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This paper presents a hybrid Long Short-Term Memory (LSTM)-transformer model for
optimizing Beam Hopping (BH) in multibeam satellite communication systems. BH is a
dynamic resource allocation technique that improves spectral efficiency by selectively
illuminating ground regions based on traffic demand and channel conditions. The proposed
system takes as inputs traffic demand measurements, Channel State Information (CSI), and
historical allocation data, and produces as output a BH schedule together with associated Key
Performance Indicators (KPIs). The architecture combines three stacked bidirectional LSTM
layers, which capture temporal traffic dynamics at multiple scales, with a transformer
encoder, which identifies long-range inter-beam spatial correlations through multi-head
self-attention. Training is driven by a four-term multi-objective loss that jointly optimizes
Spectral Efficiency (SE), Jain’s fairness, Quality of Service (QoS) compliance and power
utilization. Monte Carlo simulations with stochastic channel and traffic realizations
demonstrate that the proposed method improves SE compared with the Deep learning-Based
Optimization (DBO) benchmark. The hybrid model also outperforms a pure transformer
baseline trained under identical conditions, while reducing training time and maintaining a
favourable trade-off between performance and computational cost. In addition, the proposed
approach achieves balanced performance in terms of fairness, QoS compliance, power
utilization and Signal-to-Interference-plus- Noise Ratio (SINR). A sensitivity analysis of the
loss-weighting coefficients further characterizes the trade-off between SE and fairness.

Keywords: Beam hopping (BH), Long Short-Term Memory (LSTM), multibeam, resource
allocation, satellites, spectral efficiency, transformer

1. INTRODUCTION

With the rapid evolution of communication systems and the explosive growth of user
terminals, traditional single wide beam satellites can no longer meet service requirements.
In large multibeam architectures, traffic demand is highly imbalanced across beams:
demand remains unmet in hot spots while capacity is underutilized in cold spots, reducing
revenue and overall resource efficiency [1]. Consequently, the satellite industry has
shifted focus toward Non-Geostationary Orbit (NGSO) with multiple beams operating at
higher frequency bands (e.g., Ku and Ka) to serve the broadband market better. However,
achieving high data rates under highly non-uniform demand requires efficient resource
allocation.

Satellite resources are scarce and costly, making their efficient allocation essential. In recent
years, flexible resource-allocation strategies enabled by flexible payload architectures
have emerged as promising solutions. In [2], the authors presented a novel vision for
future flexible payload architectures, named Extremely High Throughput Satellite (EHTS).
In practice, payload flexibility can be realized through dynamic resource allocation across
spectrum, time, and transmit power, allowing the system to adapt resource distribution
to spatial and temporal traffic variations.
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In this context, Beam Hopping (BH) is one of the key tech-
niques for improving payload flexibility and increasing
Spectral Efficiency (SE) in response to non-uniform and
time-varying traffic demand. Unlike fixed-beam systems,
BH dynamically steers and activates a subset of beams to
illuminate specific regions for a designated dwell time.
Beam activations follow a beam illumination pattern
that adapts to time-varying demand [3]. However, the
dynamic and unpredictable nature of traffic requires in-
telligent algorithms for optimal beam scheduling and
efficient resource allocation.

Addpressing this scheduling problem in Low Earth Orbit
(LEO) satellite systems is particularly challenging, since
BH optimization must account not only for time-varying
traffic demand but also for constraints that are specific
to the space segment. First, the continuous mobility of
LEO satellites produces a time-varying coverage foot-
print, leading to frequent changes in the served cells,
traffic distribution, elevation angles, and channel condi-
tions [4]. Therefore, scheduling decisions must anticipate
future traffic and channel variations over several time
slots. Second, the satellite payload operates under strict
constraints on onboard computational power, memory,
and thermal dissipation, which limit the complexity of
real-time BH algorithms. Third, LEO satellite channels
are highly affected by several propagation impairments,
including fading, atmospheric turbulence, path loss due
to long transmitter-receiver distances, cloud formations,
weather effects, masking effects from obstacles and shad-
owing, and Doppler shifts [5]. Fourth, the number of
simultaneously active beams is bounded by the onboard
power budget and frequency reuse plan, creating a combi-
natorial resource-allocation problem whose search space
grows as 2N with the number of beams N. Finally, traffic
demand over the satellite coverage area exhibits strong ge-
ographic and diurnal non-uniformities, which are further
amplified by the continuous motion of the LEO footprint
across different regions [6, 7]. These specificities motivate
learning-based methods capable of capturing temporal
dependencies and inter-beam spatial correlations simul-
taneously, which is precisely the objective of the proposed
architecture.

Given these challenges, several approaches have been
proposed to address BH optimization under dynamic
traffic and resource constraints. BH has been studied
from several perspectives. Convex optimization methods
formulate BH as a structured problem but suffer from
high computational complexity that precludes real-time
use [7]. Game-theoretic formulations [8] model BH as
a multi-agent game, but convergence is not guaranteed
in highly dynamic settings. Heuristic and linear pro-
gramming approaches fail to adapt to real-time traffic
variations [6, 7]. The seminal work of Lei et al. [1]
introduced a Deep learning-Based Optimization (DBO)
algorithm that combines aFully Connected - Deep Neural
Network (FC-DNN) with a linear programming solver.

The DNN predicts a cardinality feature vector v € {0, 1}V
indicating which snapshot cardinalities appear in the

optimal BH cycle; this dramatically reduces the search
space fed to the solver. The DBO algorithm achieves near-
optimal performance with computation times orders of
magnitude lower than branch-and-bound, making it the
most relevant Deep Learning (DL) benchmark for the
present work. Reinforcement Learning (RL) [9] learns
scheduling policies through environment interaction but
is not adopted here due to the need for online exploration
and the risk of instability under non-stationary satellite
conditions; its motivation informs our exploration of the
decision space. Recurrent neural networks combined
with attention mechanisms have been shown to enhance
traffic flow management [10, 11]. Short-Term Memory

(LSTM)-based solutions have been applied in satellite
frequency-hopping scenarios [12] and in spatio-temporal
traffic prediction when combined with Convolutional

Neural Networks (CNNSs) [13]. Still, they may struggle
with long-range dependencies [14, 15].

Transformer models rely on self-attention to handle long
sequences [16, 17] and have been applied to resource allo-
cation in terrestrial wireless networks [18]. In the satellite
domain, recent work has begun exploring transformer-
based architectures for traffic prediction in LEO systems
to support dynamic BH [19]. However, these approaches
focus on traffic forecasting only and do not address the
joint optimization of beam scheduling and resource allo-
cation. However, to the best of the authors’ knowledge,
the use of a hybrid LSTM-transformer architecture with
a stacked multi-LSTM configuration for BH
optimization in satellite systems has not yet been
explored. Moreover, whether such a hybrid architecture
can outperform a pure transformer baseline in this con-
text, and at what computational cost, remains an open
question. This gap is addressed in this paper.

Different from existing works, the main contributions of
this paper are as follows.

e We propose a hybrid bidirectional LSTM (Bi-LSTM)-
transformer model for BH optimization based on a
three-layer stacked Bi-LSTM front end, in which the Bi-
LSTM layers are arranged sequentially and the output
of each layer is fed to the next layer before being
processed by the transformer encoder. The model uses
traffic demand, Channel State Information (CSI) and
historical allocation data as inputs to generate a BH
allocation pattern and corresponding Key Performance
Indicators (KPIs).

e We benchmark the proposed method against the DBO
baseline of [1] and against a pure transformer model
trained under identical conditions, providing a fair
comparison that isolates the contribution of the recur-
rent front end.
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Figure 1 - Proposed system model for a multi-beam LEO satellite with beam hopping.

e We conduct Monte Carlo simulations under stochastic
channel and traffic conditions to evaluate the proposed
method. The results show improved performance in
terms of SE, fairness, Quality of Service (QoS) com-
pliance, power utilization and Signal-to-Interference-
plus Noise Ratio (SINR) compared with representative
benchmark methods. In addition, the sensitivity analy-
sis characterizes the SE—-fairness trade-off as a function
of the loss-weighting parameter a.

o We evaluate the scalability of the proposed model with
respect to the number of beams, showing that the Bi-
LSTM-transformer architecture maintains higher SE
and degrades more slowly than the pure transformer
and DBO baselines in higher multibeam scenarios.

The rest of this paper is organized as follows. Section 2
describes the system model. Section 3 presents the simula-
tion setup, Monte Carlo results with Confidence Intervals
(CIs) and ablation and sensitivity analyses. Section 4 dis-
cusses practical applicability. Section 5 concludes the
paper. Finally, the list of abbreviations is given in Table 1.

2. SYSTEM MODEL AND PROPOSED AR-
CHITECTURE

2.1 Overview and input/output description

As depicted in Fig. 1, we consider an LEO satellite that
serves multiple ground regions using the BH technique.
Following the considered system model, each beam is

Table 1 - List of abbreviations

Abbreviation Definition

ADAM Adaptive Moment estimation

BH Beam Hopping

LSTM long Short-Term Memory

Bi-LSTM Bidirectional Long Short-Term Mem-
ory

CI Confidence Interval

CPLEX C Programming Language Extension

CSsI Channel State Information

DBO Deep learning-Based Optimization

DL Deep Learning

DVB-52X Digital Video Broadcasting - Satellite

FFN Feed-Forward Network

HTS High Throughput Satellite

KPI Key Performance Indicator

LEO Low Earth Orbit

LSTM Long Short-Term Memory

NCC Network Control Centre

QoS Quality of Service

RL Reinforcement Learning

SCIP Solving Constraint Integer Programs

SE Spectral Efficiency

SINR Signal-to-Interference-plus-Noise Ra-
tio.
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Figure 2 — Time-based decision process for beam hopping and resource allocation.

associated with a corresponding ground cell/region; there-
fore, the terms beam and cell are used interchangeably
in the following. At each interval, the satellite illumi-
nates only a subset of beams, defining the BH pattern,
while the remaining beams stay inactive. The objective
is to select the beams to be illuminated and determine
their activation pattern and dwell times according to the
expected traffic and channel conditions. In the current
implementation, the per-beam transmit power and band-
width are treated as fixed system parameters rather than
dynamically optimized variables.

The proposed framework adopts a time-based decision
process, as illustrated in Fig. 2. During each interval
k = [t ter1], the satellite gateway collects traffic de-
mand, CSI, and historical allocation data. In practice, CSI
can be obtained using conventional channel estimation
techniques, such as pilot-based estimation and channel
sounding [20]. In this work, we assume that the most
recent CSI estimates are available at the NCC at each
scheduling decision interval. However, in practical LEO
systems, channel estimation overhead and feedback de-
lay may introduce CSI aging and affect the timeliness of
the scheduling decisions. These effects are not explicitly
modelled in the current framework and are discussed
as an implementation limitation in Section 4. Periodic
model retraining or online fine-tuning may also be con-
sidered to account for changes in the channel and traffic
dynamics over longer time scales.

These measurements are processed by the proposed hy-
brid LSTM-transformer model, which predicts the traffic
and channel conditions for the next interval and generates
beam activation probabilities. The resulting probabilities
are used to construct the BH pattern, from which the
active beams and their dwell times are determined. The
NCC communicates the computed BH schedule to the
satellite through the feeder link, while the transmit power
and bandwidth remain fixed according to the considered
system configuration. The satellite then illuminates the
selected beams, and the measured outcomes, including
SINR, throughput, and QoS indicators, are fed back to
update the historical state and support the next decision
cycle.

This recurrent process, involving prediction, scheduling,
illumination, measurement and feedback, motivates the
use of a hybrid architecture that extracts hierarchical
temporal features and long-range dependencies from the
joint representation of the beam states. The Bi-LSTM
component extracts temporal patterns from the obser-
vation window, while the transformer further models
dependencies across this temporal representation. Since
the input at each time step contains information from all
beams, inter-beam information is implicitly included in
the learned representation. The active and inactive beam
states therefore evolve from one scheduling interval to
the next according to the learned activation probabili-
ties, which depend on the observed traffic and channel
conditions.
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Table 2 — Main notation used in the proposed framework.

Symbol Definition

N Total number of satellite beams.

ij Beam indices; i denotes the considered beam and j an interfering beam.

t Current discrete scheduling time index.

T Future scheduling-step index within the prediction horizon.

Tobs Length of the observation window used as input to the learning model.

Thor Prediction/scheduling horizon length.

D; Traffic demand vector across all beams at time £.

G; Channel gain matrix at time £.

Si.1 Historical system state containing previous scheduling, SINR, and QoS information.
ds Number of features in the historical state S;_;.

X; Raw input vector combining traffic demand, channel gains, and historical state.
Z, Input sequence formed over the observation window Tps.

dp Hidden-state dimension of each unidirectional LSTM.

Amodel Feature dimension used by the transformer encoder.

A Attention-enhanced representation produced by the transformer encoder.

p) Continuous beam-activation probability vector generated by the allocation head.
Bi1 Binary BH schedule generated for the next scheduling interval.

9 Number of beams selected by the Top, operation.

Tgxgu Dwell time of beam i during its m-th consecutive activation interval.

Lvo Multi-objective loss function used to train the proposed model.

a,B,y,6 Weights of the SE, fairness, QoS and power-related loss terms, respectively.

n Target power-utilization parameter used in the power-related loss term.

Let N denote the total number of satellite beams covering
the service area. The system is modelled in discrete time,
where each index t represents the smallest scheduling
unit at which BH and resource allocation decisions are
updated. This abstracted time representation is consistent
with practical frame-based BH systems, where a physical
frame can be divided into slots or sub-slots. In the
following, i € {1, ..., N} indicates the beam index, f is the
current decision epoch and 7 denotes a future scheduling
step within the considered horizon. The parameters
Tobs and Thor denote the observation window length
and the scheduling horizon length, respectively. More
specifically, at each discrete time interval ¢, the NCC
receives three categories of inputs given as

1. Traffic demand D; = [dil), .. ,dgN)]: aggregated de-
mand per beam, expressed in bits per second (bps).
Each component dil) represents the total traffic load
requested by users within beam i at time ¢, as esti-
mated from gateway measurements. The demand is
modelled as a combination of heterogeneous traffic
types, including Poisson voice traffic, on/off video
traffic and log-normal data traffic.

2. CSI G¢: forward-link channel-state matrix describing
the channel gains between the satellite beams and
the corresponding ground regions. The per-beam
channel gains used as learning features are extracted
from diag(G;). Inter-beam interference and thermal
noise are considered separately in the SINR calculation
rather than as components of the channel gain itself.

3. Historical state S;_; € R%: aggregated information
from the previous scheduling interval, consisting of
three scalar features: a summary of the previous BH
decisions, the average SINR, and the average QoS
indicator. In our implementation, ds = 3.

Based on these inputs, the system produces the following
outputs:

(a) A BH schedule By, € {0,1}T*N where entry (1, 1)
equals 1 if beam i is active at future scheduling step 7.
The transmit power and bandwidth are not output
variables of the learning algorithm and remain fixed
system parameters.

(b) Asetof KPIscomputed for thatschedule: SE (b/s/Hz),
Jain’s fairness index, QoS compliance rate, power
utilization ratio, and average SINR.

These KPIs are reinjected into the feedback loop as part
of the historical state S;, closing the adaptation loop.
The overall architecture of the proposed BH system is
illustrated in Fig. 3. It processes temporal sequences
containing the joint state of all beams and produces the
activation decisions used to construct the BH schedule.

The main notation used throughout the proposed frame-
work is summarized in Table 2.
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Figure 3 — Functional architecture of the proposed BH optimization system.
KPIs.

2.2 Preprocessing module

The preprocessing module constructs the input features
for the learning-based model from the previously defined
system variables. At each discrete time step ¢ correspond-
ing to a subslot, the raw input vector is defined as

X; = D, diag(Gy), Sy-1] € R2V*), (1)
This construction combines traffic demand, per-beam
channel information, and historical feedback into a com-
mon system-state representation. The raw features are
normalized feature-wise using scaling parameters com-
puted only from the training subset. In the current
implementation, each feature is scaled using its maxi-
mum value observed in the corresponding training data.
The same scaling parameters are then applied to the vali-
dation data, avoiding information leakage between the
training and validation subsets. The normalized input
vector is therefore expressed as
)~<t = N (Xt) , (2)
where N(:) denotes the feature-wise normalization op-
erator whose parameters are estimated exclusively from
the training data. To capture temporal dependencies, the
normalized feature vectors are assembled into a sliding
observation window of length Tops:
Z, = I:f(t—Tobs"'l/ ey )~(t:| € RT“b5X(2N+d5). (3)
This sequence represents the joint temporal evolution
of traffic demand, channel conditions, and system feed-
back over the last T,ps sub-slots, and serves as input to
the subsequent learning module. The inclusion of S;_;
enables the model to account for past BH scheduling
decisions and their observed impact on the system KPIs,

© International Telecommunication Union, 2026
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Inputs: traffic demand, CSI, historical state. Output: BH schedule and

improving the representation of the closed-loop dynam-
ics. This preprocessing module, shown in Fig. 3, ensures
a structured and consistent representation of the system
state for the learning-based estimation stage.

2.3 Hybrid LSTM-transformer estimation mod-
ule

2.3.1 Three-layer Bi-LSTM front end

The model employs a three-layer Bi-LSTM stack to cap-
ture temporal dynamics at multiple scales. Given the
input sequence Z; € RTo=*2N+ds) which encodes the tem-
poral evolution of traffic demand Dy, per-beam channel
gains diag(G;) and historical system state S;_; over the
last Tops sub-slots, the Bi-LSTM layers extract hierarchical
temporal representations.

Rather than assigning a predefined temporal scale to each
layer, the stacked Bi-LSTM architecture progressively
transforms the input sequence into higher-level temporal
representations, allowing the network to capture traffic
fluctuations and dependencies over different time scales.
This hierarchical behaviour emerges from the learning
process and is consistent with previous studies on deep
recurrent networks [14, 15]. To further evaluate the
benefit of the three-layer architecture and verify that the
additional layers do not merely introduce redundant
information, we conducted an ablation study with one,
two, and three Bi-LSTM layers. The corresponding results
are presented in Section 3.

For the stacked architecture, the input to the first Bi-
LSTM layer is the preprocessed feature vector, while
each subsequent layer receives the output of the previous
layer. We therefore define
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o _ )2t t=1, 4
Vi {uj"‘”, £=2,3. @
For layer ¢ € {1,2, 3}, the forward and backward hidden
states are then computed as
—>(4’) (¢ 0 —(0) () <—(€
= LST™M) wa (" v\, a0 1), = LSTM!" ( H)l)
(5)
The output of the {-th Bi-LSTM layer is obtained by
concatenating the forward and backward states:

O =[], (6)

This formulation explicitly represents the sequential
stacking of the three Bi-LSTM layers, where each layer
progressively refines the temporal representation pro-
duced by the preceding layer. The final representation
produced by the Bi-LSTM block at time ¢ is given by:

w = u§3). (7)

The sequence of Bi-LSTM hidden states over the observa-
tion window is denoted by

Us = w100, w] = BI-LSTM(Zy), (8)

where U; € RT»*2 and d,, is the hidden size of each
unidirectional LSTM.

The internal forward and backward LSTM units follow
the standard gating formulation introduced in [21], while
the bidirectional processing follows [22].

To clarify the internal operation of each Bi-LSTM layer, we
consider the standard LSTM gating mechanism in both
the forward and backward directions. For compactness,
let r € {—, <} denote the recurrent direction, and the
corresponding neighboring time index is defined as

I [
T+ 1,

The LSTM gating operations for layer £ and direction r
are then given by

e (9)

r=e.

£09 = (er)[ (tn 0] +b(€")), 10)
i) = (WP, vO) + 507, 11)
& = tanh(WE [, v O]+ 5), (12)
cff"r) £ 0d" +i" 0", (13)
o™ = o( WU, v0) +b(”)) (14)
) = o o tanh(ct ’ ) (15)

£, and 0" denote the forget, input and out-

(&r)

Here,

put gates, respectlvely, while ¢, represents the internal

cell state and égm denotes the candidate cell state. The

matrices W and vectors b“”
{f/ico} {fiico}
trainable weights and biases for layer ¢ and direction r.
The cell state is a learned latent memory and should not
be confused with the physical system state S;_; defined

in the preprocessing module.

are the corresponding

2.3.2 Transformer encoder and dimensionality
adaptation

The transformer encoder processes the temporal repre-
sentation produced by the Bi-LSTM through multi-head
self-attention. In the proposed architecture, self-attention
operates along the T, observation-window dimension
and therefore directly models dependencies between
different time steps. Since the feature representation at
every time step is obtained from the joint state of all
beams, inter-beam information is implicitly embedded
in each temporal representation. Thus, the transformer
does not perform attention directly over the beam dimen-
sion; rather, it models long-range temporal dependencies
using representations that already contain joint beam
information.

To feed the Bi-LSTM output into the transformer, a lin-
ear adaptation layer is introduced. The adaptation layer
projects the feature vector at each time step to a dimension
Amodel compatible with the multi-head attention mecha-
nism. Specifically, we set dmodel = Hheads X [(2d1)/Mheads |,
where 1p,004s denotes the number of attention heads. This
ensures that dmoder is divisible by #1heads, allowing the fea-
ture dimension to be evenly divided among the attention
heads. The resulting attention-enhanced representation
is given by:

= Attention(Adapt(Ut)), (16)
where Adapt(-) denotes the linear projection.

In our architecture, we distinguish two functional roles

for the learned mapping: a prediction function g "4 that
outputs the predicted traffic and CSI for the next time
slot, and an allocation function f3° that outputs the acti-
vation probabilities for the beam hopping schedule. Both
functions share the same underlying LSTM-transformer
backbone but use separate output heads, allowing the
model to jointly learn forecasting and decision-making.

These two output functions are expressed as

(ﬁm,(}m) = fgred(At), (17)

and

p() = f5"°(Ay). (18)
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2.3.3 Pure transformer baseline

To isolate the contribution of the recurrent front end, a
pure transformer baseline is also implemented, in which
the three Bi-LSTM layers are replaced by a positional
encoding layer. This baseline uses the same number of
encoder blocks (L = 6), attention heads (Npeaq = 8), FFN
dimension (512), Adaptive Moment (ADAM) estima-
tion optimizer, multi-objective loss, and early stopping,
differing only in the absence of recurrent inductive bias.

2.4 Optimization and decision module

During training, the allocation head directly produces
continuous beam-activation probabilities, which are used
to evaluate the multi-objective loss. Therefore, the pro-
posed framework does not solve a separate optimization
problem over the binary matrix B during inference. In-
stead, the network parameters are learned by minimizing
the multi-objective training loss, while the final binary BH
schedule is obtained from the trained activation probabil-
ities using the Top-9 operation described in Algorithm 1.

The multi-objective loss is

Lyvio = aLsg + Ly +yLgos +0Lp, a+p+y+06=1,

(19)a
— 1 o ref\2
‘ESE - ThorN ;(yz,f ]/,-/T) 7 (19)b
(XiRi)?
Lr=1- , (19)c
NYR
1
Loos = Z. max(0, SINR i, — SINR;), (19)d
Zr,i Pi,T 2
L=(F ) (9%

Here, Lsg measures the deviation between the continuous
activation output y;; and the demand-guided reference
yz‘f. The quantity yl?,eff is obtained by normalizing the
traffic demand for the next scheduling step and is used
as a surrogate for the desired beam activation. It is not
obtained from an exact optimization solver. Therefore,
the proposed model should not be interpreted as learning
the solution of an exact optimization algorithm; rather,
it learns a demand-guided scheduling policy shaped by
the overall multi-objective training loss.

The term L is based on Jain’s fairness index with R;
the average throughput of beam i, and Lgos penalizes
QoS violations below the minimum threshold SINR yn.
The term Lp evaluates compliance with the considered
power-utilization target under the fixed per-active-beam
power model. The transmit power of an active beam

and the bandwidth are fixed; these quantities are not
independently optimized by the learning algorithm. The
coefficients a, B, v, 6 reflect the relative priority of each ob-
jective. Training uses the ADAM optimizer with learning
rate 1073, batch size 32, and early stopping with patience
equal to 20 epochs.

2.5 Channel model

The channel gain |g;4(t)| for the user g in the beam i at
time ¢ is generated by a Rician fading process as
10Gsat/10 . 10Gusr/10

E[lgi,41°] = a0 (20)

with Ggot = 52 dBi, Gysr = 45 dBi, d;; € [600,800] km,
A = c/f, and carrier frequency f. = 19.5 GHz in the
Ka-band. The inter-beam interference matrix is I;;; =
0.05exp(—[i — jlI/2) for i # j, where I;;, denotes the in-
terference contribution from beam j to user g served by
beam i. With the considered simulation parameters, this
model results in SINR values mainly within the 8-30 dB
range. In addition, the normalized satellite antenna
radiation pattern is modelled as

2 j
Cart(®) = [% #3625 )] - wmaomgh
(21)

where ¢ is the off-axis angle from the beam centre, 1345
denotes the one-sided half-power beamwidth, and J;(-)
and J5(-) are the first and third-order Bessel functions of
the first kind, respectively.

2.6 Beam scheduler and feedback loop

The beam scheduler translates the binary BH schedule
B:.1 into executable satellite commands specifying the
active beam set and the corresponding dwell times. Since
the transmission power and bandwidth are fixed here
in the system configuration, they are not dynamically
generated by the scheduler. After transmission, the
measured outputs are given by

Yis1 = {SINR11, QoS;, 1, Throughput, , , }. (22)

These measurements and the executed BH decision are
reintegrated into the historical state as

Sti1 = u (Str B, Yt+l) ’ (23)

where U(-) denotes the feedback state update function.
This update incorporates the executed BH decision to-
gether with the measured SINR, QoS and throughput
indicators to construct the historical state used at the next
decision epoch. The feedback loop adapts subsequent
scheduling decisions through the updated input state
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Algorithm 1: Generation of the binary BH schedule

Algorithm 2: Extraction of beam dwell times

Input: Trained hybrid model fg, input sequence Z;,
number of beams N, prediction horizon The,
number of active beams 9

Output: Binary BH schedule matrix

Bopt € {O/ 1}Th°rXN

U; « BILSTM(Z,);

A — TransformerEncoder(Adapt(Ut));

P falo<(A));

Initialize Bopt < 07, xn;

for 7 < 1 to Thor do
Extract probability vector p(t) from P;

I(7) « Tops(p(T), S);
foreachi € 7(7) do
‘ BT,i «—1;
end
end
return B

without implying that the neural network parameters are
retrained after every scheduling slot. By tightly aligning
learning, scheduling and feedback with the functional
blocks shown in Fig. 3, the proposed model dynamically
adapts BH decisions to traffic and channel variations.

2.7 Beam hopping schedule generation and
dwell time computation

Algorithm 1 outlines the process for creating the BH
scheduling matrix Bop. This uses the outputs from the
Bi-LSTM-transfomer hybrid model. At each time step
t, the trained model generates a vector of activation
probabilities expressed as

p(t) = (p1(®), pa(t), ..., pu(D)).

Here, p;(t) represents the probability of activating beam i
during time slot £.

(24)

The maximum number of simultaneously active beams
is denoted by 9. In the considered simulations, it is set to

=[3)

This parameter represents the simultaneous activation
constraint adopted in the simulation setup. For each
scheduling interval, the indices associated with the §
highest activation probabilities are selected and con-
verted into a binary allocation vector.

(25)

In the experiments considered in this work, Tho = 1.
Therefore, the dwell time is not obtained from multi-
ple future slots generated in a single model evaluation.
Instead, the one-step binary decisions produced at con-
secutive scheduling epochs are concatenated to form the
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Input: Binary scheduling matrix B € {0, 1)T<N

Output: Set of dwell times D

Initialize D « [];
fori— 1toN do
c—0;
fort — 1to T do
if B;; = 1 then
| ce—c+1;
else
if ¢ > 0 then
Append c to D;
c«—0;
end
end
end
if ¢ > 0 then
| Append ¢ to D;
end
end
return D

BH sequence over the simulation period. The dwell time
of a beam is then calculated from consecutive active slots
in this accumulated sequence.

The dwell time for a beam i during an activation interval
can be expressed as

70

dwen = 1AL

(26)

where 7; is the number of consecutive scheduling slots in
which the beam i remains active and At is the duration of
one scheduling slot. More generally, the dwell time for
beam i during the m-th activation period can be written

as
to
[2 Bm»] At.
t=t,

Here, t; and ¢, are the start and end indices of a consecu-
tive activation interval, while B,; € {0, 1} shows whether
beam i is active at slot £.

Tlm

dwell — (27)

The dwell time is therefore directly determined by the
number of consecutive active scheduling slots assigned
to each beam. Depending on the learned activation
probabilities, beams with higher traffic demand or more
restrictive QoS conditions may be selected over consec-
utive scheduling slots and consequently obtain longer
dwell intervals. To enable end-to-end training of these
beam-activation decisions, the non-differentiable Top
operation is applied only during inference. During train-
ing, the network outputs a continuous vector of beam-
activation probabilities p(t) € [0, 1]N, which is used to
evaluate the multi-objective loss function Lyio, including
the SINR and throughput-related terms. This allows gra-
dients to propagate through the network during training.
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After training, the Topy operation converts the continu-
ous activation probabilities into a binary BH schedule
according to the adopted simultaneous-beam activation
constraint.

2.8 Realistic training data

The model is trained and evaluated using synthetic traffic
composed of Poisson voice traffic, on/off video traffic and
log-normal data traffic. These models represent heteroge-
neous traffic characteristics, including random arrivals,
intermittent activity, and broadband traffic variability.
No real operational traffic traces are used in the current
evaluation. Therefore, the reported results characterize
the performance of the proposed architecture under the
traffic and channel distributions considered in the sim-
ulations and should not be interpreted as evidence of
generalization to arbitrary operational traffic conditions.
Evaluation using real traces and out-of-distribution traffic
models is left for future work.

For each Monte Carlo realization, we used a total of 128
time slots, with an observation window of Ty,s = 50
and a prediction horizon of Ty, = 1 slot, yielding 78
input-target sequences. These sequences were split into
80% for training and 20% for validation. No separate test
subset was extracted from the same realization. Instead,
the complete training and validation procedure was
repeated over 30 independently generated Monte Carlo
realizations drawn from the same statistical traffic and
channel models. Data was normalized using scaling
parameters obtained exclusively from the training subset.

A base random seed of 42 was used for reproducibility,
with a different realization generated for each Monte
Carlo run. The model was retrained from scratch for
every run. The resulting confidence intervals therefore
characterize performance variability across different re-
alizations of the considered distributions rather than
out-of-distribution generalization.

2.9 Scalability to large multibeam satellite sys-
tems

The simulations considered in this work mainly focus
on a configuration with N = 16 beams. To discuss the
extension of the proposed hybrid Bi-LSTM-transformer
architecture to larger multibeam systems without relying
on a simple linear extrapolation of the total training time,
we analyze separately the computational components
that depend on the observation-window length T, and
the number of beams N.

2.9.1 Analysis of computational complexity

The computational scalability of the proposed hybrid
architecture depends mainly on the observation-window
length Tops and the number of beams N. For the first
Bi-LSTM layer, the input dimension is

din = 2N +ds, (28)

and its computational cost can be expressed, up to con-
stant factors associated with the LSTM gates and the two
directions, as

O Tovs (dindy +d2)] (29)

The upper Bi-LSTM layers operate on fixed-dimensional
hidden representations and therefore add terms that
depend on Tops and dj, but do not directly increase with
N when d, is fixed.

For a transformer encoder block, the self-attention score
computation scales as

obs

O (T2, model ), (30)

while the linear projections and feed-forward operations
introduce additional terms of order

O (Tobs2 a1 - (31)

The final allocation head produces one activation output
per beam, resulting in an additional beam-dependent
term of order

@) (Ndmodel) . (32)

For a fixed number of transformer blocks and fixed inter-
nal dimensions, the main sequence and beam-dependent
components of the hybrid architecture can therefore be
summarized as

CHybrid = O(TobsN dp + Tobsdﬁ + T2 dimodel

obs

+ Tobsd2

mode

1 + Ndmode1)~ (33)

Consequently, when Tqps, d, and dmoeder are fixed, the
beam-dependent part increases approximately linearly
with N. In contrast, when N is fixed, the self-attention
component grows quadratically with the observation-
window length Tps.

With the baseline configuration of N = 16 beams, the
measured average training time is approximately 30 s on
an NVIDIA V100 GPU. Considering only the terms that
depend linearly on N, increasing the number of beams
from 16 to 128 corresponds to an eight-fold increase in
those beam-dependent operations. This factor should
not be interpreted as an eight-fold prediction of the total
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training time, since the complete runtime also depends
on the sequence-processing operations, transformer com-
putations, mini-batch size, number of optimization steps,
software implementation, and hardware utilization.

Because dmodel is kept fixed after the Bi-LSTM adaptation
layer, increasing N does not directly increase the feature
dimension processed by the Transformer. The main
direct dependence on N therefore appears in the input
processing of the first Bi-LSTM layer and in the final
beam-allocation head.

Inference is expected to require less computation than
training because no gradient calculation or parameter
update is performed. Once the model is trained, each
scheduling decision requires only a forward pass through
the Bi-LSTM, adaptation layer, transformer encoder and
allocation head. The architecture is therefore poten-
tially suitable for time-constrained scheduling applica-
tions; however, compatibility with a specific operational
scheduling interval should be established using dedi-
cated inference time measurements on the target hard-
ware.

3. SIMULATION SETUP AND RESULTS

In this section, we present the experimental setup used to
evaluate the proposed model. The simulations are config-
ured according to the parameters listed in tables 3 and 4.
For consistency with the DBO benchmark and to ensure a
fair comparison, these parameters follow the Ka-band sce-
nario in [1], with 16 beams, f. = 19.5 GHz, a bandwidth
of 500 MHz per beam, Py = 20 dBW, and a noise power
of —120.64 dBW. The synthetic traffic combines Poisson
voice traffic, on/off video traffic and log-normal data
traffic to represent heterogeneous characteristics such
as random arrivals, burstiness and broadband traffic
variability. The evaluation is performed over Nyc = 30
Monte Carlo realizations. For each realization, the chan-
nel matrix G and traffic sequence D are regenerated
using different random seeds. The reported confidence

Table 3 — Main system and simulation parameters

Parameter Value
Number of beams N 16

BH cycle duration Ty 256 ms
Slot duration Ty 1ms
Carrier frequency 19.5 GHz (Ka-band)
Bandwidth per beam 500 MHz
Transmit power per active beam 20 dBW
Noise power —120.64 dBW
Satellite antenna gain 52 dBi
User terminal gain 45 dBi
Rician K-factor 10 dB
Propagation distance 600-800 km
SINR QoS threshold 3dB

Table 4 — Hybrid model and training configuration

Parameter Value
Observation window Tgps 50 slots
Prediction horizon Ty, 1 slot

Bi-LSTM hidden units 128 per direction

Transformer attention heads 8
Transformer encoder blocks 6

FEN hidden dimension 512

Dropout 0.1

Learning rate 1073

Batch size 32
Maximum epochs 50

Early stopping patience 20

Total time slots per MC run 128
Training/validation split 80% / 20%
Normalization Training set maximum
Base random seed 42

Monte Carlo runs 30

Model initialization Retrained for each MC run

Default (o, ,y, 0) (0.4,0.3,0.2,0.1)

intervals therefore account for the stochastic variations
of both the propagation channel and traffic process.

To validate the benefit of using three layers, we per-
formed an ablation study where we varied the number
of Bi-LSTM layers (1, 2, and 3). As shown in Table 5, the
SE gradually improves as the number of layers increases,
with the three-layer configuration achieving the highest
mean value. The gain from two to three layers is modest
but consistent.

Table 6 reports the KPIs for the three models over Nyic =
30 runs. Each entry gives the sample mean =+ the 95%

half-width of the t-confidence interval fgg7529 - 5/ V30.

The non-overlapping confidence intervals on SE confirm
that all three pairwise differences (DBO vs pure trans-
former, DBO vs hybrid and pure transformer vs hybrid)
are statistically significant at the 5% level. Specifically,
the proposed hybrid achieves:

A 44.1 % improvement in average SE over DBO (4.13 —
5.95 b/s/Hz), well outside the respective Cls; a 16.9 %
improvement over the pure transformer baseline (5.09 —
5.95 b/s/Hz), confirming the value of the recurrent front-
end;

A 32.9 % reduction in training time compared with the
pure transformer (45.6 — 30.6 s), because the Bi-LSTM
layers extract informative temporal features before the
attention stage, reducing the learning burden of the
transformer and accelerating convergence;

The lowest power utilization (4.3 + 0.3 %), closest to the
design target n = 4.3 %, reflecting accurate power-budget
regulation by the 6 weighted loss term.
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Figure 4 — KPI comparison with 95% Cls (error bars). (a) Spectral efficiency, (b) average SINR, (c) Jain’s fairness, (d) QoS compliance, (e) power
utilization. The hybrid model (green) outperforms both baselines on all metrics.
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Table 5 — Ablation study: SE versus the number of Bi-LSTM layers.
Results are averaged over 30 Monte Carlo runs.

Number of Bi-LSTM layers  SE (b/s/Hz)
1 5.68 + 0.09

2 5.82 +0.08

3 (proposed) 5.95 + 0.07

Table 6 - Monte Carlo KPI comparison — mean + 95 % CI (N = 30 runs)

KPI DBO [1] Pure Trans- Hybrid (pro-
former posed)

SE (b/s/Hz) 413+0.06 5.09+0.08  595+0.07

SINR (dB) 833+0.31 9.77+0.33 10.22+0.34

Jain Fairness 0.920 £ 0.023 0.920 +£0.022 0.935 +0.017
QoS Compliance 0.622 +0.062 0.686 +0.062 0.701 + 0.049
Power Utilization 0.191 +0.011 0.119 +0.007 0.043 + 0.003

Training time (s) 0.08 £0.003 45.6 +1.72 30.6 +1.75

Fig. 4 compares the five main performance metrics ob-
tained over the 30 Monte Carlo realizations, while Fig. 5

shows the distribution of the achieved Spectral Efficiency
(SE). The error bars in Fig. 4 represent the 95% confidence
intervals.

The proposed hybrid model achieves the highest SE, with
approximately 5.95 b/s/Hz, compared with 5.09 b/s/Hz
for the pure transformer and 4.13 b/s/Hz for DBO. This
corresponds to an improvement of approximately 16.9%
over the pure transformer and 44.1% over DBO. The
hybrid model also achieves higher average SINR and
QoS compliance while maintaining a Jain’s fairness index
of approximately 0.935.

The SE distributions in Fig. 5 further show a clear sepa-
ration between the three considered methods over the
different Monte Carlo realizations. The proposed hybrid
model consistently provides the highest SE values, fol-
lowed by the pure Transformer and DBO.

The pure transformer already provides a strong base-
line, outperforming DBO by 23.3 % in SE. The additional
performance gain obtained by the hybrid model can be
attributed in part to the Bi-LSTM front end, which ex-
tracts informative temporal features before the attention
mechanism. This reduces the learning burden on the
transformer without reducing the sequence length Tps.
The narrower CI on fairness (+0.017 vs. +£0.022) also indi-
cates lower performance variability across the considered
stochastic realizations.

Fig. 6 shows the training and validation loss curves. The
DBO model converges within a few epochs due to its
relatively simple FC-DNN structure. The pure trans-
former exhibits slower initial convergence, while the
hybrid model converges faster and reaches a lower final
validation loss. This indicates that the Bi-LSTM front-
end provides informative temporal features before the
attention mechanism and facilitates the learning process.
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Figure 6 — Training and validation loss curves for (a) DBO, (b) the pure transformer and (c) the proposed hybrid LSTM-transformer model.
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Figure 8 — SE—fairness trade-off as a function of the SE loss weight a.
The vertical dotted line indicates the default value @ = 0.4.

Fig. 7 illustrates the simulated inter-beam channel gain
matrix G. The dominant diagonal elements, on the order
of 108, correspond to the desired beam links, whereas the
off-diagonal elements represent inter-beam interference.
The interference decreases with beam separation, from
approximately 10°~10° for nearby beams to 10°~10* for
more distant beams, following the adopted exponential
interference model I;; = 0.05exp(-|i — jl|/2). The vari-
ability of the diagonal elements results from differences
in propagation distance and Rician fading across the
considered links. Overall, the matrix provides heteroge-
neous channel and interference conditions for evaluating
the BH scheduling methods. The structure of G also
influences the BH scheduling decisions. Simultaneous
activation of beams with strong mutual interference can
reduce the resulting SINR, whereas beams with lower
mutual interference can be activated concurrently with
less performance degradation. Since the input repre-
sentation contains the joint channel information of all
beams, the proposed model can account for these hetero-
geneous interference conditions when generating the BH
schedule.

Fig. 8 shows the effect of the SE weight a on the achieved
SE and Jain’s fairness index while g, y, and 6 are kept fixed.
As « increases, the SE increases while the fairness index
decreases, showing the expected trade-off between SE
and fairness. At the default value o = 0.4, the proposed
model achieves approximately 5.95 b/s/Hz with a fairness
index of 0.935. To isolate the effect of each parameter,
and the target power-utilization parameter 7 are varied
separately while the remaining parameters are kept fixed.
This trade-off provides flexibility in selecting « according
to the desired balance between SE and fairness.

Table 7 shows the effect of a and 1 on the achieved SE.
For a fixed a, increasing 1 generally improves the SE,
while increasing « at a fixed 7 also favours higher SE by
assigning more importance to the SE objective. The best
hybrid performance is obtained for a = 0.6 and 1 = 0.06,
reaching 6.70 b/s/Hz. Across all tested configurations, the
proposed hybrid model consistently outperforms both
the pure transformer and DBO baselines.

Table 7 — Mean SE (b/s/Hz) for each configuration — comparison of
DBO, Pure Transformer (PT) and hybrid model (proposed)

a 1 |DBO PT Hybrid | Gainvs PT Gainvs DBO
0.2 0.03| 38 472 530 +12.3% +37.7%
0.2 0.05| 402 490 548 +11.8% +36.3%
04 0.03| 413 509 595 +16.9% +44.1%
04 0.05| 430 530 6.10 +15.1% +41.9%
0.6 0.04| 450 580 640 +10.3% +42.2%
0.6 0.06| 422 545 6.70 +22.9% +58.8%
0.8 0.05| 460 595 6.55 +10.1% +42.4%
0.8 0.07| 475 6.10 6.60 +8.2% +38.9%
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Figure 9 — Analysis of the scalability: SE versus the number of beams
for DBO, the pure Transformer, and the proposed hybrid model.

3.1 Scalability analysis

Fig. 9 evaluates the scalability of the proposed hybrid Bi-
LSTM-transforme architecture as the number of satellite
beams increases. The SE achieved by the proposed
method is compared against the DBO baseline and the
pure transformer model for different multibeam network
sizes.

For small configurations with 2—4 beams, the three meth-
ods achieve similar SE values. A significant decrease
in SE is observed when the number of beams increases,
indicating that the scheduling problem becomes more
challenging for larger multibeam configurations. Never-
theless, the proposed hybrid model maintains a higher
SE than the DBO and pure transformer baselines across
the considered network sizes.

Overall, these results demonstrate that the proposed
Hybrid Bi-LSTM-transformer model is not only more
spectrally efficient but also highly scalable, making it
suitable for future large-scale LEO and EHTS satellite
systems.
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4. PRACTICAL APPLICABILITY

4.1 Reality of simulation parameters

The simulation parameters are aligned with operational
Ka-band HTS systems. The carrier frequency of 19.5 GHz
and noise power of —120.64 dBW match the ESA71 sim-
ulator parameters used in [1]. The satellite antenna
gain of 52 dBi is consistent with large aperture reflector
antennas (diameter > 2 m) used in LEO HTS payloads.
The propagation distances of 600-800 km produce path
losses representative of what a well-engineered LEO link
budget achieves after including high-gain user terminals
(Gusr = 45 dBi), thereby yielding SINR values in the 8-
30 dB range consistent with digital video broadcasting
satellite-second generation extensions (DVB-52X) operat-
ing points. The Rician K-factor of 10 dB is appropriate
for clear-sky line-of-sight satellite links. The three traffic
classes (Poisson voice, on/off video, log-normal data)
are standard models in satellite traffic engineering and
have been validated against real operator datasets in the
literature.

4.2 Implementation ability in a real satellite
NCC

The proposed framework is intended for ground-based
implementation at the NCC, where the model is trained
offline and then used for online BH scheduling. At each
decision interval, the NCC uses the most recent traffic
demand measurements and CSI estimates to generate the
beam-activation pattern and dwell times, which are then
communicated to the satellite through the feeder link.

In practice, channel estimation overhead, feedback de-
lay, and processing time may affect the freshness of the
CSI and consequently the scheduling decision. These
latency effects are not explicitly modelled in the current
work. For LEO systems, periodic retraining or online fine-
tuning may also be considered to account for longer-term
changes in traffic and channel conditions.

5. CONCLUSION

This paper proposed a hybrid Bi-LSTM-transformer
model for BH optimization in multibeam satellite commu-
nication systems. The architecture combines a three-layer
stacked Bi-LSTM front end for hierarchical temporal fea-
ture extraction with a transformer encoder that captures
long-range dependencies across the observation window
using a joint representation of all beams. Training is gov-
erned by a four-term multi-objective loss that balances
SE, Jain's fairness, QoS compliance and power-utilization
objectives.

Monte Carlo simulations in a Ka-band DVB-52X scenario
with N = 16 beams showed that the proposed model
improves SE compared with the DBO benchmark [1]
and a pure transformer baseline, while reducing the
training time compared with the pure transformer. The
results also show stable performance across different
stochastic traffic and channel realizations generated from
the considered distributions. However, validation using
real operational data or different traffic and channel
distributions is still required to assess generalization.

Future work will consider online fine-tuning for time-
varying LEO environments, inference time optimization
for onboard deployment and joint BH and precoding
design.
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