
Visibility-Aware Satellite Selection and Resource
Allocation in Multi-Orbit LEO Networks

, Member, IEEE, Ming Xiao, Senior Member, IEEE,
Zhu Han, Fellow, IEEE, and Octavia A. Dobre, Fellow, IEEE

Abstract—Multi-orbit low-earth-orbit satellite communication
is a promising infrastructure for truly global coverage in future
space-air-ground integrated networks. Yet jointly optimizing
satellite selection, user association, and resource allocation under
dynamic visibility in multi-orbit constellations remains challeng-
ing due to heterogeneous, time-varying coverage and interference
coupling. We propose a dynamic visibility-aware framework that
selects serving satellites across orbital layers and jointly optimizes
user association/bandwidth and power allocation. We formulate a
sum-rate maximization problem with per-satellite power budgets
and multi-orbit constellation-size constraints, which is NP-hard
due to mixed-integer non-convexity. To solve it, we develop a
tailored algorithm that combines Markov approximation for
tractable combinatorial search, a matching-game mechanism for
user association and bandwidth allocation, and a Lagrangian-
dual based method for power allocation within a block coordinate
descent procedure. Simulations show consistent convergence
across all considered scenarios, and extensive comparisons with
four representative benchmark schemes demonstrate an average
7.85% sum-rate gain over the best-performing baseline.

Index Terms—M-LEO, space–air–ground integrated networks,
Markov approximation, matching game theory.

I. INTRODUCTION

W ITH ever-growing demand for higher data rates and
ubiquitous connectivity, the existing terrestrial net-

works are increasingly unable to satisfy the requirements

of future communication services [1], and leave users in
remote, rural, and maritime areas underserved due to the
lack of coverage [2]. To overcome these limitations, satellite
communications have emerged as a promising complement to
terrestrial networks. In particular, multi-orbit low-earth-orbit
(M-LEO) satellite systems are envisioned as an infrastructure
to provide seamless connectivity with truly global coverage,
bridging underserved regions and enhancing the resilience of
space-air-ground integrated networks (SAGINs) [3].

M-LEO systems are typically defined as satellites operating
in orbits at altitudes between 500km and 2,000 km. Their pri-
mary advantages include low launch costs, and low round-trip
delay owing to the relatively short propagation distance. LEO
satellite networks are widely envisioned as a key component
to provide ubiquitous connectivity in remote and ocean areas,
offering lower latency than Geostationary earth orbit systems
but facing strong time variation and Doppler effects due to
high relative motion. This further motivates a time-varying
visibility model and dynamic satellite selection across slots
[4]. However, deploying large-scale M-LEO constellations
inevitably introduces significant network complexity due to the
massive number of satellites and high velocity. In particular,
the resulting highly dynamic constellation leads to a time-
varying set of visible satellites over any given region, thereby
making adaptive satellite selection essential for ensuring reli-
able connectivity to user equipment (UEs).

Extensive research efforts have been devoted to addressing
the challenges of network coordination, satellite constellation
design, user association (UA), and resource allocation (RA).
Among the early contributions in this area, [5] developed a
three-dimensional constellation design algorithm to minimize
the number of satellites while ensuring backhaul requirements.
[6] proposed a network-level strategy to enhance the anti-
jamming ability of the network and several cases were studied
to provide a deeper insight. Another corpus of literature has
focused on UA and RA under fixed constellation settings. For
instance, [7] formulated the UA problem between ground UEs
and LEO satellites, but the study assumed only three fixed
satellites and did not consider satellite selection. Beyond fixed
settings, several studies investigated satellite selection strate-
gies. To capture long-term selection dynamics, [8] introduced
a non-dominated sorting optimization algorithm for M-LEO
selection in global navigation satellite systems, considering
signal strength, and residual visibility time.

Despite these advances, most existing studies assume
fixed constellation, where the set of serving satellites is
predetermined and static. These common assumptions may
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be reasonable for simplified scenarios with a small number of
satellites, but they become unrealistic in large-scale M-LEO
systems. In practice, satellites in different orbital planes move
continuously. This leads to a dynamic and time-varying set
of visible satellites over any specific region. This dynamic
visibility introduces two critical challenges:

1) the number of visible satellites fluctuates significantly
over time, ranging from dense situations with many
candidate satellites to sparse conditions with only a few
feasible connections;

2) even if multiple satellites are simultaneously visible,
their link qualities vary due to differences in elevation
angles, residual visibility time, and interference condi-
tions.

These factors imply the number of satellites to be selected
and the serving satellites must be optimized dynamically.

To address the challenges, we propose the dynamic
visibility-aware multi-orbit satellite selection framework
(DV-MOSS), which integrates constellation-level satellite
adaptation with fine-grained per-satellite selection across mul-
tiple orbital layers. Particularly, we investigate a scenario in
which a UE is simultaneously covered by multiple candidate
satellites. Then the network controller must optimize the
number of serving satellites, the satellite-UE associations, and
the transmit powers. The objective is to maximize the sum-
rate under per-satellite power budget constraints and overall
constellation size limitations. Notably, the number of visible
M-LEO satellites varies significantly across time slots. This
dynamic visibility makes the problem more challenging. The
main innovations and contributions of this paper can be
summarized as follows.

• We investigate the sum-rate maximization problem of the
joint optimization of multi-orbit satellite selection, associ-
ation control, and PA under constellation size constraints
in an M-LEO setting. Different from existing works
assuming a fixed set of serving satellites, we explic-
itly model the temporal evolution of candidate satellite
sets. Dynamic visibility together with constellation sizes
changes the problem setting drastically. Since satellites in
different orbital planes and with varying relative phases
continuously enter and exit the cone-shaped visibility
regions of ground UEs, the feasible set of the problem is
inherently time-varying. The formulated problem is NP-
hard because it is a mixed-integer non-convex program:
discrete UA variables are coupled with continuous power
variables through a non-concave sum-rate objective and
a non-concave minimum-rate constraint.

• To solve the problem, we propose DV-MOSS algorithms
combining Markov approximation and matching game
theory. Specifically, we design an ergodic Markov chain
with tailored transition probabilities that guarantee
convergence to its stationary distribution. Building
on this reformulation, we develop a block coordinate
descent (BCD) architecture, termed JUBPA, for the joint
optimization of UE association, bandwidth allocation
(BA), and power allocation (PA). In particular, matching
game theory is employed to determine stable satellite-UE

associations together with BA, whereas a Lagrangian
dual-based method is adopted to optimize PA. This
integrated approach achieves sub-optimal performance
with provable convergence of submodules and
significantly lower complexity than heuristic alternatives.

• We conduct extensive experiments on the Walker Constel-
lation Design Pattern1 to validate the convergence prop-
erties of DV-MOSS and to evaluate its performance. The
results demonstrate that DV-MOSS consistently outper-
forms the best-performing baseline, achieving an average
improvement of approximately 7.85% in sum rates.

The remainder of the paper is organized as follows.
Section II discusses the related work. Section III describes the
system model and problem formulation. The algorithm design
and simulation results are presented in Section IV and V,
respectively. Finally, the conclusions are drawn in Section VI.

II. RELATED WORK

Research on M-LEO satellite communications and RA in
SAGINs has gained significant attention in recent years. Prior
studies provide valuable insights into constellation design, UA,
and RA, as well as satellite selection strategies. However, most
of these works rely on simplified assumptions, such as fixed
satellite constellations or the separate optimization of UA and
RA, which limit applicability in large-scale, dynamic M-LEO
systems. Existing results can be roughly divided into four
categories, as follows.

1) Optimization with Fixed Constellations: A commonly
adopted paradigm for studying UA and RA in satellite net-
works is to assume a fixed LEO satellite constellation. For
instance, [7], [9], [10], [11], [12] represent typical research
based on this paradigm. Reference [7] developed a 3D constel-
lation coordinate model and aimed to maximize the minimum
average throughput using an iterative algorithm that combines
block coordinate descent with successive convex approxi-
mation. Similarly, [10] introduced a two-way transmission
model with unknown channel state information and designed a
hierarchical multi-agent multi-armed bandit-based RA scheme.
In [11], UA and RA were jointly optimized by formulating
a problem that incorporates both base station backhaul and
UE traffic demands, and is solved via binary relaxation and
alternating optimization. A deep reinforcement learning-based
RA strategy was further proposed in [12] to address low
resource utilization caused by uneven traffic demands.

2) Single-Satellite Selection Approaches: A few studies
aim to optimize selecting a single serving LEO satellite
for each UE. Specifically, [13] modeled the selection as a
potential game, treating satellites and frequency bands as
shared resources while UEs act as competing players. A
random access algorithm within a software-defined networking
framework was then developed to maximize the area sum-rate.

3) Multi-Satellite or Multi-Orbit Selection Methods: Beyond
single-satellite settings, the literatures [14], [15], and [16]
investigated the selection of multiple LEO satellites in

1The Walker constellation has been widely adopted in practical
deployments, including Starlink, OneWeb, and Kuiper systems. It is
available at https://innovationspace.ansys.com/courses/courses/intro-to-orbit -
types/lessons/walker-constellation-lesson-9/

https://innovationspace.ansys.com/courses/courses/intro-to-orbit


static systems. In [14], the authors proposed a two-layer
algorithm that combines difference-of-convex programming
with coalition formation to jointly address beamforming
and UA. A comparative study in [15] analyzed three UA
schemes using stochastic geometry as the evaluation frame-
work. More advanced optimization techniques were explored.
Reference [16] applied alternating direction method of mul-
tipliers (ADMM), bisection, and interior-point methods to
jointly solve satellite selection and access problems, target-
ing improvements in downlink sum-rate, uplink fairness, and
energy efficiency.

4) Long-Term Multi-Satellite Selection: A few works
investigated long-term strategies for selecting multiple LEO
satellites. For instance, [8], [17], [18], [19], [20] considered
satellite selection without explicit UA or RA. In [8], an
iterative optimization algorithm for the Global Navigation
Satellite System systems was developed, incorporating signal
strength, residual visibility time, and receiver sensitivity. The
authors in [17] addressed the coexistence between primary
and secondary systems via the Lagrange relaxation and sub-
gradient methods. Reference [18] applied gated recurrent
units to predict trajectories and design handover strategies
for high-speed terminals. A dynamic greedy algorithm for
handover based on UE grouping was proposed in [19]. In
[20], a conditional handover optimization strategy using ser-
vice continuity graphs was designed to maximize a reward
function and predict handover sequences while improving the
stability.

Meanwhile, references [21], [22], [23], [24], and [25]
incorporated UA or RA alongside multi-satellite selection.
In [21], a distributed massive multiple-input multiple-output-
based network architecture was introduced, and an artificial
intelligence-enabled joint PA and handover management
scheme was proposed to enhance throughput and reduce han-
dovers. Reference [22] proposed a collaborative beamforming
paradigm with an evolutionary multi-objective deep rein-
forcement learning algorithm, improving uplink performance
for energy-limited terminals. In [23], the satellite-aircraft
handover was modeled as a local cooperation game, where
subcarrier and PA were jointly optimized via a parallel update
strategy. Caching was considered in [24], where a deep
reinforcement learning-based caching-aware handover strategy
reduced failures and blocking under limited resources. In [25],
a Lyapunov-based framework jointly optimized inter-satellite
handover, beam hopping, and spectrum sharing to improve
service satisfaction while mitigating interference.

In addition to UA/RA and satellite selection, a related line
of research investigates joint beam direction control together
with radio resource allocation in satellite networks [14], [25].
These studies typically optimize beam pointing/beam patterns
for a given satellite and allocate radio resources accordingly.
Thus the coverage region is often treated as fixed or only
implicitly handled by the beam control layer. In contrast,
DV-MOSS explicitly targets dynamic visibility in multi-orbit
constellations and optimizes the serving-satellite set itself,
while jointly solving UA/BA and power allocation. This sep-
aration is essential in large-scale M-LEO systems where the
candidate satellite set varies over time and the key bottleneck

is deciding which satellites to activate before fine-grained link-
level scheduling.

Recent studies also consider task/service-driven optimiza-
tion in LEO and SAGIN, e.g., joint data compression and
task scheduling in LEO satellite networks and dynamic service
function chain (SFC) scheduling in SAGIN [26], [27]. These
works primarily optimize task completion/offloading or SFC
deployment under communication–computation constraints,
whereas our work focuses on dynamic-visibility-driven satel-
lite selection and joint UA/BA and downlink power allocation
to maximize sum rate.

Different from the above studies, the proposed DV-MOSS
does not assume fixed constellation or static satellite amount.
DV-MOSS is designed to handle dynamic visibility in
M-LEO systems by jointly optimizing satellite selection,
UA, and RA under constellation size constraints, combining
Markov approximation with matching game theory to tackle
the challenges of time-varying candidate satellite sets and
coupled decision variables.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. Network Model

Consider the downlink transmission of an M-LEO satellite
network where satellites distributed across O orbital planes
adaptively serve J UEs within a designated area. Let O =
{1, . . . , O} and U = {u1, . . . , uJ} denote the sets of orbit
indices and UEs, respectively. Let S = ∪Oo=1So denote the set
of satellites across O orbital planes. So = {so,1, . . ., so,|So|}
represents the set of satellites on the o-th orbital plane, and
|So| denotes its cardinality. The downlink spectrum is assumed
to be partitioned into K orthogonal and equal-bandwidth
subcarriers that are represented by the set B = {B1, . . . , BK}.
We consider a slotted timeline indexed by t = 1, . . . T with
slot duration ∆t. At each slot boundary, and satellite positions
are updated using STK. The set of visible satellites thus varies
over time due to LEO motion. Based on the current visibility
set, the proposed algorithm selects the serving satellites and
allocates resources in each slot. UE locations are assumed
quasi-static. Here, each slot represents a snapshot for which the
visibility sets and large-scale channel gains are updated; thus,
the feasible candidate set and the resulting optimal satellite
selection/UA/BA/PA decisions vary across slots.

B. Zenith Angle Rule

The zenith angle of the satellites relative to UE is an
important metric for satellite selection, as it directly influences
the communication quality [28]. To maintain line-of-sight
(LoS) communication links, blockages caused by tall buildings
should be avoided. A common method is to set a zenith-
angle threshold when selecting satellites. Such an zenith-angle
threshold is widely adopted in LEO evaluation to capture
LoS feasibility and link-budget reliability, consistent with the
LEO evaluation methodology in 3GPP document [29]. Similar
zenith angle geometry has also been used in literature to
characterize visible satellite regions and candidate sets in LEO
systems [30].



Fig. 1. Illustration of the zenith angle rule.

In LEO scenarios, satellite visibility can also be limited by
Earth curvature. This effect can be equivalently modeled by
a horizon constraint on the elevation angle (or, equivalently,
a maximum zenith angle). In our model, the zenith-angle
threshold ϕ is selected within the feasible horizon range, so
the Earth-blockage condition is respected by construction.

Let ϕ denote the maximum zenith angle at which a UE
can observe satellites. This threshold naturally defines a cone-
shaped visibility region, and the satellites within this cone
for uj constitute the candidate set Sj(t). The cone-shaped
visibility region and the corresponding candidate set Sj(t)
are illustrated in Fig. 1. Based on the setup origin point, the
coordinates of uj , so,i, and the earth center are denoted as
aj(t), ao,i(t), and ae, respectively. Accordingly, Sj(t) can be
defined as

Sj(t) = {so,i | 〈aj(t)− ae,ao,i(t)− aj(t)〉 ≤ cosϕ}, (1)

where 〈·, ·〉 represents the operator of calculating the nor-
malized inner product between two vectors. All satellites
located within the individual cone regions collectively form
the union set are denoted as S̃(t) = ∪jSj(t). The serving
satellites are then selected from S̃(t). To indicate whether
a specific satellite so,i is actively providing service at time
t, we introduce a binary decision variable zo,i(t) ∈ {0, 1}.
zo,i(t) = 1 iff so,i is selected; otherwise, zo,i(t) = 0. The
final set of optimized satellites is denoted as S̃∗(t) ⊆ S̃(t).
Therefore, the set of satellites providing service at time slot t
is S̃∗(t) = {so,i | zo,i(t) = 1}.

C. Transmission Model

It is important to note that only the satellites selected to pro-
vide service are eligible for BA. The set of subcarriers assigned
to so,i is denoted by Bo,i. The sets fulfill the conditions
B = ∪so,i∈S̃Bo,i(t), and |Bo,i(t)| = K/|S̃∗(t)|. We further
assume that the frequency bands assigned to different service-
providing satellites are mutually exclusive [31]. In other
words, there is no overlap between Bo,i(t) and Bo,i′(t) for
i 6= i′, i.e., Bo,i(t)∩Bo′,i′(t) = ∅,∀(o, i) 6= (o′, i′)|zo,i=zo′,i′=1.
To characterize the connection relationships, we introduce two
additional binary variables. The UA indicator is denoted as
xo,i,j(t) ∈ {0, 1}, where xo,i,j(t) = 1 if so,i serves uj at
time slot t, and xo,i,j(t) = 0 otherwise. Likewise, the BA
indicator is denoted as yko,i,j(t) ∈ {0, 1} with yko,i,j(t) = 1 if

TABLE I
INDEX AND SET SUMMARY FOR THE SYSTEM MODEL

frequency band Bk is allocated to serve uj , and yko,i,j(t) = 0
otherwise. Hence, the set of UEs associated with so,i is
Uo,i(t) = {uj | xo,i,j(t) = 1}, while the set of UEs served
by Bk is denoted as Uk(t) = {uj | yko,i,j(t) = 1}. All the
variables have been defined in the Table I. The dB-scale path
loss between so,i and uj at time t is expressed as [32]

LdB
o,i,j(t) = C1 log10 do,i,j(t) + C2 + C3 log10 fc, (2)

where do,i,j(t) is the Euclidean distance between so,i and uj ,
and fc is the carrier frequency. The parameters (C1, C2, C3)
are taken from the QuaDRiGa parameter tables for the con-
sidered scenario [32].

Let SdB
o,i,j(t) denote the shadowing fading in dB scale. The

corresponding large-scale channel power gain in linear scale
is

GLS
o,i,j(t) = Gt · 10−L

dB
o,i,j(t)/10 · 10−S

dB
o,i,j(t)/10. (3)

Accordingly, the channel coefficient is written as

Ho,i,j(t) =
√
GLS
o,i,j(t)ho,i,j(t), (4)

where ho,i,j(t) is the normalized small-scale fading coef-
ficient. In this work, the small-scale fading is modeled
as a phase-only term, ho,i,j(t) = e−j2πdo,i,j(t)/λ, so that
|ho,i,j(t)|2 = 1.

The signal-to-interference-plus-noise ratio (SINR) experi-
enced by uj on the k-th subcarrier from its serving satellite
so,i at time t is

Γko,i,j(t) = xo,i,j(t) · yko,i,j(t)
po,i,j(t)|Hk

o,i,j(t)|2

Iko,i,j(t) + σ2
, (5)

where σ2 is the noise level. po,i,j(t) is denotes the downlink
transmit power allocated by the satellite so,i to uj’s data
stream at time t, and

Iko,i,j(t) =
∑

j′ 6=j
xo,i,j′(t)y

k
o,i,j′(t)po,i,j′(t)|Hk

o,i,j(t)|2,
(6)

is the multiple access interference experienced by uj over Bk.
Inter-satellite co-channel interference is not included

because we adopt band splitting, i.e., different serving satellites
are allocated mutually exclusive subcarrier sets Bo,i(t) ∩
Bo′,i′(t) = ∅. Band splitting is a known interference-avoidance



approach in dense LEO coexistence/interference-aware satel-
lite systems [33], [34]. Band splitting mitigates inter-satellite
co-channel interference by orthogonal spectrum partitioning,
but it reduces spectrum reuse and can be conservative under
spectrum scarcity. We adopt this assumption to keep the
problem tractable and to highlight the core coupling among
dynamic visibility, multi-orbit satellite selection, and joint
UA/BA and per-user downlink power allocation. The sum rate
of the network can be written as

R(t) =
∑J

j=1
rj(t), (7)

where rj(t) is the data rate of uj and is given by

rj(t) =
∑

o,i
xo,i,j(t)ro,i,j(t), (8)

where ro,i,j(t) is the data rate of the communication link
between so,i and uj and is calculated as

ro,i,j(t) =
∑K

k=1
yko,i,j(t)B · log2 (1 + Γko,i,j(t)). (9)

D. Problem Formulation

As mentioned in Section III-B, our setting explicitly
accounts for dynamic visibility induced by each UE’s cone-
shaped field of view. As satellites on different orbital planes
and relative phases enter or exit these cones, each per-UE
candidate set Sj(t),∀uj ∈ U , along with their union S̃(t),
evolves across time slots. Hence, service satellites must be
adapted online under constellation size limits and per-satellite
power budgets. This time-varying feasible region tightly cou-
ples satellite selection, UA and PA, and substantially enlarges
the combinatorial search space. At each slot t, we solve
the formulated optimization based on the current visibility
set and channel conditions, and repeat this process over
t = 1, . . . , T to capture dynamic visibility. Consequently, our
problem includes both dynamic visibility and constellation
size constraints, leading to the formulation of an optimization
problem that simultaneously addresses satellite selection, UA,
and RA, as below

OP-0 : max
x,y,z,p

∑
t∈[0,T ]

R(t) (10)

s.t.
∑

o,i
xo,i,j(t) · zo,i(t) ≤ 1, ∀j, (11)∑J

j=1
xo,i,j(t) · zo,i(t) · pj(t) ≤ Pmax, ∀o, i, (12)∑

o,i
zo,i(t) ≤ Zth, (13)

rj(t) ≥ rmin,j(t), ∀j, (14)
pj(t) > 0, ∀j, (15)

so,i(t) ∈ S̃(t), ∀(o, i)|zo,i=1, (16)

xo,i,j(t), y
k
o,i,j(t), zo,i(t) ∈ {0, 1} , ∀o, i, j, k, (17)

where (11) enforces that each UE can be associated with at
most one satellite. (12) ensures that the transmit power of each
satellite does not exceed its maximum limit. (13) represents
the constellation size constraint. Therefore the number of the
chosen satellites should not be larger than Zth. (14) requires
that the minimum rate demand of every UE is satisfied. (15)
specifies that the allocated power to each UE must remain

positive. (16) guarantees that the service satellites are selected
from the union set defined by the cone-based visibility rule.
Because each UE is associated with at most one satellite, pj(t)
will be used to denote the allocated power to uj instead of
po,i,j(t) in the remaining parts of this paper.

Problem OP-0 has integer constraints (11)-(13) and (16)-
(17), as well as continuous constraints (12) and (14)-(15).
The problem is non-convex and mixed integer programming
with respect to {x,y, z,p}, where x = [xo,i,j ]∀o,i,j , y =
[yko,i,j ]∀o,i,j,k and z = [zo,i]∀o,i, p = [pj ]∀j . In the absence of
efficient solvers for the problem, we adopt a tractable alter-
native. Specifically, we will use a problem-specific Markov
approximation that exploits the combinatorial structure for
sub-optimal solutions with manageable complexity as follows.

IV. THE PROPOSED SOLUTION FRAMEWORK

To effectively solve problem OP-0, we propose DV-MOSS
framework which integrates four complementary components
into a unified solution pipeline. First, Markov approximation
is applied to address the combinatorial nature of satellite
selection under constellation size constraints and dynamic
visibility variations. Then we reformulate the problem into
a tractable form with guaranteed convergence to a stationary
distribution. Next, based on the selected satellite set, a BCD
structure is introduced to solve UA, BA, and PA alternatively.
Specifically, two matching games are utilized to establish
stable UA with BA. Conditioned on the outcome of UA and
BA, PA is optimized using KKT conditions. By combining
these components in a sequential yet coherent manner, DV-
MOSS becomes a scalable and suboptimal framework for the
joint satellite selection and joint UA, BA, and PA. The detail
of each component will be elaborated in the following.

A. Markov Approximation

Let f = {x,y, z,p} ∈ F denote a feasible M-LEO
satellites network configuration with F as the feasible set
generated by the constraints (11)-(17). The objective function
in (10) can be reevaluated as θ(f) =

∑
t∈[0,T ]R(t) with

f ∈ F . Accordingly, the original objective function can be
equivalently reformulated as

OP-1 : maxf∈F θ(f). (18)

OP-1 is inherently discrete and combinatorial. To make it
tractable, we approximate the problem by reformulating it
as a continuous optimization problem through log-sum-exp
relaxation and the use of a conjugate function [35] as

OP-2 : max
w

∑
f i∈F

wf i
θ(f i)−

1

β

∑
f i∈F

wf i
log(wf i

)

(19)

s.t.
∑

f i∈F
wf i

= 1, (20)

where wf i
denotes the weight of a feasible network config-

uration f i, and β is a temperature parameter controlling the
difference between the objective function value of OP-1 and



that of OP-2. KKT condition for OP-2 leads to the optimal
weights as

w∗f i
=

eβθ(f i)∑|F|
m=1 e

βθ(fm)
. (21)

Intuitively, β controls the weights. As β increases, w∗f i

becomes more peaked on configurations with larger θ(f i).
OP-2 provides a tighter approximation to OP-1, hence pro-
ducing solutions increasingly similar to the OP-1 optimizer.
A smaller β results in a smoother weighting that spreads
probability mass across more configurations and encourages
broader exploration. The detailed derivation and approxima-
tion property can be found in [35].

The parameter βstep controls how fast the temperature β
increases with the iteration index.

Algorithm 1 The DV-MOSS Framework

1: Initialization: co = 0, ν[0] = 1, βstep > 0, νstep > 0, z[0]

drawn at random.
2: while ν[co] 6= 0 do
3: if mod (co, 2) = 0 then
4: % Exploration stage

5: z[co+1] =

{
z drawn randomly, with prob. ν[co]

z[co], with prob. 1− ν[co]

6: else
7: % Consolidation stage
8: Calculate α = q(f [co] → f [co−1]) based on (24).

9: f [co+1] =

{
f [co−1], with prob. α
f [co], with prob. 1− α

10: β = β + βstep
11: if z[co+1] = z[co] then
12: ν[co+1] = max

{
0, ν[co] − νstep

}
13: f [co+1]∗ =

{
x[co+1]∗,y[co+1]∗,p[co+1]∗, z[co+1]

}
by

running JUBPA (Algorithm 2)
14: co = co + 1
15: Return z∗,x∗,y∗,p∗

Algorithm 2 Algorithm of JUBPA

Output: x[co+1]∗,y[co+1]∗,p[co+1]∗

Input: z[co+1]

1: for uj in Linit
UE do

2: for Bk in Linit
j do

3: if G+(Gk, uj) is solvable then
4: Uk ← Uk ∪ {uj}, Break
5: else
6: Continue
7: while (x,y) has not converged under the proposed update

rule do
8: UA+BA Phase: Run Algorithm 3 to obtain x[co+1,ci]

and y[co+1,ci]

9: PA Phase: Run Algorithm 4 to obtain p[co+1,ci]

10: ci = ci + 1
11: Return x[co+1]∗,y[co+1]∗,p[co+1]∗

However, it is not practical to compute the optimal weights
for all feasible network configurations. To address this chal-
lenge, we regard the feasible configurations as states and

the corresponding weight as the stationary probability of a
Markov chain. The problem then becomes the design of a
Markov chain with F as the state space and the stationary
distribution as (21). We note that there is at least one Markov
chain fulfilling our requirements [35]. Let q(f → f ′) and
q(f ′ → f) denote the transition probabilities. The Markov
chain should satisfy the balance condition and is expressed as

wfq(f → f ′) = wf ′q(f
′ → f), (22)

which is derived according to the Bayes rule on a joint
probability of f and f ′. After substituting (21) into (22) and
canceling out the denominators on both sides, we can obtain

eβθ(f)q(f → f ′) = eβθ(f
′)q(f ′ → f). (23)

We assume q(f → f ′) + q(f ′ → f) = 1 in Markov approxi-
mation [35]. The transition probabilities can be evaluated as

q(f → f ′) =
1

1 + eβ(θ(f)−θ(f ′)) , (24)

q(f ′ → f) =
1

1 + eβ(θ(f ′)−θ(f))
. (25)

With the state space specified and the transition probabilities
given in (24)–(25), we summarize the Markov-approximation
procedure in Algorithm 1. The algorithm iteratively alternates
between an exploration stage and a consolidation stage. In each
iteration, Algorithm 2 is invoked to determine UA, BA, and PA
based on the currently selected satellites. If the state stabilizes
(i.e., remains unchanged across iterations), the exploration
probability ν[co] will be gradually reduced. Algorithm 1 ter-
minates once the exploration probability decreases to zero, at
which point the proposed sequential update procedure reaches
a fixed point. The exploration probability ε in Algorithm 1
explicitly controls the exploration-exploitation tradeoff. With
probability ε, the algorithm performs exploratory updates
by sampling alternative feasible configurations, which helps
avoid premature convergence and improves the chance of
reaching high-quality configurations. We apply a decreasing
exploration strategy: whenever the solution remains unchanged
for consecutive iterations, ε is reduced by νstep, which acceler-
ates convergence once the algorithm stabilizes. A larger νstep
typically speeds up convergence but may reduce robustness in
multi-modal settings, while a smaller νstep keeps exploration
longer at the cost of slower convergence. The overall procedure
of DV-MOS2 is shown in Fig. 2

Before executing Algorithm 2, it is necessary to find a
feasibly initialized solution point. For the purpose, we will
find a solution point at the boundary line generated by the
minimum rate constraint (14). Thus, we let the communication
rate of each uj equal to rmin,j . After substituting (9) into the
equation rj(t) = rmin,j(t) and omitting the indexes o, i, t for
simplicity, rmin,j can be evaluated as

rmin,j = B · log2

1 +
pj |Hk

j |2∑
j′,yk

j′=1 pj′ · |Hk
j |2 + σ2

 ,∀j,
(26)

which is equivalent to

pj ·
1

δj
−
∑

j′,yk
j′=1

pj′ = εj,k, ∀j, (27)



where δj = 2
rj,min

B − 1, εj,k = σ2

|Hk
j |2

. From (27), for each
subcarrier Bk we obtain a system of the first-degree linear
equations as

Gk = G(Uk) : Akpk = εk,∀k, (28)

where Uk denotes the UE set served by Bk, G(Uk) denotes
the linear equations system induced by the UE set Uk. The
UE power vector pk ∈ RJk×1 is defined as [pk]jk = pjk , and
εk ∈ RJk×1 is defined as [εk]jk = εkjk . Jk =

∑
jk
ykjk is the

number of UEs served by Bk. Ak ∈ RJk×Jk is defined as

[Ak]ij =


1

δj
, i = j,

−1, i 6= j.
(29)

To model the incremental augmentation of Uk when uj is
assigned to Bk, we define the augmentation operator as

G+(Gk, uj) : Aj→kpj→k = εj→k, (30)

which maps the previous linear system of Bk and the candidate
UE uj to the updated linear system after augmentation.
pj→k ∈ R(Jk+1)×1 is defined as pj→k = [pTk , pj ]

T , and
εj→k ∈ R(Jk+1)×1 is defined as εj→k = [εTk , εj,k]T . The
updated matrix Aj→k ∈ R(Jk+1)×(Jk+1) is defined as

[Aj→k]i′j′ =


[Ak]i′j′ , i′, j′ ≤ Jk,
1/δj , i′ = j′ = Jk + 1,

−1. others
(31)

The definition of solvable G+(Gk, uj) is

G+(Gk, uj) is solvable⇐⇒ det (Aj→k) 6= 0,

(Aj→k)
−1
εj→k > 0. (32)

In the initialization of JUBPA, the UE with higher rmin,j/ḡj(t)
is prioritized to be allocated to the subcarrier with the highest
channel gain. This is because the UE with higher rmin,j/ḡj(t)
has more stringent minimum rate requirements but experiences
low channel gains. As a result, satisfying the constraint on the
minimum rate for such UEs is challenging.

B. Matching Game Theory

With a feasible solution from the initialization process, we
will optimize UA and BA with the matching game method,

OP-UABA : max
x,y

R(t) (33)

s.t. (11), (12), (14), (17). (34)

In the following, we design two matching games correspond-
ing to UA and BA, respectively. Both matching games are
designed based on the explored z[co+1] and the corresponding
satellites set is defined as Sz[co+1](t) which will be denoted
as Sz(t) for simplicity in the following. There are two sides
of players in each matching game. In the UA matching game,
two sides are UEs and satellites, and the corresponding sets
are U and Sz(t). In the BA matching game, two sides are UEs
associated with so,i and subcarriers belonging to so,i, and the
corresponding sets are Uo,i and Bo,i. The matching function is
used to describe the mapping relationship between two sides

Algorithm 3 Algorithm of UA and BA

Output: x[co+1,ci],y[co+1,ci]

Input: x[co+1,ci−1],y[co+1,ci−1],p[co+1,ci−1]

1: % UA part
2: for each uj do
3: Update LUA,[cin]

j based on PFUA
j (o, i;µ[cin−1])

4: Generate Lγ(t) and UUA
req

5: while UUA
req 6= ∅ do

6: for uj ∈ UUA
req do

7: if Uj ≤ Umax and µUA(uj) 6= so∗,i∗ then
8: o∗, i∗ = arg maxso,i∈LUA

j
PFUA

j (o, i),bj→o∗,i∗ =
1

9: for each so,i ∈ Sz do
10: U req

o,i = {uj | bj→(o,i) = 1},preq
o,i =

∑
uj∈U req

o,i
pj

11: if po,i + preq
o,i ≤ pmax then

12: Uo,i ← U req
o,i ∪ Uo,i, po,i+ = preq

o,i

13: U req
o,i ← ∅, UUA

req ← UUA
req \ {uj | uj ∈ UUA

req }
14: else
15: while po,i < pmax do
16: j′ = arg maxuj∈LUA

o,i

∑
j∈Uo,i PF

UA
o,i (j)

17: Uo,i ← Uo,i ∪ {uj′}, po,i ← po,i + pj′

18: UUA
req \ {uj′},U

req
o,i \ {uj′},L

UA
o,i \ {uj′}

19: for uj ∈ U rej
o,i do

20: L
UA,[cin]
j ← L

UA,[cin]
j \ {so,i}

21: % BA part
22: for so,i ∈ SUA,[ci] do
23: The list LUA,[ci]

o,i = argsort
uj∈U

UA,[ci]

o,i

pj(t)

24: for uj ∈ LUA,[ci]
o,i do

25: The sorted list Lo,ij = argsortBk∈Bo,i
gkj (t)

26: for Bk ∈ Lo,ij do
27: if constraint (14) in Bk∗ is fulfilled then
28: yko,i,j(t) = 1
29: else
30: xo,i,j(t) = 0, x

[ci−1]
o,i,j = 1, Uj− = 1

31: for each so,i ∈ Sz do
32: while maxPFBA(j, k) > 0 do
33: UBA

req ← ∅,Bblock ← ∅
34: for each Bk ∈ Bo,i do
35: UBA

req ← UBA
req ∪

{
arg minuj∈Uk rj(t)

}
36: while maxLBA ≥ 0 do
37: (j∗, k∗) = arg maxj,k∈LBA PFBA(j, k)
38: if

{
µBA(j∗), Bk∗

}
/∈ Bblock then

39: if constraint (14) in Bk∗ is fulfilled then
40: Uk∗ ← Uk∗ ∪ uj∗ ,UµBA(j∗) ← UµBA(j∗) \ j∗
41: Bblock ← Bblock ∪

{
µBA(j∗), Bk∗

}
42: LBA ← LBA \ {(j∗, k∗)}

of players in each game. The matching function µUA(·) for
UA is defined as a function mapping U to Sz(t) such that
so,i = µUA(uj) iff uj ∈ µ−1

UA(so,i), in which µ−1
UA(so,i) is

defined as

µ−1
UA(so,i; t) = Uo,i = {uj | xo,i,j(t) = 1} . (35)

Likewise, the matching µBA(·) for BA is defined as a function
mapping Uo,i to Bo,i such that Bk = µBA(uj) iff uj ∈



µ−1
BA (Bk), in which µ−1

BA (Bk) is defined as

µ−1
BA (Bk; t) = Uk = {uj | yko,i,j(t) = 1}. (36)

The final matching result of UA and BA is denoted as
µ = {µUA, µBA}. After defining basic elements in a matching
game, how to design a matching game to obtain a stable
matching result will be introduced. In this paper, the term
“stability” refers to an algorithmic fixed point of the proposed
sequential update rule, rather than classical pairwise stability
or exchange stability in matching theory. Specifically, under
the current power allocation, the UA/BA procedure is said
to converge when no admissible reassociation or bandwidth
reassignment considered by Algorithm 3 can further improve
the corresponding preference metric under the imposed con-
straints, and hence the variables (x, y) no longer change after
a full update round.

The general procedure of a matching game can be summa-
rized as three steps:

1) Both sides of players construct the profile lists based on
the preference function;

2) Each player on the first side proposes the requirement
of being associated with the player corresponding to the
highest preference function on the second side;

3) Each player on the second side decides whether to be
associated with the first-side player that proposed the
association requirement based on the profile list.

In order to apply matching game to solve the problem
OP-UABA, we need to design the preference functions that are
related to the objective function and constraints in OP-UABA.
In the UA matching game, the preference function on the UE
side is designed based on the objective function, and the
preference function on satellites side is designed based on the
constraints. In the BA matching game, the preference function
is designed based on objective function. The constraints are
handled in a single step where we check whether they are
satisfied. The pseudo code is shown in Algorithm 3.

1) UA: As mentioned above, the preference function on
the UE side is designed based on the objective function value.
Thus we define the preference function as the potential average
increment of each UE’s communication rate after changing the
associated satellite.

The rate of uj when it is served by Bk is defined as

rj→k(t) = ykj (t)rj(t)

+ (1− ykj (t))B log2

1 +
pj(t) |Hk

j (t)|2∑
j′∈Uk

pj′(t) |Hk
j (t)|2 + σ2

 .

(37)

The set of subcarriers belonging to so,i which can make
rj→k(t) higher than rj(t) is denoted as

B+
j→o,i = {Bk | rj→k(t) ≥ rj(t), Bk ∈ Bo,i} . (38)

The profile function of uj is defined as

PFUA
j (o, i;µ, t) =

1

|B+
j→o,i|

∑
k∈B+

j→o,i

(rj→k(t)− rj(t)) .

(39)

Therefore, if the subcarriers of so,i can make the communica-
tion rate of uj higher after serving uj , so,i will correspond to
a higher preference function value. The comparison operator
for uj at UA stage is defined as

(so,i, µUA) �UA
j;t (so′,i′ , µ

′
UA)

⇔ PFUA
j (o, i;µ, t) ≥ PFUA

j (o′, i′;µ′, t). (40)

The profile list of uj is denoted as LUA
j (t), representing a list

of satellites. LUA
j (t) is sorted in descending order according

to (40), i.e.,

LUA
j (t) = argsort

so,i∈Sz
PFUA

j (o, i), (41)

The maximum average achievable rate of uj can be derived
as γj(t) = maxso,i∈LUA

j (t) PF
UA
j (o, i).

To avoid oscillatory UA updates, we introduce two stabi-
lization mechanisms. The first one is per-iteration quota on
UA changes. Because one UE’s association change perturbs
the interference of others, allowing UEs to change associations
concurrently can induce large network-wide fluctuations and
hinder convergence. Hence, in each iteration only a quota-
limited subset of UEs is permitted to propose a change. Define
this subset of UEs as

Lγ(t) = argsort
uj∈U

γj(t). (42)

where γj(t) = maxso,i∈LUA
j (t) PF

UA
j (o, i). Given a quota Uq ,

only the first Uq UEs in Lγ(t) are allowed to request a UA
update. This set is denoted as UUA

req and is defined as

UUA
req = {uj ∈ Lγ(t) | 1 ≤ j ≤ Uq}. (43)

The second mechanism is per-UE limit on the number of UA
changes. To prevent back-and-forth switching by any single
UE, we impose a hard limit on its total number of association
updates. Let Uj be the cumulative count of uj changing
UA. A proposal from uj is accepted only if Uj < Umax.
Umax is an integer limit. After UE proposing the request
of changing association, satellites will decide whether to
accept the requests according to their preference function. To
define the preference function on satellites’ side, from (14),
the minimum-rate constraint of uj on subcarrier Bk can be
equivalently written as

pj(t)/δj − εj,k ≥
∑

j′ 6=j,µ(uj′ ;t)=Bk

pj′(t). (44)

We denote the left-hand term as

akj (t) = pj(t)/δj − εj,k (45)

as the advantage score of uj on Bk. This quantity depends only
on the intrinsic parameters of uj : the transmit power pj(t)
and the minimum-rate requirement via δj , and the channel
gain term εkj . A larger akj (t) implies a greater SINR surplus
for uj and therefore makes (44) easier to satisfy for any
fixed cochannel environment. In particular, akj (t) increases
with higher power and better channel gain, and decreases
with a stricter minimum-rate requirement, exactly matching
the intuition of an advantage intrinsic to uj .



The right-hand side (RHS) of (44),
∑
j′ 6=j pj′(t) aggregates

the transmit powers of the other UEs sharing Bk. A larger RHS
tightens the inequality and thus makes UE uj’s minimum-
rate constraint harder to satisfy. By symmetry, the transmit
power of uj itself appears in the RHS of the constraints of
all other UEs on Bk, i.e., pj(t) increases their cochannel load
and degrades their feasibility. Hence pj(t) plays the role of an
external burden on its neighbors and is naturally interpreted
as a penalty term from the system perspective. Accordingly,
we define the preference function as a weighted difference
between these two components, i.e.,

PFUA
o,i (j; t) = ϕUA

∑
k∈Bo,i

akj (t)−
∑
k∈Bo,i

ck · pj(t), (46)

where ϕUA is a scaling coefficient that modulates the numeri-
cal contribution of the advantage score, and ck is the cost per
unit of the interference caused by uj [36]. With this definition,
a larger advantage score aj,k(t) increases the preference,
whereas a higher cochannel load reduces it.

The corresponding comparison function for satellites is
obtained as

(j, µUA) �UA
o,i;t (j′, µ′UA)⇔ PFUA

o,i (j; t) ≥ PFUA
o,i (j′; t). (47)

The profile list of so,i sorting UEs is denoted as LUA
o,i (t), and

can be defined as

LUA
o,i (t) = argsort

uj∈Uo,i
PFUA

o,i (j). (48)

After executing the UA module (Algorithm 3, lines 1–19), we
can have the set of UEs which change associated satellites as

UUA,[ci]
o,i =

{
uj | x[co+1,ci]

o,i,j (t) = 1, x
[co+1,ci−1]
o,i,j (t) = 0

}
.
(49)

Through the definition of UUA,[ci]
o,i , we can evaluate the set of

satellites which serve more UEs than the previous round as

SUA,[ci] = {so,i | UUA,[ci]
o,i 6= ∅}. (50)

2) BA: Because changing a UE’s associated subcarrier
will impact two subcarriers’ sum rates, i.e., the previously
associated subcarrier and the newly associated subcarrier. It
is necessary to design the preference function considering
impacts on these two subcarriers. The preference function
PF1BA(j;µ) is introduced to describe the impact on the
previously associated subcarrier and is calculated as

PF1BA(j;µ) = RµBA(j)

(
µ−1

BA (µBA(j)) \ j
)
−RµBA(j), (51)

where µ−1
BA (k) \ j denotes the set of UEs in Bk excluding uj .

RµBA(j)

(
µ−1

BA (µBA(j)) \ j
)

denotes the sum rate of UEs served
by the subcarrier µBA(j) excluding uj . It can be calculated
through introducing the function Rk (Ux). The sum rate of
UEs in Ux achieved on the Bk is defined as

Rk (Ux) =
∑

j∈Ux
B

× log2

1 +
pj(t)|Hk

j (t)|2∑
j′ 6=j,j′∈Ux

pj′(t)|Hk
j (t)|2 + σ2

 .
(52)

The preference function PF2BA(j, k;µ) is introduced to
describe the impact on the newly associated subcarrier and
is calculated as

PF2BA(j, k;µ) = Rk
(
µ−1

BA (k) ∪ j
)
−Rk, (53)

where µ−1
BA (k)∪uj denotes the set of UEs in Bk plus uj . The

profile function that is used to decide the profile list can be
defined as the sum of PF1BA(j;µ) and PF2BA(j, k;µ)

PFBA(j, k;µ) = PF1BA(j;µ) + PF2BA(j, k;µ). (54)

The sorted profile list can then be constructed based on
PF (j, k;µ), and is denoted as LBA

o,i(t). The BA profile list
is constructed as

LBA
o,i(t) = argsort

uj∈Uo,i,Bk∈Bo,i

PFBA(j, k). (55)

Having detailed the UA and BA matching procedures, we
analyze their fundamental properties. In particular, we show
that the UA/BA update process converges to a fixed point with
non-decreasing objective value and that the objective increases
monotonically across iterations, ensuring convergence to a
sub-optimal solution. It is formalized in Theorem 1.

Theorem 1: Given the transmitted power, the UA/BA update
process induced by Algorithm 3 converges to a fixed point
under the proposed update rule and attains a sub-optimal
solution with non-decreasing objective value.

Proof: According to the operation at the 14th line in
the UA stage of Algorithm 3, the matching µUA can make
the quantity

∑
j PF

UA
o,i (j) increase after each iteration, i.e.,∑

j PF
UA
o,i (j)[r+1] ≥

∑
j PF

UA
o,i (j)[r]. It has been proved

that R(t) is non-decreasing with
∑
j PF

UA
o,i (j) [36], then we

have R(x[r+1];y, z,p, t) ≥ R(x[r];y, z,p, t). Clearly, µBA
can also guarantee the increment of the network through-
put given the UA result and transmitted power. Then we
have R(y[r+1];x, z,p, t) ≥ R(y[r];x, z,p, t). With the
UA matching results, we have R(x[co+1,ci],y[co+1,ci];p, t) ≥
R(x[co+1,ci−1],y[co+1,ci−1];p, t).

C. Lagrangian Dual-Based Optimization for PA

After UA and BA stages, the remaining variables to be
optimized are the UE transmit power p. Moreover, for both
the objective function and the constraints, the optimization
problem OP-0 can be reformulated as the form of the additive
sum over satellites as

OP-PA0 : max
p

∑
(o,i)

∑
j∈Uo,i

log2 (1 + Γkj ) (56)

s.t.
∑

j∈Uo,i
pj(t) ≤ Pmax, ∀o, i, (57)

rj(t) ≥ rmin,j(t), ∀j ∈ Uo,i,∀o, i, (58)
pj(t) > 0, ∀j ∈ Uo,i,∀o, i. (59)

Because both the objective function (56) and the feasible set
decided by constraints (57)-(59) decompose across satellites,
the problem OP-PA0 can be separated into |Sz| sub-problems
corresponding to |Sz| satellites. The sub-problem correspond-
ing to so,i is denoted as OP-PA0so,i and formulated as

OP-PA0so,i : max
p

∑
j∈Uo,i

log2 (1 + Γkj ) (60)



s.t.
∑

j∈Uo,i
pj ≤ Pmax, (61)

rj ≥ rmin,j , ∀j ∈ Uo,i, (62)
pj ≥ 0, ∀j ∈ Uo,i. (63)

Then we can further transform this problem through geometric
programming. Let log2 (1 + Γkj (t)) ' log2 (Γkj (t)), ṕj =

log2 pj , and Íkj = log2 I
k
j , then OP-PA0so,i is transformed

to OP-PA1so,i as

OP-PA1so,i : min
ṕ,Í

∑
j∈Uo,i

log2

[
2−ṕj

|Hk
j |2

(2Í
k
j + σ2)

]
(64)

s.t.
∑

j∈Uo,i
2ṕj ≤ Pmax, (65)

log2

[
2−ṕj (2Í

k
j + σ2)

|Hk
j (t)|2

]
+ χj ≤ 0, ∀j ∈ Uo,i, (66)

− Íkj + log2 I
k
j = 0, ∀j ∈ Uo,i, (67)

where χj =
rmin,j

B , ∀j ∈ Uo,i. By invoking the KKT
framework and introducing the multipliers λo,i, n, and m for
the constraints (57), (58), and (59), respectively, OP-PA1so,i
can be transformed to Lagrangian saddle-point problem
OP-PA2so,i , i.e.,

OP-PA2so,i : min
ṕ,Í

max
λo,i,n,m

Lo,i (68)

s.t. λo,i ≥ 0,n ≥ 0,m ≥ 0, (69)

where Lagrange term Lo,i can be calculated as

Lo,i =
∑
j∈Uo,i

log2

[
2−ṕj

|Hk
j |2

(2Í
k
j + σ2)

]

+ λo,i

(∑
j∈Uo,i

2ṕj − Pmax

)
+
∑
j∈Uo,i

nj

(
log2

[
2−ṕj

|Hk
j |2

(2Í
k
j + σ2)

]
+ χj

)
+
∑

j∈Uo,i
mj(−Íkj + log2 I

k
j ). (70)

To solve OP-PA2so,i , we apply the duality function eval-
uated as Do,i(λo,i,n,m) = minṕ,Í Lo,i. Then the duality
problem can be defined as

OP-PA3so,i : max
λo,i,n,m

Do,i(λo,i,n,m) (71)

s.t. λo,i ≥ 0,n ≥ 0,m ≥ 0. (72)

Since the strong duality holds here [36], OP-PA3so,i is equiva-
lent to OP-PA2so,i and the optimal primal and dual variables ṕ
and Í are characterized by the saddle point of the Lagrangian.
Fixing the multipliers λo,i, n, and m, we apply the KKT
stationary conditions by differentiating Lo,i w.r.t. ṕ and Í and
setting the results to zero as

∂Lo,i/∂ṕj = −(1 + nj) + λo,i2
ṕj · ln 2 = 0, (73)

∂Lo,i/∂Í
k
j = (1 + nj)2

Íkj /(2Í
k
j + σ2)−mj = 0. (74)

Then the optimal pj and Ikj are evaluated as

p∗j = 2ṕ
∗
j = (1 + nj)/(λo,i ln 2), (75)

Ik∗j = 2Í
k∗
j = max{mjσ

2/(1 + nj −mj), 0}. (76)

Based on the optimal p∗j and Ik∗j , Lagrange multipliers λo,i,
nj and mj can be updated recursively with step sizes q(r)

λ , q(r)
n

and q(r)
m according to the subgradient method as

λ
(r)
o,i = λ

(r−1)
o,i + q

(r)
λ · g

(r−1)
λo,i

, (77)

n
(r)
j = n

(r−1)
j + q(r)

nj
· g(r−1)
nj

, (78)

m
(r)
j = m

(r−1)
j + q(r)

mj
· g(r−1)
mj

, (79)

where the gradients are calculated as

g
(r−1)
λo,i

=
∑

j∈Uo,i
2ṕ

(r−1)∗
j − Pmax, (80)

g(r−1)
nj

= log2

[
2−ṕ

(r−1)∗
j

|Hk
j |2

(2Í
k,(r−1)∗
j + σ2)

]
+ χj , (81)

g(r−1)
mj

= log2

[
I
k,(r−1)
j (ṕ(r−1)∗)

]
− Ík,(r−1)∗

j , (82)

where in (82), Ik,(r−1)
j (ṕ(r−1)∗) is evaluated via (6) after

obtaining the transmit power ṕ(r−1)∗, i.e.,

I
k,(r−1)
j = I

k,(r−1)
j (ṕ(r−1)∗) =

∑
j′ 6=j

p
(r−1)∗
j′ (t)|Hk

j (t)|2.

(83)

Accordingly, we explicitly write Ik,(r−1)
j as Ik,(r−1)

j (ṕ(r−1)∗)
to emphasize its functional dependence on the power vector.

Since every part of JUBPA has been illustrated, we will
analyze the convergence of JUBPA by proposing the following
Theorem 2.

Theorem 2: Algorithm 2 can converge and achieve a sub-
optimal solution.

Proof: To show the convergence of Algorithm 2, we need
to prove the monotonicity of network rate function R(·) along
iteration steps, which is the function of x, y, and z. The first
inequality corresponding to PA stage is

R(p[co+1,ci])|[x[co+1,ci],y[co+1,ci]] ≥
R(p[co+1,ci−1])|[x[co+1,ci],y[co+1,ci]], (84)

where R(F)|[N] represents the network rate function w.r.t F
under fixed parameters N. The inequality holds because the
PA part is designed based on the gradient type of method.
Thus the non-decreasing monotonicity can be achieved with
respect to p. The second inequality corresponding to UA and
BA stages is expressed as

R(x[co+1,ci],y[co+1,ci])|{p[co+1,ci−1]} ≥

R(x[co+1,ci−1],y[co+1,ci−1])|{p[co+1,ci−1]}, (85)

which has been proved in Theorem 1.

D. Complexity Analysis

As illustrated in Algorithm 1, the proposed DV-MOSS
algorithm is composed of an inner JUBPA routine and an
outer Markov approximation procedure. Given a selected
satellite subset, JUBPA alternates between UA&BA and PA. In
UA/BA, UEs propose the requirements of changing associated



Fig. 2. Overall workflow of the proposed DV-MOSS framework.

satellites and subcarriers following preference functions until
a stable matching is reached. UA&BA has the complexity of
O(ZthJ+JK/Zth). Subsequent PA solves the power allocation
subproblem via dual decomposition. In PA, each satellite
updates its corresponding multipliers and power variables.
This leads to the complexity of O(RPAZth) where RPA is the
number of iterations. Therefore, JUBPA has the complexity
of O(ZthJ +JK/Zth +RPAZth), and Algorithm 1 will invoke
JUBPA C0 times with the complexity O(C0[ZthJ+JK/Zth +
RPAZth]). In each outer iteration, we have the current satellite
subset S1 with its objective value R1 computed by the inner
JUBPA. A candidate subset S2 is generated by exploration,
and its objective R2 is obtained by one additional call to
JUBPA. The Markov update then only computes the perfor-
mance difference ∆R = R2 − R1, evaluates the transition
probability via (24), draws a uniform random variable, and
selects either S1 or S2 accordingly. The complexity of these
operations is O(1). Thus the per-iteration cost is dominated
by the inner JUBPA evaluation.

V. SIMULATION RESULTS

A. M-LEO System Settings

To evaluate DV-MOSS in a more practical setting, we
consider a Walker Constellation Design Pattern for an
M-LEO satellite communication system. The constellation
consists of 1,000 satellites deployed at different orbits with
the same altitude of 550km and a common inclination of
70 ◦ but different right ascension of the ascending nodes.
The communication system operates at a carrier frequency

Fig. 3. Spatial distributions of (a) satellites with UEs and (b) UEs.

TABLE II
SYSTEM PARAMETERS

of fc = 6 GHz, and each subcarrier occupies a bandwidth of
10MHz. UEs are uniformly distributed within a circular area
of radius 1,500 km, centered at aUEC. The duration of each
time slot ∆t is set up as 1 minute. The locations of satellites
are updated at each time slot based on the simulation results of
the software STK. Within each discrete time slot, the positions
of satellites are considered to stay unchanged. Each UE is
assumed to stay static along the simulation timeline. The
STK-generated satellite-UE geometry inherently accounts
for the Earth curvature; thus, links below the geometric
horizon are excluded when constructing the candidate set.
The coordinates of the satellites constellation and UEs are
shown in Fig. 3. Throughout the simulations, unless otherwise
specified, we adopt the parameters reported in Table II (see
[37] and references therein). Unless otherwise specified, the
simulations use |U| = 35 as the UE number.

B. DV-MOSS Simulations

At each time slot, the coordinates of satellites are updated
based on the exported results of STK software, then we use
the zenith angle rule to update the set of serving satellite
candidates and use DV-MOSS algorithm to update X,Y, Z
and P . We use βstep = 5 and νstep = 0.05 in all simulations.

1) DV-MOSS Convergence: In Fig. 4, we can see that DV-
MOSS, implemented via Algorithm 1, exhibits a consistent
convergence behavior under different shadowing conditions
(SF = 1, 2, and 3 dB). As expected, better channel quality
(smaller shadowing factor) leads to higher achievable sum
rates. Under severe fading scenarios (e.g., SF = 3 dB), it
becomes more challenging to identify satellite groups that



Fig. 4. Convergence of DV-MOSS with Pmax = 50 W.

Fig. 5. DV-MOSS’s CDF curve with Pmax = 50 W.

jointly satisfy the system constraints and yield high data rates.
Consequently, the algorithm stabilizes more quickly, leading
to an earlier decay of the exploration probability. Conversely,
under milder fading conditions (e.g., SF = 1 dB), DV-MOSS
continues exploring larger candidate sets, resulting in better
final performance but requiring more iterations to converge.
Occasional drops may still occur even after the sum rate
reaches high values. This behavior arises from the Markov
approximation. It happens because the algorithm continuously
explores alternative satellite constellations to achieve marginal
performance gains even after achieving a high objective func-
tion value. As a result, satellite groups corresponding to lower
function values can still be found and cause fluctuation. Fig. 5
further illustrates this behavior by showing the cumulative
distribution function (CDF) of the achieved sum rates. The
CDF curves show that smaller shadowing factors yield a
clear rightward shift, indicating consistently higher rates across
UEs. This validates not only the convergence of DV-MOSS but
also its robustness in adapting to different channel conditions.

2) Performance of Matching-Game Based UA and BA in
DV-MOSS: Fig. 6 illustrates the convergence behavior of the
matching-based UA and BA (Algorithm 3) procedures with
a fixed PA policy. The power of each UE is obtained by

Algorithm 4 Algorithm of PA

Output: p[co+1,ci]

Input: x[co+1,ci],y[co+1,ci],p[co+1,ci−1]

1: Initialization: λ(0),n(0),m(0),p(0), I(0)

2: for each so,i ∈ Sz do
3: r = 0
4: while ṕ does not converge do
5: if r == 0 then
6: Update λ(1)

o,i , n
(1)
j and m

(1)
j according to (77), (78) and

(79) based on the values of p(0), I(0)

7: else
8: Update ṕ(r)∗

j and Ík,(r)∗j based on (75) and (76)
9: Calculate the value of Ik,(r)j based on the value of ṕ(r)∗

according to (6)
10: Update λ(r+1)

o,i , n(r+1)
j and m(r+1)

j according to (77), (78)
and (79) based on the values of ṕ(r)∗, Ik,(r)j and Ík,(r)∗j

11: r = r + 1

Fig. 6. Convergence of the matching process under different UE numbers
(|U| = 20, 25, 30).

the initialization method of JUBPA. The results show that
the UA-BA combination can converge reliably under different
network sizes (|U| = 20, 25, and 30). Notably, the sum rate
improves significantly after the first iteration, but subsequent
iterations yield limited gains. This is because, without invoking
Algorithm 4, interference cannot be effectively managed. This
limits further performance improvement. Moreover, the sum
rate grows with the number of UEs, since a larger user pool
increases the likelihood of favorable satellite-UE matching and
more efficient bandwidth utilization.

3) Effectiveness of JUBPA in DV-MOSS: Fig. 7 shows the
convergence behavior of the proposed JUBPA algorithm under
different shadowing factors SF = 1, 2, 3 dB. The results show
that JUBPA achieves stable convergence across all channel
conditions. The results are consistent with the trend shown
in Fig. 4. As expected, better channel quality, corresponding
to smaller SF , leads to higher achievable sum rates, since
weaker shadowing implies less blockage and more reliable
links. Moreover, JUBPA converges rapidly, typically within
two to three iterations. This highlights its efficiency in practical



Fig. 7. Convergence of JUBPA algorithm.

Fig. 8. Comparison among matching algorithms with ϕ ∈
[

π
10

, 7π
20

]
.

implementations. Compared with the UA-BA combination,
JUBPA yields a pronounced performance gain, underscoring
the effectiveness of jointly incorporating PA into the matching-
based UA and BA.

C. Performance Comparison

1) Gains of Joint UA-BA Matching in DV-MOSS: In order
to verify the effectiveness of the matching game-based UA
and BA methods, we evaluate the performance of DV-MOSS
against the following two methods: (i) Fixed-UA + Fixed-BA:
both UA and BA are predetermined in a static manner without
applying matching game theory; (ii) Fixed-UA + Matching-
BA: the UA is fixed, and the BA is optimized via the matching
game algorithm (Algorithm 3). These methods are testified
under the same Markov approximation and PA procedures,
ensuring a fair comparison separating the contribution of
matching game-based UA and BA. The results are presented
in Fig. 8, where the sum rate performance is plotted as a
function of the cone angle ϕ varying from π

10 to 7π
20 in a step

size of π
40 . The achievable sum rate generally improves with

larger ϕ since a wider cone angle allows more satellites to be
considered in the association and beam assignment process.

Fig. 9. Comparison among selection algorithms with ϕ ∈
[

π
10

, 7π
20

]
.

The performance gaps among three methods highlight the
importance of applying matching game theory to both UA
and BA. Specifically, the double matching scheme consistently
outperforms the baselines, demonstrating the synergistic gain
of jointly adapting both UA and PA. In contrast, Fixed-
UA + Matching-BA method achieves moderate improvement
over the fixed baseline, but its performance saturates when ϕ
grows as fixing UA limits the ability to exploit the enlarged
candidate satellite set. Finally, the fixed method exhibits the
poorest performance and even suffers performance degradation
at higher ϕ, where interference becomes more significant and
cannot be effectively mitigated without adaptive UA and BA.

2) Comparative Evaluation of Satellite Selection Strategies
Under Dynamic Visibility: To further gain the insight of
DV-MOSS, we conduct comparative experiments that high-
light its capability not only in adaptively selecting satellites,
but also in dynamically determining the number of active
satellites with visibility variations and constellation size con-
straints. For this purpose, we select the following four schemes
to compare with our proposed DV-MOSS approach.

• ε-Markov [38]: It follows the general framework of the
proposed algorithm. The execution of either the E-stage
or the C-stage is determined in a stochastic manner.

• sϕ-nearest: It selects the sϕ satellites closest to the UE
cluster center.

• 2-nearest: It always selects the two closest satellites to
the UE cluster center.

• sϕ-random: It randomly selects sϕ satellites without
considering their locations.

Here, sϕ denotes the number of service satellites determined
by DV-MOSS as a function of the cone angle ϕ. For a fair
comparison, all methods (except the 2-nearest scheme) are
assumed to select the same number of satellites, sϕ, with
an identical JUBPA process. The 2-nearest method fixes the
number of service satellites to 2 irrespective of the cone angle.

Fig. 9 presents the sum rates of the proposed DV-MOSS
framework in comparison with the above baselines under
varying cone angles ϕ ∈

[
π
10 ,

7π
20

]
for a network with |U| = 35.

From the results, we observe that DV-MOSS consistently



Fig. 10. Visualized satellite trajectories: (a) 2D at t = 1, (b) 3D at t = 1, (c) 2D at t = 7, (d) 3D at t = 7, (e) 2D at t = 9, (f) 3D at t = 9, (g) 2D at
t = 13, and (h) 3D at t = 13. (ϕ = π

5
rad).

achieves the highest sum rate across the entire range of cone
angles. In particular, the performance gap between DV-MOSS
and the 2-nearest scheme is remarkable. Since the 2-nearest
scheme fixes the number of serving satellites to 2, it fails
to exploit the potential spatial diversity provided by larger
visibility regions when ϕ increases. By contrast, DV-MOSS
dynamically adapts the number of selected satellites, thereby
striking a balance between interference mitigation and
multi-satellite diversity. This adaptivity translates directly into
substantial throughput gains. Moreover, while the sϕ-nearest
and sϕ-random baselines partially reflect the constellation size
constraint by fixing the number of selected satellites to sϕ, they
ignore the coupled impact of cone-angle-shaped visibility and
interference. As a result, their performance tends to plateau
or even degrade at larger cone angles. By contrast, DV-MOSS
jointly incorporates constellation size and visibility geometry
into the selection and allocation process, maintaining
consistently superior performance across all cone-angle
settings. In addition to the above observations, Fig. 9 shows
that ε-Markov method achieves competitive but inferior results
compared to DV-MOSS owing to its stochastic decision-
making between exploration and consolidation. This stochastic
behavior prevents consistent exploitation of favorable satellite
constellations. These results collectively demonstrate that the
proposed DV-MOSS framework is not only adaptive in the
number of satellites but also better suited to address visibility
constraints and constellation dynamics than benchmarks.

Finally, to evaluate the influence of the inherent M-LEO
dynamism on the number of selected service satellites, we
simulated the time-varying selection results obtained by
DV-MOSS. Fig. 10 illustrates the constellation snapshot

of the chosen satellites under the proposed workflow, with
simulation results recorded from t = 1 to t = 13 minutes.
Two important observations can be made. First, the number
of selected satellites varies continuously over time. This
is a direct consequence of the dynamic evolution of the
constellation and the changes of satellites visibility. Second,
as highlighted in Fig. 10f at t = 9 minutes, there exist three
visible satellites that are not selected by DV-MOSS above the
service area. According to the sϕ-nearest rule, they should
have been chosen instead of satellites s6,38 and s18,18. This
indicates that merely selecting the geographically closest
satellites does not always guarantee optimal performance,
thereby underscoring the advantage of the proposed strategy.

VI. CONCLUSION

We investigated the joint optimization of satellite selection,
UA, BA, and PA in M-LEO constellations under dynamic
visibility constraints. To tackle the inherent NP-hardness of
the formulated problem, we proposed the DV-MOSS frame-
work that integrates Markov approximation with a matching
game-based approach for UA and BA. Simulation results
on the Walker constellation demonstrated that DV-MOSS
achieves stable convergence under various channel conditions
and significantly outperforms four benchmark schemes. In
particular, the proposed algorithm provides, on average, a
7.85% sum-rate gain over the best-performing benchmark
with affordable computational complexity. Moreover, dynamic
simulations show that the selected service satellites adapt
seamlessly to time-varying constellation visibility, thereby
verifying the robustness and generality of the approach. An



additional insight is that the commonly used closest-satellite
selection rule does not necessarily yield the best performance,
underscoring the necessity of adaptive and visibility-aware
satellite selection in practical M-LEO systems. An interesting
extension is to consider non-orthogonal spectrum reuse across
satellites (without band splitting), where explicit inter-satellite
interference modeling and coordination would be required.
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