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Abstract—Owing to its ability to offer collaborative data
utilization while ensuring data privacy, federated learning (FL)
provides a promising paradigm to enable cooperative intelligent
tasks across multiple low-earth orbit (LEO) satellites, such as
carbon estimation, traffic surveillance, and forest fire detection.
Although the advantages of pushing intelligence to satellites
are multi-fold, limited communication channels along with the
rigid global model aggregation conditions result in dramatic
convergence delays. In order to reduce the convergence time,
we propose an asynchronous FL framework in LEO satellite
networks by exploiting multiple high-altitude platforms for
model aggregation, where the advanced over-the-air computation
(AirComp) transmission scheme is utilized for the sake of
further reducing energy consumption. Considering the practical
constraint of AirComp signal distortion, the objective function of
optimizing FL performance is carefully formulated and solved by
the proposed quantity-quality jointed linkage search algorithm.
Simulation results demonstrate that our proposed asynchronous
FL framework outperforms the conventional synchronous FL
framework by a decline of 30.07% in convergence time at
most. It also provides an average increase of 110% and 580%,
respectively, in terms of throughput and energy efficiency in all
scenarios considered. Overall, our study presents a beneficial
asynchronous FL framework and a fast aggregation scheduling
algorithm in LEO satellite networks, accelerating the convergence
of the global model with reduced energy expenditure.

Index Terms—Low-earth orbit satellite networks, asyn-
chronous federated learning, over-the-air computation.

I. INTRODUCTION

A. Background

THE rapid expansion of low earth orbit (LEO) satellite net-
works, such as Starlink, is poised to significantly enhance

satellite communications with reduced latency and increased
bandwidth [1]–[4]. This global communication capability and
abundant data resources present new opportunities to integrate
computing resources and data within LEO satellite networks
for goal-oriented tasks based on deep learning technology
[5], such as carbon estimation [6], transportation surveillance
[7], and forest fire detection [8]. However, implementing
these tasks in a centralized deep learning pattern remains
challenging due to the voluminous size of raw data collected
by satellites and the potential threat of privacy breaches.

In this context, federated learning (FL) emerges as a promis-
ing distributed machine learning approach that allows for
model training on local devices while preserving privacy [9]–
[11]. In the scenario of a LEO satellite network, FL con-
serves communication bandwidth by enabling edge satellites
to transmit the learned machine learning model parameters,
rather than transmitting the massive raw data. Additionally,

FL makes it difficult for malicious hackers or other FL
participants to reverse-engineer the content of training data
from these updated parameters, thus safeguarding the raw data
from potential leaks [12]. Nevertheless, substantial challenges
remain in the application of FL to LEO satellite networks [13],
[14]. The primary challenge lies in the convergence rate, which
is influenced by both the number of learning iterations and the
time required for each iteration [15].

Reducing the number of learning iterations is challenging
as a large deep learning model with millions of parameters
typically requires several hundred iterations to converge [16].
Besides, because of the restricted computing capabilities of
LEO satellites and the large amount of training data they
collect, the time of training a deep learning model at a satellite
is much longer than that on a terrestrial client. Moreover,
the large speed of satellites leads to the short visible window
to the parameter servers (PS), which aggregates the updated
model parameters from satellites and is typically deployed at
a ground station, also affecting the convergence rate [17]. The
satellite overpass time is usually short and periodic due to the
differences between the travel trajectories of satellites and the
PS, as well as the variation in satellite orbiting speeds and the
earth rotation speed. In this case, the intermittent and sporadic
connections prolong the time for parameter servers to collect
local models for satellites. Consequently, the traditional FL
process takes several days, at the very least, to converge its
deep learning model.

B. Motivation

In some emergency response tasks, remote sensing images
are used to analyze the situations of the accidents. When deep
learning is introduced into such tasks to relieve the workload
from human beings, it is expected to support decision-making
in a shorter time because of the emergency, even at a little cost
of accuracy. However, when a deep learning model is applied
to a new scenario, it usually needs to be finetuned to adapt
itself to this scenario by training on the dataset made up of the
data of the ongoing accidents. In this case, the convergency
time of the global model in FL is expected to be shorter.

To address the problem of low convergence rate, asyn-
chronous FL has been proposed to relax the aggregation con-
dition [18]. In the asynchronous FL scheme, the PS aggregates
parameters from accessible satellites at fixed intervals, rather
than waiting for all satellites to transmit their parameters [7].
By eliminating inefficient waiting time, the iteration time is
significantly reduced. However, this reduction also leads to a
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decrease in the amount of training data available for updating
the model. Research has shown that the decrease in training
data per iteration results in lower accuracy of the final model
[19]. Besides, the staleness issue in asynchronous FL caused
by delayed global model updating in satellites may lead to
slow improvement in model performance and even weight
divergence [20]. To address the drawbacks of decreased train-
ing data and staleness issue, the data volume size coefficient
and staleness coefficient are applied to local models in the
aggregation procedure. To apply asynchronous FL to LEO
satellite networks, we propose a feasible framework which
deploys PS at several high-altitude platforms (HAPs). They
are semi-static aircraft located in the stratosphere, approxi-
mately 17-22 kilometers (km) above the surface of the earth
[21]. They provide more stable and extensive communication
coverage than ground stations, enhancing signal reliability and
reach. Leveraging a ring topology for HAPs and star topology
for HAPs and satellites, this asynchronous FL framework
accelerates model convergence by decreasing the idle time of
satellites, resulting in more efficient FL tasks.

In order to further speed up the model aggregation, the
advanced over-the-air computation (AirComp) transmission
scheme may be conceived in the FL framework, by taking
advantage of simultaneously processing communication and
computation [22]. It explores signal superposition of weighted
model parameters in the wireless multiple-access channel and
thus supports less energy consumption by integrating the
receiving of multiple local models [23]. However, despite the
fact that the AirComp technique utilizes the signal superposi-
tion to avoid the interchannel interference, the signal is still
affected by other factors, resulting in distortion [24], which
can hardly be detected and corrected by the receiver for it just
attains the overlap of signals from multiple transmitters and the
distortion are mixed as well. Hence the beamforming vector
of the receiver should be carefully designated to eliminate the
channel interference in respect to each transmitter. Sometimes
satellites with poor channel conditions must be removed and
excluded from global aggregation in a given epoch. This
contradicts the aim of the asynchronous FL framework, which
seeks to include as many satellites as possible in each epoch
to utilize more training data.

C. Related Work

Existing research on FL combined with AirComp primar-
ily focuses on terrestrial networks. These studies, such as
those by Mohammadi Amiri and Gündüz [25], [26], and by
Zhu et al. [27], [28], have demonstrated the effectiveness of
these technologies in enhancing communication efficiency and
reducing latency in edge learning scenarios. However, their
direct application to LEO satellite networks is not straightfor-
ward. LEO satellites face unique challenges, including limited
computational capabilities and unstable communication links
that extend the time required to aggregate local models and
consequently slow the convergence of global models. The
intricate dynamics of satellite movement introduce additional
complexities such as variable Doppler effects, which are not
typically encountered in terrestrial settings.

Some research has started to adapt FL techniques to satellite
scenarios, acknowledging the specific limitations such as con-
strained computational power on satellites. These studies have
employed various methods to reduce the convergence time of
global models, which seems somewhat restricted by the syn-
chronous FL mechanisms typically used. Elmahallawy et al.
[29] introduced an FL approach that integrates non-orthogonal
multiple access (NOMA) with LEO satellites and HAPs to
enhance model transmission and aggregation efficiency.

To further reduce the convergence time of global models,
some studies have incorporated asynchronous FL techniques
in LEO scenarios, demonstrating promising results. However,
these approaches often overlook the potential for greater uti-
lization of communication resources, which could further en-
hance performance and efficiency. For instance, Elmahallawy
and Luo [21] presented an asynchronous FL framework for
LEO constellations that effectively addressed issues of model
staleness and communication bottlenecks but did not fully
explore the use of communication resources.

Previous efforts to integrate FL with LEO satellites have
largely focused on tackling the challenges caused by poor
connections between LEO satellites and the HAPs and on
accelerating the convergence of FL models. However, these
studies often do not adequately consider the constraints of lim-
ited computational resources available on satellites or the need
to optimize power consumption for on-edge model training,
thereby limiting their applicability in real-world LEO satellite
environments. Moreover, these works have not yet explored the
unique challenges and potential benefits of applying AirComp
to asynchronous FL within LEO satellite networks, which
might impact performance and energy efficiency.

D. Contributions and Organization

We design an asynchronous FL framework with AirComp
technique in LEO satellite networks, while jointly solving
linkage scheme and beamforming vector. To be more specific,

• we propose an efficient asynchronous FL framework,
where the satellites act as edge computation nodes and
HAPs function as central parameter servers. It allows part
of satellites to participate in aggregation in each epoch
instead of all of them, thereby sharply reducing the time
required for global model convergence. The beneficial
cooperation of satellites and HAPs constitutes the basis
of a structurally efficient FL framework.

• We design an energy-efficient AirComp transmission
scheme through combining the updates from multiple
satellites in a single communication round, and care-
fully formulate its data volume maximization problem
by taking into account the practical constraints of signal
distortion, power limitation, etc.

• We find the optimal solution of this joint linkage search
and beamforming vector problem by a high-complexity
exhaustive search first which may have an overwhelming
complexity even for a modest-scale system. To reduce
the computational complexity, we propose a heuristic
quantity-quality joint linkage search algorithm combining
depth-first search (DFS) and breadth-first search (BFS)
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algorithm with subtree pruning. Explicitly, the DFS al-
gorithm devotes to generating the best linkage scheme in
each epoch, while the BFS algorithm focuses on solving
the beamforming vectors for HAPs.

• We evaluate the proposed asynchronous FL framework by
implementing a practical deep learning task and compare
our design- in terms of its achievable model accuracy,
global loss, energy efficiency, and training data through-
put to the conventional synchronous FL system with and
without AirComp transmission scheme.

The rest of our paper is organized as follows: Section II
demonstrates the asynchronous FL framework working in the
LEO satellite networks with AirComp, focusing on the model
aggregation flow. Section III states the optimization problem
to be solved in this framework, and proposes our optimal and
suboptimal solution based on DFS and BFS algorithm with
subtree pruning. Section IV presents the simulation results
of the asynchronous FL framework in various indicators.
Section V analyzes the results and concludes our work.

II. SYSTEM MODEL

In this section, we introduce an asynchronous FL framework
for LEO satellite networks including LEO satellite networks
as edge computation nodes and HAPs as central parameter
servers. Additionally, we utilize AirComp in model aggrega-
tion for the sake of further reducing energy consumption. The
constraint in communication quality brought out by AirComp
is modeled and illustrated in detail.

A. Asynchronous FL Framework for LEO Satellite Networks

Consider an LEO satellite network consisting of single-
antenna satellites M whose orbits do not intersect with each
other, along with HAPs N equipped with L antennas. The
satellites follow the same orbits as those in Starlink, while
the HAPs are evenly distributed along the equator and remain
stationary relative to the earth. In this way, satellites form a
star topology with a HAP working as a central hub to transmit
local models and receive global models.

In this scenario, direct communication between satellites
is not feasible due to their high-speed movement and un-
predictable Doppler shifts, which result in large and variable
frequency offsets that are difficult to compensate given the
limited power and computational resources of satellites [30].
But the Doppler shift between HAPs and satellites can be
more effectively managed due to the advanced technologies
equipped on HAPs and their relatively stable positions com-
pared to moving satellites [31].

Each HAP is connected to its two adjacent neighbors,
forming a ring topology, as illustrated in Fig. 1. Among all
the HAPs, two of them are randomly assigned as the start
HAP and end HAP in each epoch. The updated local models
transmitted from satellites are aggregated from the start HAP
to the end HAP, forming the new global model. In this manner,
regardless of the HAP where satellites are connected, their
locally uploaded models can be aggregated into the global
model, which is then relayed in reverse order to all connected
satellites and works as their new model in the subsequent

Fig. 1. Illustraition of the asynchronous FL framework.

epoch. Satellites that fail to establish a connection with any
HAP in a particular epoch continue training based on the
current model until they link with the HAPs.

As components of the framework, satellites and HAPs work
together to accomplish the deep learning task in epoch t by
minimizing the loss function of the global model:

minimize
z[t]∈Rw

J (z[t]) = (1−ρ)J (z[t−1])+
1

ψ

∑
m∈M [t]

ϕmJm(z[t]
m),

(1)
where z[t] is the global model aggregated in epoch t by
global model z[t−1] of last epoch t − 1 and local model
z
[t]
m from satellite m ∈ M [t]. M [t] indicates the satellites

participate in the aggregation of epoch t. ϕm and ψ are
pre- and post-processing scalar at transmitter and receiver
respectively, evaluating the weights of each model. ρ is the
mix of pre- and post-processing scalars simply given as:

ρ =
1

ψ

∑
m∈M [t]

ϕm. (2)

The preprocessing scalar ϕm is defined as

ϕm = |dm|
βm
t+ 1

, (3)

where local dataset dm ⊆ D indicates the data utilized by each
satellite internally and global dataset D = {(xm, ym) : m ∈
M} includes training data utilized by all satellites in epoch t.
The local model z[t]

m is trained with data dm as

z[t+1]
m = z[t] −ϖ∇Jm(z[t]), (4)

where ϖ indicates the learning rate and∇Jm(·) is the gradient
of the loss function.

Considering the heterogeneity between various satellites and
thus distinction in training data and the chance to update
global models, its effects on the performance of local models
should be assessed in the aspect of data volume and model
staleness. To evaluate these two factors, satellite m ∈ M [t]

applies pre-processing scalar |dm| and βm/(t+1) to its local
model z[t]

m . The first scalar |dm| indicates data volume and the
second one βm/(t+ 1) is the ratio between the epoch of the
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Fig. 2. Sequential diagram of the asynchronous FL framework.

global model βm that satellite m bases on to train and the
epoch of the aggregating global model t + 1. Therefore, the
larger the data volume a satellite applies to training its model
and the fresher global model it utilizes as the initial model,
its local model gets better performance and thus deserves
higher weight than others in the aggregation procedure. After
accumulating uploaded local models, post-processing scalar
1/(

∑
m∈M [t] |dm|) is applied to them to offset amplification

from pre-processing scalar and then get new global models.
This framework, as demonstrated in Fig. 1, is divided into

four stages: training, uploading, aggregating and distributing.
In the training stage, all satellites collects data through their
sensors and continuously train their local models. Meanwhile,
the HAPs work out the linkage scheme that tells satellites
whether they should upload their local models in this epoch
and which HAP should they send models to. In the uploading
stage, satellites transmit their models together through Air-
Comp and therefore a HAP receives superposed models. The
ring topology helps HAPs aggregate the global model from
the start HAP to the end one in aggregating stage. Finally,
the global model is shared to all HAPs from the end one to
the start one and then sended to communicatable satellites in
the distributing stage. The whole model propagation algorithm
working in our proposed asynchronous FL framework is
demonstrated in Algorithm 1 with detail.

B. Over-The-Air Computation for Model Aggregation

In a traditional FL framework, edge nodes should relay their
updated local model to central parameter servers separately,
therefore restricted by limited bandwidth and consuming
more energy [32]. To take full advantage of communication
resources, AirComp is introduced to integrate computation

Algorithm 1 Model Propagation Algorithm

Initialize Global model z[0]

for epoch t = 0, · · · , T do
Select start HAP nstart and end HAP nend randomly
nstart updates the global model z[t] to all HAPs
for each HAP n ∈ N do

Transmit z[t] to communicatable satellites
end for
for each satellite m ∈M do

Obtain dm through sensors
Training models z

[t+1]
m = z[t] −ϖ∇Jm(z[t])

end for
nend generates linkage scheme by Algorithm 2
Satellites transmit local models z

[t+1]
m to HAPs

for each HAP n ∈ N do
Receive models z

[t+1]
n = 1

ψ

∑
ϕmJm(z

[t+1]
m ) from

satellites m ∈Mn

end for
nend collects models from all HAPs and generates new
global model z[t+1] = (1− ρ)z[t] +

∑
z
[t+1]
n

end for

and communication by exploiting the signal superposition
property of a multiple-access channel and calculating the linear
function of distributed models from various satellites [33].
As mentioned in Section II-A, a middle-aggregated model
contributed by satellites Mn at HAP n is simply given by

zn =
1

ψ

∑
m∈Mn

ϕmzm. (5)

Assume the signal vector for each local model pm := zm ∈
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Cd to be normalized with unit variance, i.e., E(pmpH
m) =

I . Here the operation pH
m is to get the conjugate transpose

matrix of the original one. At each time slot j ∈ {1, · · · , d},
satellites m ∈Mn sends the signal p(j)

m ∈ C to HAP n through
AirComp and the ideal received signal p(j)n is denoted as

p(j)n =
∑

m∈Mn

κmp
(j)
m (6)

with κm ∈ C as transmitter scalar. To simplify the notation, the
index of time slot j is omitted and the signal passing through
the channel is presented as

yn =
∑
m∈Mn

hm,nκmpm + ζ, (7)

where hm,n ∈ CL is the channel vector between satellite m
and HAP n and ζ ∼ CN (0, σ2I) is the noise vector.

The constraint of power at satellites is given as

E(|κmpm|2) = |κm|2 ≤ Psat (8)

with Psat > 0 as the maximum transmit power of satellites.
The estimated signal received at HAP n with its beamforming
vector bn ∈ CL is presented as

p̂n =
1
√
ηn

bHnyn =
1
√
ηn

bHn
∑
m∈Mn

hm,nκmpm +
bHnζ√
ηn

(9)

where ηn works as a normalizing factor.
The elements of beamforming vector bi ∈ b all come from

a designated codebook W designed as [34]

Wa,p =
1

2a−1
ej

2πp
P (10)

where a = 1, . . . , A, p = 1, . . . , P . The antenna power
constraint for |L| antennas at HAP n is given as∣∣∣b(n)l

∣∣∣2 = b
(n)
l b

(n)
l ≤ PHAP

|L|
, ∀l, (11)

where b
(n)
l ∈ bn is the complex amplitude applied to the

corresponding element l ∈ L in the antenna array. Equa-
tion (11) refers that all antennas of a HAP have the same
power limitation whose sum is PHAP and it is highly related
with the codewords Wa,p in the codebook W as

PHAP = L ∗ arg sup
Wa,p∈W

∥Wa,p∥2 = L. (12)

The distortion between ideal signal pn in (6) and estimated
signal p̂n in (9), which qualifies the performance of AirComp,
is measured by the mean-squared-error (MSE) defined as

MSE(p̂n, pn) = E(|p̂n − pn|2)

=
∑
m∈Mn

∣∣∣∣∣bHnhm,nκm√
ηn

− ϕm

∣∣∣∣∣
2

+ σ2 ∥bn∥
2

ηn
.

(13)
Given arbitrarily chosen receiver beamforming vector bn, the
optimal transmitter scalar that minimizes the MSE is given by
the following zero-forcing transmitter [35]:

bHnhm,nκm√
ηn

− ϕm = 0 (14)

and the optimal transmitter scalar is given as

κm =
√
ηnϕm

(bHnhm,n)
H∥∥∥bHnhm,n∥∥∥2 . (15)

Based on the transmission power constraint (6), it follows that∣∣∣∣∣∣∣
√
ηnϕm

(bHnhm,n)
H∥∥∥bHnhm,n∥∥∥2
∣∣∣∣∣∣∣
2

≤ Psat. (16)

Given that bHnhm,n ∈ C, it can be derived that∣∣∣(bHnhm,n)H∣∣∣2 =
∥∥∥(bHnhm,n)H∥∥∥2 =

∥∥∥bHnhm,n∥∥∥2 . (17)

Therefore the normalizing factor can be adapted from (15)
and (16) as

ηn =
κm
ϕ2m

∥∥∥bHnhm,n∥∥∥2 ≤ Psat

∥∥∥bHnhm,n∥∥∥2
ϕ2m

. (18)

To make the most use of transmission power and suppress the
noise, the normalizing factor should take the upper bound as

ηn = min
m∈Mn

Psat

∥∥∥bHnhm,n∥∥∥2
ϕ2m

. (19)

The MSE is thus given as

MSE(p̂n, pn;Mn, bn) =
∥bn∥2 σ2

ηn

=
σ2

Psat
max
m∈Mn

ϕ2m
∥bn∥2∥∥∥bHnhm,n∥∥∥2 .

(20)

III. PROBLEM FORMULATION

In this section, we model the target of the asynchronous FL
framework and the MSE constraint caused by AirComp into
a joint problem. Initially, we tackle this challenge through an
exhaustive search for the optimal solution but this demands
high computational complexity. To mitigate this complexity,
we introduce a heuristic algorithm that combines DFS and BFS
algorithms, incorporating subtree pruning. Specifically, the
DFS algorithm is responsible for crafting the optimal linkage
scheme in each epoch, while the BFS algorithm focuses on
determining the beamforming vectors for HAPs.

A. Problem Definition

According to the asynchronous FL framework presented in
Section II-A, a critical factor affecting the performance of
global model z[t] is the volume of data

D[t] = (|d1| , |d2| , · · · , |dm| , · · · , |dM |)⊤ (21)

used to train local models. In the subsequent part of this paper,
the notation [t] is omitted for simplicity and D will represent
D[t]. The best choice is to aggregate all local models in each
epoch, which, however, is hard to be realized for the limitation
caused by AirComp as presented in Section II-B. Since not all
satellites are linkable to HAPs, the optimization target is to
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maximize the volume of total training data utilized by aggre-
gated local models through adjusting the beamforming vectors
of HAPs and satellites that participate in the aggregation in
epoch t together, limited by MSE and power constraints as

maximize
S∈RN×M ,bn∈CL

∥SD∥1

subject to
σ2

Psat
max
m∈Mn

sn,mϕ
2
m

∥bn∥2∥∥∥bHnhm,n∥∥∥2 ≤ γ, ∀n,∣∣∣b(n)l

∣∣∣2 ≤ PHAP

|L|
, ∀l,

(22)
where linkage indicator sn,m ∈ S is defined as

sn,m =

{
1, if satellite m transmits to HAP n

0, otherwise.
(23)

with constraint ∑
n∈N

sn,m ≤ 1, ∀M (24)

and γ > 0 is the MSE threshold for global model aggregation.
Unfortunately, solving the mixed combinatorial optimiza-

tion problem (22) is challenging due to the presence of the
combinatorial objective function ∥SD∥1 and the nonconvex
MSE constraint involving both the combinatorial variable S
and the continuous variable bn. It is worth noting that the pro-
posed transceiver design, which leverages AirComp, relies on
having perfect channel state information (CSI) [36]. However,
transmitting CSI feedback can result in significant overhead
[37]. To mitigate this, an alternative approach is to perform
the transceiver design at the HAP by solving problem (22)
and computing equation (14), thus requiring only the channel
state information at the HAP [38]. Once the transmit scalars
are calculated, the HAP can provide feedback to each satellite
by transmitting the corresponding scalar κm. Channel training
for estimating CSI at the HAP can be achieved by transmitting
pilot sequences from each satellite [39]. The feedback problem
can be addressed using either unquantized analog feedback or
quantized digital feedback [40].

B. DFS Algorithm for Linkage Scheme

To achieve the goal in (22), the first step is to generate the
candidates of linkage scheme S that maximize ∥SD∥1 and
then validate if there exist beamforming vectors for HAPs to
support this scheme. Here the linkage scheme S is generated
by the DFS algorithm with subtree pruning as interpreted
in 2. Initially, a perfect binary tree T with M + 1 layers
is constructed to record the participation of satellites M in
uploading local models. At layer 0, namely the root layer,
there is only one node

T0,0 = 0. (25)

At each subsequent layer m, the nodes are constructed based
on the nodes from the previous layer m− 1 as

Tm,i =

{
Tm−1,i/2 + dm if i is even (left child)
Tm−1,(i−1)/2 if i is odd (right child),

(26)

where the left child of each node represents the situation where
satellite m participates in global aggregation, and the right
child represents the situation where it does not. The value of
node Tm,i is the sum of the data volume of the participating
satellites in 1, 2, . . . ,m and thus the value of node TM,i is the
sum of data volume of all satellites in the i− th situation.

The DFS algorithm iterates over the binary tree T from
its root T0,0 and keeps visiting the child nodes Tm+1,2i and
Tm+1,2i+1 of the current node Tm,i if the recorded maximum
data volume Dmax is lower than the possible one as

Tm,i +
M∑

j=m+1

dj > Dmax. (27)

The visiting condition (27) prunes the impossible subtree and
shrinks the search space effectively. When the algorithm visits
the nodes in the last layer M + 1, it compares their values
Mm,i with Dmax to update the recorded maximum value
and corresponding satellites participation scheme P . Based
on the final returned P , the candidate linkage schemes can
be generated with the constraint (24).

To further decrease the search space of the above DFS
algorithm, some elements in S can be fixed to dispose of
the impossible linkage schemes. The constraint of MSE

σ2

Psat
max
m∈Mn

sn,mϕ
2
m

∥bn∥2∥∥∥bHnhm,n∥∥∥2 ≤ γ, ∀n (28)

equivalently means that for any linkage sn,m = 1 between
satellite m and HAP n, it satisfies

σ2

Psat
ϕ2m

∥bn∥2∥∥∥bHnhm,n∥∥∥2 ≤ γ (29)

which can be rewritten as

σ2

Psat
ϕ2m ∥bn∥

2 ≤ γ
∥∥∥bHnhm,n∥∥∥2 . (30)

Based on the compatibility of matrix norm multiplication, it
follows that ∥∥∥bHnhm,n∥∥∥2 ≤ ∥∥∥bHn∥∥∥2 ∥hm,n∥2 . (31)

For
∥∥∥bHn∥∥∥2 = ∥bn∥2 and ∥bn∥2 ∈ R and ∥bn∥2 ̸= 0, they can

be removed from both sides of the inequality as

σ2

Psat
ϕ2m ≤ γ ∥hm,n∥

2
. (32)

For any linkage that does not satisfy this condition, its state
sn,m should be 0. Based on this property, some situations
can be fixed and therefore decrease the number of linkage
schemes. For the satellite m that can not link to all HAPs N
in this epoch, namely ∑

n∈N
sn,m = 0, (33)

it will be removed from the candidate satellites and thus the
binary tree T will have one less layer for each infeasible satel-
lite. Besides, these infeasible linkages decrease the number of
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Algorithm 2 DFS Algorithm for Linkage Scheme
Initialize Feasible Linkage Matrix F = 1N×M ,

Mdata = 0, participation scheme P
function DFS(node=Tm,i, layer=m)

if m =M
if Tm,i.value > Mdata

Mdata = Tm,i.value
P = Tm,i.path

end if
else

if Tm,i.value +
∑M
i=m+1 di > Mdata

DFS(Tm+1,2i, Tm+1,2i+1)
end if

end if
end function
F ← ValidateLinkage(F , hm,n) by constraint (32)
M ←M \ {m} in condition (33)
Construct tree T with M + 1 layers by equation (26)
repeat

Get participation scheme P ←DFS(T0,0)
Get linkage schemes set CS with P and F
Validate the feasibility of S ∈ CS with Algorithm 3
T ←PruneSubtree(T ,P)

until feasible linkage scheme S is generated
return Linkage scheme S

candidate linkage schemes to be validated in the next step as
well. If all of them are validated to be unachievable, the max-
imum subtree containing the child node TM,i corresponding
to this participation scheme P will be pruned from the binary
tree T and the next participation scheme P ′ is generated at the
base of the modified tree. The details of the DFS algorithm to
search candidate linkage schemes are given in Algorithm 2.

In terms of computation complexity, to search the target
linkage scheme exhaustively, all candidates should be listed
and ordered by the sum of the data volume ||SD||1. The
number of candidates is 2M because there are two states for
each satellite and the number of satellites in the scenario
is M . The computation complexity of the sorting algorithm
is O(2M 2

) for a list including 2M elements. Therefore, the
complexity of the exhaustive search algorithm is O(4M ).

Regarding the proposed DFS algorithm for the linkage
scheme, the first step is to construct the (M+1)-layer complete
binary tree with 2M+1 − 1 nodes. Then the complexity of
locating the largest potential linkage scheme is O(M) and in
the worst case of validating all candidates the number of whom
is 2M , the complexity is O(2MM). Therefore, the complexity
of the DFS algorithm is O(2M (M + 2)). The comparison
results of the complexity between the proposed DFS algorithm
and the exhaustive search are shown in Fig. 3.

Besides, because the complete binary tree constructed in
the DFS algorithm contains all candidate linkage schemes,
which are all checked in order until the solution is found,
the convergence of the DFS algorithm is self-evident.
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Fig. 3. The comparison between the complexity of the proposed DFS
algorithm and the exhaustive search. Because of the huge differences between
them, the results are shown in the form of log.

C. Solving Beamforming Vector

With the list of linkage schemes generated in Section III-B,
the original problem (22) is turned into

find bn

subject to
σ2

Psat
sn,mϕ

2
m

∥bn∥2∥∥∥bHnhm,n∥∥∥2 ≤ γ,∀m,∣∣∣b(n)l

∣∣∣2 ≤ PHAP

|L|
, ∀l,

(34)

which is still nonconvex for channel vectors hn,m is indepen-
dent of each other and change of any element in bn leads
to distinct results in different linkages. Therefore, we need to
relax (34) through introducing constraint∣∣∣b(n)l

∣∣∣2 =
PHAP

|L|
, ∀l (35)

which indicates that antenna arrays work at full power. In this
way, the power of antennas at HAP n is fixed as∑

l∈L

∣∣∣b(n)l

∣∣∣2 = ∥bn∥2 = |L| PHAP

|L|
= PHAP. (36)

And the problem (34) is relaxed to

find bn

subject to
σ2

Psat
sn,mϕ

2
m

PHAP∥∥∥bHnhm,n∥∥∥2 ≤ γ,∀m,∣∣∣b(n)l

∣∣∣2 =
PHAP

|L|
, ∀l.

(37)

Now then, it is accessible to iterate over the codebook to
pick the appropriate beamforming vector that supports the
linkage scheme generated in Section III-B. If no beamforming
vector fulfils the MSE constraints of the best scheme, the
next vector is validated, and the process repeats until all
HAPs find their respective beamforming vectors, enabling
communication with the selected satellites via AirComp. It
is important to note that when we impose constraints on
the amplification of elements within the beamforming vectors
to reach their maximum values, the resulting solution is
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suboptimal compared to the optimal one, which theoretically
allows for variable amplification. Based on the relaxed energy
constraint in (37), the BFS algorithm can be implemented
to find the beamforming vector more efficiently instead of
simply iterating over the modified codebook. The details are
illustrated in Section III-D.

D. BFS Algorithm for Beamforming Vector

In problem (37), the target function can be regarded as
looking for the beamforming vector bn that enlarges the L2
norm so that the MSE constraint

1∥∥∥bHnhm,n∥∥∥2 ≤ γm,n,∀m (38)

is satisfied for all linkage sn,m = 1 and γm,n is the notation
for simplification as

γm,n =
Psat

PHAPσ2ϕ2m
· γ. (39)

The BFS algorithm is implemented to swiftly find out the bn
as the global optimal solution to problem (37) for the function

f(θ1, . . . , θL) =
∥∥(ejθ1 , . . . , ejθL)Hhm,n∥∥2 (40)

is convex and the proof is shown in appendix A. Initially,
following the energy constraint in (37), the subset codebook
W ′ ⫋ W is created as

W ′ =

{
Wa,p ∈W

∣∣∣∣|Wa,p|2 =
PHAP

|L|

}
. (41)

Based on the definition of the codebook W in (10), the
codebook W ′ can be equally defined as

W ′ = {W1,1, . . . ,W1,p, . . . ,W1,P }

=
{
ej

2π
P , . . . , ej

2pπ
P , . . . , ej

2Pπ
P

}
.

(42)

For the BFS algorithm, an undirected cycle graph G is con-
structed as

G = (W ′,E), (43)

where the codewords W1,p ∈W ′ are nodes and edges in E
only exist between adjacent nodes as

E = {(W1,1,W1,2), . . . , (W1,p,W1,p+1), . . . , (W1,P ,W1,1)} .
(44)

In the beginning, a beamforming vector bn is generated as the
start vector because the elements in it have the closest phases
with those in the vector hn calculated as the sum of selected
channel coefficients:

hn =

M∑
m=1

sn,mhm,n, (45)

and thus the beamforming vector bn is the solution to

bn = arg sup
b
(n)
l ∈W ′

∥∥∥bnHhn∥∥∥2 . (46)

In this way, the start vector v can support most linkages
sn,m = 1 of HAP n to meet the MSE constraint (38) in just
one calculation. Then it is added into the queue Q that records

Algorithm 3 BFS Algorithm for Beamforming Vector
Require: Graph G, Linkage scheme S,

Channel coefficients [h1,n,h2,n, . . . ,hM,n],
MSE thresholds [γ1,n, γ2,n, . . . , γM,n],

Create an empty queue Q
Create a set visited to store visited nodes
Calculate hn =

∑M
m=1 sn,mhm,n

Calculate v = arg sup
vl∈G

∥∥vHhn
∥∥2

Enqueue v into Q
Add v to visited
while Q ̸= ∅ do

Dequeue a vector v from Q
Locate the satellite m that 1

∥vHhm,n∥2 ≤ γm,n
for each element vl ∈ v do

for each neighbours vnbr ∈ N (vl) do
v′ = [v1, . . . , vl−1, vnbr, vl+1, . . . , vL]
if v′ /∈ visited and

∥∥∥v′Hhm,n

∥∥∥2
>

∥∥∥vHhm,n

∥∥∥2 then
Add v′ to visited
if v′ does not violate the constraint (49) then

Enqueue v′ into Q
end if
if v′ meet the constraint (38) then

return v′ is beamforming vector of HAP n
end if

end if
end for

end for
end while
return The linkage scheme S is unfeasible

the vectors waiting to be visited and validated. In the validation
step, the algorithm locates the first linkage sn,m = 1 that does
not meet the MSE constraint (38) and substitutes each element
vl ∈ v to form the new vector

v′ = [v1, . . . , vl−1, vnbr, vl+1, . . . , vL] (47)

with its adjacent nodes vnbr ∈ N (vl) in graph G. If the new
vector v′ supports∥∥∥v′Hhm,n

∥∥∥2 > ∥∥vHhm,n
∥∥2 (48)

and does not lead any other linkage sn,i = 1 to violate its
MSE constraint which is originally satisfied as

1

∥vHhi,n∥2
≤ γi,n <

1∥∥∥v′Hhi,n

∥∥∥2 , (49)

it will be added to the queue Q and returned as the solution of
beamforming vector bn to the linkage scheme S in the case
that it supports the MSE conditions of all linkages to HAP n
as (38). The implementation of the BFS algorithm in solving
beamforming vector is given in Algorithm 3.

In terms of computation complexity, to search the target
beamforming vector exhaustively, all candidates should be
validated in the worst case whose complexity is calculated
as O(PL) where P is the number of phases in the codebook
as defined in (10) and L is the number of antennas on a HAP.
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Fig. 4. The comparison between the complexity of the proposed BFS
algorithm and the exhaustive search. Because of the huge differences between
them, the results are shown in the form of log.

In our proposed BFS algorithm, the number of the phases
that each antenna has to validate is halved based on the
convex function (40). Therefore, its complexity in the worst
case is calculated as O(P2

L
). The comparison results of the

complexity between the proposed BFS algorithm and the
exhaustive search are shown in Fig. 4.

Besides, because the graph constructed in the BFS algorithm
contains all candidate linkage schemes, which are all checked
in order while the unavailable ones are removed at the same
time before finding the solution, the convergence of the BFS
algorithm is self-evident.

IV. SIMULATION RESULTS

In this section, we conduct simulations to compare the
proposed asynchronous FL framework and AirComp technique
with synchronous FL framework and traditional computation-
communication-separated situations. The proposed quantity-
quality jointed linkage search algorithm is tested first to
generate those satellites participating in the global model
aggregation in each epoch and then the schedule is input into
the federated learning simulation platform to get the deep
learning models and verify the effect of the framework.

A. Simulation Setup

LEO Network and HAP. In the simulations, we set an LEO
satellite network involving 20 satellites whose orbits are the
same as those of Starlink. 10 HAPs are evenly spread at the
equator, floating above the surface of the earth at an altitude
of 22 km. In the scenarios where the number of HAPs is less
than 10, the rest of HAPs still stay at the original locations
instead of being relocated and equally spread at the equator
so that the rest of them keep networking together to aggregate
global models. Orbits of satellites can be described in two-
line element (TLE) sets [41] so that HAPs can easily track
the locations of satellites in a period long enough for them to
communicate with satellites and update their TLE sets. The
parameters of simulation scenarios are listed in Table I.

Channel Coefficient and Beamforming Codebook. For sim-
plicity, we do not utilize a complex mathematical model to

TABLE I
PARAMETERS OF SIMULATION SCENARIOS

Parameters Values

Number of satellites 1-20

Number of HAPs 1-10

Altitude of HAPs 22km

Local training time (including time
to collect data) 1 hour per epoch

Waiting time of retransmission 6 minutes

Local training epoch 1

Global training epoch 50

Volume of training data 0.7-1 gigabyte (GB) per epoch
per satellite

Energy consumption of HAP 5 kilojoules (kJ) per reception

Size of per sample 104 kilobyte (KB)

Number of parameters of a deep
learning model 2.88× 108

Number of CPU cores 4

CPU clock frequency 1.43 gigahertz (GHz)

Transmission power 60 decibel-milliwatts (dBm)

Antenna gains of satellite and HAP 6.98 decibel-isotropic (dBi)

Noise temperature 354.81 Kelvin (K)

Bandwidth 0.5 GHz

Wavelength 15 millimeters (mm)

Power of an antenna 1.73 watts (W)

construct channels [42]. Instead, we assume the amplifications
of channel coefficients are Rician distribution whose scale is
inversely proportional to the square of the distance between
HAP and satellite while the phase of each channel coefficient
is uniformly scattered from 0 to 2π [43]. For each element
in the beamforming vector, it has four amplification patterns
distributing from 0.25 to 1 and eight phase patterns ranging
from 0 to 2π.

Asynchronous and Synchronous FL Framework.The asyn-
chronous FL framework is compared to the synchronous FL
approach and AirComp is not implemented in some situa-
tions to evaluate its capability to converge the global model.
The situations where AirComp is not used are indicated as
LocalComp in the following content since computation is
separated from communication and completed locally. In the
synchronous FL, the aggregation procedure does not stop until
all satellites upload their models. In the situations without
AirComp, HAPs have to receive local models one by one.
Regardless of computation heterogeneity, the time to collect
data and train local models is set as 1 hour in both FL
frameworks and the time to transmit models is omitted. This
figure is calculated with the basic computation capacity and
communication condition parameters in Table I. The calcula-
tion is demonstrated in detail in appendix B After satellites
complete training, HAPs in asynchronous FL only collect
models once from each satellite according to the linkage
scheme while those in synchronous FL keep trying building
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TABLE II
HYPERPARAMETERS OF DEEP LEARNING MODELS

Hyperparameters Values

Model MLP

Learning rate 0.05

Input dimension 784

Layers [512, 256, 256, 128]

Output dimension 10

Activation Linear rectification function (ReLU) [45]

Optimizer Stochastic gradient descent (SGD) [45]

Momentum 0.5

Global epochs 50

Local epochs 1

Local batch size 10

Classes per satellite 10

Data type IID

linkage with satellites until all of them transmit their models.
Therefore, in the simulation, the time of one epoch is fixed
as 1 hour in asynchronous FL and that in synchronous FL
increases by 6 minutes with each attempt to communicate with
satellites that have not uploaded their models. The data volume
utilized to train local models for each satellite in each epoch
is uniformly distributed from 0.7 to 1 GB. 1

Energy Consumption. In terms of energy, we only focus on
the energy consumed by HAPs to receive models, assumed
to consume 1 kJ when the antenna arrays of a HAP work
at full power [44]. Comparison between the optimal and
suboptimal solution is presented in the simulation as well
while in the latter situation the amplification of elements
within the beamforming vectors is fixed as maximum values.

Deep Learning. To verify the effect of our proposed asyn-
chronous FL framework, we use FedAvg as the synchronous
FL framework and modify it into the asynchronous FL frame-
work. A multilayer perceptron (MLP) classifier [46] is trained
on top of a Bidirectional Long Short-Term Memory (Bi-
LSTM) encoder [47], which includes 128 hidden units and two
hidden layers, each with size 512. The Modified National Insti-
tute of Standards and Technology database (MNIST) [16] is a
widely used collection of hand-written digit images, consisting
of 60,000 training examples and 10,000 testing examples and
it is utilized in the simulations. Besides, the EuroSAT dataset
is utilized as well, showing the possibility of applying the
asynchronous FL framework to realistic geospatial artificial
intelligence tasks. It is a benchmark dataset used for land
use and land cover classification tasks in the field of remote
sensing and machine learning, including 10 different classes
and 27,000 labelled remote sensing images in total. Both
datasets involve 10 classes and are split into independent
identically distribution (IID) data [48] based on the number
of satellites in each simulation. The hyperparameters of deep

1Here the value of the data volume refers to the data volume used for the
calculation of throughput and energy efficiency in Section IV-B, C and D.

learning models are listed in Table II.

B. Throughput of Training Data over the Number of HAPs

The research [49], [50] has shown that the performance of
deep learning models is related to the volume of training data.
That is because as the amount of training data increases, deep
learning models generally exhibit enhanced performance due
to their ability to learn more comprehensive and nuanced rep-
resentations of the input data. This principle holds particular
importance in the context of FL, where multiple local models
are trained on distributed data subsets and then aggregated to
form a global model. Therefore, more training data learned
by the local models that have been aggregated into the global
model in a certain time can be regarded as a necessary
indicator in evaluating the effect of the FL framework. Here
the indicator throughput TP t at epoch t is defined as

TP t =

∑t
i=1

∑
m∈M [i] |dm|∑t
i=1∆Ti

, (50)

where the numerator indicates the sum of data volume utilized
by all aggregated models from the very beginning to the
present epoch t and the denominator refers to the total running
time of the FL task. ∆Ti refers to the time of global epoch i.

In this simulation, a scenario is constructed with 20 satellites
and the MSE threshold γ = 15dB and Fig. 5 illustrates the
throughput of different FL frameworks with the increase of the
number of HAPs. When there are only a few HAPs, satellites
in the synchronous FL can hardly upload their local models to
the HAP and therefore the epoch duration is delayed, resulting
in low throughput. With the increase of HAPs, this problem is
alleviated but it cannot be thoroughly solved until all satellites
can link to HAPs as soon as they finish training local models
in all global epochs. This requires not only lots of HAPs that
cover the earth but also the proper MSE threshold that supports
linkages over a far distance.

Compared to the synchronous FL, the asynchronous FL is
more robust to changes in the number of HAPs because even if
satellites fail to upload their local models in the present epoch,
they can keep training and send models to any HAP eventually.
Thus the throughput of the asynchronous FL framework should
approach a constant when the global epoch is large enough
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Fig. 5. Throughput of different FL frameworks over the number of HAPs.
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TABLE III
AVERAGE THROUGHPUT OF DIFFERENT FRAMEWORKS

Framework Average
Throughput (Mbps)

Imporvement over
Synch & LocalComp

Async & AirComp 37.14 114.34%

Async & LocalComp 36.18 108.80%

Sync & AirComp 19.57 12.90%

Sync & LocalComp 17.33 0%

despite various HAPs. Since the AirComp technique supports
HAPs to accept multiple models at the same time, it decreases
the epoch duration of synchronous FL and helps HAPs in
asynchronous FL to link to more satellites in one epoch, which
leads to higher throughput in both FL frameworks.

Table III lists the mean values of throughput for four
frameworks in all scenarios, and that of asynchronous FL
with AirComp is 114.34% higher than that of synchronous
FL without AirComp, while the asynchronous FL improves it
by 108.80% and the AirComp technique boosts it by 12.90%.

C. Energy Efficiency

To evaluate the energy consumption of FL frameworks,
energy efficiency Et at epoch t is defined as the ratio between
the data volume applied to aggregated local models and the
sum of the energy ∆Ei consumed by all HAPs at global epoch
i for receiving local models:

Et =

∑t
i=1

∑
m∈M [i] |dm|∑t

i=1∆Ei
. (51)

Similar to the simulations in Section IV-B, those in this section
set the scenarios with 20 satellites and the MSE threshold
γ = 15dB as well. Fig. 6 illustrates the changes in energy
efficiency with the number of HAPs in different frameworks.

With only one HAP in the scenario, asynchronous FL shows
higher energy efficiency compared to synchronous FL. This is
because, in this case, satellites in both frameworks can barely
connect to the HAP, and those in asynchronous FL accumulate
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Fig. 6. Energy efficiency of different FL frameworks over the number of
HAPs.

TABLE IV
AVERAGE ENERGY EFFICIENCY OF DIFFERENT FRAMEWORKS

Framework Average Energy
Efficiency (GB/kJ)

Imporvement over
Synch & LocalComp

Asyn & AirComp 1.16 581.77%

Asyn & LocalComp 0.76 345.29%

Syn & AirComp 0.25 48.83%

Syn & LocalComp 0.17 0%

training data and upload local models only once, instead of
transmitting models in every epoch as in synchronous FL. As
the number of HAPs increases, satellites in asynchronous FL
have more opportunities to upload models, causing the energy
efficiency to decline and stabilize at a constant value, which
is still higher than that of synchronous FL.

The AirComp technique enables HAPs to receive local mod-
els from several satellites at the same time and therefore it con-
stantly improves the energy efficiency of both FL frameworks
unless there are so few satellites in the scenarios that AirComp
never helps HAPs receive multiple models simultaneously.
When there are sufficient HAPs and the MSE threshold is high
enough to support all satellites to upload their local models
immediately after they complete training, asynchronous and
synchronous FL frameworks share the same energy efficiency
because their aggregation schedules are identical.

Table IV lists the mean values of energy efficiency for
four frameworks in all scenarios, and that of asynchronous
FL with AirComp technique is 581.77% higher than that
of synchronous FL without AirComp technique, while the
asynchronous FL enhances it by 345.29% and the AirComp
technique boosts it by 48.83%.

D. Throughput of Training Data over MSE Threshold

To evaluate the performance of frameworks in various com-
munication environments, the simulation over MSE thresholds
is conducted and throughput is selected as the measurement of
the accuracy of global deep learning models. Fig. 7 displays
the throughput of an FL framework with 20 satellites and
10 HAPs at the fiftieth hour after starting the FL process. It
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Fig. 7. Throughput of training data over MSE thresholds.
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(a) Asynchronous FL
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(b) Synchronous FL
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(c) AirComp
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(d) LocalComp

Fig. 8. Comparisons of accuracy curves in different situations. All of them
contain ten epochs and the dotted lines indicate the tenth epoch. The models
are trained on the MNIST dataset.

exposes that the throughput of asynchronous FL overtops that
of synchronous in most situations since the former one enables
satellites to sum up the training data volume till they upload
models in fixed epoch duration while the latter one has to
lengthen the aggregation time. In extreme circumstances where
the MSE threshold is incredibly high, the asynchronous FL is
no longer distinct from the synchronous FL because satellites
are feasible to HAPs at all times, and vice versa.

E. Performance of Federated Learning

MNIST Dataset. Fig. 8 involves the accuracy curves of the
global models trained in various frameworks but the same
scenario. These models are trained on the MNIST dataset.
In all scenarios, 20 satellites and 10 HAPs exist in the FL
framework and the MSE threshold is set as γ = 15dB.
According to our observation, the declines of loss values are
less than 0.2% for all situations at the tenth epoch. Therefore
we consider that models in all situations converge at the tenth
epoch and only the accuracy and loss curves of global models
in the first 10 epochs are plotted.

In Fig. 8a and 8b, the AirComp technique improves the
convergence rate of global models for the FL frameworks
utilize it to achieve apparently higher accuracy from the second
hour to the sixth hour. Besides, curves in Fig. 8c and 8d
reveal the fact that asynchronous FL helps the global model
to be more precise at the beginning epoch in less time. In
the last three subfigures, the frameworks using AirComp or
asynchronous FL obviously shorten the duration of each epoch
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(a) Asynchronous FL
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(b) Synchronous FL
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(c) AirComp
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(d) LocalComp

Fig. 9. Comparisons of loss curves in different situations. All of them contain
ten epochs and the dotted lines indicate the tenth epoch. The models are
trained on the MNIST dataset.

TABLE V
PERFORMANCE OF MODELS

Frameworks
Time (hour) Comparison of Time

5 HAPs 10 HAPs 5 HAPs 10 HAPs

Asynch & AirComp 4.14 3.93 46.05% 61.70%

Synch & AirComp 7.21 4.79 80.20% 75.20%

Asynch & LocalComp 6.93 4.97 77.09% 78.02%

Synch & LocalComp 8.99 6.37 100% 100%

and the convergence time of global models. Compared to the
synchronous FL framework that does not utilize AirComp,
the convergence time cost by the synchronous FL framework
with AirComp is 10.49% less than its. In the scenarios where
AirComp is used, the asynchronous FL framework decreases
the convergence time by 21.88%. If the asynchronous FL
framework and AirComp are both implemented, the conver-
gence time will fall by 30.07% in contrast to the synchronous
one without AirComp. In all FL frameworks, the performance
of global models generated by the suboptimal aggregation
schedule is extremely close to those generated by the optimal
one. Fig. 9 demonstrates the loss curves which show similar
phenomena as those in the accuracy curves.

Table V records the time required for the global models in
four different frameworks to reach an accuracy of 90%. From
the table, it is evident that the asynchronous FL with AirComp
significantly reduces the time needed for model convergence
compared to the other frameworks. Specifically, with 5 HAPs,
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(d) LocalComp

Fig. 10. Comparisons of accuracy curves in different situations. All of them
contain ten epochs and the dotted lines indicate the tenth epoch. The models
are trained on the EuroSAT dataset.

the asynchronous FL with AirComp takes only 4.14 hours to
achieve the target accuracy, which is approximately 46.05% of
the time required by the synchronous FL without AirComp,
the slowest framework in this comparison. Similarly, with 10
HAPs, the time required is reduced to 3.93 hours, which is
about 61.70% of the time needed by the synchronous FL
without AirComp. These results highlight the efficiency of the
asynchronous FL with AirComp in accelerating the training
process, thereby achieving faster convergence in both cases.

EuroSAT Dataset. Fig. 10 and Fig. 11 involves the accuracy
and loss curves of the global models in various frameworks but
the same scenario. These models are trained on the EuroSAT
dataset. These curves show the similar trends to those of the
models trained on the MNIST dataset, accompanied with a
little difference brought by the EuroSAT dataset. The conver-
gency time of these models is longer and the final accuracies
of these models are lower because the remote sensing images
in the EuroSAT dataset are harder to learn. The asynchronous
FL framework improves the convergency rate of the global
model, from 22 hours to 12 hours as shown in Fig. 10d. In
all situations, the asynchronous FL framework and AirComp
raise the performance of the models at the early stage.

Fig. 12 shows the prediction results of the deep learning
models trained in asynchronous FL framework with AirComp
(Fig. 12a) and synchronous FL framework without AirComp
(Fig. 12b) at the tenth hour. When the asynchronous FL fin-
ishes the tenth global epoch, the synchronous FL just finishes
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(d) LocalComp

Fig. 11. Comparisons of loss curves in different situations. All of them contain
ten epochs and the dotted lines indicate the tenth epoch. The models are
trained on the EuroSAT dataset.

the fifth global epoch. The instances marked by red boxes
are predicted wrong and the mistakes in Fig. 12b (five) are
obviously more than those in Fig. 12a (two). This indicates that
at the tenth hour in our simulation, the model in asynchronous
FL framework can achieve the requirement of accuracy but the
model in synchronous FL framework cannot.

Future Work. In the simulations with real deep learning
tasks, some problems in asynchronous FL framework based
on the AirComp technique appear to be solved, involving:

• Non-IID Data: In reality, satellites usually use non-IID
data to train local models and this may lead to weight
divergence. How to modify the present FL framework to
prevent this problem may introduce new variables into
the optimization function in this paper and interesting
challenges as well.

• Staleness Issue: In asynchronous FL, the stale model
problem is mutual concerned and someone solves it by
not only adjusting the weight coefficients of aggregating
models but discarding toxic models as well. The latter
approach may result in conflict to the target of more
training data volume and how to balance it is challenging.

• Uncertain CSI: This paper assumes the perfect CSI
between satellites and HAPs. It would be interesting to
solve the problem in an uncertain channel during model
aggregation by predicting the channel coefficient with a
deep learning model.

• Adaptive Power: This work assumes the antennas to work
at full power to reduce computation complexity, but how
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(a) Asynchronous FL with AirComp (b) Synchronous FL without AirComp

Fig. 12. Comparisons of the prediction results of land cover classification tasks. At the tenth hour, the model trained in asynchronous FL framework with
AirComp accomplishes the tenth global epoch and the model trained in synchronous FL framework without AirComp accomplishes the sixth global epoch.
The red boxes mark the error results.

to calculate the power adapted to the CSI is a challenge.

V. CONCLUSION

In this paper, we proposed an asynchronous federated
learning framework, based on the over-the-air computation
technique, applied to LEO satellite network for rapid global
model aggregation and high convergence rate. This framework
utilizes high-altitude platforms as a core network to receive
local models, integrate them into global models, and disperse
global models to satellites. To balance the demand of the
federated learning framework for more training data volume
with that of the over-the-air computation technique for lower
signal distortion, we proposed a model aggregation scheduling
algorithm based on depth-first search and breadth-first search
algorithm with subtree pruning. We first removed infeasible
linkage between satellites and high-altitude platforms and then
generated the linkage scheme by the depth-first search algo-
rithm. Next, at the cost of energy, we assumed the antennas
work at full power to find the beamforming vectors of high-
altitude platforms by the breadth-first search algorithm at less
computation complexity. Simulation results demonstrated the
superiority of the asynchronous federated learning framework
in throughput and energy efficiency in various scenarios.
The global model accuracies suggested that the suboptimal
aggregation schedule worked out by our proposed algorithm
shared a similar capability with the global optimal one.

APPENDIX A
APPENDIX A: PROOF OF THE CONVEX FUNCTION

To prove that the function (40) is convex, we need to show
that its Hessian matrix is positive semidefinite. The function

can be rewritten as

f(θ) =
∥∥∥hH

m,nv
∥∥∥2 (52)

where θ = (θ1, . . . , θL), v = (ejθ1 , . . . , ejθL), and hm,n is a
given vector. The Hessian matrix H of f(θ) is given by

H =
∂2f(θ)

∂θ∂θT
. (53)

Let

vi = (0, . . . , 0, ejθi︸︷︷︸
i-th element

, 0, . . . , 0)T, (54)

then
∂v

∂θi
=

∂

∂θi

(
ejθi

)
= jejθi (55)

and

∂2f(θ)

∂θi∂θj
=

∂

∂θj

(
hH
m,nje

jθi
)

= j2hH
m,ne

jθie−jθj = −hH
m,ne

j(θj−θi).

(56)

Thus, the Hessian matrix H is:

H = −hH
m,n


ej(θ1−θ1) ej(θ2−θ1) · · · ej(θL−θ1)

ej(θ1−θ2) ej(θ2−θ2) · · · ej(θL−θ2)

...
...

. . .
...

ej(θ1−θL) ej(θ2−θL) · · · ej(θL−θL)

 ,
(57)
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namely

H = −hH
m,n


1 ej(θ2−θ1) · · · ej(θL−θ1)

ej(θ1−θ2) 1 · · · ej(θL−θ2)

...
...

. . .
...

ej(θ1−θL) ej(θ2−θL) · · · 1

 .
(58)

The matrix above is a circulant matrix, and it’s known
that circulant matrices are diagonalized by the Discrete
Fourier Transform (DFT) matrix F , such that FHAF = Λ,
where Λ is a diagonal matrix containing the eigenvalues
of A. Since the eigenvalues of a circulant matrix are the
DFT of its first row, Λ is diagonal with elements λk =∑L
i=1 e

j(θi−θ1)e−j2π(k−1)(i−1)/L.
Since the diagonal elements of Λ are the sums of the first

row of the circulant matrix, they are all real and nonnegative.
Thus, H is negative semidefinite, proving that the function
f(θ) is convex.

APPENDIX B
APPENDIX B: DETAILS ABOUT SIMULATION SETTINGS

The values of the parameters in the following are given
in Table VI. For the satellite m, if it collects 1 GB data for
training (|dm|), the number of samples csample is

csample = ⌈
|dm|
ssample

⌉ = ⌈1× 106

104
⌉ = 9615 (59)

where ssample indicates the size of the each sample. Normally,
a parameter in a deep learning model requires 2 FLOPs (Float-
ing Point Operations) in forward propagation (one multiplica-
tion and one addition) and 4 FLOPs in backward propagation
(two multiplications and two additions). Given the size of the

TABLE VI
ADDITIONAL PARAMETERS FOR SIMULTAIONS

Parameter Value

Volume of training data |dm| 1 GB

Size of per sample ssample 104 KB

Number of parameters of a deep learning model G 2.88× 108

Number of CPU cores CCPU
m 4

CPU clock frequency fm 1.43 GHz

Transmission power Ptrans 60 dBm

Antenna gains of satellite Gm and HAP GHAP 6.98 dBi

Noise temperature Ttemp 354.81 K

Bandwidth Bbw 0.5 GHz

Wavelength λwl 15 mm

Time for training ttrain 2904.55 seconds

Time for transmission ttrans 576 seconds

Time of overhead toverhead 119.45 seconds

Time of a global epoch tepoch 1 hour

Power of an antenna Pant 1.73 W

Energy consumption for receiving a model Erec 5 kJ

deep learning model G, the total FLOPs FFLOPs required in
training can be calculated as

FFLOPs = 6× G× csample
= 6× 2.88× 108 × 9615

= 1.661× 1013.

(60)

Based on the number of CPU cores CCPUm and CPU clock
frequency fm, the number of FLOPs that the CPU executes
per second fFLOPs is

fFLOPs = CCPUm × fm = 4× 1.43× 109 = 5.72× 109. (61)

In this way, the time of a local epoch ttrain is

ttrain =
FFLOPs

fFLOPs
=

1.661× 1013

5.72× 109
= 2904.55 (62)

whose unit is second.
In terms of communication time, the maximum data rate R

should be calculated as

R = B · log2(1 + SNR) (63)

where B is bandwidth and SNR refers to the signal-to-noise
ratio (SNR). SNR is calculated with the transmission power
Ptrans, the antenna gains of satellite Gm and HAP GHAP, the
noise temperature Ttemp, the bandwidth Bbw the Boltzmann
constant KB and the free-space path loss L as

SNR =
PtransGmGHAP

TtempBbwKBL
. (64)

The path loss is determined by

L = (
4πddist

λwl
)2 (65)

where ddist is the minimum distance that allows for LoS
communication between a satellite and a HAP, and λwl is the
wavelength of the transmitted signal. According to the values
given in the table, the data rate R can be calculated as nearly
16 Mbps with the positions of satellites and HAPs assumed
in our simulations. In this way, the time to transmit a deep
learning model ttrans can be calculated as

ttrans =
4× 8× G

R
=

4× 8× 2.88× 108

16× 106
= 576 (66)

because a parameter in the model is regarded as a float and re-
quires 4 bytes, namely 32 bits. We set the local training epoch
to 1 to minimize the risk of early divergence in the global
model by ensuring more frequent aggregation of updates,
which helps maintain model consistency and prevent biases
caused by non-IID data across nodes. Since the local epoch is
set as 1, the time for a global epoch of the asynchronous
FL framework is the sum of the training time ttrain and
transmission time ttrans, near to 3480 seconds. Considering
the overhead during this process toverhead, the time of a global
epoch in asynchronous FL framework tepoch is defined as

tepoch = ttrain + ttrans + toverhead

= 2904.55 + 576 + 119.45

= 3600,

(67)

namely 1 hour.
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In terms of energy consumption, it is highly related to the
power of the receiver and that is too complex to calculate
comprehensively in our manuscript. Therefore, here we simply
assume the power for each antenna Pant is 1.73 W. Given
the time of transmission ttrans, the energy consumption of a
receiver Erec for receiving a model can be calculated as

Erec = |L| × Pant × ttrans

= 5× 1.73× 576

= 4982.4

(68)

which is approximated to 5 kJ for simplification.
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