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Abstract—Low Earth Orbit (LEO) satellite communication is
crucial for developing sixth-generation (6G) networks. The inte-
gration of massive multiple-input multiple-output (MIMO) tech-
nology is being actively researched to enhance the performance
of LEO satellite communication systems. However, the limited
power resources of LEO satellites pose significant challenges
to improving energy efficiency (EE) under power-constrained
conditions. Typical optimization-based methods often lack real-
time adaptability and computational efficiency. This paper pro-
poses innovative solutions to address the challenges of precoding
in massive MIMO LEO satellite communications. Specifically,
we introduce a deep unfolding of the Dinkelbach algorithm
and the weighted minimum mean square error (WMMSE)
approach to achieve enhanced EE. This transformation of
iterative optimization procedures into a graph neural network
(GNN) leads to faster convergence and improved computational
efficiency. Furthermore, we apply the Taylor expansion method
to approximate matrix inversion within the GNN framework.
Numerical experiments demonstrate the superiority of our pro-
posed method in terms of complexity and robustness, achieving
significant improvements over other state-of-the-art methods.

I. INTRODUCTION

The rapid increase in data traffic, driven by the increasing
use of smart devices, highlights the need to evolve communi-
cation networks towards sixth-generation (6G) technology [1].
Howeyver, the limitations of traditional terrestrial networks,
such as uneven infrastructure distribution and unstable wire-
less environments, hinder their ability to handle the growing
data demands [2]. 6G is envisioned as a fully interconnected
and autonomous network, offering seamless coverage and
ubiquitous services by integrating terrestrial networks with
satellite systems, particularly low earth orbit (LEO) satellites
[3]. Positioned at altitudes ranging from 500 km to 2000
km, LEO satellites have garnered significant attention due
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to their advantages over geostationary earth orbit (GEO)
satellites, such as reduced round-trip latency, lower path loss,
and decreased launch expenses [4]. Numerous initiatives,
including Telesat and Amazon’s Project Kuiper, are actively
working to advance LEO satellite communication systems [5].

To enhance LEO satellite communication performance,
massive multiple-input multiple-output (MIMO) technology
is being investigated for its ability to improve link budget, key
for 6G applications [6]. However, massive MIMO poses chal-
lenges such as higher computational complexity, increased
power usage, and concerns related to hardware and weight,
especially given the limited solar power and payload capacity
of LEO satellites [7]. Typical optimization-based methods
for precoding are computationally intensive and lack real-
time adaptability in resource-constrained environments [8]. To
address he computational challenges of massive MIMO, re-
searchers are developing energy-efficient system designs and
low-complexity algorithms optimized for satellite hardware,
enabling LEO networks to meet 6G demands while adapting
to dynamic conditions for reliable performance.

Optimizing LEO satellite systems remains a challenging
task despite advancements. Traditional methods often lack
real-time adaptability and computational efficiency, partic-
ularly in improving energy efficiency (EE) under power
constraints [9]. Artificial intelligence (Al) offers promising
solutions, enabling real-time optimization of precoding tech-
niques and enhancing system adaptability . Machine learning,
especially deep learning, can predict interference, optimize
power distribution, and manage satellite resources [10]. These
Al-driven approaches have the potential to reduce computa-
tional load and improve network performance, enhancing EE,
coverage, and bandwidth utilization to meet the demands of
future communication technologies [11].

Most deep learning-based methods operate end-to-end,
making them easy to train but lacking interpretability due
to their “black-box” nature. This limits their efficiency, es-
pecially in dynamic, large-scale wireless networks where

Authorized licensed use limited to: University of Luxembourg. Downloaded on December 04,2025 at 15:44:27 UTC from IEEE Xplore. Restrictions apply.



2025 IEEE Wireless Communications and Networking Conference (WCNC)

training data, like channel state information (CSI), may be
scarce in 6G [12]. Generic neural networks (NNs) often
require extensive data and computational resources, reducing
their practical application. Algorithm unfolding addresses
these issues by linking classic iterative algorithms with NN,
converting algorithm parameters into trainable ones, improv-
ing layer interpretability, and offering theoretical guarantees
for better reliability and predictability [13].

This paper presents an innovative approach using deep-
unfolding graph neural network (GNN) to address precoding
in massive MIMO LEO satellite communications. The deep
unfolding network method transforms each iteration of a con-
ventional iterative algorithm into a layer-like structure within
a NN [14], incorporating learnable parameters to enhance
performance. The goal is to enhance the precoding design
for massive MIMO LEO satellite communications, leading to
better system performance and EE.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we introduce the channel model for the mas-
sive MIMO LEO communication system. Next, we present an
overview of the downlink transmission power consumption
model. Finally, we formulate the questions.

A. Channel Model

Consider a downlink communication system involving a
LEO satellite and K user terminals (UTs), each equipped
with a single antenna. Mounted on the satellite is a large-scale
uniform planar array (UPA), consisting of elements arranged
at half-wavelength spacing along both the X-axis and Y-axis.
This configuration includes a total of N elements along the
X-axis and N} elements along the Y-axis. We denote the
total number of antennas on the satellite as Ny & NXN7. Let
the number of UT paths for the k-th UT be L;. At time ¢,
the frequency response of the complex baseband channel at
frequency f can be expressed as

Ly
hy (8, f) = Y angexp{a2m(tvgs — fri]}ves € CV

=1

ey
where oy, Vg, T,y and vy indicate the channel gain,
Doppler shift, propagation delay, and array response vec-
tor, respectively. v ; is mainly determined by the Doppler
frequency shift resulting from the mobility of the satellite
and the UT, and can be expressed as vy, = 3% + vh.
Assume that the satellite Doppler shift and arrayyresponyse
vector corresponding to all propagation paths are the same
that is V,Z"‘lt = 3, vy, = vi, Vk, I In addition, the
propagation delay is expressed as i ; = T/?,tl + 70 where
7 represents the shortest delay of all propagation paths of
the k-th UT. Therefore, the channel response shown in (1)
can be transformed into

b (¢, f) = exp{2alti™ — Frihgn(t, f)vi € VL.

@

B. Downlink Transmission and Power Consumption Model

The signal received by the k-th UT can be expressed as

K
vk =hi > “bisi + ng = hilbesy + bl > bis; + g, (3)
i=1 i#k
where nj, represents the complex circularly symmetric addi-
tive white Gaussian noise at the k-th UT, with a mean of
0 and variance Ny. We assume that the noise variance is
equal among all the UTs. The term by, € CV**1 represents
the precoding vector for the k-th UT. The transmitted signal
from the satellite to the k-th UT is denoted by sj, with its
power set to 1, i.e., E|sg|? = 1.
The total power consumption in the LEO satellite commu-
nication system under consideration can be modeled as [15]

K
Ptotal _ ZgkuHg + P, 4)
k=1
where P; signifies the power utilized by the satellite trans-
mitter, and 1/¢ indicates the efficiency of the transmit power
amplifier. The total power consumption for a fully digital
transmitter at the LEO satellite is expressed as

P, = Ny Prrc + Pro + Pgs, )

where Ppp is the power consumed by baseband digital
precoder, and Pro is the power utilized by the local os-
cillator. Prrc = Ppac + Pumixer + Pupr + Peaa, Where
Ppac, Phixers Pupr, and Pppa denote the power utilized
by the digital-to-analog converter, mixer, low-pass filter, and
baseband amplifier, respectively.

C. Problem Formulation

The signal-to-interference-plus-noise ratio (SINR) in (3) for
the k-th UT during downlink transmission can be defined as

bHh,ht'b,,
¢ bihihlb, + No”

The average data rate of the k-th UT is specified as Ry =
En, {log(1 4+ SINRy)}, and Ry, can be as

SINR;, 2

(6)

bth;htb,
Rk:E 1Og2 1+N kE kah th .
0+ Xezn En, {b}'hyhilb,}
)

The average rate Rj generally lacks a clear analytical
expression, making it challenging to manage challenging to
optimize with respect to (7). One possible solution is to
use a Monte Carlo method to estimate the required value.
However, this approach has a high computational complexity.
To address this, we substitute the ergodic data rate Rj with
an upper bound in the optimization process [8]

Yk |Vi bi | ®
pIyn Ve Vibe|? + No

RkSRkA10g<1+
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To formulate maximize the total achievable system EE
of the digital precoding in the LEO satellite communication
system

By 25:1 R
PSR P .
K
5.6 ) |Ibel[3 < Prnax (9b)
k=1

where P .x is the maximum allowed total transmit power. It
is important to observe that problem P, E presented in (9) is
categorized as a fractional nonconvex problem.

III. GNN-ENABLED DEEP-UNFOLDING PRECODING
DESIGNS

In this section, we delve into the advancements made in
digital precoding for MIMO LEO satellite networks, focusing
on the integration of innovative techniques that enhance both
performance and interpretability. We explore how the deep
unfolding of the Dinkelbach algorithm combined with the
WMMSE approach, along with the incorporation of the Tay-
lor expansion method, collectively contribute to overcoming
the computational challenges posed by the complex channel
conditions inherent in satellite communications.

A. Dinkelbach Algorithm and WMMSE Algorithm

Using the Dinkelbach algorithm [16], we iteratively address
‘P1 by addressing a series of sub-problems. Let n represent
the iteration index, and p,, be the auxiliary variable at the
n-th iteration. The sub-problem for the n-th iteration is then
formulated as follows [17]

K
Py : maximize F(p,) = By Z’Rk — pp P (10a)
{bg}kK=1!pTL k=1

K
st >IR3 < Paax- (10b)
k=1

The variables {b?}£  and p,, are optimized in an iterative
manner in subproblem P3. More specifically, the value of
pn+1 for the subsequent subproblem P2”Jr1 for a given
{br}E | is determined by

By Y5, Ry,

Pl = — ploal (11)

We omit the index n since the procedure is identical for
each subproblem. As demonstrated in [18], the WMMSE
problem in (12) is equivalent to the maximization problem
in (10), meaning that the optimal solution {bk.}kl,(=1 is the

same for both problems,

K
P3 : minimize By Z(wkek —logwy) + thOtal, (12a)

{br,wr,ur | =1
K

s.t. Z kuH% < Praxs
k=1

(12b)

where wy and wj are that represent the receiving matrix
and the weight matrix for the UT £, respectively, and ey £
‘uk\/’%VEbk — 1|2 + Zi#k fyk|uk.v,:'bi|2 + N0|Uk|2.

Notably, the three variables in Ps in (12) are highly
interdependent, making it difficult to solve directly. The third
variable can be updated by fixing two of the three variables.
The update expressions for wy, ug, and by are provided as
follow

X -1
ug = KV bi (Z Vel vibil? + No) ;13

i=1

K
wi = | [uky/ARvibr — 11> + Z’Yk|ukv;':bi|2
i#k
-1
+N0|uk|2) )

(14)

K

5 = i (3 Bt
k=1
+ (06 +a) D7

In order to clearly describe our algorithm, we define
uy = Ug(biil,vk,%), wt = Wg(ui,bifl,vk,vk), bl =
Be(ut, wi, Vi, k), where Uy, Wy, and B, denote the iterative
mapping functions at the /-th iteration. The architecture of a
deep unfolding model is as shown in Fig. 1, which appears to
be used for iterative optimization or inference tasks. It shows
a series of iterative blocks Uy, Wy, and B, that process the
input data b’,i sequentially through multiple iterations. Each
block likely represents a different operation or transformation
applied to the data, with the iterations continuing until a final
output b¥ is produced.

B. Deep Unfolding of the Dinkelbach Algorithm Combined
with the WMMSE Approach

The inverse of the matrix has a very high complex-
ity, and we need to o;]()timize the process of the ma-
trix. Define ar = Y ;o v|vibi|? + Ny and M, =
Zle Bywi|uk|>vevevy + (p€ + A°PY) 1. Matrix inversion
has a high complexity in iterative algorithms, which affects
the application of precoding algorithms in MIMO LEO satel-
lite communications. We introduce GNNs to achieve an end-
to-end matrix inversion process to address it. A graph is
defined as G = (V, E, s,t), where V denotes the set of nodes,
E represents the set of edges, s : V' — C% maps each node
to its corresponding features, where d; is the node feature

15)
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Fig. 1: The diagram illustrates the architecture of a deep unfolding model, which appears to be used for iterative optimization or inference tasks.

dimension and ¢ : E — C% maps edges to their features,
where ds is the edge feature dimension.

For a satellite with N; antennas, M, is a complex matrix
of size N; x N,. Each antenna on the satellite is represented
as a vertex, and the connections between antenna vertices
are modeled as edges. The edge is represented as (v;,v;)
between the v;-th antenna vertex and the v;-th antenna vertex,
we apply a GNN with edge updates, where information from
neighboring vertices connected by those edges is aggregated
to update the hidden representation of each edge. In our
algorithm, we need to invert ay, ex, and My. Since a; and
ey are scalar inversions, their inverses are straightforward,
but My, is an N; x N, matrix, making its inversion highly
complex, requiring approximation. To address this, we use a
GNN to approximate the matrix inversion of My. Each row
of M, is distributed across different edges in the GNN, as
illustrated in Fig. 2. The hidden representation f 'UirUj(e) of an
edge (v;,v;) in layer £ depends on the specific edge features

£, =C (féf—lh Po(Qufisy V5@ € Naw().

(a)
),d(e)) J ENAN(UJ)) (é)>.

(b)

The terms (a) and (b) represent the aggregated informa-
tion from the neighboring edges connected to edge (v;,v;)
via AN,, and AN, respectively. The functions Ps(-) and
P4(-) denote the pooling functions utilized to aggregate the
hidden representations of the neighboring edges related to
edge (n,k). Nan(vi) £ 1,--- ,v; —1L,v; +1,--- ,N; and
Nan(v;) £ 1, jv; — Lvj +1,--+, N; denote the sets of
indices without antenna v; and without antenna v;, respec-
tively. The function C(-,c), Qs(-,5)) and Qq(-,d®)) are
a combination function with trainable parameters ¢©) and
processing functions with trainable parameters s) and d¥).
Consequently, if both Q,(-, 59)), Qq(-,d®) and C(-, (")) are
linear functions, the update equation for edge (v;,v;) in (16)

(16)
P4 (Qd(fé i

can be rewritten as follows

180, = (e FED 4 P(s - £ i € Nan(wi)
]
(a) (b) (17)
(1) .
+Pq(d “Joj o d € Nan(v;)) )

()

C. The Taylor Expansion Method to Approximate Matrix
Inversion within the GNN Framework

Since the matrix inversion has high computational com-
plexity, employing Taylor expansion offers a promising ap-
proach for solving matrix inverses. Notably, the inverse matrix
P! can be approximated by a first-order Taylor expansion
around Py

P! =2P,' - P,'PP,". (18)

The Taylor expansion can be utilized as an approximation
for P!, which is closer to P~! than P. We can iteratively
employ the first-order Taylor expansion for a more precise
approximation. Observing this iterative equation resembles
the update equation of edge updates in GNNs. The iterative
equation for the (v;,v;) element of F(© can be expressed as

N,
4 4
£0, =250 =SV, (19)
Jj=1

Compared to (17), (19) can also be seen as the update
equation for edge (v;,v;), where féf?,j is the underlying
representation of edge (v;,v;) in layer £. The process begins
by aggregating the foundational representations of adjacent
edges in layer (¢ — 1), which are then combined with the
hidden representation of edge (v;,v;) from the same layer.
While this approach is similar to edge updates, it does
not represent the exact update equation. However, tv Ul)
can be embedded into the update equation. In layer ¢, the
hidden representation of edge (v;,v;) is computed in two
steps. For edge (v;,v;), select fﬁfv_jl) from the input and
output the vector connected by the two terms in (17), i.e.,
(é Y= [ o Zy 1 %, Y zgfy 1)]T7vi =1 7Nt7vj =

8u;v; v“vJ 5
7Nt

1,
The hidden representation of edge (v;,v;) is updated by
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Satellite

Fig. 2: Downlink LEO satellite communication system and its graphical
representation with five antennas as an example.

1) (1)

replacing fy;] with gy, v,

fv({lj —o(cT %%1)_’_; Zg(z D, qT. Zg(z 1) ),

(20)
where ¢ = [cg,c1]T, s = [s0,51]T, and d = [dg,dy]" are
trainable parameters. After substituting all parameters into
(20), it can be rewritten as

10, =o (el e S st
i=1,i#v,
(a)

ey ar

J=1,5#v;
(b) (c)
(/ 1) (F 1)
S S ).
i=1,i#v; j=1,j7#v;

(d)

21
where ¢ = (co+so+do+cltvﬂ] )+S ZNf (Z 1)+ t(ufujl)),
5= (so+ sltv]vj )), d=(c t(

In (21), compared with (17), terms (a), (b) and (c)
correspond to each other, except that our trainable parameters
have been replaced, with ¢ replaced by ¢, s replaced by s,
and d replaced by d. As for term (d), it is an additional term.
Since information from non-adjacent edges can be aggregated
by layering multiple layers, we can eliminate term (d) in (21)
to reduce computational complexity without sacrificing the
expressive power of GNNs. We express the above method as
M~! = F(M), then our algorithm can be expressed as in

Algorithm 1.

The network is trained in an unsupervised manner, as the
optimal precoder remains unknown, it only requires channel-
related samples without the need for acquiring the optimal
precoder. The loss function for the network is designed to
approximate the upper bound of system efficiency, which
serves as the objective function upper bound for problem
‘P1. Consequently, the lols{s function is defined as follows
L(O)=—% dD:1 %, where D is the size of the
training batch.

Algorithm 1 GNN-enabled Deep Unfolding by Taylor Ex-
pansion Iterative WMMSE Precoding Algorithm.

Input: Thresholds €;,e2 > 0;n = 0;p, = 0; Number of
layers, L.
Output: Precoding vector by.

1: while F(p,) > ¢; do
2 Initialize by such that ||bg||3 = P/K
3 repeat
4: W, = W,
5 Calculate uy by Eq. (13),
6 Calculate wy by Eq. (14),
7. Fiods = Yoie1 Buwr|ugPyevevl  +
(p§ + AP T,
8: for 1 to L do
9: Calculate £}, by Eq. (21)
10: end for
11 F(M) + f(ﬁ)],
12: byP" = wi (VAk)up F (M) vy.
13 until | Y, logw, — >, logwy | < €.
14 F(pn) = (Bu Xpy Bi — PnPtOtalﬂbk:bzpt-
15: Pn+1 = %j}a}]ﬂ .
b =bP*
16: n=n+l1;

17: end while

TABLE I: Simulation Parameters

Parameter Value
Bandwidth By, 20 MHz
Number of antennas N x N}/ 8 X8
Amplifier effectiveness 1/& 0.5
Number of users K 10
Carrier frequency f. 2 GHz
Signal to Noise Ratio 0 dB
Total transmission power constraint Py, g4 10

IV. SIMULATION RESULTS

This section provides simulation results to assess the al-
gorithm’s performance concerning (9) in the context of an
LEO satellite downlink communication system. Regarding the
iterative algorithm, the iteration threshold is set to 1075, All
matrix-form trainable parameters are initialized as zero matri-
ces for the deep unfolding algorithm for massive MIMO LEO
satellite precoding. Typical parameter settings are provided
in Table I. In order to better reflect the good performance,
compare our approach with the one in [9] named liner deep
unfolding.

Fig. 3 showcases the EE efficiency achieved by both
the iterative and deep unfolding algorithms as the number
of antennas, N, increases. The graph demonstrates that
with a higher count of LEO satellite antennas, there is a
notable improvement in system energy efficiency for both
the iterative LEO satellite precoding algorithm and the deep
unfolding precoding algorithm. This enhancement is due to
the increased antenna count, which boosts signal transmission
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—&— Optimization algorithm
—&— Liner deep unfolding
| —<— GNN deep unfolding

Energy efficiency (Mbits/Joule)
S
&

64 80 96 112 128
Number of antennas Nt

Fig. 3: Energy efficiency versus the number of antennas.

efficiency and extends signal coverage to accommodate more
users. Remarkably, the deep unfolding precoding Algorithm
1 achieves performance that is on par with the iterative
algorithm across different antenna configurations.

—6— Optimization algorithm
14 —&— Liner deep unfolding
| —<— GNN deep unfolding

Energy efficiency (Mbits/Joule)

8 10 12 14 16
Number of users K

Fig. 4: Energy efficiency versus the number of users.

Fig. 4 displays the test results of a deep unfolding al-
gorithm trained on datasets generated under specific system
parameters and varying conditions. The model, once trained,
was directly utilized in scenarios featuring the same number
of antennas but varying numbers of users, eliminating the
requirement for retraining. By comparing these results with
those of a deep expansion algorithm whose parameters were
adjusted, we observed that the performance of networks
scaled to accommodate different numbers of users while
maintaining the same number of antennas was nearly equiv-
alent to that of networks specifically trained for varying user
counts.

V. CONCLUSION

In this paper, we addressed the challenges in EE efficiency
in LEO satellite communication for 6G networks, mainly
focusing on integrating massive MIMO technology. Given
the limited power of LEO satellites, optimizing energy con-
sumption while maintaining high system performance was
crucial. The paper proposed innovative Al approaches to
tackle these challenges, specifically in precoding for massive
MIMO LEO satellite networks. The paper developed a deep
unfolding technique that combined the Dinkelbach algorithm
with the WMMSE approach, enhancing convergence speed
and computational efficiency. The Taylor expansion method

was also incorporated to approximate matrix inversion within
the GNN, further improving both the interpretability and
performance of the proposed methods. Numerical experiments
demonstrated that the performance of the GNN deep un-
folding method in EE closely resembles that of optimization
algorithms.
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