
have not fully accounted for the unique structural in-
formation of LEO satellite networks, resulting in di-
minished performance in dynamic network topologies
[26]. For example, conventional network architectures
such as convolutional neural networks (CNNs) are
primarily tailored for two-dimensional data structures
and fail to adequately capture the features of the com-
plex, multi-dimensional structures inherent in LEO
satellite networks. By contrast, the advent of graph
neural networks (GNNs) provides a novel approach
for the feature extraction of multi-dimensional data,
which is conducive to adapting to the dynamic vari-
ations in satellite network conditions [27–29]. Con-
sequently, this study introduces a multi-agent RL al-
gorithm based on GCNs designed to optimize cache
placement within a hybrid centralized and distributed
cache management architecture. The objective is to
harmonize cache locations with the satellite network
topology in order to boost the overall caching effi-
ciency of MEC.

III. SYSTEM MODEL

Figure 1 illustrates the proposed three-layer dis-
tributed network caching management architecture
that supports SDN/NFV, comprising a cache control
plane & intelligent plane, a data plane, and a user
plane. MEO and GEO satellites, due to their higher or-
bital positions, are capable of covering more extensive
areas. However, the significant data propagation de-
lay renders them unsuitable for latency-sensitive task
transmission, making them more apt to serve as con-
trol nodes for regional or global network manage-
ment. Thus, within our architecture, the cache con-
trol & intelligent plane include GEO satellites, MEO
satellites, and ground stations, all equipped with SDN
controllers [30]. These components utilize network
functions provided by SDN to achieve unified man-
agement of DADs. In this plane, the GEO satellites
are responsible for collecting global state information
and controlling the transmission of data within the
satellite network. MEO satellites, serving as DAD
management nodes, are tasked with forming DAD
within the LEO satellite network. These MEO satel-
lites exert centralized control over the LEO satellites
within these DADs. Furthermore, for distributed con-
trol, the inter-DADs must collaborative interactions
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Figure 1. Three-layer distributed network caching management architecture.

through the MEO satellites. The data plane primar-
ily comprises LEO satellites equipped with caching
units, which, due to their lower orbits, benefit from
low latency and high signal strength, thus enabling
them to swiftly respond to user content requests and
provide faster and more reliable content distribution.
The user plane analyzes the diverse content demands
of users. During the entire system operation, the cache
control plane & intelligent plane gather network status
from LEO satellites, obtain global user demands, and
make caching decisions for each satellite. These deci-
sions then guide the placement of content, ensuring it
is proactively cached within the LEO satellites. Con-
sequently, when users initiate requests, they can access
the required content from the nearest satellite. Some
key notations and related descriptions are listed in Ta-
ble 1.

3.1 Network Model

In our network model, the constellation of satellites
consists of Q = M ×K homogeneous satellites, uni-
formly distributed across M circular LEO orbits [31].
Delving into the specifics, the satellite network topol-
ogy can be represented by a graph G = (Q, E), where
Q = {1, 2, ..., Q} denotes the set of LEO satellites,
with Q being the total number of LEO satellites, and
E =

{
et(q,q′) |, q ̸= q′

}
is the set of inter-satellite

links (ISLs) connecting these satellites. Each LEO
satellite DAD is denoted as D ⊆ Q, with the num-
ber of DADs set to Y . The number of elements in set
D is equal to the number of LEO satellites in DAD,
denoted by D. In terms of satellite configuration, each
LEO satellite is equipped with four transceivers, and
the ISL utilize laser links. Of these, two transceivers
are dedicated to establishing connections with intra-
orbit satellites in the same orbital plane, while the re-
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Table 1. Summary of symbols.

Notation Explanation

M The number of LEO orbits
K The number of LEOs per orbit
Q The set of LEO satellites
U The set of users
Y The number of DADs
D The set of LEO satellite DAD
Lq The caching capacity of LEO satellites
Γ The set of SC
T The total number of SCs
δ The duration of each SC
F The catalog of popular content
M The set comprising F content items
s The size of original block
Cf The number of original blocks for content f
Z The set of coded blocks
Zf The total number of coded blocks for content f
x The caching strategy matrix for satellite q
xtq,f,z The caching strategy for satellite q
R The set of content request SR
β The zipf parameter of content popularity distribution

for SR r

αr,f The popularity rank of content f within SR r

θtr,f The probability of content requests from users in
SRs at SC t

Nt
r The number of users in each SR

λttotal (f,r) The average number of requests per SC t for content
f

ψk
r,f The probability of k requests

hq,f The number of ISL hops
Ecache The total content delivery cost of system
ω The delay penalty coefficient
r(t) The immediate global gains
rtDy The immediate DAD gains
atDy The DAD action space
s(t) The state space
ε The probability of selecting an action randomly
τ The discount coefficient for the reward
V (s(t)) The average value of the selected action
Q(s(t), a(t)) The Q-value corresponding to action

maining pair are used for forming links with the near-
est neighboring inter-orbit satellites in adjacent orbital
planes. To retain a broad perspective, we proceed un-
der the presumption that users display a preference for
accessing the LEO satellite characterized by the short-
est line of sight distance. The set of users is denoted
as U = {1, 2, ..., U}. Given the extensive coverage
area of LEO satellites, we assume that there is an over-
lap in the regions covered by LEO satellites. Conse-
quently, users in each region have access to more than
one satellite. The caching capacity of LEO satellites
is limited and is represented by Lq, where Lq denotes
the number of cacheable content blocks per satellite.

To optimize the content distribution efficiency in
LEO satellite networks and address the issue of fre-

quent service handovers caused by the rapid move-
ment of satellites, we assume that the content re-
quested by users is not only cached on the LEO satel-
lite providing the service but can also be stored on any
satellite node connected through ISLs. In our sys-
tem, we maintain a fixed caching placement within
each service cycle (SC). We denote the set of SCs as
Γ = {1, 2, ..., T}, where T represents the total number
of SCs, and δ denotes the duration of each SC. At the
beginning of the SC, we construct the network topol-
ogy G based on the current ISL status et(q,q′) at SC
t, and accordingly make decisions about cache place-
ment and deploy the cached content. This content re-
mains static throughout the SC. With the end of the
SC, we construct a new network topology G based
on the ISL status et(q,q′) at the next SC t , to simulate
the changes in network topology induced by satellite
movement.

3.2 Content Coded Caching Model

Coded caching technology is crucial in ensuring the
reliability and efficiency of content storage. By in-
troducing coding redundancy, it allows the storage
system to guarantee the recovery of original con-
tent, even amidst the adversity of partial node fail-
ures. In our framework, we assume the implementa-
tion of coded caching in satellite is facilitated through
the use of fountain codes. We define the catalog
of popular content as F = {1, 2, ..., F}, where F

is the total number of popular content. We denote
M = {M1,M2, ...,MF} as a set comprising F con-
tent items, each of varying size, quantified in Mbits.
Each content item within the set is segmented into
equal-sized original blocks s. Consequently, each con-
tent item can be partitioned into Cf =

⌈
Mf

s

⌉
original

blocks, where if the size of the final block is less than
s, padding is applied to extend the block to the length
of s. The original blocks are encoded into coded
blocks for caching [32]. We define the set of coded
blocks for each content f as Z = {Z1, Z2, ..., Zf},
where Zf represents the total number of coded blocks
for content f . For each content f , the number of coded
blocks must satisfy Zf ≥ Cf . Additionally, it is possi-
ble to configure an increased number of coded blocks
to provide supplementary redundancy and fault toler-
ance. In accordance with coded caching technology,
these coded blocks are distributed and cached across
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multiple nodes within the satellite network. When
users require access to the original content f , it can
be retrieved by decoding operations using any com-
bination of ≥ Cf coded blocks from the nodes within
the satellite network [33]. We denote the caching strat-

egy matrix for LEO satellite q as x =
[
xtq,f,z

]Q×F×Z
,

where xtq,f,z ∈ {0, 1} indicates whether LEO satellite
q has chosen to cache coded block z of content f , and
xtq,f,z = 1 means block z of content f is cached on
satellite n; otherwise xtq,f,z = 0. It is required that
each LEO satellite adheres to the following constraint

0 ≤
∑
z∈Z

xtq,f,z ≤ Zf , ∀q ∈ Q,∀f ∈ F , (1)

which ensures that on LEO satellite q, caching re-
sources are not expended to cache more encoded
blocks than the total number Zf of content f . Addi-
tionally, the number of cache coded blocks stored in a
LEO satellite’s cache does not exceed the correspond-
ing cache capacity, which is expressed as∑

f∈F

∑
z∈Z

xtq,f,z ≤ Lq, ∀q ∈ Q. (2)

3.3 Content Request Popularity Model

Video and multimedia content, as the primary con-
stituents of cached content, now account for a ma-
jor portion of network traffic. Given their relatively
static nature and infrequent updates, it is feasible to
presume that the popularity distribution of the cached
content is time-invariant over a SC t. However, the
dynamism of LEO satellites alters the correspondence
between users and the satellites they access. Conse-
quently, for LEO satellites, the cache content changes
over the course of the SC. Some new popular con-
tent may need to be cached, while some content that
is no longer popular may need to be replaced. We
are able to effectively predict the popularity distribu-
tion of the cached content. In this paper, we repre-
sent the set of content request service regions (SRs)
with r ∈ R = {1, 2, ..., R}, where r denotes the
SR identifier. Acknowledging the variance in con-
tent preferences across different SRs, we introduce a
generic content request popularity model that emulates
the popularity of video content within actual network

contexts. This model employs the zipf distribution to
approximate the probability of content requests from
users in SRs at SC t [34], which is denoted as

θtr,f =
(αr,f )

−β∑
i∈F (αr,f )

−β , ∀f ∈ F , ∀r ∈ R, (3)

where β is the zipf parameter of content popularity
distribution for SR r, typically ranging between 0.5
and 2, with larger values indicating a higher concentra-
tion of requests. The term αr,f denotes the popularity
rank of content f within SR r. For instance, αr,f = 1

represents the content f is the most popular content in
SR r. It is important to note that the sum of the prob-
abilities of requesting contents within each SR equals
one [35], which is denoted as∑

f∈F

θtr,f = 1, ∀r ∈ R. (4)

In this paper, we assume that users within the same
SR exhibit identical content request probabilities for
content f , which can be represented as θtf = θtr,f .

We employ a poisson process to model content re-
quest events by users within the LEO satellite network.
Specifically, each user’s content requests are consid-
ered mutually independent and follow a zipf distribu-
tion, while the request events themselves are charac-
terized by a poisson distribution. Taking into account
the varying population densities across different SR,
we assume that there are N t

r users u, within the satel-
lite coverage SR at time t. Consequently, the average
number of requests per SC for a specific content f by
all users within the coverage SR can be expressed as

λttotal (f,r) = N t
r · θtr,f . (5)

Subsequently, for all users within the coverage SR,
we can employ the probability mass function of the
Poisson distribution to calculate the probability of k
requests being made for a specific content f at time t,
denoted as

ψkr,f =

(
λttotal (f,r)

)k
e−λ

t
total (f,r)

k!
. (6)

Therefore, within a specific SR r, the probability
that a LEO satellite receives at least one request for
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content f during a given SC t can be represented as
1− ψ0

r,f .

3.4 Delay Model

Given that satellites are equipped with high-speed
laser links, the transmission delay for content can be
considered negligible. When content is cached on
non-access satellite, the forwarding link includes mul-
tiple hops through ISLs [36]. Hence, in this context,
we only take into account the propagation delay in-
curred by content forwarding via ISLs [37]. The for-
mula is as

Tp = xtq,f,z·hq,f ·
de
c
, ∀q ∈ Q, f ∈ F , r ∈ R, z ∈ Z,

(7)
where, de denotes the distance of the ISL, c represents
the speed of light, which is valued at 3 × 105 km/s,
and hq,f is the number of ISL hops required for the
caching content.

3.5 Problem Formulation

In this paper, we consider a proactive caching strategy,
which involves caching content during off-peak peri-
ods based on content popularity. Considering the limi-
tations of satellite caching abilities, it is impractical to
store all contents within each individual satellite. To
fulfill users’ content requests, contents must be trans-
ferred via ISL, thereby generating additional resource
consumption.

To minimize the total consumption of content trans-
mission, we have optimized our caching strategy.
However, content delivery remains a significant and
complex research area. Hence, we introduce a mech-
anism based on BFS to estimate the expected trans-
mission outcomes, hereafter referred to as content de-
livery cost. The hierarchical search characteristic of
BFS is particularly well-suited for traversing the graph
structure of satellite networks. Within such networks,
BFS can initiate from a starting node, collating in-
formation from all reachable satellite nodes, thereby
forming a connectivity path graph that determines the
shortest path between any two satellite nodes. Con-
tent delivery costis subsequently evaluated based on
the shortest paths determined by BFS, in conjunction
with the probability of user requests and the caching

strategy x. The formula for content delivery cost can
be expressed as

Ecache =
∑
q∈Q

∑
f∈F

∑
r∈R

∑
z∈Z

(1−ψ0
r,f ) ·xtq,f,z ·hq,f . (8)

Taking into account constraints such as the capacity
of LEO satellites and the delay in content propagation,
we propose an optimization problem for content cache
placement. The problem is formulated as

min
x
Ecache,

s.t. C1 : Tp < Tmax, ∀q ∈ Q, f ∈ F , r ∈ R, z ∈ Z,

C2 : 0 ≤
∑
z∈Z

xtq,f,z ≤ Zf , ∀q ∈ Q,∀f ∈ F ,

C3 :
∑
f∈F

∑
z∈Z

xtq,f,z ≤ Lq, ∀q ∈ Q,

C4 : Zf ≥ Cf , ∀f ∈ F ,
C5 : xtq,f,z ∈ {0, 1}, ∀q ∈ Q,∀f ∈ F ,∀z ∈ Z,

C6 :
∑
f∈F

θtr,f = 1, ∀r ∈ R,

(9)
where C1 denotes the constraint that the time required
to cache each encoded block should not exceed the
maximum delay threshold, C2 stipulates that the num-
ber of blocks of the same content cached by a satellite
cannot exceed the total number of encoding blocks of
that content, C3 dictates that the cache capacity used
by a satellite for storing contents must not surpass the
upper limit of the satellite’s cache capacity, C4 asserts
that the number of encoding blocks of a content must
be greater than or equal to the number of the content’s
original blocks, C5 ensures that the caching strategy
for satellite q, and C6 indicates that the sum of con-
tent request probabilities from users in each SR equals
one. In order to minimize the consumption of sys-
tem caching resources, the system must, while meet-
ing the specified constraints, endeavor to cache con-
tent on MEC servers aboard LEO satellites that are in
closer proximity to the users, in accordance with the
probability of content demand.

IV. CACHING PLACEMENT ALGORITHM

In this section, we introduce a GCN-based multi-agent
A2C caching placement algorithm, referred to as the
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GMACP algorithm, designed to address the optimiza-
tion problem Eq. (9). Initially, to capture the dynamic
transitions between network states during each oper-
ation period, We have transformed the optimization
problem into a MDP [38]. Subsequently, we provide a
detailed description of our CMACP algorithm.

4.1 Modeling Caching Strategy Problem as the
MDP

In the dynamically varying heterogeneous satellite
networks, real-time optimization of MEC strategies is
crucial for maintaining network performance. We for-
malize the caching decision problem as a MDP to bet-
ter adapt to the dynamic evolution of network states.
Within the proposed MDP framework, the state space
S encompasses the real-time status information of the
LEO satellite network and the instantaneous demands
of users for contents. The action space A delineates
a set of potential caching strategies that the network
might currently undertake. The reward function R,
centered on content delivery cost, provides quantified
feedback for each state transition and its correspond-
ing action, assessing their alignment with the estab-
lished optimization objectives [39]. To address the

dynamic nature of satellite networks, we further inte-
grate an analysis of heterogeneous network topologies
across different SCs, aiming to enhance the foresight
and adaptability of caching decisions. The details are
as follows.

4.1.1 State Definition

The state space represents the various states within the
caching decision process. The state space s(t) en-
compasses the ISL connectivity status under the cur-
rent network topology as well as the characteristics of
the satellite nodes. The ISL connectivity status can
be derived from a satellite constellation simulator, de-
noted as a set {e(q, q′)}Q×2, which is used to construct
the topology graph; hence, it is not further described
within the state space matrix. The node characteristics
of each LEO satellite are defined by the probability
of user requests and the cache strategy of the satellite
nodes. Therefore, the entire system’s state space s(t)
at SC t is represented as

s(t) = [V1 V2 · · · VZ ] , (10)

where the matrix Vz is defined as

Vz =

 1− ψ0
1,1 · · · 1− ψ0

1,F
...

. . .
...

1− ψ0
R,1 · · · 1− ψ0

R,f

xt1,1,z · · · xt1,F,z
...

. . .
...

xtQ,1,z · · · xtQ,F,z

 . (11)

The state of the satellite network environment s(t)
is input into a GCN to extract features, yielding s̄(t).
Subsequently, each MEO satellite management node
makes action selections based on the features s̄tDy ex-
tracted from the LEO satellite’s DAD.

4.1.2 Action Definition:

The action space consists of the caching decisions
for all LEO satellites within the caching management
framework. In this architecture, the MEO satellites
within the caching control & intelligence plane are re-
quired to make content caching placement decisions
based on the current SC t state s̄tDy , while also adher-
ing to the capacity constraints of the LEO satellites.
Therefore, different LEO satellite DADs correspond to
different sizes of action space. After each MEO satel-

lite makes a caching decision, it issues control com-
mands to the LEO satellite DADs in the data plane
to execute content forwarding. Therefore, the action
space for each DAD at SC t is represented as

atDy = [A1 A2 · · · AD] , (12)

where the matrix Ad is defined as

Ad =

 xtd,1,1 · · · xtd,1,Z
...

. . .
...

xtd,F,1 · · · xtd,F,Z

 . (13)

The aggregation of the action spaces atDy for each
DAD yields the action space for the entire system,
which is denoted as

a(t) =
[
atD1 atD2 · · · atDY

]
. (14)
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To prevent the algorithm from converging to a local
optimum, we employ an ε-greedy strategy to balance
exploration and exploitation. With a probability of ε,
an action at SC t is selected randomly, whereas with
a probability of 1− ε, the action corresponding to the
maximum value from the probability distribution out-
put by the actor network is chosen. This can be for-
mally expressed as

atDy =

{
argmax P t

Dy , 1− ε,
random action, ε,

(15)

where ε represents the probability of selecting an ac-
tion randomly, and it is a dynamic decay value.

4.1.3 Reward Definition

At SC t, each LEO satellite caches content based on
the collective caching decision a(t) made by all MEO
satellites. The feedback received by each LEO satel-
lite upon the execution of this decision is defined as
the reward. Given the limited caching capabilities of
LEO satellites, it is impractical to cache all contents
on every satellite. Thus, LEO satellites need to collab-
orate on caching content to optimize content delivery
cost. However, during the content delivery process,
the propagation delay Tp incurred by ISL transmission
must not exceed the maximum allowable propagation
delay Tmax. Therefore, the reward for the entire sys-
tem at SC t can be formalized as

r(t) =

{
−
∑

q∈Q
∑

f∈F
∑

r∈R
∑

z∈Z(1− ψ0
r,f ) · xtq,f,z · hq,f , Tp < Tmax

−ω
∑

q∈Q
∑

f∈F
∑

r∈R
∑

z∈Z(1− ψ0
r,f ) · xtq,f,z · hq,f , Tp ≥ Tmax

. (16)

4.2 GCN-Based Multi-Agent A2C Caching
Placement Algorithm

In this subsection, we propose a GMACP algorithm
aimed at optimizing the caching placement decisions
for the LEO satellite network. The satellite network
graph possesses not only node features but also com-
plex structural characteristics. Traditional neural net-
works such as convolutional neural networks (CNNs)
excel at extracting features from two-dimensional im-
ages, yet they struggle to capture the structural fea-
tures of the LEO satellite network graph. In con-
trast, GCNs can directly handle graph-structured data
and effectively learn node features and inter-node re-
lationships, thereby enhancing the algorithm’s trans-
ferability. With the aid of the deep graph library
(DGL) framework, GCNs can automatically handle
the normalization process for adjacency matrices and
features. We utilize the output from the GCN for
A2C neural network training. The A2C network in-
troduces an advantage function to address the high
variance issue encountered when calculating gradients
in value-based methods, leading to more stable learn-
ing and improved convergence characteristics. In our
model, the satellite network comprises multiple LEO
DADs, and each MEO satellite node, acting as an
agent, makes decisions without relying on a central
controller for centralized control. Therefore, we em-

ploy the GMACP algorithm to optimize caching deci-
sions.

Our algorithm employs a centralized training but
decentralized execution strategy. During the training
phase, MEO satellite agents have access to global in-
formation and leverage GCNs to process this informa-
tion, thereby learning how to make caching placement
decisions based on the global state of the network.
During the execution phase, each MEO satellite agent
makes decisions independently based on its local ob-
servations [40]. This approach enables our algorithm
to utilize global information to optimize caching deci-
sions while maintaining efficiency and transferability
during execution.

4.2.1 GCN-Based Network Feature Extraction

In our architecture, the initial state features of the sys-
tem are denoted as s(t). To extract high-level rep-
resentations of these features, we have constructed a
GCN composed of two layers. The objective of the
first layer of the GCN is to map the raw features into a
higher-dimensional feature space, revealing the local
structural properties of the nodes. Subsequently, the
second layer of the GCN refines these features to cap-
ture more extensive neighborhood information, lever-
aging data from multi-hop neighboring nodes.

On the implementation front, we employ the DGL
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framework, which automates the normalization pro-
cess for adjacency matrices and features, significantly
reducing programming complexity [41]. With this ap-
proach, our model can effectively learn useful infor-
mation from the initial state features and apply it to
guide the caching placement strategies of the MEO
satellite agents. The entire process of feature extrac-
tion and transformation can be summarized by the fol-
lowing formulation

s̄(t) = GCNConv (σ (GCNConv(s(t), F1)) , F2) ,

(17)
where GCNConv(·|·) represents the graph convolu-
tional layer implemented in the DGL, and σ(·) de-
notes a nonlinear activation function. In this paper,
the ReLU function is employed, defined as σ(x) =

max(0, x). An activation function is applied follow-
ing the first GCN layer to introduce nonlinearity, while
the output of the second GCN layer is used directly
as the extracted feature s̄(t). Within the GCN frame-
work, state features of a batch size number of LEO
satellite network graphs are extracted concurrently to
match the training with multiple synchronous workers
constructed by the A2C network.

4.2.2 Multi-Agent A2C Caching Placement Algo-
rithm

In our multi-agent A2C framework, each MEO agent
is equipped with an actor network responsible for gen-
erating caching decision actions based on the local
state s̄tDy extracted by the GCN. The actor network
is implemented using a multi-layer perceptron (MLP),
which analyzes the input state and outputs a probabil-
ity distribution representing the likelihood of different
caching decision actions [40]. During this process, the
objective of the actor network is to learn a policy that,
given the current local state s̄tDy , can guide the agent
to make caching decisions atDy that are most beneficial
for the overall network performance.

The architecture of the actor network includes mul-
tiple hidden layers, which are interconnected through
nonlinear activation functions to enhance the net-
work’s capacity to capture complex relationships. The
structure of the actor network is as

P
(t)
Dy = Softmax

(
MLP

(
s̄tDy

))
, (18)

where, Softmax ensures that the sum of the output ac-
tion probability distribution equals one. Based on the
probability distribution P t

Dy output by the actor net-
work of each MEO agent, we employ an ε-greedy
strategy to determine the global action a(t) for each
satellite network graph. Subsequently, for every satel-
lite network graph, the global reward r(t) is computed
according to the global decision action a(t).

In such a centralized control and distributed exe-
cution framework of a multi-agent A2C network, our
critic network employs a global evaluation, taking into
account the joint state and actions of all agents, with
the network architecture consisting of three layers.
The output of the critic network is no longer the state
value of a single agent but rather an estimate of the
value of the entire system’s state. Consequently, the
output V (s̄(t)) from the critic network, given the cur-
rent state s̄(t), is utilized as a substitute for the base-
line. The Q-value, Q(s̄(t ), a(t)), can be represented
using the value function V (s̄(t )) output by a target
network with an identical architecture for the subse-
quent state s̄(t ) [21]. Thus, the advantage function
can be articulated as

δ(s̄(t), a(t), s̄(t )) = V (s̄(t))− (τ · V (s̄(t )) + r(t)),

(19)
where τ denotes the discount factor for future re-
wards. Eq. (19) also delineates the TD-error within the
A2C network framework. Under the global evaluation
mechanism, the TD-error of the critic network is based
on the global reward r(t), which reflects the decision-
making performance of the entire system. Conse-
quently, the critic network is updated through the value
of the TD-error [42]. The loss function for the Critic
network is expressed as

Lcritic =
1

B

B∑
i=1

(δ(s̄(t), a(t), s̄(t ))i)
2 , (20)

where B denotes the batch size. Within our multi-
agent A2C network framework, the policy update for
the actor network takes into account the state s̄(t) and
action a(t) information from all MEO agents. During
the training phase, the policy update of the actor net-
work utilizes global information to better learn collab-
orative behaviors in a multi-agent setting. This implies
that the policy gradient update is based on a global
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policy estimate as well as the approximation of the ad-
vantage function [43]. Consequently, the loss function
for the actor network is expressed as

Lyactor =
1

B

B∑
i=1

log(π(a(t)|s̄(t))i)·δ(s̄(t), a(t), s̄(t ))i.

(21)

During the backpropagation phase of model train-
ing, gradients are computed via loss functions, and
the Adam optimization algorithm is employed to it-
eratively update the parameters of the actor and critic
networks. The objective is to solve for the optimal
caching placement strategy, thereby reducing the con-
tent delivery costs. Upon entering the execution phase,
the trained parameters of the GCN and the actor net-
work are replicated across each MEO agent. These
MEO agents operate independently, making caching
decisions based solely on the local state information
from their respective LEO satellite DADs, without the
need to access the state data of other DADs. This ap-
proach not only enhances decision-making efficiency
but also reduces the communication load on the sys-
tem, representing an effective strategy for efficient
cache management in complex dynamic network en-
vironments.

Algorithm 1 delineates the detailed training proce-
dure of our proposed GMACP algorithm. Specifically,
for each LEO satellite network graph, we commence
by initializing the parameters of the A2C networks,
θactor, θcritic, θtarget, as well as the parameters of the
GCN, θw. Subsequently, based on the probability of
user demand and the characteristic values of cached
encoding blocks, we acquire the LEO satellite node in-
formation, s(t). Thereafter, s(t) is input into the GCN
to extract state features, yielding global features, s̄(t),
and local features for each DAD, s̄tDy . For each LEO
satellite DAD, the extracted state features s̄tDy are in-
put into the actor network to determine the action a(t)Dy .
The actions from each agent, atDy , are amalgamated to
form the global action a(t). This global action a(t)
interacts with the environment to obtain the next state
information of the LEO satellite node s(t ) and the
corresponding global reward r(t). Subsequently, the
global loss function is computed, and the network pa-
rameters are updated accordingly. This process is it-
erated for each epoch, culminating in the attainment
of the globally optimal cache placement for the LEO

Algorithm 1. GMACP algorithm training procedure.

Input: Initialize αr,f , β, Q, learning rate, discount
factor γ, GCN network parameter θw, critic net-
work parameter θcritic, actor network parameter
θactor, targrt network parameter θtarget, target re-
place iter.

Output: The globally optimal cache placement for
the LEO satellite network.

1: for i in epoch do
2: time← 0.
3: while True do
4: for b in batch size B do
5: Reset the LEO satellite environment to get

s(t).
6: The state is input into the GCN network

to obtain the global state feature s̄(t) and
DAD state feature s̄tDy .

7: for y in Y do
8: each DAD state features s̄tDy are input

into the actor network and exploration to
obtain the action atDy .

9: end for
10: Obtain immediate global reward r(t) and

next state s(t ).
11: The critic network gets V (s̄(t)) through

s̄(t).
12: The target network gets V s̄(t )) through

s̄(t ).
13: Calculate the global TD-error by (19).
14: end for
15: Update critic network by minimizing the

loss (20).
16: Update actor network by minimizing the

loss (21).
17: time← time + 1.
18: if k % target replace iter == 0 then
19: Update target network parameters

θtarget ← θcritic.
20: end if
21: if time == max time then
22: break
23: end if
24: end while
25: end for

satellite network.
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V. SIMULATION RESULTS

In this section, we first introduce our simulation en-
vironment. We then evaluate the effectiveness of the
GMACP algorithm’s caching decisions under various
environmental parameters by comparing it with sev-
eral benchmark algorithms. Finally, we illustrate the
performance fluctuations of the GMACP algorithm
with respect to the scaling of LEO satellite DAD and
also examine the transferability of the CMACP and
GCP algorithms.

5.1 Simulation Setup

The simulations were conducted on a computer
equipped with an NVIDIA GeForce RTX 3060 Ti
GPU and an Intel Core i5-12400F CPU operating at
2.5 GHz.

Our algorithm is applicable to large-scale satellite
networks. However, to reduce the complexity of the
simulation, we referenced [8] and considered a Walker
Star LEO satellite constellation with a satellite count
of Q = 100. The LEO satellites have an orbital al-
titude of 2000 km to support a broad coverage area.
We selected six ground SRs and simulated the inter-
action of 100 satellites with these SRs using a satel-
lite constellation simulator. The actual location data of
these SRs were set as the positions of each user [39].
Each SR is served by two access LEO satellites, and
the number of users N t

r in each SR ranges from 2 to
6. Users in SRs at SC t exhibit unique probabilities of
content requests. Specifically, for each SR r, the Zipf
distribution parameter β for content popularity and the
popularity rank αr,f for content f differ [34]. In our
simulation, the total number of cache coded blocks for
all content is at least 48, while the maximum num-
ber of cache coded blocks for a single LEO satellite
is 11. Consequently, the content demanded by some
users needs to be transmitted through the network via
ISLs.

Additionally, in Algorithm 1, the feature dimensions
of the two-layer GCN are F1 = 64 and F2 = 32,
which can capture the characteristics of the nodes
themselves as well as the information of their first and
second-order neighbors. The actor network includes
a three-layer MLP, with hidden layer feature dimen-
sions of (128, 64). Each layer undergoes a non-linear
transformation via the ReLU activation function. We

define a training iteration with episodes = 600. The
environment is randomly reset at the beginning of each
iteration.

Due to high dynamism, the maximum service time
between a user and a LEO satellite at an altitude of
2000 km is approximately 17 minutes. Moreover, dif-
ferent types of services have varying impacts on the
frequency of content popularity updates. A higher
update frequency can increase network load. Con-
versely, a lower update frequency, such as updating
the cache once per second, may prevent users from
accessing the latest and most popular content and sig-
nificantly increase the complexity of the simulation.
Therefore, to simplify the simulation and take into ac-
count the aforementioned factors, we set the duration
of a SC to δ = 100s. Each SC corresponds to a dif-
ferent network topology. Consequently, the training
of our GMACP algorithm considers changes in net-
work topology across multiple SCs, thereby more ef-
fectively adapting to network dynamics. During exe-
cution, for long-term cached content, we can also con-
figure cache placement to occur once over several SCs.
Table 2 displays the main simulation parameters.

We evaluate the performance and compare it with
two benchmarks as follows:

• The first benchmark we utilized is the MLP. MLP
is a type of feedforward artificial neural network
that, through its multiple fully connected layers
and nonlinear activation functions, is capable of
approximating arbitrarily complex functions. In
the paper, We use an MLP with a three-layer neu-
ral network to learn the intricate nonlinear re-
lationships between network states and user re-
quests, thereby outputting caching strategies for
various contents.

• The second benchmark we employed the GCN-
based caching placement (GCP) algorithm previ-
ously proposed in prior work [9], which adopts
a centralized training and execution framework
in contrast to the GMACP algorithm proposed
in this paper. Specifically, within the application
scenario of the GCP algorithm, it is assumed that
the satellite network caching architecture does not
include LEO satellite DADs, but rather achieves
centralized training and control through a GEO
satellite equipped with an SDN controller. The
GCP algorithm begins by inputting the global
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Table 2. Simulation parameters.

Parameter Value

The number of orbital planes M 10
The number of satellites per orbit K 10
The height of LEO satellite orbit Re 2000 km
The caching capacity of LEO satellites Lq 6-11 coded blocks
The size of original block s [40, 60] Mbits
The size of popular content Mf 100 Mbits
Zipf parameter β 0.2-2.0
The number of users in each SR Nt

r 2-6
The total number of popular content F 24-42
The speed of light c 3× 105 km/s
The probability of initial selecting an action ε 0.7
The discount coefficient for the reward τ 0.9
Learning rate of actor network 0.01
Learning rate of critic network 0.01
The delay penalty coefficient ω 2

satellite state information s(t) into a GCN to per-
form feature extraction, resulting in the state s̄(t).
Subsequently, an A2C network utilizes the global
state s̄(t) to make cache placement decisions a(t),
obtaining a global reward r(t) and the state of the
next time step s(t ). Through iterative training,
the algorithm ultimately achieves globally opti-
mal cache placement decisions. To ensure fair-
ness in comparison, the GCP algorithm parame-
ters used in this study are consistent with those of
the GMACP algorithm, with the only difference
being the structure of the neural network.

• The third benchmark we utilized is the random
distribution algorithm (RDA). In the simulations,
we utilize the RDA to evaluate the practicality of
our study.

5.2 Performance of GMACP Algorithm

Figure 2 compares the convergence performance of the
GMACP algorithm under different numbers of users
per SR, denoted by N t

r . Here, we set the cache capac-
ity of the LEO satellite, Lq = 9, the zipf parameter for
the content popularity distribution in SR r, denoted by
β, ranging from 0.2 to 2.0, and the number of contents,
F = 30. The figure reveals that the objective value of
our algorithm steadily increases and converges after
slightly more than 300 iterations, thereafter maintain-
ing stability. This indicates that the proposed GMACP
algorithm is capable of rapid convergence.

In Figure 3, we demonstrate the effectiveness of the
proposed GMACP algorithm by comparing its content
delivery cost with other benchmark algorithms while

varying the cache capacity of LEO satellites. In this
scenario, the zipf parameter for the content popular-
ity distribution in SR r, β, ranging from 0.2 to 2.0,
the number of contents, F = 30, and the numbers
of users per SR r, N t

r = 6. It is evident that our
GMACP algorithm outperforms both the MLP algo-
rithm and the RDA. Moreover, the content delivery
cost achieved by our proposed GMACP algorithm is
approximately 10% lower than that of the MLP and
23% lower than that of the RDA when the cache ca-
pacity of the LEO satellite, Lq, is set to 11. Compared
to the GCP algorithm, our proposed GMACP algo-
rithm experiences a 10% increase in content delivery
cost when the cache capacity is set to 11. This dispar-
ity is primarily attributed to the centralized nature of
the GCP algorithm, which leverages global state infor-
mation to make caching decisions, thereby achieving
a globally optimal caching strategy. In contrast, the
GMACP algorithm employs distributed training and
tends to pursue locally optimal solutions in terms of
LEO satellite DAD, rather than a global optimum.

In Figure 4, we validate the variation in content de-
livery cost as a function of the zipf parameter for the
content popularity distribution in SR r. Our GMACP
algorithm continues to demonstrate superior perfor-
mance compared to the benchmark algorithms. It can
be observed that as β increases, the content delivery
cost of all four algorithms gradually decreases. This
trend is attributable to the fact that a larger β implies
a higher request probability for each SR r. Conse-
quently, the satellite network tends to cache contents
closer to the requesting users’ access satellites, thereby
reducing the number of hops hq,f required for access-
ing the cached content.

In Figure 5, we investigate the system’s content de-
livery cost against varying numbers of users in each
SR r. In Figure 6, we further corroborate the effi-
cacy of our proposed algorithms by comparing content
delivery cost while varying the total number of con-
tent items. We set the cache capacity of the satellite,
Lq = 11, and the size of the original encoding block,
s = 40. With the increase in both the number of users
per SR r and the total number of content items, the
GMACP and GCP algorithms exhibit significantly su-
perior performance. This observation underscores the
effectiveness of both algorithms in managing complex
scenarios.

In Figure 7, we verify the impact of the number of

© China Communications Magazine Co., Ltd. · November 2024 69



O
b

je
ct

iv
e 

v
al

u
e

The number of iterations

Figure 2. The convergence performance of GMACP algo-
rithm versus different number of user in each SR.
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Figure 3. The content delivery cost of system versus differ-
ent cache capacity of LEO satellites.

DAD in LEO satellite networks on the performance of
the caching algorithms. The results indicate that when
the number of DADs is one, the distributed GMACP
algorithm exhibits a content delivery cost comparable
to that of the centralized GCP algorithm. As the num-
ber of DADs increases, we observe an overall trend
of rising content delivery costs. However, it is note-
worthy that when the number of DADs is 3 and 5, the
content delivery costs are substantially similar. This
finding provides an empirical basis for future research
to determine the number of DADs in satellite networks
of varying scales.

Finally, we compare the transferability of several al-
gorithms in Table 3. These three algorithms were all
trained on the same satellite network topology dataset.
In the executing phase, we evaluated the content de-
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Figure 4. The content delivery cost of system versus differ-
ent zipf parameter.
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Figure 5. The content delivery cost of system versus differ-
ent number of user in each SR.

Table 3. The transferability of different algorithms.

Algorithm Satellite network topology datasets
datasets 1 datasets 2 datasets 3 datasets 4

GMACP Test 8300 8228 8419 8087
GCP Test 7665 7616 7768 7406
MLP Test 10208 10132 10244 9787

livery cost of these algorithms on satellite network
topologies under different SCs, distinct from the train-
ing dataset. The results indicate that compared to
MLP, our proposed RL algorithm based on GCNs
can effectively adapt to dynamic network topology
changes and make caching decisions. Even on datasets
not encountered during training, it can effectively re-
duce content delivery costs, demonstrating good trans-
ferability.
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Figure 6. The content delivery cost of system versus differ-
ent content number.
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Figure 7. The content delivery cost of system versus differ-
ent DAD number.

VI. CONCLUSION

In this paper, we studied the MEC problem in SDN-
enabled multilayer satellite networks. We first present
a three-layer distributed network caching management
architecture and then, the caching placement problem
in LEO satellite networks under limited caching ca-
pacity and propagation delay is established by using
cache coding and expressed as MDP. To solve the pro-
posed problem, a GMACP algorithm was proposed to
optimize the caching decision. Extensive simulation
results illustrate the performance of proposed algo-
rithm in convergence and content delivery cost. Fur-
thermore, Furthermore, we have validated the transfer-
ability of our GCN-based algorithm and demonstrated
the performance variations of the algorithm due to dif-
ferent number of LEO satellite DADs.

Due to current economic, technological, and hard-
ware constraints, including the incomplete deploy-
ment of both satellite ISLs and SDN controllers, there
exist challenges in applying our caching placement
method to practical satellite scenarios. For large-scale
satellite networks, the dimensions of the state space
and action space rapidly increase. This could poten-
tially result in the RL algorithm requiring a longer
convergence time and substantial computational re-
sources. However, our GMACP algorithm employs
MEO satellites for distributed decision-making, which
reduces the computational demands on the satellites
and enhances the transferability and robustness of the
network. As for the real-time data required for train-
ing, we can obtain this through simulation software
or predictive models. In the future, we aim to further
investigate distributed caching strategies, explore the
optimization of neural network structures, and develop
lightweight models to reduce computational needs and
content delivery costs.
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