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Abstract—Ultra-dense low earth orbit (LEO) satellite network
(UD-LSN) is an emerging architecture in the sixth-generation
communication system. Network slicing technology can build
multiple virtual logical networks for services provided by UD-
LSNs on the common physical network. The spatiotemporal
variabilities of service requirements and available satellite
resources make it necessary to perform reconfigurable resource
slicing in UD-LSNs. In this paper, we present a reconfigurable
radio access network (RAN) slicing architecture based on group-
ing and clustering in UD-LSNs. Time is separated into several
slicing windows, each further separated into multiple time slots.
We take into account the features of the rate-constrained and
delay-constrained slices and formulate an optimization problem
aiming at maximizing the long-term slicing revenue that involves
resource utilization, the service level agreement satisfaction
ratio (SSR), and reconfiguration revenues. The problem is
tackled by a two-tier deep reinforcement learning (DRL)-based
reconfigurable satellite RAN resource slicing and user access
(TDRL-RSUA) algorithm. We decouple the original problem
into the RAN resource slicing subproblem in slicing windows
and user access subproblem at time slots. Specifically, the
resource slicing subproblem is solved with the multi-discrete
mask Proximal Policy Optimization (MDMPPO) algorithm, while
the user access subproblem is solved with the many-to-one
matching algorithm. Simulation results demonstrate that our
TDRL-RSUA algorithm can improve resource utilization by more
than 30% in comparison to the non-reconfigurable resource
slicing strategy and achieves higher slicing revenue and SSR.

Index Terms—Reconfigurable RAN slicing, ultra-dense LEO
satellite networks, deep reinforcement learning, proximal policy
optimization, many-to-one matching.

I. INTRODUCTION

THE SIXTH-GENERATION (6G) communication
networks aim to provide faster, more reliable, and lower-

latency communication services to meet future demands for
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high bandwidth, high capacity, and multiple connections [1].
However, traditional terrestrial networks have limitations, like
limited coverage and network congestion, making it difficult
to adequately meet the requirements for high-performance
communications. To compensate for these shortcomings,
satellite networks have become a key technology option.
Low earth orbit (LEO) satellites operate in lower orbits
and have the advantages of lower signal delays, higher data
transmission rates, and lower deployment costs in comparison
to geosynchronous earth orbit (GEO) and medium earth orbit
(MEO) satellites [2]. Consequently, companies like SpaceX [3]
and OneWeb [4] program to build mega-satellite constellations
by launching thousands of LEO satellites. These ultra-dense
LEO satellite networks (UD-LSNs) can provide seamless
global coverage and high-performance service, effectively
making up for the shortcomings of terrestrial networks [5].

The services provided by UD-LSNs have different ser-
vice level agreements (SLAs) regarding network bandwidth,
latency, and reliability. For instance, rate-constrained services,
such as enhanced mobile broadband (eMBB) and large-
capacity transmission services, usually need to transmit
numerous images or videos and require large transmis-
sion rates. Delay-constrained services, such as ultra-reliable
low-latency communication (uRLLC) and emergency commu-
nication services, focus on low communication latencies [6].
Radio access network (RAN) slicing technology has arisen
to meet various SLAs, constructing several virtual logi-
cal networks on a common physical network. Leveraging
software-defined networking (SDN) technology, slices are
created and further flexibly reconfigured according to the
spatial and temporal requirements of services [7], [8]. Network
resources are managed by different levels of SDN con-
trollers at different temporal granularities. Specifically, in
large time-scale windows, the global SDN controller first
collects information on resource requirements and allocates
resources to network slices to guarantee the SLAs for services.
Subsequently, the local SDN controller schedules resources
for individual users within the slices at small time-scale slots.
Finally, the slicing decisions are adapted to the dynamic
changes of spatiotemporal data traffic to improve the resource
utilization of networks [9].

In the literature, several works on dynamic RAN slicing for
terrestrial networks consider the problems of maximizing the
long-term operators’ revenues. Some of these adopt model-
based optimization methods to solve the issues [10], [11].
However, with the increase in network scales and the lack of
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prior information about services, classical optimization tech-
niques can hardly cope with the reconfigurable RAN slicing
problem. As artificial intelligence (AI) technology evolves,
several papers transform the original problems into Markov
Decision Processes (MDPs) and use deep reinforcement learn-
ing (DRL) algorithms to address these problems [12], [13].
In addition to fluctuations in demand for services, satel-
lite network resources are dynamically available due to
the mobility of satellites. Thus, the dynamic RAN slicing
strategies for terrestrial networks cannot be directly used
for satellite networks. There are a few works about satellite
RAN slicing [14], [15], where resources are sliced to reduce
requirement violation cost or increase throughput. However,
the reconfigurable RAN slicing issues in UD-LSNs have
yet to be extensively studied. Resource utilization and the
SLA satisfaction ratio (SSR), the essential performances of
RAN slicing, have yet to be considered when making slicing
decisions. Meanwhile, as the scale of the satellite network
increases, resource management becomes more complex, so
it is necessary to consider a suitable reconfigurable resource
slicing scheme for UD-LSNs.

Motivated by the above, in this article, we present a
reconfigurable RAN resource slicing framework for UD-LSNs,
where network resource slicing and user admission deci-
sions are made for the rate-constrained and delay-constrained
services. To reduce the complexity of large-scale satellite
network resource management, we follow a network man-
agement architecture based on grouping and clustering in
UD-LSNs [16], [17]. In the architecture, LEO satellites are
categorized into several groups and each LEO group is further
categorized into several clusters, with each MEO satellite
managing an LEO group and each cluster head (CH) LEO
satellite managing an LEO cluster. One cluster of satellites in
a group owns the same slicing decision and different clusters
of satellites have independent slicing decisions. Considering
spatial-temporal variations of the service demands and avail-
able satellite resources, reconfigurable RAN resource slicing
is expressed as an optimization problem aiming at maximizing
long-term system revenue. To tackle the formulated problem,
we design a two-tier DRL-based reconfigurable satellite RAN
resource slicing and user access (TDRL-RSUA) algorithm.
The major contributions of our article are as follows:

• We present a reconfigurable RAN resource slicing archi-
tecture for UD-LSNs. In each large slice window, the
MEO satellite allocates resources for the services and
in each small time slot, the CH LEO satellite further
dispatches the assigned resources to slice users.

• By analyzing the characteristics of the rate-constrained
and the delay-constrained services, we formulate
an optimization problem aiming at maximizing the
long-term slicing system revenue, including resource
utilization, SSR, as well as reconfiguration revenues.

• We propose a TDRL-RSUA algorithm to address the
formulated optimization problem. The original problem is
decoupled into RAN resource slicing and user access sub-
problems. Specifically, the resource slicing subproblem
is transformed into an MDP and solved with the multi-
discrete mask Proximal Policy Optimization (MDMPPO)

algorithm, while the many-to-one matching algorithm is
applied to solve the user access subproblem.

• Simulation results demonstrate that our designed TDRL-
RSUA algorithm can improve resource utilization by
more than 30% in comparison to the non-reconfigurable
resource slicing strategy and achieves higher slicing
revenue and SSR.

The remainder of our paper is arranged as follows. We
introduce some related works in Section II. Then we model
the system and formulate the reconfigurable slicing problem
in Section III. Section IV shows our proposed TDRL-RSUA
algorithm to address the formulated problem. The results of
the simulations are given in Section V, with the conclusions
finally summarized in Section VI.

II. RELATED WORKS

A. RAN Slicing in Terrestrial Networks

The RAN slicing technique has been initially studied and
developed in terrestrial networks. In industry, the standard-
ization of RAN slicing is investigated by the third-generation
partnership project (3GPP) [18]. In academia, RAN slicing
has also drawn much attention. Some related works adopt
model-based optimization methods to make RAN slicing
decisions. In [10], Tang et al. consider the uRLLC and eMBB
services and formulate the network slicing problem, which is
further solved by the semi-definite relaxation and Successive
Convex Approximation (SCA) approach. In [11], Feng et al.
introduces an innovative network slicing framework in Mobile
Edge Computing (MEC) systems, encompassing slice request
admission and an operator revenue model. They further use a
Lyapunov-based optimization algorithm to solve the problem.

As AI technology evolves, several papers employ DRL
algorithms in solving RAN slicing problems. The paper [12]
proposes a DRL-based two-layer uplink and downlink decou-
pled RAN slicing approach for cellular vehicle-to-everything
communications, which can improve network throughput
while guaranteeing service requirements. In [13], a strategy
that aims to maximize both the long-term Quality of Service
(QoS) and the Spectrum Efficiency (SE) of slices is introduced.
To realize the strategy, Mei et al. propose a model-free
DRL framework, which collaboratively integrates the modified
deep deterministic policy gradient (DDPG) and double deep-
Q-network algorithm. In [19], Hua et al. investigate the
integration of distributional DRL and generative adversar-
ial network (GAN) to obtain the optimization problem for
demand-aware resource management to improve slice success
rate and SE. Different from the fixed resources in terrestrial
networks, the movement of satellites leads to dynamic changes
in available satellite resources. Therefore, the dynamic RAN
slicing strategy in terrestrial networks cannot be directly used
for satellite networks.

B. RAN Slicing in Satellite Networks

As LEO satellite networks evolve, RAN slicing in satellite
networks is also drawing attention. In industry, the 3GPP
is devoted to standardizing RAN slicing related to satellite
networks [20]. In academia, the necessity and challenges
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Fig. 1. The reconfigurable RAN slicing framework based on grouping and
clustering in UD-LSNs.

of designing resilient dynamic network slicing are described
in [21]. To realize flexible, reliable, and scalable network
resource management, a software-defined framework for
Space-Air-Ground Integrated Vehicular Networks (SAGVN)
is designed in [22]. This framework explores AI-based engi-
neering solutions to facilitate efficient network slicing. In
space-terrestrial integrated networks, Wu et al. study the RAN
resource slicing and scheduling issues in [14]. They introduce
a two-tier RL-based Joint Resource Slicing and Scheduling
scheme to address these challenges. Focusing on resource
slicing in SAGVN, Lyu et al. present a real-time control frame-
work in [15]. This framework enables online decision-making
for admission requests, unmanned autonomous vehicle (UAV)
placement, and RAN resource slicing. In [23], Zhou et al.
establish the low-delay, high-throughput, and wide-coverage
RAN slices in SAGIN. They propose two central and dis-
tributed multiagent DDPG algorithms to jointly optimize the
service delay, throughput and coverage area. Although there
are a few related works, the RAN slicing problem in UD-
LSNs has not been thoroughly investigated. As the satellite
network scales up, slicing resources individually for each
LEO satellite results in significant computation complex-
ity. While considering the variability among LEO satellites,
applying the same slicing decision to all satellites leads to
suboptimal performance. Meanwhile, when making slicing
decisions, resource utilization and SSR need to be taken into
account, which are the essential performances of RAN slicing.
Therefore, the reconfigurable RAN slicing problem in UD-
LSNs to improve resource utilization while guaranteeing SSR
is worth investigating.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In the section, the network model based on grouping
and clustering in UD-LSNs is first described and after that
we propose a dynamic reconfigurable RAN resource slicing
framework. Subsequently, we analyze the performances of the
rate-constrained slice and the delay-constrained slice accord-
ing to their service features. Lastly, we describe the slicing
system revenue and pose a long-term optimization problem.

TABLE I
DESCRIPTION OF MAJOR USED SYMBOLS

A. Network Model

The requests of slice users are served by UD-LSNs in
our considered scenario, as shown in Fig. 1. To reduce the
complexity of large-scale satellite network management, LEO
satellites are divided into several groups, each managed by an
MEO satellite. A group of LEO satellites are further divided
into several clusters, each managed by a CH LEO satellite.
Specifically, the LEO satellites covered by the same MEO
satellite are grouped. If an LEO satellite is covered by two
MEO satellites simultaneously, it is assigned to the group
associated with the closer MEO satellite. These groups are
initially divided into clusters based on maximum connectivity.
Clusters with too many LEO satellites are further subdivided,
while clusters with too few are merged with others. In addition,
the number of clusters in one group is determined by the
number of LEO satellites in the group and the maximum
number of satellites allowed in a cluster [16]. We consider two
slices to support two types of services in UD-LSNs: the rate-
constrained slice as large-capacity transmission service and
the delay-constrained slice as ultra-remote real-time service.
In our scenario, the slice users are distributed over a terrestrial
area. LEO satellite resources are available when the angle of
elevation between a user and an LEO satellite is greater than
the minimum angle of elevation. Because of the fluctuations
in slice requests and the movement of LEO satellites, the
slice resource requirements and the availability of spectrum
resources in the target area change with time.

B. Dynamic Reconfigurable RAN Slicing Framework

The reconfigurable RAN slicing framework operates in a
time-slot mode. The time is separated into a number of slicing
windows w ∈ W = {1, 2, . . . ,W }, and the satellite networks
are grouped and clustered in each slicing window, assuming
that the topology of the satellites remains unchanged during
this period [16]. The global controller MEO satellite takes
resource slicing decisions according to the current service
requirements and available LEO satellite resources at the
start of the slicing window. Every slicing window is further
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separated into multiple time slots t ∈ T = {1, 2, . . . ,T},
during which the local controller CH LEO satellite sched-
ules network resources to users. The MEO global controller
assesses the slicing performance according to the responses
from the CH LEO satellite at the end of each slicing window
and makes adjustments to the resource slicing decisions for
the subsequent slicing window. For simplicity in notation, we
represent the t-th time slot within the slicing window w as
(w, t). The major symbols used in our paper are summarized
in Table I.

The spectrum resources of the LEO satellite are allocated
in a unit of channels. Thus, when the user u access to one
channel of the LEO satellite l at time (w, t), the transmission
rate rwl ,u (t) is given by

rwl ,u (t) = Wc log2

(
1 +

PGdwl ,u
−αhwl ,u(t)

σ2

)
, (1)

where Wc is the bandwith of one channel, σ2 denotes the
Gaussian noise power, P denotes the transmit power and G
denotes the gain factor of power. Assuming that perfect CSI is
available, the channel transmission rate rwl ,u(t) is affected by
the distance dwl ,u from a user to an LEO satellite and the path
loss exponent α due to the large-scale fading. Meanwhile, the
small-scale channel fading hwl ,u (t) also affects the transmission
rate. Since the transmission between user u and LEO satellite
l is a typical line-of-sight (LoS) communication, the channels
are modeled as Rician fading channels [14]. The probability
density function of the Rician fading channel is expressed as

f (x ) =
K + 1

Ω
exp

{
−K − (K + 1)x

Ω

}
I0

(
2

√
K (K + 1)x

Ω

)
.(2)

where Ω denotes the overall received signal power, K repre-
sents the ratio of the power in the LoS path to the scattering
paths, and I0(·) stands for the modified Bessel function of the
first kind with zero order.

In the slicing window w, we let Nw
r and Nw

d indicate the
number of channels assigned to the rate-constrained slice and
delay-constrained slice. Since the channel resources assigned
to these services should not be beyond the LEO satellite’s total
channel resources, we have

Nw
r + Nw

d ≤ N , ∀w , (3)

where N is the capacity of LEO satellite channel resources.
It is noted that one cluster of satellites in a group owns the
same slicing decision and different clusters of satellites have
independent slicing decisions.

At the time (w, t), if the LEO satellite is communicated
with the slice user, we have awl ,u (t) = 1, meanwhile the LEO
satellite l allocate a channel spectrum resource to the user to
satisfy the service demand. Otherwise, we let awl ,u (t) = 0. A
user could be served by no more than an LEO satellite, which
could be expressed as∑

l∈Lw

awl ,u (t) ≤ 1, ∀t , u, w ,

awl ,u (t) = {0, 1}, ∀t , u, l , w . (4)

where l ∈ Lw = {1, 2, . . . ,Lw} and Lw denote the set of
available satellites in a cluster in slicing window w.

C. Performance Analyses for Two Types of Slices

In this subsection, we consider the user arrival model and
analyze the SSR based on the service characteristics of two
slices.

1) The Rate-Constrained Slice: There are Uw
r rate-

constrained slice users in slicing window w. The users
associated with the rate-constrained service typically generate
continuous traffic with an infinite packet size (i.e., full-buffer
traffic). SSR measures the satisfaction ratio of slice users with
the quality of service and has a value between 0 and 1. Inspired
by [24], when the transmission rate of the rate-constrained
slice user ur ∈ Uw

r = {1, 2, . . . ,Uw
r } is rwl ,ur (t), we could

express the SSR of this user as

SSRw
l ,ur

(t) =

⎧⎨
⎩

1

1+e
−br

(
rw
l,ur

(t)−Rr

) , awl ,ur (t) = 1,

0, awl ,ur (t) = 0,
(5)

where Rr is the minimum required transmission rate of rate-
constrained slice. The br is a positive constant so that the
SSRw

l ,ur
(t) increases with the transmission rate rwl ,ur (t). The

br also affects the shape of the SSR curve, and by adjusting
this value, it could realize that SSRw

l ,ur
(t) tends to 0 when

the transmission rate rwl ,ur (t) is less than the threshold Rr and
tends to 1 when the transmission rate is quite large.

2) The Delay-Constrained Slice: In slicing window w,
the number of delay-constrained slice users is Uw

d , and at
time slot (w,t) is Uw

d (t). The users associated with the
delay-constrained service typically generate bursts of packets
following the Poisson Point Process (PPP) with the arrival
rate of λw . The communication delay of user ud ∈ Uw

d (t) =
{1, 2, . . . ,Uw

d (t)} consists of transmission and propagation
delay. The transmission rate rwl ,ud (t) affect the transmission

delay Dw ,tran
l ,ud

(t), and the distance dwl ,ud (t) between the user
and the associated LEO satellite influence the propagation
delay Dw ,prop

l ,ud
(t). Therefore, the communication delay can be

given by

Dw
l ,ud

(t) = D
w ,tran
l ,ud

(t) +D
w ,prop
l ,ud

(t)

=
pwud (t)

rwl ,ud
(t)

+
dwl ,ud (t)

c
, (6)

where pwud (t) is the packet size of the arrival user and c is the
speed of light, with a value of 3 × 108 m/s . Similarly, we
could express the SSR of the delay-constrained slice user as

SSRw
l ,ud

(t) =

⎧⎨
⎩

1

1+e
−bd

(
Dd−Dw

l,ud
(t)

) , awl ,ud (t) = 1,

0, awl ,ud (t) = 0,
(7)

where Dd is the maximum communication delay requirement
of delay-constrained slice. The bd is a negative constant so
that the SSRw

l ,ud
(t) decreases with the communication delay

Dw
l ,ud

(t). By adjusting bd to realize that SSRw
l ,ud

(t) tends to
0 when the communication delay Dw

l ,ud
(t) is more than the

threshold Dd and tends to 1 when the communication delay
is quite small.
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D. Problem Formulation

In our paper, we consider system revenue from the per-
spective of resource utilization, SSR, and slice reconfiguration
revenues.

1) The Resources Utilization Revenue: Resource utilization
is an essential performance metric of network slicing, which
measures whether network resources are effectively allocated
and fully utilized. According to [24], resource utilization is
defined as the ratio of used slice resources to the configured
slice resources. Specifically, one LEO channel resource is used
when it is accessed by a slice user. The resource utilization
within a slicing window is the average resource utilization
across all time slots. Thus, the resource utilization RUw is
obtained by

RUw =

∑
t∈T

∑
l∈Lw

LwT

(∑
ur∈Uw

r
aw
l,ur

(t) +
∑

ud∈Uw
d
(t) a

w
l,ud

(t)

Nw
r +Nw

d

)

.

(8)

2) The SSR Revenue: SSR is another performance metric of
network slicing that measures the service experiences of sliced
users. While not wasting resources, satellite network operators
want to provide high-quality services to as many slice users
as possible. Due to (5) and (7), a slice user’s SSR can be
represented as

SSRw
u (t) =

∑
l∈Lw

SSRw
l ,u (t). (9)

Similarly, the SSR within a slicing window is the average
of all slice users’ SSR across all time slots. Thus, in slicing
window w, we have

SSRw =

∑
t∈T
2T

⎛

⎝

∑
ur∈Uw

r
SSRw

ur (t)

Uw
r

+

∑
ud∈Uw

ud
(t) SSR

w
ud

(t)

Uw
d (t)

⎞

⎠.

(10)

3) Slice Reconfiguration Revenue: The controller might
modify the channel resources assigned to slices in different
slicing windows according to the current available LEO
resources and the demand for slice services. However, the pro-
cess of slice resource adjustment incurs slice reconfiguration
costs. In slicing window w, let RCw represent the reconfigura-
tion cost, which quantifies the discrepancy in resource assigned
decisions between adjacent slicing windows, i.e.,

RCw =
[
Nw
r − Nw−1

r

]+
+
[
Nw
d − Nw−1

d

]+
, (11)

where function [xw − xw−1]+ equal to max{xw − xw−1, 0},
since the cost of releasing resources is negligible [14].

With (8)-(11), the overall system revenue in slicing window
w can be modeled as

Uw = wruRU
w + wssrSSR

w − wrcRC
w , (12)

where parameters wru , wssr , and wrc affect the relative
significance of the three types of revenues. Specifically,
when configuring slice resources, there is a trade-off between
resource utilization and SSR by adjusting the weights wru

and wssr . Meanwhile, the reconfiguration weight wrc is set
according to the cost of reconfiguring resources on satellites.

Taking into account the spatial-temporal variability of the
available LEO satellite network resources and slice service
requirements, it is of significant importance to perform recon-
figurable resource slicing to maximize the long-term system
revenue. The reconfigurable satellite RAN resource slicing and
user access (RSUA) problem can be formulated as

P0 : max
{Nw

r ,Nw
d ,aw

l,u (t)}
∑
w∈W

Uw (13)

s.t. Nw
r + Nw

d ≤ N , ∀w , (13a)∑
l∈Lw

awl ,u (t) ≤ 1, ∀t , u, w , (13b)

∑
ur∈Uw

r

awl ,ur (t) ≤ Nw
r , ∀t , l , w , (13c)

∑
ud∈Uw

d (t)

awl ,ud (t) ≤ Nw
d , ∀t , l , w , (13d)

awl ,u (t) ∈ {0, 1}, ∀t , u, l , w , (13e)

Nw
r ,Nw

d ∈ Z
+, ∀w , (13f)

where constraint (13a) guarantees the total channel resource
allocated to the rate-constrained slice and delay-constrained
slice should not be beyond the LEO satellite’s total channel
resources. Constraint (13b) ensures that one user can access
no more than an LEO satellite. Constraints (13c) and (13d)
guarantee that the number of channels allocated to rate-
constrained slice and delay-constrained slice users cannot
exceed the intra-slice channel resources. Constraints (13e) and
(13f) indicate the access decisions are 0-1 variables and the
resource allocation decisions are int variables.

Problem P0 is a long-term integer nonlinear programming
problem and belongs to stochastic optimization because of
spatiotemporal variations of the slice service requirements and
available LEO satellite resources. The slicing revenue is jointly
decided by the coupled slicing resource configuration and user
access decisions. Meanwhile, classical optimization techniques
can hardly cope with the reconfigurable slicing problem due
to a lack of priori information about the services. With the
development of AI, this problem can be effectively tackled by
DRL. Hence, we design a two-tier DRL-based reconfigurable
satellite RAN resource slicing and user access (TDRL-RSUA)
algorithm to resolve this problem.

IV. DESIGN OF THE TDRL-RSUA ALGORITHM

In the section, the original problem is decoupled into RAN
resource slicing and user access subproblems. The resource
slicing subproblem is solved with the multi-discrete mask
Proximal Policy Optimization (MDMPPO) algorithm in slicing
windows, while the user access subproblem is solved with the
many-to-one matching algorithm in time slots.

A. Matching-Based User Access Subproblem

According to (11), user access decisions awl ,u (t) have no
effect on slice reconfiguration revenue. Therefore, maximizing
the sum of resource utilization and SSR revenues is the goal of
the user access subproblem. With slice isolation, the process
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of user access to the LEO satellite channel in both slices is
independent of each other. To simplify the notation, we omit
the (w, t). Thus, user access in the rate-constrained slice can
be formulated as follows:

P1 : max
al,ur

∑
l∈L

∑
ur∈Ur

(
wrual ,ur
LNr

+
wssrSSRl ,ur

Ur

)
(14)

s.t. al ,ur ∈ {0, 1}, ∀ l , ur , (14a)∑
l∈L

al ,ur ≤ 1, ∀ ur , (14b)

∑
ur∈Ur

al ,ur (t) ≤ Nr , ∀ l . (14c)

Similarly, user access in the delay-constrained slice can be
formulated as follows:

P2 : max
al,ud

∑
l∈L

∑
ud∈Ud

(
wrual ,ud
LNd

+
wssrSSRl ,ud

Ud

)
(15)

s.t. al ,ud ∈ {0, 1}, ∀ l , ud , (15a)∑
l∈L

al ,ud ≤ 1, ∀ ud , (15b)

∑
ud∈Ud

al ,ud (t) ≤ Nd , ∀ l . (15c)

These two problems are integer nonlinear programming
problems and aim to maximize the number and SSR of
successful access slice users. To solve these problems, we
formulate them into a generic matching problem [25]. We
construct a bipartite graph G = (U ,L, ξ), in which U is
the group of the rate-constrained slice users or the delay-
constrained lice users, L is the group of available LEO
satellites, and ξ is the group of edges connecting users in U
and LEO satellite in L. For an edge (u,l) connecting slice user
u and LEO satellite l (u ∈ U , l ∈ L), we have (u, l) ∈ ξ.
Therefore, the slice user access problem aims to discover the
matching M ∈ G that maximizes the number and SSR of
successful access slice users [26]. To satisfy constraints (14b)
and (15b), each user could be paired with no more than one
LEO satellite, and each LEO satellite could be paired with
several users according to its channel resources. Therefore, the
form of a matching is described as:

Definition 1: Suppose there are two disjoint sets of the slice
users U and the available LEO satellites L. Define a many-
to-one matching M as a mapping from the set consisting of
the subsets of U ∪ L into the set U ∪ L, such that for every
u ∈ U and l ∈ L, we have: 1) M(u) ⊆ L and M(l) ⊆ U ;
2) M (u) = l ⇔ u ∈ M(l); 3) |M(u)| ≤ 1, |M(l)| ≤
N . Specifically, when u belongs to the rate-constrained slice
ur , N equals Nr . While u belongs to the delay-constrained
slice ud , N is equal to Nd [27]. When M(u) = l, it implies
that al ,u = 1; otherwise al ,u = 0. To reach a stable result
matching, the slice user’s preference list PLu is sorted in a
descending order based on the slice user’s SSR.

Definition 2: Denote � as the preferences of slice users.
For the rate-constrained slice users, we have

li�ur lj ⇔ rli ,ur > rlj ,ur , (16)

Algorithm 1: Many-to-One Matching User Access
Algorithm

Input: Slice users u ∈ U , available LEO satellites l ∈ L,
slice channel resource N.

Output: Slice user access decisions al ,u .
1: Initialization: Construct many-to-one mapping M to

record slice users and available LEO satellites which
are matched.

2: For each slice user u, construct a preference list PLu for
LEO satellites according to (16) or (17). All users are
not associated with the satellite al ,u = 0.

3: repeat
4: for all u ∈ U do
5: if |M (u)| = 1 then
6: The slice user u has been accessed by one of the

LEO satellites.
7: else
8: The slice user u sends an access request to its

preferred LEO satellite l and deletes this
LEO satellite from its PLu .

9: end if
10: end for
11: for all l ∈ L do
12: if |M (l)| = N then
13: The channel resource of the LEO satellite l has

been consumed.
14: else
15: The LEO satellite l checks the received proposals

and determines which proposals to accept based
on the remaining channel resources such that
maximize the total value of (14) or (15). The
access decisions of accepted users are set to
al ,u = 1.

16: end if
17: end for
18: until All slice users are matched, or there are no

available LEO satellite resources.

which implies that the rate-constrained slice user ur prefers
LEO satellite li to lj only when user ur can get higher
transmission rate at LEO satellite li . Similarly, the preference
of the delay-constrained slice user is described as

li�ud lj ⇔ Dli ,ud < Dlj ,ud , (17)

which implies that the delay-constrained slice user ud prefers
the LEO satellite that offers low communication delay Dli ,ud .

The overall process of slice user access is described in
Algorithm 1 and it is implemented on the local controller
CH LEO satellite. In UD-LSNs, the matching scale is reduced
through grouping and clustering architecture. By the way,
the local controller CH LEO satellite can tell the satellite
about the remaining resources of other satellites. When the
slice user is rejected by the current satellite and removes it
from its preference list, it can also synchronously remove
the satellites with no remaining resources, thus avoiding
unnecessary signaling overhead caused by sending access
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requests to these satellites. The rate-constrained slice users and
the delay-constrained slice users implement the many-to-one
matching algorithm independently, and user access issues are
resolved in a low complexity.

B. DRL-Based Reconfigurable Resource Slicing Subproblem

The reconfigurable resource slicing optimization subprob-
lem is formulated as follows:

P3 : max
{Nw

r ,Nw
d }

∑
w∈W

Uw

s.t. (13a) and (13f). (18)

The subproblem is optimized to find resource slicing deci-
sions for each slicing window to maximize the long-term
system revenue, and it belongs to the class of MDP. Therefore,
we redescribe this optimization subproblem into an MDP. In
particular, the agent is the MEO satellite. The MEO satellite
agent collects state data sw and assigns channel resources aw .
The environment then returns the reward rw and goes to the
next state sw+1. We then provide a detailed description of the
action, state, and reward in this MDP.

Action: In slicing window w, the action aw is the
assignment of channel resources of LEO satellites to the rate-
constrained slice and the delay-constrained slice, which can
be described as

aw = {Nw
r ,Nw

d }. (19)

State: The MEO satellite obtains the environmental status
data, including the number of the rate-constrained and the
delay-constrained slices arriving users Uw

r and Uw
d , the avail-

able LEO satellites number Lw , the packet poisson arrival rate
of the delay-constrained slice user λw as well as the resource
slicing action in the preceding window aw−1. Therefore, we
can define the state as

sw =
{
Uw
r ,Uw

d ,Lw , λw , aw−1
}
. (20)

Reward: The reward is designed to be the slicing revenue
in terms of resource utilization and SSR obtained from
the many-to-one matching access algorithm, as well as the
reconfiguration revenue. Thus, the reward is expressed as

rw (sw , aw ) = Uw . (21)

A resource assignment policy defines how the MEO satel-
lite assigns LEO channel resources according to the current
network state at the start of slicing windows. The set of all
probable resource assignment policies is denoted by Π. Thus,
our objective is to identify the resource assignment strategy
π� ∈ Π that could maximize the cumulative discounted reward
over a few slicing windows, which is described as

P ′
3 : maxπ∈Π

[
W∑
w=1

γw rw (sw , aw )|π
]

s.t. (13a) and (13f). (22)

where the discount factor γ ∈ (0, 1) represents the agent’s
trade-off from immediate to future rewards. As the discount
factor γ approaches 1, the agent prioritizes future rewards,

Algorithm 2: MDMPPO-Based Reconfigurable Satellite
RAN Slicing Algorithm

1: Initialization: Initialize buffer D. Initialize the actor
and critic networks with parameters θA and θC .

2: for episode = 1 : Ep do
3: Reset the state about the satellites and users and

get the initial environment state s0.
4: for slicing window w = 1 : W do
5: The MEO satellite controller observes state sw

and configures slice channel resources aw based
on policy πk = π(θkA) and multi-discrete mask
action layer.

6: The MEO satellite controller gets resource
utilization and SSR via Algorithm 1 and in turn
calculates reconfiguration costs to get the overall
reward rw by (21).

7: The environment goes to the next state sw+1.
Meanwhile, the MEO satellite controller records
the experience

{
sw , aw , rw , sw+1

}
in the replay

buffer D.
8: end for
9: � When M episodes have been conducted, update

the neural networks parameters:
10: if episode % M == 0 then
11: Compute GAE Aπθold (w) based on the current

critic networks parameters according to (24).
12: for epoch = 1 : K do
13: Randomly select a minibatch of experiences

from the replay buffer D.
14: Update the actor networks according to (27)

via the policy gradient method. Update the
critic networks by (28) via the gradient
descent method.

15: end for
16: Clean buffer D.
17: end if
18: end for

while approaching 0 emphasizes immediate rewards. When the
discount factor is close to one, P ′

3 can effectively approximate
the problem P3 [14].

The satellites in the next generation networks have
additional onboard processing capabilities. Meanwhile, the
advancement in computing resources has greatly facilitated
the deployment of AI algorithms on satellites [28]. Due
to the absence of future information regarding time-varying
service requirements in UD-LSNs, there exists an unknown
state transition probability. Consequently, the optimal resource
allocation policy could be acquired through a model-free
policy gradient (PG)-based RL algorithm, that requires no state
transition probabilities. The algorithm design is elaborated as
follows.

1) Proximal Policy Optimization (PPO): The PG-based
DRL algorithm PPO falls under random RL strategies. Unlike
the deterministic strategies, its strategy function is related
to probability distribution. A stochastic policy predicts the
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Fig. 2. Overview of the proposed TDRL-RSUA algorithm.

probability distribution of actions at the state sw and sam-
ples actions according to the distribution. Consequently, the
strategy π(aw |sw ) will output different actions even in the
same state. The fundamental structure of the PPO algorithm
comprises several deep neural networks, i.e., the actor and
the critic networks. The probability distribution of actions
is mapped from state sw by the actor networks. The critic
network functions as a state value that assesses the degree
of goodness or badness of current states. It leverages reward
to reinforce or diminish the probability of chosen behav-
iors directly, enhancing the probability of selecting favorable
actions [29].

PPO utilizes the policy gradient algorithm for updates, and
the manner is usually defined as

g = E [�θlogπθ(a
w |sw )A(sw , aw )]. (23)

where �θ is a policy that is parameterized by θ, A(sw , aw )
is the estimated advantage function at slicing window w. PPO
considers the effect of bias and variance on the model, incor-
porating generalized advantage estimation (GAE) to compute
the advantage function [30], expressed as

A(sw , aw ) = δ(w) + (γη)δ(w + 1)

+ · · ·+ (γη)W−w−1δ(W − 1). (24)

where δ(w) = rw (sw , aw ) + γVθ(s
w+1)−Vθ(s

w ), Vθ(s
w )

is the state-value function at slicing window w approximated
by the critic network Vθ and η is a discount hyperparameter.

To avoid significant changes in the policy, PPO introduces a
clipped function to restrict deviations from the previous policy.

The ratio ϕθ of the probability between the current and old
policies is

ϕ(θ) =
πθ(a

w |sw )
πθold (a

w |sw ) . (25)

The goal of the PPO algorithm is to discover the optimal
policy that enables the following objective function to be
maximized

Lclip(θ) = Esw ,aw [min(ϕ(θ)Aπθold (sw , aw ),

clip(ϕθ, 1− ε, 1 + ε)Aπθold (sw , aw ))], (26)

where Aπθold (sw , aw ) is the GAE for policy θold and can be
calculated by (24). The loss function of the actor networks
could be described as

Lactor (θ) = Lclip(θ) + cH (πθ, s
w ), (27)

where H (πθ, s
w ) denotes the entropy of policy πθ at state

sw with c being a hyperparameter, which is usually equal
to 0.01. The parameters of the critic network are updated by
minimizing the loss function, i.e.,

Lcritic(θ) = E
[
V tar (sw , aw )− Vθ(s

w )
]
, (28)

where V tar (sw , aw ) = Aπθold (sw , aw ) +Vθold (s
w ).

2) Multi-Discrete Mask Action Layer Design: The action
network of PPO traditionally outputs the probability dis-
tribution of a one-dimensional decision. However, resource
slicing involves a multi-dimensional coupled decision process.
If we map the resource slicing decision into one dimension,
the mapping method and the increase in dimensionality can
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Fig. 3. The traffic scalers of slice users.

impact training performance. Therefore, we utilize multi-
discrete actor networks [31]. Specifically, the state s(w) is
mapped into two heads via several shared middle layers. One
head is responsible for allocating channel resources to the rate-
constrained slice, while the other head determines resource
allocation for the delay-constrained slice. Every head generates
N digits, which are subsequently processed by the softmax
function to produce an N-dimensional vector representing
the probability of allocating 1∼N channel resources to the
corresponding slice. We sample the probability distribution to
obtain the resource allocation action. Nonetheless, the total
channel resources allocated to both slices should not be beyond
the LEO satellite’s capacity, so it is necessary to mask the
actions violating this constraint [32]. Expressly, when the
rate-constrained slice is assigned Nr channel resource, the
resource of the delay-constrained slice is limited to N − Nr ,
and actions beyond this number are invalid actions. To achieve
this, we design an action mask layer between the output
and softmax layers for the delay-constrained slice head. The
action mask layer helps to avoid sampling invalid actions
by setting virtually zero to the outputted probabilities of the
invalid actions [33]. The entire training process is presented in
Algorithm 2, and it is implemented on the global controller
MEO satellite. The notation Ep denotes the total number of
training episodes, the notation M denotes the neural network
parameters update period, and the notation K denotes the
number of minibatch updates.

V. SIMULATION RESULTS

In the section, we run several simulations to assess the
TDRL-RSUA algorithm’s performances.

A. Simulation Setup

We first model the UD-LSNs topology of Starlink with
11927 LEO satellites [34]. For satellite networks, satel-
lite movements are divided into topology initialization and
topology updating stages. In the initialization stage, the
mobility module generates initial coordinates based on con-
stellation parameters. In the updating stage, the SGP4 orbit
prediction model calculates current coordinates, considering
space dynamics. The target area has a latitude of 31.5◦N to
33◦N and a longitude of 79.5◦W to 81◦W, which belongs to

TABLE II
MAIN SIMULATION PARAMETERS

the Atlantic Ocean region near the east coast of the United
States of America. The LEO satellites in our target area belong
to the same group and are managed by an MEO satellite.
Within the group, the LEO satellites are further divided into
seven clusters, and we perform simulations in one cluster as
an example. The slice users are distributed randomly in our
target region. The minimal access elevation angle is 40◦ for
the first phase of Starlink and 35◦ for the second phase.

Since it is currently difficult to obtain traffic information
about satellite networks, we utilize ground-based traffic to
stand for it. Like [35], there are nearly 220 users in our target
area according to GeoLite2 IP geolocation database [36]. The
length of one slicing window is set to be 1 minute [37],
while the time slot length is 2 seconds [38]. To obtain the
characteristics of traffic over time, two different traffic scalers
from 14:00:00 9/21/2023 to 14:15:00 9/21/2023 are extracted
from WIDE Project [39]. We show the traffic scalers in Fig. 3,
which represent the active probability of total users. Hence, by
multiplying the traffic scalers by the number of total users, we
could get the time-varying slice users in each slicing window.

The number of LEO satellite channels is set to 10, with a
channel bandwidth of 10 MHz. The packet arrival rate of the
delay-constrained slice users in different slicing windows is
stochastically selected from [1,4] packets/s. In our simulation
scenario, it is easy to provide high SSR due to the relatively
sufficient satellite resources, but the problem of low resource
utilization exists. Our goal is to improve resource utilization
while guaranteeing high SSR, thus the weights of resource
utilization and SSR are set as wru = 1, wssr = 5. For flexible
slicing decisions, the weight of the slice reconfiguration is
set to wrc = 0.01. The other experimental parameters are
summarized in Table II.

For both the actor and critic networks, we employ a two-
tier fully connected neural network with [512, 512] neurons,
which use the Tanh activation function. Furthermore, the
Adam optimizer is adopted to train networks parameters. Each
training episode comprises 15 slicing windows and 450 time
slots. To show the validity of our proposed TDRL-RSUA
algorithm, we use the following benchmark algorithms for
comparison:

• PPO with matching strategy (PPOM): The traditional
PPO algorithm is used to make resource slicing deci-
sions in each large slicing window. Different from
our proposed TDRL-RSUA algorithm, which generates
two-dimensional masked resource slicing decisions, the
traditional PPO algorithm gives a one-dimensional slicing
decision. This decision can be mapped to the channel
resources allocated in the rate-constrained and delay-
constrained slices that satisfy the resource constraints.
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Fig. 4. Convergence property of the system revenue.

Meanwhile, the proposed matching algorithm is still used
at small time slots.

• Non-reconfigurable RAN slicing with matching strategy
(NRM): The slice resources are not reconfigurable and
maintain a fixed value in all large slicing windows. In
order to make reasonable non-reconfigurable slicing deci-
sions, we compute the average of the channel resources
that slice users require overall slicing windows. Then,
we perform non-reconfigurable slice resource allocation
decisions based on the ratio of two slices’ required
resources. Meanwhile, the proposed matching algorithm
is also used at small time slots.

• Random strategy (Random): The resource slicing deci-
sions are made randomly at each slicing window, and the
user access decisions are also made randomly at each
time slot.

B. Performance Analysis

The performance analysis of our TDRL-RSUA algorithm
comprises two parts. Initially, we present the training processes
of all the algorithms. Subsequently, the well-trained network
models are conducted under several scenarios to verify the
effectiveness of our proposed algorithm.

1) Convergence Analysis: Fig. 4 presents the convergence
performance of our proposed TDRL-RSUA algorithm. A
10-point moving average of the system revenue is used to
accentuate the convergence trend. Fig. 4(a) illustrates the
system revenue with different learning rates, where LR rep-
resents the learning rate for the networks. It is observed that
all curves increase with the increase in training episodes and
eventually stabilize at respective optimal system revenues,
verifying the convergence performance of our TDRL-RSUA
algorithm. Additionally, the convergence speed of system
revenue is quick when the learning rate is large. However,
a learning rate that is too large can lead to unstable con-
vergence performance. Fig. 4(b) presents the system revenue
with different clipping ratios. It is evident that when the
clipping ratio is large, the system revenue converges quickly
because of drastic policy updates in the iteration. Nonetheless,
a system revenue with an excessively big clipping ratio tends

to converge prematurely and may fall into a local optimal
value. Thus, we opt for a clipping ratio of 0.3 in the remaining
simulations.

To study the convergence performance of our proposed
TDRL-RSUA algorithm more comprehensively, we make a
comparison of its convergence with other benchmark algo-
rithms, as shown in Fig. 4(c). The system revenue of the
Random strategy fluctuates over a wide range during the
training episodes, while the system revenue of the NRM
strategy is maintained near a relatively stable value. The
system revenues of two AI-based strategies, the TDRL-RSUA
and the PPOM algorithms, gradually rise and converge with
the increase in training episodes. It is observed that the
convergence value of the proposed TDRL-RSUA algorithm
is above the other benchmark strategies due to considering
branching architectures and action masks. We next compare
the variation in slicing resource utilization and SSR of the
proposed TDRL-RSUA algorithm with the other benchmark
algorithms during the training episodes in Fig. 5. It is seen that
the curve of system revenue is influenced by a combination
of resource utilization and SSR curves. Due to the greater
weighting of SSR, in the early training phase, the MEO
satellite controller first trains the network to provide high SSR.
Once the SSR is maintained at a high level, the agent starts
training for resource utilization improvement. Thus, system
revenue is further enhanced in the later stage of training.

Specifically, for the convergence performance of the
resource utilization in the different algorithms in Fig. 5(a),
the Random algorithm has the lowest and most volatile
resource utilization due to the overly random decision making.
Although the NRM resource slicing policy allocates resources
in proportion to the overall slice resource requirements, the
NRM resource allocation does not apply to the real-time
scenario as the service requirements and network resources
change, resulting in low resource utilization. The resource
utilizations of two AI-based strategies gradually rise and
converge as the training episodes increase. Meanwhile, the
resource utilization of the proposed TDRL-RSUA algorithm
is able to converge to a higher value, which can be improved
by 32% compared to the resource utilization of the NRM
algorithm. For the convergence performance of the SSR
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Fig. 5. Convergence property of the slicing performance in different algorithms.

in the different algorithms in Fig. 5(b), the Random algo-
rithm has the lowest and most volatile SSR as well. The
NRM resource slicing strategy achieves high user satisfaction
because the resource division is proportional to the demand
for the resources. For AI-based algorithms, the SSRs of
our proposed algorithm and the PPOM strategy converge to
higher values than that of the NRM strategy. This shows
that the algorithms guarantee SSR while greatly improving
resource utilization. When resource allocation is insufficient,
resource utilization and SSR can increase simultaneously with
the increase of resource allocation. However, resources may
become redundant as resource allocation increases, resulting
in decreased resource utilization. Therefore, when configuring
slice resources, there needs to be a trade-off between resource
utilization and SSR. Our proposed TDRL-RSUA algorithm
has a smaller action space than the PPOM algorithm, so it
can converge to the resource allocation decision with higher
overall system utility. This decision can achieve a favorable
SSR close to the PPOM and higher resource utilization,
resulting in a better trade-off between resource utilization and
SSR. Meanwhile, we also analyze the average throughput
of the satellite provided by different algorithms in Fig. 5(c),
which is decided by the transmission traffic of all slice
users successfully accessed by satellites. Because throughput
strongly correlates with SSR, our proposed algorithm can
provide higher throughput than the NRM strategy.

2) Slicing Performance Analysis: When the DRL algorithm
is well-trained, we assess the cumulative resource utilization
over fifteen slicing windows in Fig. 6(a). As expected, the
TDRL-RSUA algorithm incurs the highest resource utilization
among all the algorithms. Since our proposed algorithm
maintains high resource utilization over all slicing windows,
the resource utilization accumulates smoothly. The other
algorithms have low resource utilization and fluctuate within
different windows. We then evaluate the overall system rev-
enue accumulated over fifteen slicing windows in Fig. 6(b).
As expected, our TDRL-RSUA algorithm incurs the highest
system revenue cost among all the algorithms. As previously
analyzed, the TDRL-RSUA, PPOM, and NRM algorithms
maintain a high level of SSR throughout the slicing windows.
At the same time, the SSR holds more significant weight in

Fig. 6. The cumulative slicing performance in all slicing windows.

the system revenue, so the system utilities steadily increase
with the increase of the slicing windows. In contrast, the
system revenue of the Random strategy increases instabil-
ity. Furthermore, the results indicate that the performance
improvement is greater as the number of slicing windows
increases.
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Fig. 7. Slicing performance in the different number of users scenarios.

3) Influence of the Number of Users and Available Satellites:
To evaluate the influence of the number of users, we simulate
our proposed algorithm in several slice user number cases
and compare it with the other benchmark algorithms. Fig. 7(a)
presents the average resource utilization in all slicing windows.
As user density increases, more resources are used, increasing
resource utilization for all algorithms. The proposed TDRL-
RSUA algorithm achieves the greatest resource utilization in
all three scenarios and improves resource utilization by over
30% in comparison to the NRM strategy, especially in scenar-
ios with a small number of users. Fig. 7(b) shows the system
revenue of all strategies, and the proposed strategy attains
the highest system revenue in all three user-density scenarios
as well. Since resource utilization rises with increasing user
density, the system revenue of AI-based and NRM strategies
increases. However, as the number of users increases, the
resource allocation decisions of the Random strategy make
more users unsuccessfully served, leading to a decrease in
SSR, which further results in a decrease in system revenue.

To evaluate the impact of average available satellites,
we adjust the minimum elevation angle of LEO satellites
and run all algorithms for several sets of average available
satellite scenarios. Fig. 8(a) presents the average resource
utilization in all slicing windows. Our proposed algorithm
makes slicing decisions based on the currently available

Fig. 8. Slicing performance in the different number of average available
satellites scenarios.

satellite resources and achieves the highest resource utilization
in multiple resource scenarios. However, the Random and
NRM strategies do not adapt well to the changes in satellite
resources, resulting in low resource utilization in resource-
sufficient scenarios. Fig. 8(b) shows the system revenue of
all algorithms, and the proposed algorithm attains the highest
system revenue in all three scenarios. As the number of
average available satellites increases, the resource utilization
decreases, so the system revenue of AI-based and NRM
slicing strategies decreases. However, as the number of average
available satellites increases, the Random strategy leads to an
increase in SSR, which improves the system revenue.

4) Influence of Weights: First, we analyze the effect
of resource utilization weight wru on slicing performance.
Specifically, the SSR weight wssr is set to 5, the recon-
figuration weight wrc to 0.01, and the resource utilization
weight wru to different values for multiple simulations. As
the resource utilization weight wru increases, the resource
utilization increases while the SSR decreases in Fig. 9(a).
When the resource utilization weight is too low, the resource
utilization performance decreases significantly. Meanwhile,
when the resource utilization weight is too high, the SSR
performance drops sharply. Next, we analyze the effect of SSR
weight wrc on slicing performance. The resource utilization
wrc is set to 1, the reconfiguration weight wrc to 0.01, and the
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Fig. 9. Slicing performance in different RU or SSR weights.

SSR weight wssr to different values for multiple simulations.
Similarly, as the SSR weight wssr increases, the SSR increases
while the resource utilization decreases in Fig. 9(b). When
the SSR weight is too low, the SSR performance decreases
significantly. Meanwhile, when the SSR weight is too high,
the resource utilization performance decreases dramatically.
There is a trade-off between resource utilization and SSR by
adjusting the weights wru and wssr .

To evaluate the impact of the reconfiguration cost weight,
we simulate the resource utilization, SSR, and reconfiguration
cost in each slicing window under two sets of slice recon-
figuration weights. In Fig. 10(a), the reconfiguration weight
is set to 0.01. When the reconfiguration weight is small,
the slicing resources could be reconfigured flexibly, and the
resource utilization and SSR are maintained at a high value in
all slicing windows. In Fig. 10(b), the reconfiguration weight
is set to 1. Since no cost is incurred for releasing slicing
resources, the reconfigurable slicing strategy can promptly
release unnecessary resources. However, it fails to increase the
required resources in time when the reconfiguration weight
is large, which results in a low SSR and fluctuating resource
utilization. By comparison, the reconfigurable slicing algo-
rithm with a small reconfiguration weight is more suitable for
UD-LSNs with fluctuating service requirements and available
LEO satellite resources.

VI. CONCLUSION

In this paper, we have proposed a reconfigurable RAN
slicing architecture for UD-LSNs. We have considered the
characteristics of the rate-constrained slice and the delay-
constrained slice, and formulated an optimization problem
aiming at maximizing the long-term slicing system revenue,

Fig. 10. Slicing performance in the different weight of the reconfiguration.

including resource utilization, SSR, as well as reconfiguration
cost. The original problem has been decoupled into the
resource slicing and user access subproblems and resolved by
the proposed TDRL-RSUA algorithm. Simulation results have
been provided to demonstrate the advantage of our proposed
TDRL-RSUA algorithm. This work can provide useful insights
for reconfigurable RAN slicing to improve resource utilization
in UD-LSNs and other large-scale mobile networks. For the
future work, we will consider high dimensional resources
slicing in UD-LSNs.
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