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for UAV-RIS-Assisted LEO Satellite MIMO
Communications

Mingyi Wang, Yizhou Peng, Student Member, IEEE, Ruofei Ma, Member, IEEE,
Gongliang Liu, Member, IEEE, Weixiao Meng, Senior Member, IEEE,
Carla Fabiana Chiasserini, Fellow, IEEE, and Roberto Garello, Senior Member, IEEE

Abstract—Low earth orbit (LEO) satellite communications
play a critical role in achieving global connectivity, yet they
face significant challenges due to high satellite mobility and
incomplete channel state information (CSI). Moreover, the in-
tegration of reconfigurable intelligent surfaces (RIS) in certain
scenarios introduces additional complexities. In this paper, we
propose a novel MIMO channel prediction framework tailored
for LEO satellite communications involving unmanned aerial
vehicle-mounted RIS (UAV-RIS), employing a spatiotemporal-
attention (ST-attention) mechanism to capture both the spatial
correlations among antennas and the temporal dynamics of
rapidly varying channels. Furthermore, we leverage masked
pretraining to enhance the model’s robustness under scenarios
of severe CSI incompleteness, enabling effective reconstruction of
missing channel information. Comprehensive simulations demon-
strate that our approach outperforms traditional model-based
predictors, whether historical CSI is fully available or only
partially observed.

Index Terms—LEO satellite communications, MIMO channel
prediction, reconfigurable intelligent surfaces (RIS), partial chan-
nel state information (pCSI), spatiotemporal-attention

I. INTRODUCTION

OW Earth orbit (LEO) satellite communication systems

have attracted significant attention for providing seam-
less global connectivity and low-latency services [1]], [2].
Compared to traditional geostationary Earth orbit (GEO) or
medium Earth orbit (MEO) systems, LEO satellites operate at
much lower altitudes, offering better link quality and reduced
propagation delay.
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Integrating multiple-input multiple-output (MIMO) tech-
niques and reconfigurable intelligent surfaces (RIS) into LEO
satellite networks can further enhance communication quality,
spectral efficiency, and coverage flexibility [3|]. RIS modify
the propagation environment by adjusting the phase shifts of
incident signals, thereby enhancing signal strength, mitigating
blockages, and improving link reliability. When RIS are dy-
namically deployed on mobile platforms, such as unmanned
aerial vehicle-mounted RIS (UAV-RIS) [4], [S], system flexi-
bility is further increased as their positions can be adapted to
the prevailing channel conditions. Nonetheless, these benefits
rely on continuously monitoring channel state information
(CSI) [6] and accurately predicting future CSI based on his-
torical observations, which is crucial for proactive resource al-
location and robust link adaptation. However, achieving high-
precision predictions is particularly challenging in dynamic
LEO scenarios, where the positions of satellites, users, and
mobile RIS fluctuate rapidly [7], [8].

Beyond the inherent challenges of channel prediction based
on continuously observed CSI, highly dynamic conditions
often lead to incomplete or “partial” CSI (pCSI), where
channel measurements at certain time instances are either
missing or inadequately captured [9]. As mentioned, the rapid
orbital motion of LEO satellites and the mobility of UAV-RIS
create rapidly time-varying channels, making it infeasible to
obtain full CSI across all observation time slots. Moreover,
limited uplink feedback, strict training overhead constraints,
and sporadic measurement opportunities make the problem
even more serious [10]. While classical methods typically
assume sufficiently dense measurements or pilot signals [[11]],
[12]], the presence of pCSI in practice substantially complicates
both channel estimation and prediction in LEO networks.

Given that channel prediction is crucial for optimizing
resource allocation, reducing overhead, and ensuring robust
communication performance in highly dynamic LEO satellite
networks, it remains imperative to pursue accurate and proac-
tive prediction strategies, particularly under pCSI conditions.

Early deep learning based time series models, such as Long-
Short Term Memory (LSTM) networks [13]], [14]], can effec-
tively capture temporal dependencies over short and medium
ranges and have also been used for channel prediction [11]],
[12]. Zhang et al. [15]] proposed a prediction framework that
uses LSTM to predict dynamic interference periods and at-
mospheric attenuation, without estimating precise CSI values.
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However, these models often struggle with sequences covering
long durations and with the increased dimensionality inherent
in MIMO channels. In particular, the integration of RIS not
only increases the prediction dimension but also introduces
complex spatial dependencies, which further complicate the
accurate capture of channel characteristics. Recently, neural
architectures incorporating attention mechanisms, such as the
Transformer model [16], have been proposed to address these
limitations by explicitly modeling dependencies across longer
sequences. Unlike traditional recurrent networks, attention
mechanisms enable the model to directly access and weigh rel-
evant information from distant positions, effectively capturing
complex temporal patterns and long-range relationships within
the sequences. In [17]], Transformer models were applied to
channel prediction in terrestrial mobile networks, where the
models can effectively capture the latent dynamics of the
channel and mitigate the impact of user mobility on prediction
accuracy. Nevertheless, conventional Transformer architec-
tures primarily focus on the temporal dimension and do not ex-
plicitly account for spatial correlations, which makes them less
effective for scenarios exhibiting rapid variations in both space
and time, such as LEO satellite communications where spatial
interactions are critical. The Spacetimeformer [18]] addresses
this limitation by extending the temporal-only Transformer
architecture to jointly handle multiple dimensions, explicitly
integrating attention mechanisms across both temporal and
spatial domains. This multidimensional approach enhances
forecasting capabilities, particularly in tasks involving com-
plex interactions, such as traffic and weather prediction. How-
ever, applying joint spatial and temporal attention mechanisms
to MIMO channel prediction remains unexplored. Another
critical challenge arises from the high dimensionality of the
channel data introduced by large-scale MIMO arrays and RIS
deployments. As the number of satellite transmit antennas,
RIS elements, or user antennas increases, the effective channel
dimension can grow essentially quadratically, leading to a
dimension explosion. This dramatically increases the mem-
ory footprint, computational resources, and inference latency
required for both training and deployment, thereby severely
undermining the timeliness of channel predictions.

Besides the general challenges of channel prediction in
highly dynamic environments, pCSI is still a critical issue. In-
complete channel measurements disrupt the temporal structure
of historical sequences, thereby degrading the performance
of conventional deep learning architectures and limiting their
effectiveness in practical LEO satellite scenarios. Furthermore,
obtaining comprehensive and high-quality labeled datasets
is particularly challenging in LEO satellite communications
because rapid orbital motion and limited observation windows
often result in channel data that are both incomplete and
scarce [19]]. The insufficient volume and diversity of data
pose a major bottleneck for training machine learning models,
especially when addressing the complex missing patterns in-
herent in pCSI scenarios, which require large-scale and diverse
labeled datasets to achieve robust performance.

In summary, LEO satellite channel prediction faces three
key challenges: (1) Fast spatiotemporal variation: the coupled
motion of the satellite, UAV-RIS, and ground users introduces

rapid Doppler shifts and angle drifts, significantly increasing
the difficulty of accurate prediction; (2) High-dimensional
tensor structure: the composite satellite—RIS—user link yields
channel matrices whose size grows quadratically with the
numbers of antennas and RIS elements, quickly exhausting
computational resources and increasing the burden on model
training; (3) pCSI: limited feedback bandwidth, link outages,
and intentional undersampling create large temporal gaps in
the observed CSI, severely degrading prediction performance.

Recent advances in representation learning have motivated
the adoption of pretraining strategies in communication sys-
tems to address challenges such as pCSI. One popular ap-
proach of pretraining is self-supervised learning (SSL) [20],
which projects input sequences into high-dimensional repre-
sentations, capturing rich latent features without relying on
labeled data. This strategy has been validated across various
domains using models such as GPT [21]], Hubert [22], and
data2vec [23]], which leverage extensive unsupervised data
to enhance downstream tasks. By integrating this SSL-based
pretraining technology into channel prediction frameworks,
meaningful spatiotemporal features can be extracted even un-
der conditions of incomplete input, thereby improving overall
performance and generalizability.

To address pCSI conditions in satellite MIMO channel
prediction and enhance both accuracy and robustness, we
propose a novel spatiotemporal-attention (ST-attention) based
architecture combined with an SSL pretraining strategy. Our
main contributions can be summarized as follows:

o We propose a systematic modeling framework that unifies
satellite mobility, UAV-RIS dynamics, ground user move-
ment, and channel acquisition constraints under a single
predictive model. By categorizing pCSI scenarios and
addressing them with a holistic approach, this framework
can robustly capture the spatiotemporal dependencies
inherent in realistic LEO satellite communications. Fur-
thermore, the framework is extensible to various orbital
configurations and larger-scale MIMO/RIS systems.

e« We introduce a ST-attention mechanism for channel
prediction, going beyond conventional LSTM-based or
temporal-only attention methods. Specifically, the pro-
posed architecture jointly models spatial and temporal
dependencies by decomposing the input sequence into
spatial and temporal components and then applying ded-
icated attention modules. Through spatial embeddings
(e.g., the relative positions of satellites and RIS, antenna
array structures) and temporal features, the model ef-
fectively learns channel variations induced by satellite
trajectories, RIS reconfigurations, and user mobility. This
integrated approach enhances prediction accuracy for
LEO satellite MIMO channels, even under continuous
satellite motion and UAV-RIS mobility.

« Inspired by SSL techniques based on masked language
modeling (e.g., BERT [24]), we adopt an SSL pretrain-
ing strategy that simulates pCSI by artificially masking
random channel entries. The SSL model is trained to re-
construct these missing values based on the observed spa-
tiotemporal context, thereby learning robust representa-
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tions. Then, the learned parameters of the SSL model are
used to initial the subsequent channel prediction model,
providing a strong knowledge for fine-tuning on real-
world scenarios where CSI may be partially available.
This strategy is especially beneficial for small datasets,
given that high-quality labeled data are particularly scarce
in satellite communications, ultimately yielding more
accurate and robust predictions under limited data condi-
tions.

The remainder of this paper is organized as follows. Sec-
tion [[I] presents the system model. Section [II] describes the
proposed ST-attention based prediction method for MIMO
channel prediction. Then Section [[V]introduces the pretraining
strategy designed to handle pCSI. Section discusses the
simulation setup, experimental evaluations, and comparative
results. Finally, Section [VII] concludes the paper.

II. SYSTEM MODEL

This section presents the system model for a satellite MIMO
communication network with a UAV-RIS. In Section[[[-A] we
outline the overall architecture, including the LEO satellite,
the UAV-RIS, and the ground users. Section[lI-B] then de-
scribes the channel modeling and dataset construction process,
covering path loss, small-scale fading, and Doppler effects.
In Section[lI-C} we examine common pCSI outage patterns,
providing insight for developing corresponding solutions.

A. System Architecture

The considered downlink communication scenario involves
an LEO satellite equipped with multiple transmit antennas,
a UAV-RIS, and multiple ground users each with receive
antennas. The RIS comprises passive reflecting elements that
adjust the phase and amplitude of incident signals rather than
directly receiving them. The overall system model is illustrated
in Fig.[T]

The LEO satellite employs a uniform planar array (UPA)
consisting of Ng transmit antennas, and its motion is deter-
mined by its orbital trajectory. Let ps(t) denote the satellite’s
position vector at time ¢. The UAV-RIS, composed of Ng
reflecting elements, is capable of dynamically adjusting the
phase of its incoming signals. Its position at time ¢ is repre-
sented by pr(t). On the ground, each user is equipped with a
MIMO array comprising Ny receive antennas, and the position
of the k-th user at time ¢ is denoted by py ().

Transmissions from the LEO satellite to each ground user
occur via two distinct paths. One path is enhanced by the UAV-
RIS, which reflects and intelligently modifies the signal to
extend coverage and improve channel quality, while the other
is the direct satellite-to-user link [25]]. Both paths include line-
of-sight (LOS) and non-line-of-sight (NLOS) components. As
the LEO satellite follows its orbital trajectory, both the UAV-
RIS and the ground users may move in different directions at
varying velocities. This relative motion induces dynamic vari-
ations in the channel conditions, leading to time-varying and
spatially diverse characteristics that complicate the accurate
acquisition and prediction of the channel states.

Satellite Orbit -1
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Fig. 1: System architecture and channel Prediction Model in
LEO Satellite Communication with UAV-RIS

B. Channel Modeling and Dataset Construction

This subsection specifies the physical assumptions, mathe-
matical formulation, and fully reproducible pipeline used to
create the channel dataset. A compact symbol list is reported
in Table [

1) Geometry and Notation: At every discrete snapshot ¢,
the Earth-centred—Earth-fixed (ECEF) positions pg(t) of the
LEO satellite, pr(t) of the UAV-RIS, and py «(t) of the k-th
user are recorded. All nodes are treated as three-dimensional
rigid bodies, and their instantaneous attitudes are forwarded
to the Phased Array System Toolbox so that every planar
array is rotated to its true orientation before the steering vector
is computed. The satellite adopts the common nadir-pointing
mode: its body z-axis is fixed toward the Earth’s centre, the x-
axis lies in the along-track direction, and no spin is introduced
during the short simulation window. The UAV frame varies
with its roll, pitch, and yaw angles (¢r,0r,¥r) as dictated
by its attitude controller. The hand-held user device may also
rotate freely in roll, pitch, and yaw, but its antenna array is
always kept oriented skyward.

2) Large-Scale Attenuation: The free-space path loss be-
tween any two nodes A and B is given by Equation

dap(t) = [lpa(t) —pa(®)]l.

(1
Additional large-scale losses include atmospheric absorption,
denoted L,y (fe, V), where o is the elevation angle and
the attenuation is obtained from the ITU-R P.676 gas-
absorption curves, and rain attenuation Lyain(fe, Ro.01), de-
rived from ITU-R P.618 using the 0.01-percentile rain
rate Ry o1 of the local climate. The overall large-scale power
gain is therefore given by Equation

477(],43(?5))2’

Lps ap(t) = ( \

Bap(t) = 10_(LFS‘ABQ)J"LHUH<.fc¢’l9)+Lrain(fc-,R(J.Ol))/10. )

3) Small-Scale Fading and Doppler: Each elementary link
follows the 3GPP TR 38.901 UMi-LoS cluster model
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Tab. 7.7.1-1]: 12 clusters, 20 rays per cluster, root-mean-
square (RMS) delay spread o, = 30 ns, azimuth/elevation
angle spreads opoop = 5° and oapoa = 10°. The complex
baseband channel of the ¢-th ray is

(€) fe jor £ O\ H(p®)
hy () = Knil e?rIntap(0y)) a4(0,7), 3
where Kpg is the Rician factor (10 dB for the two

satellite-related links, 5 dB for the RIS—user link), fz()@ =
UA%M cos o is the ray-level Doppler shift, and x, is a nor-
maliser ensuring ) _, k¢ = 1. The MATLAB nrCDLChannel
object automatically generates the time evolution of all
ray phases; its autocorrelation converges to the classical
Clarke-Jake’s form Ry, (At) = Joy (ZnglaxAt).

4) Time- and Space Correlation Models:

Temporal: Although nrCDLChannel already realises
Clarke—Jake’s fading, we explicitly denote the equivalent first-
order Gauss—Markov recurrence for each tap hyy; = azh; +

1 — a?wy, with o = Jo(2mf32*At) and w; ~CN(0,1),

so that readers can map the toolbox output to the analytical
model.

Spatial: The spatial correlation dictated by the Clustered
Delay Line (CDL) angle spreads is retained without any extra
exponential filtering. Under this setting the channel covariance
follows the standard Kronecker model: it factorises into the
outer product of a transmit-side and a receive-side covariance
matrix, each fixed solely by the array geometry and the CDL
angle statistics, and is therefore independent of any further
spatial filtering or Tx—Rx coupling assumptions.

5) Dataset Generation Pipeline:

o Trajectory synthesis: Satellite positions are obtained
with the Simplified General Perturbations Model 4
(SGP4) algorithm from the publicly available Two-Line
Elements (TLEs) of the International Space Station
(ISS) [33]]. This yields a representative LEO orbit whose
altitude is on the order of several hundred kilometres,
with an orbital period of about 90—100 min. The UAV-RIS
operates at an altitude of 50—-100 m and follows a Du-
bins path [36]], namely the shortest curvature-constrained
trajectory connecting randomly chosen way-points; the
horizontal speed is sampled uniformly from 0.5 m/s to
30 m/s, and the minimum turn radius is set to 200
m. Ground users move according to a Gauss—Markov
mobility model with memory parameter o = 0.8
and instantaneous speeds drawn uniformly from 0 m/s to
100 m/s.

o Large-scale parameters: For every snapshot we com-
pute Lrs, Latm, Lrain, and an i.i.d. log-normal shadow
term xqp ~AN(0,52%) dB.

o Cluster initialisation: Delay/angle spreads and the Ri-
cian K factor are drawn once per epoch, guaranteeing
intra-window consistency.

o Small-scale realization: At each time step, we in-
voke nrCDLChannel to generate the three complex

MIMO sub-channels hggr(t), hry,(t), and hgy, (¢).
Here, hgr(t) € CV2*Ns denotes the satellite—RIS link,
hpy, (t) € CNUXNR the RIS-user k link, and hgy, (t) €
CNuxNs the direct satellite—user k link. The toolbox
internally applies Doppler shifts, angle dispersion, and
spatial correlation according to the CDL parameters.

o Storage: Each snapshot is stored as a single row of the
dataset matrix in its flattened form, as given by @ which
is shown at the bottom of this page, where

N =2NgNs + 2K NyNg + 2K NyNg

is the total feature dimension of each flattened snapshot.
Here, each real/imaginary block is obtained by column-
major vectorisation of the corresponding complex matrix.
The real and imaginary parts are stored separately so
that the entire dataset is a single real-valued tensor—this
avoids complex-number support issues in many machine-
learning frameworks and simplifies normalization. All
entries are saved as 32-bit floats.

MATLAB R2024a with the Satellite Communications,
Phased Array, and Communications toolboxes generates the
requisite snapshots, ensuring the dataset can be reproduced
without specialised hardware.

C. pCSI in LEO Satellite Communications

In LEO satellite communication systems, pCSI often arises
due to high mobility and limited feedback bandwidth. Mea-
surements may be lost, corrupted, or deliberately omitted
to reduce communication and computational overhead. As
LEO satellites move on their orbits at high speeds, limita-
tions in feedback or measurement frequencies and inherent
propagation delays, contribute to an increasing prevalence
of incomplete CSI. The scarcity of reliable measurements
significantly complicates channel estimation and prediction,
ultimately degrading overall communication performance.

To organize the discussion of pCSI, we identify three repre-
sentative patterns, as illustrated in Fig. [2| where h(t) denotes
the historical channel observation at time ¢, whose precise
definition is provided in Section The first two patterns
correspond to passive, undesired losses frequently observed in
actual deployments, while the third pattern involves deliberate
undersampling designed to conserve resources.

1) Continuous Outages: Extended disruptions in CSI acqui-
sition can occur when satellites pass behind obstacles, during
abrupt satellite handovers [38]], or following a prolonged
failure in the downlink feedback link. In these instances,
consecutive time steps of CSI measurements are lost, resulting
in contiguous gaps that may span a substantial portion of the
observation window.

2) Random Outages: CSI measurements may be sporad-
ically lost or corrupted due to sensor malfunctions, brief
interference events, or transient communication errors. These
intermittent disruptions break the temporal continuity of the

h(t) = [ vedR{hsr(t)}) ", ve(S{hsr()})', {veeR{hro, ()}) }i,.
{Vec(‘\‘s{hRUk(t)})T}le, {Vec(%{hSUk(t)})T}f::l, {Vec(i‘s{hSUk(t)})T}f:J e RN,

“4)
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TABLE I: Physical-layer parameters used in the channel generator

Parameter Value Source | Parameter Value Source
Carrier frequency fe 27 GHz Ka band | Satellite array Ng 25/256 UPA —
Bandwidth B 100 MHz — User antennas Ny 1 (handheld) —
Element spacing A2 Std. design | RIS panel N 9/81 —

Rician K (S-R, S-U) 10 dB [133]] Rician K (R-U) 5dB (32]

RMS delay spread o 30 ns 132] Angle spreads oao0D/oAOA 5°/10° [132]
Satellite velocity 7.4-7.6 km/s LEO orbit Max Doppler f7a* 6.8 x 10° Hz (@27 GHz) computed
UAV speed v 0.5-30 m/s Dubins path | Shadow fading oy 5 dB ITU-R P.1812 [34]

{B(T = Q)IB(T = S)IXIXIXIXIB(T = 3)IB(T = 2)IB(T = 1)1 h(T) l

(a) Continuous Outages

(b) Random Outages

(c) Equidistant Sparsity

Fig. 2: Representative pCSI patterns in LEO satellite commu-
nication scenarios.

CSI data, complicating the application of standard reconstruc-
tion and making precise channel modeling and prediction more
challenging.

3) Equidistant Sparsity: In satellite channel prediction,
reducing the CSI sampling frequency conserves power and
bandwidth. This deliberate undersampling creates uniformly
spaced gaps in the measurement sequence and reduces data
transmission and processing requirements. Although fewer
measurements complicate reconstruction, the resource savings
often justify the trade-off when structured sparsity is exploited.

These three pCSI patterns may occur individually or in
combination. For example, a system that employs intentional
undersampling can also suffer from unforeseen link failures. In
all cases, missing or incomplete CSI degrades the performance
of algorithms tracking time-varying channels. By classifying
pCSI as continuous outages, random outages, and equidistant
sparsity, we can more effectively address channel data losses
under practical LEO communication constraints.

III. PROPOSED ST-ATTENTON BASED CHANNEL
PREDICTION METHOD

In this section, we introduce a ST-attention based framework
for predicting future MIMO channel states in LEO satellite
communications. The core idea is to employ a transformer-
style encoder-decoder network that simultaneously models
spatial correlations across multiple antennas and temporal
dynamics driven by orbital motion, RIS reconfiguration, user
mobility, and environmental variations. Unlike conventional
interpolation or purely time-series approaches, the proposed
method applies fine-grained attention over both antennas
and time steps, which is particularly valuable in high-
dimensional satellite communication scenarios. Specifically, in
Section [[II-A] we describe the transformer-based spatiotem-
poral modeling and highlight its advantages over traditional

methods. Section details the feature representation and
input encoding strategy used to construct the channel ob-
servation tokens. Finally, the subsequent subsections present
the design of the ST-attention mechanism and the training
objective for network optimization.

A. Transformer-based Spatiotemporal Modeling

Transformers [16] were originally developed for sequence-
to-sequence tasks in natural language processing (NLP) [39]]
tasks. They employ an attention mechanism to capture long-
range dependencies by dynamically adjusting the weights as-
signed to different parts of the input. This attention mechanism
contrasts with earlier recurrent architectures that process inputs
sequentially and often fail to preserve long-range context.

Effective forecasting of LEO satellite channels benefits
from simultaneously modeling temporal variations, such as
satellite movement and user mobility, and spatial interactions
across large antenna arrays. Relying solely on time-based
attention (T-attention) may not adequately capture these high-
dimensional dependencies. In contrast, ST-attention applies
multi-head self-attention across both time steps and antennas,
thereby revealing correlations among antennas at the same
time as well as temporal dependencies within each antenna
over different time instants.

Specifically, multi-head self-attention projects the input em-
beddings into query, key, and value representations for each
head. By computing attention weights in parallel, each head
learns distinct types of correlations, including dependencies
among different antennas at a single time step and temporal
correlations within each antenna across multiple time instants.
The resulting attention weights are then combined to form
a comprehensive representation of the input sequence that
preserves both spatial and temporal structures. This joint
attention mechanism across both temporal and spatial dimen-
sions is particularly beneficial for LEO satellite channels as it
enables the model to capture rapid dynamic channel variations
caused by high-speed orbital motion, RIS reconfiguration, user
mobility, and environmental changes.

B. Feature Representation and Input Encoding

In our framework, channel measurements are acquired at
discrete time instants ¢. Let 1" be the current time slot, ¢ the
number of past observations provided to the model, and g the
number of future slots to predict. When ¢ € {T"—¢/,..., T}

with ¢/=c — 1, we write h(t) as h(t) to indicate an observed
CSI snapshot; when t € {T'+1,..., T+ g}, we write h(¢) as
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Fig. 3: Overall architecture of the proposed ST-attention based
framework.

h(t) to indicate a CSI value to be predicted. Thus, h(t) serves
as model input, whereas h(t) is the network’s prediction target.

A similar definition yields the predicted vectors h(t), which
combine the real and imaginary parts of the satellite-to-
RIS, satellite-to-user, and RIS-to-user channels into a unified
representation. Our objective is to utilize the CSI from the
past ¢ time instants to construct fl(t) and feed it into the
network shown in Fig. [ in order to generate the predicted
CSI h(t) for the subsequent g time instants. Because the
transformer network is permutation-invariant, we incorporate
temporal ordering via sinusoidal positional encodings [16]. In
this way, the model can differentiate between earlier and later
time steps, which is an essential feature for accurate time-
series forecasting.

A key contribution of our method is the fine-grained at-
tention mechanism. Rather than assigning a single attention
weight per time step, each element of ﬁ(t) is treated as an
individual token in the transformer’s self-attention module, as
depicted in Fig. 3] Consequently, each attention head learns
distinct weighting patterns over these tokens, thereby modeling
dependencies both across time steps and among antennas
within the same time step. This design enables the model to
capture abrupt local changes (e.g., channel fades on specific
antennas) as well as global trends (e.g., orbital motion).

C. ST-attention Mechanism

Fig. [3] depicts the overall structure of our proposed ST-
attention based framework. In addition, Fig. E| illustrates the
contrast between an attention mechanism that solely focuses
on the temporal dimension and one that simultaneously attends
to both temporal and spatial dimensions. The temporal-only
attention compresses the entire spatial slice of the channel
tensor at each time instant into a single high-dimensional
token, so the attention weights are distributed only along
the temporal axis. By contrast, ST-attention treats each an-
tenna—time pair as an independent token; this fine-grained
representation allows the model to assign weights with per-
antenna, per-time precision, enabling it to capture abrupt fades
on individual antennas as well as the slow drifts induced by
satellite motion.

1) Encoder: As illustrated in Fig. ] the encoder processes
past channel observations through stacked layers composed of:

o Global Self-Attention: Computes attention across the
entire sequence (all time steps and antenna elements),
enabling the model to learn broad spatiotemporal rela-
tionships.

o Local Self-Attention: Focuses on a smaller time window
or antenna subset, capturing fine-grained variations (e.g.,
abrupt channel fades on specific antennas).

o Position-Wise Feed-Forward Network (FFN): The FFN
is a dedicated non-linear module that processes each
channel feature token independently. It transforms the
raw channel embeddings into a richer representation by
capturing complex non-linear propagation effects and
subtle spatiotemporal variations.

Let XeR(E*NXD pe the embedded input tokens, where
(¢x N) encompasses all channel pairs over the entire historical
period, and D is the embedding dimension. In the multi-head
attention mechanism, the input X is first projected into three
distinct representations: the queries @, the keys M, and the
values V. These projections serve different roles:

e Queries (): Represent the elements that seek relevant
information from other tokens.

o Keys ) : Encode the content of the tokens, acting as in-
dices that the queries use to locate pertinent information.

o Values V: Contain the actual information that will be
aggregated based on the attention weights.

For each attention head h, these projections are computed as
Qh:XW& MIM=XW}, V'=XW], where Wg, Wi,
and W are trainable weight matrices. The attention function
for each head is defined as

h A[h T
Attelltion(Qh’, M" V") = softmax (Q()

(l m

)V"y (5)

where d,,, is the key dimension and (-) " denotes transposition.
Following the common Transformer design, we set d,, = %.
with A the number of attention heads. Finally, the outputs
from all H heads are concatenated and projected using a

weight matrix Wy to yield the final multi-head attention
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Fig. 4: Comparison of prediction results under different attention parts.

output:

H
= @ Attention(Q", K", VM"YWh,  (6)
h=1

MultiHead (X)

where @ denotes concatenation.

2) Decoder: To generate channel predictions for future time

steps [T+1,...,T+g], the decoder employs:

o Masked Self-Attention: Operates over future tokens in a
causal manner, ensuring that information from later time
steps does not influence earlier predictions.

o Global and Local Cross-Attention: Attends to the en-
coder outputs alongside the partially known future tokens.
Global cross-attention captures large-scale dependencies,
while local cross-attention refines local details for sudden
channel variations.

Each decoder layer also includes a position-wise FFN and
normalization layers.

By explicitly assigning attention weights to specific an-
tennas at specific time instants, the ST-attention mechanism
captures both large-scale orbital effects and localized fading
phenomena. This multi-scale attention design is especially
suitable for highly dynamic LEO satellite channels, where
accurate forecasting hinges on understanding both global and
fine-grained variations.

D. Prediction Head and Training Objective

The final decoder layer produces hidden states, which
are then mapped to channel estimates by a fully connected
prediction head. We train the model by minimizing the mean
squared error (MSE) between the predicted and the ground-
truth channels:

B N g R
Epred _ 7B Z Z ZHhPred h;rue (])‘

b=1 i=1 j=1

2

)

where B is the batch size. h*"*%(5) and h™"°(j) represent the
predicted and ground-truth channel coefficients, respectively,
for the i-th dimension at the j-th future time step. Minimizing
Lyreda encourages the predicted channel coefficients to align
closely with their true counterparts, thereby improving fore-
casting accuracy.

IV. PRETRAINING STRATEGY FOR PCSI

In realistic LEO satellite communication scenarios, the
high mobility of satellites, UAV-RISs, and ground users of-
ten leads to pCSI, where certain channel coefficients are
intermittently missing or heavily corrupted. Such incomplete
observations can significantly degrade prediction performance
because many models are incapable of capturing essential
spatiotemporal dependencies in sparse or irregular data. To
address this challenge, we draw inspiration from the masked
language modeling approach widely used in NLP [24] and pro-
pose a two-stage channel prediction scheme that can robustly
handle missing channel entries. This approach enables accurate
future channel predictions under pCSI conditions, particularly
when high-quality labeled datasets are limited.

Specifically, in the first stage we train a network to recover
masked channel elements. In this process, a subset of channel
entries in the input sequence is deliberately masked and the
model is optimized to infer these missing values. Through
unsupervised training on a large dataset with actively masked
entries, the model learns the underlying missing patterns.
The loss function is computed solely on the masked entries,
which encourages the model to learn robust and noise-resistant
features and enhances its ability to handle the pCSI issue.

After pretraining converges, the model serves as a feature
extractor that captures complex and diverse missing patterns
in the satellite MIMO channel. Through such a parameter
transfer, the predictor inherits the refined knowledge that can
provide a better initialization for the subsequent prediction
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Fig. 5: Illustration of the proposed two-stage pretraining strategy for handling pCSI. The left module shows the masked
reconstruction pretraining, while the right module presents the subsequent channel prediction network.

training, thereby improving accuracy and stability under real-
istic pCSI conditions.

In this section, we first present the masked reconstruction
pretraining module and then describe how the pretrained layers
are integrated into the channel prediction network. Finally,
we outline the fine-tuning process under pCSI conditions and
discuss the benefits of the proposed two-stage pretraining
strategy.

A. Masked Reconstruction Pretraining

As shown on the left side of Fig.[5] the pretraining module
consists of an embedding layer, multiple transformer encoder
layers, and a linear reconstruction head dedicated to recovering
masked entries. Let

Hyy = {h(t)’t:T—c’,...,T} € CleMx1 (g

denote the stacked channel observations over the past ¢ time
instants. To simulate partial observations, we define a binary
mask

7 = {z(t)’t:T—c’,...,T} e {0,1}Mx1 ()
where each z(t) € {0, 1}V satisfies
z(t) = a(t)-1, with a(t) € {0,1}. (10)

This indicates that at time ¢, the entire channel vector is fully
visible when «(t)=0 and completely masked when «(t)=1.

To emulate the three pCSI patterns in Section [[I-C} a binary
mask Z € {0,1}V*1 is generated for every training sample
as follows:

1) Pattern selection: one of the three patterns, continuous
outage, random outage, or equidistant sparsity, is selected
according to the specified probability distribution;

2) Missing-ratio sampling: the target ratio
P~ u[pminapmax}a where (pminspmax) = (0109) by
default;

3) Mask construction: according to the selected pattern,
exactly |pcN | entries of Z are set to 1.

The input to the pretraining network is then formed by
applying element-wise multiplication

H = (1-Z) ® Hpy, (11)

where ® denotes the element-wise product and 1 is a vector of
ones with the same dimension as Z. This operation preserves
the observed entries while setting the masked entries to zero.
Given H, the model outputs a reconstructed version H that
aims to fill in the missing components. The binary mask Z
plays a crucial role by indicating which elements are masked,
so that the reconstruction loss is computed only on these
missing entries. The pretraining loss function is defined as

2
E

AT ; .
[frecon = E ;H (H(l) - ngl)l) ®© Z(z) (12)
where B is the batch size for pretraining. In this context,
each element h,,(t) of Héfl)l corresponds to h,,(t) in H and
to fzn(t) in H, respectively. Since the channel coefficients are
continuous variables, we adopt MSE as the loss function rather
than the cross-entropy (CE) loss used in masked language
modeling tasks [24]. Minimizing (I2) trains the model to
exploit both local correlations among antenna elements and



IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. XX, NO. XX, MONTH YEAR 9

global temporal dependencies induced by motion, thereby
learning to reconstruct missing channel states from partial
observations. This pretraining not only enhances robustness
against incomplete CSI measurements but also fosters gen-
eralizable representations for subsequent channel prediction
tasks.

B. Integration with the Prediction Model

After completing the masked reconstruction pretraining, we
transfer the learned parameters to initialize the prediction
model. In particular, the pretrained embedding layer replaces
the original embedding layer, and the pretrained encoder layers
are inserted ahead of the existing encoder in the prediction
model. As illustrated on the right side of Fig. [3 this ar-
rangement allows the prediction model to inherit the ability
to handle the incomplete CSI, since the transferred layers
have already captured how to reconstruct the missing channel
entries. By integrating these pretrained layers, the model can
acquire robust spatiotemporal representations from the outset,
eliminating the need to learn such features from scratch.
Consequently, the subsequent training phase can converge
more rapidly and achieve a higher prediction accuracy than
a random initialization.

C. Fine-Tuning with pCSI

After initialization with pretrained parameters, the model is
refined end-to-end to accept incomplete channel observations
and produce predictions for future time slots. During this fine-
tuning stage, training focuses exclusively on the channel pre-
diction loss Lpyeq defined in (7), aligning the learning objective
directly with accurate forecasting. This approach allows the
model to specialize in predicting future channel states under
pCSI conditions, while utilizing the robust representations
acquired during pretraining. As a result, the training process
emphasizes the core forecasting task and benefits from the
pretrained layers’ ability to infer missing CSI entries.

D. Practical Considerations and Benefits

The proposed two-stage pretraining strategy is designed
to robustly handle the various pCSI scenarios outlined in
Section [[I-C] By training on extensive data that reflect a wide
range of missing patterns and proportions, the model develops
spatiotemporal representations that effectively mitigate the
impact of channel interruptions regardless of the underlying
missing data distribution. In addition, the pretrained network
enables the use of low-frequency CSI measurements to accu-
rately predict high-frequency channel states, thereby reducing
feedback overhead while preserving acceptable accuracy. Ini-
tializing the prediction model with these pretrained weights
accelerates convergence and enhances stability, as the network
no longer needs to learn representations from the scratches on
incomplete data. Overall, this two-stage pretraining strategy
delivers robust performance under pCSI conditions and is well
suited for practical satellite communication deployments.

V. COMPLEXITY REDUCTION AND SCALABILITY
ANALYSIS

The ST-attention mechanism captures both fine-grained
spatial correlations among satellite, RIS, and user antennas
and the rapid temporal dynamics of LEO channels, but its
computation and memory grow quadratically with the product
of spatial elements and time steps. In realistic UAV-RIS-
assisted LEO systems, satellite arrays and large RIS panels can
each comprise hundreds of elements, making full self-attention
over all antenna—time tokens impractical for typical on-board
or edge accelerators. To address this issue, we introduce a
compact beamspace representation that maps the element-
domain channel onto a sparse angular basis, thereby reducing
the spatial token count and substantially lightening the atten-
tion workload without compromising prediction accuracy.

A. DFT-Based Beamspace Projection

Both the LOS satellite path and the RIS-reflected path are
dominated by a small number of strong specular components.
Consequently, the element-space MIMO channels hggr(t),
hry, (t), and hgy, (t) exhibit intrinsic angle sparsity, with
most array elements receiving highly correlated signals. By
applying a two-dimensional discrete Fourier transform (DFT),
most of the channel power is concentrated into a few dominant
angular bins. The beamspace projection reduces the spatial
token, enabling the attention mechanism to operate on a
much smaller sequence and thereby dramatically lowering both
computation and memory costs without sacrificing prediction
accuracy.

Let Fp be the unitary D x D DFT matrix. For each snapshot
t we obtain the beam-domain representations

bsr(t) = Fy, hsr(t) FY, (13a)
bru, (t) = Fn, hry, (1) FY,, (13b)
bsu, (t) = Fa, hsu(t) FY,. (13¢c)

For every matrix in (T3) we retain the P strongest coefficients;
their linear indices define the set P = {i1,...,ip}. Taking
the satellite—RIS link as an example, each index is mapped
to a row—column coordinate on the 2-D DFT grid, denoted
(up,vp) €40,...,Ng—1} x{0,..., Ng—1}, and normalised
to [0,1]: @, = Nj:il and v, = N:ﬂl.

The p-th retained beam delivers

D 4 D ~ -~ T
20h(t) = (TR (D)), 2685 (2), Tp, Ty] ' € RY. (14)

magnitude phase

The same procedure is applied to the RIS-user and
satellite—user sub-links, yielding beam tokens z(lfg,k (t) and
zg@k (t). Stacking all P beams of the three sub-links gives

a fixed—length real vector
1 P 1
s(t) = [255(0)7T, ... 280 ()T, 25, ()7, ...,
P 1 P T
G0 0T 250, 0T, 25 0T

ZRUK 250,
with the dimensionality is now Nk = 4P (1 + 2K).

5)
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For each sub-link, the decoder outputs P beam tokens
Zip) (t) = [m@)., P, Up, Up|. We form the complex co-
efficient 5 (t) = Mm®e?” and write it at grid index
(up, v,,); all other beamspace entries are zero. The element-
domain channel is then recovered by the inverse DFT, e.g.
hsp(t) = Fy. Bsr(t)Fy,. The same step is applied to
RIS—user and satellite—user sub-links, keeping the sequence
length limited to P while preserving perfect invertibility.

B. Complexity Analysis

This subsection evaluates the computational cost of the
network with and without beam-domain compression. The
FLOP count includes only the matrix multiplications and
softmax operations that dominate self-attention. Point-wise
functions such as LayerNorm and nonlinear activations are
not considered, because their complexity is O(LD), where L
denotes the token-sequence length, defined as the product of
the history depth ¢ and the number of tokens per snapshot,
and is therefore negligible.

As described in Section [[I-B3] and Section [V-A] a full
snapshot comprises N/l = 2NpNg + 2K Ny (Ng + Ns),
whereas beam-domain sparsification reduces the token count
to Npsam — 4P(1 + 2K).

For a token sequence of length L, the global self-attention
branch incurs F,(L) = 2I2%d,, + 4L D, while the local
branch incurs F;(L) = 2Lwd,, + 4w D, where w denotes
the size of the local-attention window. With L = c¢N/U!!, the
total cost without compression is

Fran = (N + Na) | 2(eN{) *d + 4(eNE) D
(16)
+ Z(CNtfng)w dp, + 4WD] s

Replacing Ntfgf{l by N&‘ﬁ‘m and adding the FFT overhead
c O(Ntigf(l log Ntfgll(l) yields

Foeam = (No + Ny) {Q(W&iﬂm)%m + 4(eNbsem) D

+2 (cNtlkaa’“)w dp + 4wD} 17

T cO(Nfull log NEu).

. 2 .
Because the quadratic term QQCNESII(I) dm, dominates, com-
pressing each snapshot from thf} to N}fﬁf’“ yields a marked

reduction in both FLOPs and memory.

VI. PERFORMANCE EVALUATION

In this section, the performance of the proposed method
is evaluated via simulations. We will first introduce he sim-
ulation environment and experimental setup, and then make
a comparative analysis of our proposal against the selected
baselines. Key observations and performance trends under
various experimental conditions will be discussed in detail.

A. Simulation Setup

We evaluate two array scales: a small setup with a satellite
array of Ng = 25 antennas and a UAV-RIS of Np = 9
elements, serving K = 4 single-antenna users (Ny = 1); and
a large setup with Ng = 256 satellite antennas and Ny = 81
RIS elements, while K and Ny remain unchanged.

Two configurations are considered: a satellite array with
Ng = 25/9 antennas, an RIS with Ngp = 9/4 elements,
and support for K = 4/2 users, each equipped with a single
antenna (Ny = 1).

CSI matrices hgr(t), hgry,(t), and hgy, (t) are gener-
ated over distinct orbital time windows in August 2024 to
prevent data leakage. The dataset is partitioned by tempo-
ral segments: 60% of 10,000 samples are used for training
(collected between August 1 and August 2, 2024), 20% for
validation (August 3—4, 2024), and the remaining 20% for
testing (August 5-6, 2024). This temporal separation ensures
independence among the subsets. To verify that the time-based
split does not introduce distributional bias, we computed
descriptive statistics of four key channel metrics (path loss,
Rician K-factor, Doppler shift, and SNR) for each segment
and performed two—sample Kolmogorov—Smirnov (KS) tests.
As summarised in Table all KS p-values exceed 0.35,
indicating that the three segments are statistically consistent.

All models are trained on eight NVIDIA H100 GPUs []1_6[],
each with 80 GB of memory. A constant effective batch size is
maintained by fixing the product of the per-GPU batch size B,
the number of gradient accumulation steps S, and the number
of GPUs G such that

BxSxG=K, (18)

with /C set to 40. This configuration balances memory usage
and computational throughput, ensuring stable convergence
and fair comparisons across experiments [41].

B. Simulation Results

As illustrated in Fig. [6} we compare the multi-step predic-
tion performance of LSTM [12], LSTNet [42]], Linear [43],
T-attention Transformer [[17)], and the proposed ST-attention
based channel prediction scheme. The channel acquisition
(sampling) interval is set to 1072 s and the history length is 30.
The figure reports the normalized MSE (NMSE) for prediction
horizons of 2, 8, 14, 20, and 26 steps.

It can be observed that all methods exhibit increasing NMSE
as the prediction horizon grows, indicating a degradation in ac-
curacy over longer future intervals. Nevertheless, the proposed
ST-attention based scheme achieves consistently lower NMSE
than the other approaches at every horizon, demonstrating
its superior ability to learn both temporal dependencies and
spatial correlations. It is also seen that the Linear model
performs well at shorter horizons (e.g., c=2), but its accuracy
declines rapidly as the horizon increases, reflecting the limi-
tations of an autoregressive linear approach. For longer-range
predictions (e.g., beyond 14 steps), LSTM exhibits relatively
strong performance, but it remains notably outperformed by
our proposed ST-attention based scheme.
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TABLE II: Computational Efficiency of Different Models at Various Prediction Steps. Parameter count (Params) is measured

in thousands (K) and FLOPs is measured in millions (M)

Model 2 Steps 8 Steps 14 Steps 20 Steps 26 Steps
Params FLOPs Params FLOPs Params FLOPs Params FLOPs Params FLOPs
LSTM 1270 38.09 1270 46.28 1270 54.47 1270 62.66 1270 70.85
LSTNet 655.07 25.13 655.07 100.53 655.07 175.93 655.07 251.33 655.07  326.73
Linear 22.40 0.88 22.40 3.52 22.40 6.17 22.40 8.81 22.40 11.50
T-attention Transformer 525.47 5.78 526.63 6.87 527.78 7.96 528.93 9.04 530.08 10.13
ST-attention Transformer  565.06 4260 566.21 4880 567.36 5490 568.51 6100 569.66 6710

TABLE III: Statistical consistency between the three data splits

TABLE IV: Model Configurations and Prediction Performance

Segment Mean (dB)  Std (dB) KS p-value Metric Config 1 Config 2 Config 3
Train 16.976 0314 — Params 568.51 K 1.72 M 3.84 M
Validation 16.987 0.318  0.372 (Train vs. Validation) Model Dim. 64 96 128
Test 16.988 0.320 0.536 (Train vs. Test) ]FEW“-S'“‘- 138 132 226
0.902 (Validation vs. Test) D‘:;' L:gg: 5 5 3
Attn. Heads 2 4 4
QK Dim. 32 48 64
V Dim. 32 48 64
—¢— LSTM FLOPs 6.1 GMac  21.09 GMac  53.63 GMac
—#— LSTNet Inf. Time (NX) 0.24 ms 0.84 ms 2.15 ms
=14 —A— Linear Inf. Time (AGX)  0.09 ms 0.31 ms 0.79 ms
T-attention Transformer NMSE -19.4 dB -19.83 dB -19.97 dB
~¥— STeattention Transformer Notes: Model Dim. and Fwd. Dim. are the model and feedfor-
16 ward dimensions. Enc. Layers and Dec. Layers are the numbers
. of encoder and decoder layers. Attn. Heads is the count of
Q ././ attention heads. QK Dim. and V Dim. are query/key and value
i dimensions. FLOPs is measured in GMac (Giga MACs). NX and
g 18 AGX refer to Jetson Orin NX and Jetson AGX Orin; inference
z times assume 25 and 68.75 TFLOPS, respectively.

N

8 14 20 26
Prediction Horizon (steps)

Fig. 6: Multi-step prediction performance for various methods,
where the sampling interval is 1 ms, the history length is c=30,
and the numbers of antennas and users are Ng=25, Nr=9,
K=4, and Ny=1.

To demonstrate the fairness of the comparisons in Fig. [f]
we also summarise all baseline configurations for the two-step
prediction in Table [V]and report model size and computational
efficiency in Table [[} In Table [V] LSTNet’s “64/100” denotes
64 convolutional filters in its convolutional neural network
(CNN) block and a 100-unit hidden state in its recurrent
neural network (RNN) block; the LSTM is implemented as
a two-layer bidirectional network; and both the T-attention
and ST-attention Transformers employ a 2+2 architecture,
comprising two encoder layers and two decoder layers.

In Table |lI} although the parameter count for each model
remains unchanged, the computational load (in FLOPs) in-
creases with a longer prediction horizon. The proposed ST-
attention based scheme has a model size that is smaller than

TABLE V: Hyper-parameters of baseline models

Model Hidden size Layers Dropout Params
LSTM 128 2 (Bi) 0.1 1.27 M
LSTNet (CNN/RNN) 64/100 1/1 0.2 0.66 M
Linear - - 0 22 k

T-attention Transformer  d,0qe1=64 242 0.1 0.53 M
ST-attention Transformer d,,oqc;=64  2+2 0.1 0.57 M

that of LSTM and LSTNet [42]], and is comparable to
that of the T-attention Transformer [17]. Its size is larger than
that of the Linear model [43]]; however, this is inherent to
the characteristics of the Linear model, which cannot further
improve performance by simply increasing its capacity. This
indicates that our comparison is fair and does not rely on
deliberately reducing the model sizes of other approaches.
Notably, our proposed ST-attention based scheme requires a
higher FLOPs count compared to other models. This increased
cost is primarily due to its ability to jointly capture spa-
tial and temporal attentions, which can be regarded as the
price for achieving higher precision in channel prediction.
In scenarios where precise channel prediction is critical for
link adaptation and resource allocation, the performance gains
justify the additional computational expense. Moreover, as
hardware performance and optimization techniques continue to
improve, the relative computational overhead of our scheme
is expected to decrease, further enhancing its feasibility for
practical deployment.
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Fig. 7: Prediction performance under different sampling inter-
vals, where the history length is ¢=30, the prediction horizon
is g=20, and the numbers of antennas and users are Ng=25,
Nr=9, K=4, and Ny=1.

To illustrate the impact of model size on prediction per-
formance, Table [[V] summarizes the trade-off between model
complexity and prediction accuracy for a history length of
30 and a prediction horizon of 20 steps, evaluated across
three configurations. The table reports key metrics and the
achieved NMSE. In addition, we report the inference times
on the Jetson Orin NX and the Jetson AGX Orin
platforms. The Jetson Orin NX is a low-power platform
designed for compact and energy-efficient deployments and
is well suited for satellite applications with strict power and
space constraints. In contrast, the Jetson AGX Orin delivers
higher computational performance and serves as a benchmark
for scenarios with relaxed power constraints.

As the model scale increases from Config 1 to Config 3,
the parameter count, FLOPs, and inference times increase
substantially. For example, FLOPs rise from 6.1 GMac in
Config 1 to 53.63 GMac in Config 3, with the inference time
on the Jetson Orin NX increasing from 0.24 ms to 2.15 ms
and on the Jetson AGX Orin from 0.09 ms to 0.79 ms.
Meanwhile, the NMSE improves modestly from -19.4 dB to
-19.97 dB, indicating that larger models can better capture
complex channel dynamics and yield improved prediction
accuracy. However, it should be noted that the benefits of
increasing model size are subject to diminishing returns, as
evidenced by the marginal NMSE improvement despite a
substantial increase in computational cost.

These findings underscore the trade-off between compu-
tational resource consumption and prediction performance.
The inference times on both platforms illustrate the range of
hardware environments available for deployment and provide
guidance for selecting a configuration that balances efficiency
with accuracy in practical satellite communication applica-
tions.
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Fig. 8: Visualization of attention mechanisms: (a) T-attention
and (b) ST-attention, where the history length is ¢=30, the
prediction horizon is g=30, and the numbers of antennas and
users are Ng=4, Ngp=4, K=2, and Ny=1.

As shown in Fig. [7]] we further evaluate the NMSE per-
formance of five models at various sampling intervals while
keeping the history length fixed at 30 and predicting 20
future steps. Although all methods exhibit increased errors
as the sampling interval grows, the proposed ST-attention
based scheme shows a significantly slower rise in NMSE. This
performance is primarily due to its integrated spatiotemporal
attention mechanism, which effectively captures fine-grained
channel dynamics even under sparse data conditions.

Furthermore, when the sampling interval exceeds 4 ms, the
T-attention based method outperforms the other approaches
except for our proposed scheme. This observation confirms
that temporal attention alone is effective in extracting criti-
cal dependencies from sparser data, but the combination of
spatial and temporal attention can further enhance prediction
accuracy. These results underscore the advantages of a holistic
spatiotemporal attention design for robust channel forecasting
in dynamic environments.

To further illustrate why ST-attention outperforms purely T-
attention, Fig. [§ compares the two mechanisms by visualising
their attention maps. Under T-attention, the model attends
almost exclusively to the temporal dimension, overlooking
spatial interactions among antennas or sub-channels and thus
missing subtle high-dimensional variations. By contrast, ST-
attention performs joint spatio-temporal reasoning, allowing
the network to exploit cross-antenna dependencies in addition
to temporal evolution. Concretely, on the same validation
split, the average row entropy increases from 1.46 to 2.31
bits, indicating a much broader receptive field. Moreover, ST-
attention allocates approximately 37 % of its mass to cross-
antenna links, whereas T-attention assigns virtually none.
Therefore, the model can now distribute its focus across both
time and space, thereby reconstructing missing channel entries
more effectively and maintaining higher prediction accuracy
over long horizons. This richer spatial modelling ultimately
delivers greater robustness in dynamic satellite environments.

Table [V contrasts the element-domain results shown earlier
for the small array with a beamspace variant, then extends the
same comparison to a large array. For the small geometry,
keeping only P = 9 beams cuts the FLOPs from 6.06 GMac
to 1.52 GMac while incurring less than 0.1 dB NMSE loss.
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Fig. 9: Prediction performance under three pCSI scenarios after beamspace compression, where the history length is ¢=30,
the prediction horizon is g=20, the retained-beam count is P=26, and the antenna configuration is Ng=256, Np=81, K=4,

Ny=L1.

TABLE VI: Prediction Accuracy and Complexity With and
Without Beamspace Compression

Full Element Domain \ Beamspace Compression

Scenario

NMSE (dB) ~ FLOPs (GMac) | NMSE (dB) ~ FLOPs (GMac)
Small array? P=9 —19.40 6.06 —19.35 1.52
Large array? P=26 — 4.50 x 10° —19.24 12.63

2 ¢=30, g=20, and the numbers of antennas and users are Ng=25,
Nr=9, K=4, and Ny=1.

b ¢=30, g=20, and the numbers of antennas and users are Ng=256,
Ngr=81, K=4, and Ny=1.

This is because the most of channel power concentrates in
the dominant angular bins captured by those beams, and
the discarded beams mainly carry noise and minor scattering
components. In the large-array case (Ng = 256, Np = 81), an
element-domain implementation would require an impractical
4.5 x 10° GMac and terabytes of intermediate activations,
so we report it only as an analytical estimate. Applying
beamspace compression with P = 26 reduces the cost to 12.6
GMac while preserving excellent NMSE performance, thereby
enabling scalable training and real-time inference even for very
large arrays.

Fig. [0 shows the impact of pCSI on prediction accuracy
under the three outage patterns introduced in Section [[I-C| The
curves are obtained for the large-array setting after beamspace
compression with the retained-beam count P=26. In each
scenario, the outage ratio is varied from 0% to 75%, with
a history length of 30 and a prediction horizon of 20. As
the outage ratio increases, all methods exhibit an increase in
NMSE.

The ST-attention based method consistently achieves the
lowest NMSE, highlighting its robustness to incomplete CSI
observations. By exploiting global context from both spatial
and temporal dimensions, the proposed model can more ef-
fectively reconstruct and “fill in” the missing CSI entities.
In contrast, conventional time-series models rely primarily on
temporal correlations and lack the ability to capture spatial
interactions, making them more susceptible to performance
degradation at high outage ratios. Moreover, the linear autore-
gressive baseline suffers the largest drop because its coeffi-
cients are fitted in the element domain. After the channel is

projected and truncated in beamspace, much of the statistical

structure it relies on is removed, which leads to a sharp NMSE

increase.
-8
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Fig. 10: Effect of pretraining on pCSI conditions performance
improvement under varying dataset sizes after beamspace
compression, where the history length is ¢=30, the prediction
horizon is g=20, the retained-beam count is P=26, and the
numbers of antennas and users are Ng=256, Np=81, K=4,
and Ny=1.

Although the proposed ST-attention based scheme already
achieves superior prediction performance under pCSI con-
ditions compared to other benchmark methods, further im-
provements can be obtained by using a two-stage channel
prediction scheme based on pretraining. Fig. [I0] illustrates,
under beamspace compression, how pretraining improves CSI
prediction accuracy across different dataset sizes for the three
pCSI patterns. For each pre-training sequence we first draw a
masking pattern according to the probabilities associated with
the corresponding curve in Fig. [[0} A missing ratio is then
sampled from the uniform law p ~ U/[0.10, 0.90]; exactly
|pc| time steps are masked and zero-filled. The identical
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Fig. 11: Comparison of prediction performance under various
mixed missing ratios after beamspace compression, where the
history length is ¢=30, the prediction horizon is g=20, the
retained-beam count is P=26, and the numbers of antennas
and users are Ng=256, Np=81, K=4, and Ny=1.

masking protocol is applied during fine-tuning so that the
encoder is exposed to statistically consistent inputs throughout
training.

The horizontal axis indicates the dataset size, while the
vertical axis shows the NMSE. For each pCSI pattern, we
compare the prediction performance of models trained with
and without pretraining. It is worth noting that the dataset com-
prises 10% samples with channel outages and 90% samples
with complete continuous inputs, enabling the trained model
to handle both normal CSI and pCSI conditions.

The experimental results indicate that when the dataset
is small (e.g., 1,000 samples), the pretraining processing
can significantly reduce the NMSE, demonstrating that the
pretrained representations effectively facilitate the reconstruc-
tion of missing channel information and capture essential
spatiotemporal dependencies under limited data conditions.
As the dataset size increases, the performance gap between
the pretrained and non-pretrained models gradually narrows,
suggesting that with sufficient training data the model can
learn near-optimal representations directly from the data. How-
ever, even when the dataset size reaches 10,000 samples, the
pretraining processing still provides measurable performance
gains. In addition, the extent of the improvement brought in by
the pretraining processing varies among the different outage
scenarios. In particular, under limited data conditions, the
performance gains offered by pretraining are more pronounced
for Continuous Outages and Random Outages compared to
Equidistant Sparsity. This difference is due to the regularity of
the missing pattern in the Equidistant Sparsity, which enables
the prediction model to inherently capture more of the missing
structure.

To better reflect realistic operating conditions, Fig. [IT]

shows, under beamspace compression, the prediction perfor-
mance in mixed outage scenarios with varying maximum CSI
missing ratios. In a mixed outage scenario, the masking pattern
may correspond to any of the three outage types. Moreover,
the maximum missing ratio indicates that the probability of
an outage occurring in the historical sequence is uniformly
distributed between 0 and the specified maximum value.

Specifically, we investigate four configurations: Pretrain
(Masked), NoPretrain (Masked), Pretrain (Overall), and No-
Pretrain (Overall). The first two curves evaluate prediction ac-
curacy exclusively under pCSI conditions, while the latter two
assess the overall performance across all scenarios, including
both pCSI and fully observed CSI cases.

It is observed that as the maximum missing ratio increases,
the NMSE becomes larger across all configurations, reflecting
the growing challenge of reconstructing the channel with fewer
available measurements. Nonetheless, the pretraining-based
approach consistently achieves lower NMSE than the non-
pretrained model. In particular, the improvement in the masked
conditions is more significant than that in capturing the overall
performance encompassing both complete and pCSI cases,
confirming that the pretrained representations are especially
effective in reconstructing missing CSI entries. This result fur-
ther validates the effectiveness of our framework in scenarios
with severe measurement outages or sparse sampling, which
are common challenges in dynamic satellite communication
systems. The ability to maintain high prediction accuracy
even at high outage ratios further highlights the robustness
of the proposed ST-attention based scheme combined with
pretraining processing.

VII. CONCLUSION

In this paper, we proposed a novel MIMO channel predic-
tion framework for LEO satellite communications involving
UAV-RIS. Our proposal leverages a transformer-based ST-
attention mechanism to capture both long-range temporal
dependencies and spatial correlations. Additionally, we de-
signed a two-stage self-supervised pretraining strategy which
uses masked channel observations to reconstruct missing CSI
entries and learn robust spatiotemporal features, thereby en-
hancing the system’s resilience to incomplete CSI. Simulation
results show that the proposed ST-attention based approach
consistently outperforms conventional methods, including T-
attention transformer and LSTM networks, under both perfect
and pCSI conditions. Moreover, the designed pretraining strat-
egy plays a critical role in mitigating the adverse effects of
severe outages on CSI acquisition, validating the significance
of integrating SSL into channel prediction frameworks for
dynamic LEO satellite communication environments. Over-
all, the combination of ST-attention and pretraining offers a
promising direction for robust channel prediction in challeng-
ing pCSI scenarios.
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