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Abstract—Federated learning (FL) enables collaborative model
training in low Earth orbit (LEO) satellite networks without
exchanging raw sensing data. However, satellite mobility, limited
onboard resources, and time-sensitive model-parameter trans-
mission make FL scheduling challenging. This paper studies
FL completion time minimization in a cyclic queuing and
forwarding (CQF)-enabled deterministic satellite network by
jointly formulating aggregation node selection, routing, and
CQF offset scheduling. To address this problem, we propose
a hierarchical Graph Attention Transformer-Proximal Policy
Optimization (GAT-PPO) framework, where a high-level agent
selects aggregation nodes and a low-level agent performs packet-
level routing and offset control. Graph attention networks are
used to encode dynamic satellite topology, and PPO is adopted
for policy training. Simulation results show that the proposed
method reduces FL completion time and maintains a high task
success rate compared with OSPF and greedy heuristic schemes.

Index Terms—Deterministic Satellite Network, Federated
Training, Cyclic Queuing Forwarding, Remote Sensing

I. INTRODUCTION

SATELLITE computing has been increasingly investigated
in both academia and industry due to its potential to

provide ubiquitous computing and data processing capabilities
in space [1]–[5]. With the continuous improvement of onboard
computing capabilities, data collected by satellites can be di-
rectly processed in orbit rather than being transmitted entirely
to ground stations. This paradigm can significantly reduce
bandwidth consumption and transmission latency, enabling
latency-sensitive applications such as disaster monitoring and
real-time environmental observation.

Many emerging satellite applications require collaborative
intelligence among distributed satellites while limiting raw-
data exchange. Federated learning (FL) provides a promising
solution by allowing satellites to train local models with
their own sensing data and exchange only model updates [6].
For example, in remote sensing applications, satellites can
independently train disaster detection models using locally
collected images and collaboratively obtain a global model
through parameter aggregation. Such a paradigm reduces the
communication overhead of transmitting large-volume remote
sensing data while preserving data privacy.

However, efficient FL over satellite networks requires timely
and reliable transmission of model updates throughout mul-
tiple training rounds. Satellite mobility, time-varying inter-
satellite links (ISLs), limited onboard resources, and con-

current FL traffic make conventional best-effort transmission
insufficient for providing predictable communication perfor-
mance. Deterministic networking techniques, such as Time-
Sensitive Networking (TSN) and Cyclic Queuing and Forward-
ing (CQF), provide bounded forwarding behavior and therefore
offer a potential solution for time-sensitive FL traffic [7]–[9].

In this paper, we investigate FL completion time minimiza-
tion over CQF-enabled deterministic LEO satellite networks.
The problem involves two tightly coupled decision levels: se-
lecting suitable aggregation nodes for FL tasks and scheduling
model-update flows through dynamic satellite networks. We
therefore jointly optimize aggregation node selection, routing,
and CQF offset scheduling, and propose a hierarchical Graph
Attention Transformer-Proximal Policy Optimization (GAT-
PPO) framework. The high-level agent selects aggregation
nodes based on global network and computing states, while
the low-level agent jointly determines packet-level routing and
CQF offsets. The main contributions of this paper are three-
fold: 1) We formulate the joint aggregation node selection,
routing, and CQF offset scheduling problem for minimizing
FL completion time in dynamic deterministic LEO satellite
networks. 2) We propose a hierarchical GAT-PPO framework
that separates task-level aggregation scheduling from packet-
level deterministic forwarding while coordinating the two
decision levels. 3) Simulation results demonstrate that the
proposed method reduces FL completion time and maintains
a high task success rate compared with OSPF and greedy
heuristic schemes.

II. RELATED WORK

Satellite federated learning has recently received increasing
attention. Ground-assisted FL scheduling was investigated
in [1], while satellite federated edge learning architectures
and their convergence properties were studied in [2]. FedSN
[3] considered heterogeneous LEO satellite networks, and
FedSpace [10] developed an FL framework across satellites
and ground stations. More general architectures and applica-
tions of FL in satellite constellations were discussed in [4],
[5]. These studies mainly focus on FL architecture, participant
coordination, convergence, or communication efficiency. In
contrast, our work explicitly considers the deterministic trans-
mission of FL model updates and jointly couples aggregation-
node selection with packet-level routing and scheduling.

Deterministic networking has also been investigated for
time-sensitive satellite communications. Wang et al. [7] stud-



Fig. 1: Federated Model Training Over Deterministic Satellite
Network for Remote Sensing Application

ied deterministic flow scheduling in LEO satellite networks,
while CPF [9] explored the extension of time-sensitive net-
working mechanisms to large-scale LEO constellations. TSN
mechanisms and their capability of providing predictable com-
munication performance have also been extensively studied in
terrestrial and wireless environments [8], [11]. These works
primarily optimize deterministic communication flows inde-
pendently of distributed learning tasks.

Different from the above studies, we consider the interaction
between FL computation and deterministic communication.
Specifically, the aggregation-node decision determines both
the location of model aggregation and the communication
endpoints of model-update flows, while routing and CQF
offsets determine their transmission delays. Accordingly, our
hierarchical GAT-PPO framework jointly optimizes aggre-
gation node selection, routing, and CQF offset scheduling
toward the end-to-end FL completion-time objective rather
than optimizing FL coordination or deterministic networking
separately.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a representative scenario in which a multi-orbit
Low Earth orbit (LEO) satellite constellation collaboratively
performs model training while maintaining deterministic com-
munication, as shown in Fig.1. In this section, we present the
system model for federated learning (FL) over a CQF-enabled
deterministic LEO satellite networks, and finally formulate the
joint aggregation node selection and flow scheduling problem.

A. Dynamic LEO Satellite Network Model

We consider a LEO satellite constellation consisting of O
orbital planes, where each orbital plane contains S satellites.
Each satellite is equipped with onboard computing resources
and inter-satellite communication capability. Similar to a typi-
cal Walker constellation, a satellite maintains intra-plane Inter-
Satellite Links (ISLs) with neighboring satellites in the same
orbital plane and inter-plane ISLs with satellites in adjacent
orbital planes. Due to orbital motion, the availability and
propagation delay of ISLs vary over time. The system time
is divided into a sequence of discrete time slots. During

each time slot, the network topology is assumed to remain
unchanged. At time slot t, the satellite network is modeled
as a dynamic graph Gt = (V, Et), where Et denotes the set
of available ISLs. Each link eti,j ∈ Et is characterized by its
available bandwidth, propagation delay, physical distance, and
link availability. Each satellite vi ∈ V has limited onboard
computing capability, memory, buffer capacity, and energy
budget.

B. CQF-Enabled Deterministic Forwarding Model

The satellite contains an onboard TSN switch with input
buffers, a packet header processor, a switching fabric, and
transmission buffers associated with outgoing ISLs. Regular
traffic is stored in best-effort queues, while time-sensitive FL
traffic is mapped to CQF queues. Through alternating receive-
transmit cycles, CQF provides predictable forwarding behavior
and bounded delay for model-parameter flows.

In this paper, local model updates, aggregation results, and
FL control packets are regarded as time-sensitive flows. These
packets require bounded delay, because delayed model updates
may block the aggregation process and increase the overall FL
completion time. Let ∆ denote the CQF cycle length. For each
outgoing interface, two CQF queues are maintained. At each
cycle, one queue receives packets while the other transmits
packets. Their roles are exchanged in the next cycle. This
cyclic receive-transmit mechanism provides bounded queuing
behavior and avoids unbounded waiting for time-sensitive
packets.

For a scheduled packet, the single-hop delay over link
eti,j consists of propagation delay, transmission delay, packet
processing delay, and CQF-induced waiting delay:

Dhop
k,i,j = Dprop

i,j +Dtrans
k,i,j +Dproc

i +DCQF
k,i,j . (1)

Here, Dprop
i,j is determined by the physical distance between

satellites, Dtrans
k,i,j depends on packet size and link bandwidth,

Dproc
i is the packet processing delay, and DCQF

k,i,j is the waiting
delay caused by CQF offset decision (in terms of the number
of CQF cycles.)

For a deterministic flow fk routed along path Pk =
{v0k, v1k, . . . , v

Hk

k }, where v0k and vHk

k are the source and
destination nodes, respectively, the end-to-end delay is given
by

De2e
k =

Hk−1∑
h=0

Dhop

k,vh
k ,v

h+1
k

. (2)

The routing and CQF scheduling decisions are coupled. A
selected route determines which ISLs are used, while the CQF
offset determines the forwarding cycle at each hop. A feasible
schedule must satisfy link availability, bandwidth limitation,
finite queue capacity, CQF cycle ordering, and end-to-end
delay requirements.

C. Federated Learning Task Model

We consider a set of FL tasks generated by satellite
computing applications. The set of FL tasks is denoted by
M = {1, 2, . . . ,M}. Each task m ∈ M is collaboratively



trained by a subset of worker satellites Sm ⊆ V . Each worker
satellite vi ∈ Sm owns a local dataset Di,m. Each worker
trains a local model using its onboard data and transmits only
model updates through the satellite network. An FL task m is
described by Γm = {Sm,Am, Rm, Em, Lu

m, Ld
m}, where Am

is the candidate set of aggregation nodes, Rm is the number
of global training rounds, Em is the number of local epochs
per round, Lu

m is the size of the uploaded local model update,
Ld
m is the size of the downlink global model.
For each FL task, one satellite is selected as the aggregation

node. Let ya,m ∈ {0, 1} denote whether satellite va ∈ Am

is selected as the aggregation node for task m. Exactly one
aggregation node should be selected for each task.

During each global round, every worker first performs local
training. The local training time of worker vi for task m is
modeled as

T loc
i,m =

Emξm|Di,m|
Ci

, (3)

where ξm denotes the computing workload required to process
one data sample, and Ci is the onboard computing capability
of satellite vi.

Once all required updates are received by aggregation node
after local training, the aggregation node performs model
aggregation. The aggregation time at node va is modeled as

T agg
a,m =

ζm|Sm|
Ca

, (4)

where ζm denotes the computation workload required to ag-
gregate one local update. After aggregation, the global model
is distributed back to the participating worker satellites.

Therefore, in each FL round, the uplink and downlink flows
need to be routed and scheduled through the CQF-enabled
satellite network. For task m in round r, let Dr,u

i,a,m denote the
end-to-end delay of the uplink model update from worker vi
to aggregation node va, and let Dr,d

a,i,m denote the end-to-end
delay of the downlink global model from va to worker vi.

The completion time of round r is determined by the slowest
local training and uplink transmission process, the aggregation
time, and the slowest downlink transmission process:

T r
m = max

vi∈Sm

(
T loc
i,m +Dr,u

i,a,m

)
+ T agg

a,m + max
vi∈Sm

Dr,d
a,i,m. (5)

The total completion time of task m is T total
m =

∑Rm

r=1 T
r
m.

This formulation captures the synchronization nature of FL.
The aggregation node cannot start model aggregation until all
required uplink updates are received, and a global round is not
completed until all participating workers receive the updated
global model.

D. Problem Formulation

The objective of this paper is to minimize the total FL
completion time by jointly optimizing aggregation node se-
lection, routing, and CQF offset scheduling. The problem can
be formulated as

min
y,P,o

∑
m∈M

T total
m , (6)

where y denotes the aggregation node selection variables, P
denotes the routing paths of FL-related deterministic flows,
and o denotes the CQF offset decisions. The optimization
is subject to the following constraints. First, each FL task
must select exactly one aggregation node from its candidate
set. Second, each deterministic flow must be routed through
available ISLs in the current dynamic topology. Third, the
traffic assigned to each link cannot exceed its bandwidth
capacity, and the buffered data cannot exceed the CQF queue
capacity. Fourth, the selected aggregation nodes and worker
satellites must satisfy onboard computation constraints. Fi-
nally, the CQF offset decisions must follow the receive-
transmit cycle ordering of CQF, and the end-to-end delay of
each deterministic flow should satisfy its deadline requirement.

This problem is NP-hard because aggregation node selec-
tion, routing, and CQF offset scheduling are tightly coupled.
Moreover, satellite mobility causes time-varying topology and
link delay, making static optimization difficult. Therefore, we
adopt a hierarchical reinforcement learning framework to solve
the problem as discussed in the next section.

IV. HIERARCHICAL GAT-PPO ALGORITHM

A. Overview

To reduce the complexity of the joint optimization problem,
we presents a hierarchical GAT-PPO algorithm, as shown in
Fig.1. The high-level agent selects the aggregation node for
each FL task according to the global satellite state, while the
low-level agent performs packet-level forwarding by jointly
determining the next-hop satellite and the CQF offset. Both
agents adopt graph attention networks (GATs) to encode
the dynamic satellite topology. The high-level GAT captures
global topology, computing, and queue information for ag-
gregation node selection, while the low-level GAT extracts
forwarding-related features for CQF-aware routing. The two
policies are trained using proximal policy optimization (PPO).

B. Hierarchical Markov Decision Process

The proposed method formulates the scheduling problem as
a hierarchical Markov decision process (MDP). At time slot
t, the satellite network is represented by the dynamic graph
Gt = (V, Et), and the node feature matrix is denoted by Xt.

1) High-Level Decision: For each FL task m, the high-
level agent observes the global network state and selects one
aggregation node from the candidate set Am. The high-level
action is defined as aHm ∈ Am. The selected aggregation
node determines the destinations of uplink model-update flows
and the sources of downlink global-model flows. Since the
aggregation node affects both computation delay and commu-
nication delay, this decision has a direct impact on the total
FL completion time.

2) Low-Level Decision: After the aggregation node is se-
lected, the low-level agent schedules packet forwarding for FL-
related deterministic flows. For each packet p, the low-level
action is defined as aLp =

(
aLp,r, a

L
p,o

)
, where aLp,r denotes

the next-hop satellite and aLp,o denotes the CQF offset. The
next-hop action should be selected within its neighbor N t(vp)



at time slot t. The offset action is selected from a discrete
set: aLp,o ∈ {0, 1, . . . , Omax}. Thus, the low-level agent jointly
controls the spatial forwarding path and the temporal CQF
scheduling offset.

Algorithm 1 Hierarchical GAT-PPO Training Procedure

Require: Episodes Emax, FL rounds R, update frequency F
Ensure: Policies πH and πL

1: Initialize high-level and low-level actor-critic networks
2: Initialize rollout buffers BH and BL

3: for episode e = 1 to Emax do
4: Update topology Gt and generate FL tasks M
5: Select aggregation node for each task using πH

6: for each FL round and each transmission phase do
7: while active packets exist do
8: Select next hop and CQF offset for each packet

using πL

9: Execute forwarding actions and store low-level
transitions

10: Update queues, delays, packet states, and
topology

11: end while
12: end for
13: Compute FL completion time and high-level rewards
14: Update low-level networks using PPO
15: if e mod F = 0 then
16: Update high-level networks using PPO
17: end if
18: end for
C. GAT-Based Policy Networks

1) High-Level Policy Network: The high-level policy net-
work uses a GAT encoder to extract topology-aware node
embeddings: Ht

H = GATH(Xt, Et). The actor then maps the
node embeddings to aggregation-node logits. Invalid nodes,
including non-candidate nodes and task source nodes, are
masked before the softmax operation. The high-level policy
is given by

πH(aHm = i|sHm) =
exp(zHi + µH

i )∑
j∈V exp(zHj + µH

j )
, (7)

where zHi is the logit of node i, and µH
i is a mask term.

Specifically, µH
i = 0 if node i is a feasible aggregation node,

and µH
i = −∞ otherwise.

The critic estimates the value of the high-level state. The
node embeddings are first pooled into a graph-level represen-
tation:

h̄t
H =

1

|V|
∑
i∈V

ht
H,i, (8)

and the state value is computed as VH(sHm) = f critic
H (h̄t

H).
2) Low-Level Policy Network: The low-level policy net-

work also adopts a GAT encoder to represent the current satel-
lite topology:Ht

L = GATL(X
t, Et). For each packet, the node

embeddings are combined with packet-specific information,
including the current node and the target node. The low-level

actor contains two output heads. The routing head generates
the next-hop distribution, while the offset head generates the
CQF offset distribution.

The joint low-level policy is factorized as

πL(a
L
p |sLp ) = πr(a

L
p,r|sLp )πo(a

L
p,o|sLp ). (9)

The low-level critic estimates the expected return of for-
warding packet p from its current position to the target:

VL(s
L
p ) = f critic

L (sLp ). (10)

D. Reward Design

The reward design follows the hierarchical structure of
the proposed framework. The high-level reward evaluates the
overall FL task completion performance, while the low-level
reward provides step-wise guidance for packet forwarding.

For FL task m, the high-level reward is defined as

RH
m = ηsIsuccm − βT total

m − ηf Ifailm , (11)

where T total
m is the total completion time of task m, Isuccm and

Ifailm indicate whether the task succeeds or fails, respectively.
The parameters ηs, β, and ηf control the success reward, delay
penalty, and failure penalty.

For the low-level agent, the reward of packet p after one
forwarding step is defined as

rLp = λd

(
Dbefore

p −Dafter
p

)
− λtD

hop
p − λo(a

L
p,o)

3 +Rterm
p ,

(12)
where Dbefore

p and Dafter
p are the distances from packet p

to its target before and after forwarding, respectively. Dhop
p

is the single-hop delay, and (aLp,o)
3 penalizes excessive CQF

offset selection. The terminal reward Rterm
p is positive if the

packet reaches its target and negative if the packet is dropped
or exceeds the maximum forwarding steps.

This reward design encourages the high-level agent to select
aggregation nodes that reduce FL completion time, while
guiding the low-level agent to forward packets toward their
destinations with low delay and limited queue waiting.

E. Training Procedure

Both agents are trained using PPO. For a policy πθ, the
probability ratio is defined as

ρt(θ) =
πθ(at|st)
πθold(at|st)

. (13)

The clipped PPO objective is

LCLIP(θ) = Et

[
min

(
ρt(θ)Ât, clip (ρt(θ), 1− ϵ, 1 + ϵ) Ât

)]
,

(14)
where Ât is the advantage estimate and ϵ is the clipping
parameter. The final loss contains the policy loss, value loss,
and entropy regularization:

L(θ, ϕ) = LCLIP(θ)− cv

(
Vϕ(st)− R̂t

)2

+ ceH(πθ), (15)

where cv and ce are the value-loss and entropy coefficients.
The overall training procedure is summarized in Algo-

rithm 1. At the beginning of each episode, the simulator



updates the satellite topology and generates concurrent FL
tasks. The high-level agent first selects an aggregation node
for each task. Then, the low-level agent schedules uplink and
downlink packet transmissions by selecting next-hop nodes
and CQF offsets. After the FL tasks are completed or ter-
minated, rewards are computed and both agents are updated
using PPO.

V. PERFORMANCE EVALUATION

A. Simulation Setup
The proposed hierarchical GAT-PPO framework is evalu-

ated using a Python-based LEO satellite network simulator–
StarPerf [12]. The experiments are conducted on a Mac mini
2024 with an Apple M4 Pro chip and 64 GB memory.
StarPerf 2.0.0 is used to generate the dynamic 1) Boeing; 2)
OneWeb; 3) Telesat satellite topology, while PyTorch 2.10.0
and PyTorch Geometric 2.7.0 are used to implement the GAT-
based PPO agents. In the simulation, satellites are modeled as
graph nodes and inter-satellite links are modeled as dynamic
edges. The maximum ISL distance is set to 5000 km, the
link bandwidth is set to 20 Mbps, and the maximum queue
capacity is set to 90 packets. The topology is updated every
60 s, and the maximum CQF offset level is set to 5 cycles.
For each episode, 15–25 FL tasks are randomly generated,
and each task contains 2–4 worker satellites. The number of
candidate aggregation nodes is set to 10. Each task performs 3
global communication round with 3 local epochs. The model
parameter size is set to 30 Kb, and both the local training
complexity and aggregation complexity are set to 150 units.
Both high-level and low-level agents use GAT-based actor-
critic networks with a hidden dimension of 64. The high-
level and low-level learning rates are set to 1 × 10−4 and
3 × 10−4, respectively. The discount factor is 0.99, the PPO
clipping parameter is 0.1, and each PPO update uses 4 epochs.
The main evaluation metric is the FL task completion time,
including local training, uplink transmission, aggregation, and
downlink transmission delays.

B. Results and Analysis
1) Training Convergence: Fig. 2 shows the training reward

curves of the proposed hierarchical GAT-PPO framework
under different satellite constellations. The upper subfigure
presents the low-level reward, while the lower subfigure
presents the high-level reward. As shown in the figure, the low-
level reward gradually increases from a large negative value
and converges to a stable region close to zero. This indicates
that the low-level agent progressively learns effective packet-
level forwarding decisions, including next-hop selection and
CQF offset control. In the early training stage, packets are
frequently routed through congested links or invalid paths,
leading to large delay penalties and packet-drop penalties.
As training proceeds, the agent learns to reduce forwarding
delay and improve packet delivery, resulting in higher low-
level rewards.

The high-level reward also shows an overall increasing
trend, although it fluctuates more significantly than the low-
level reward. This is because the high-level agent receives

sparse task-level feedback only after the completion or failure
of an FL task. The selected aggregation node affects the overall
uplink delay, aggregation delay, and downlink delay, making
the high-level reward more sensitive to topology variation
and low-level routing performance. After sufficient training
episodes, the high-level reward becomes stable, demonstrat-
ing that the high-level agent learns to select aggregation
nodes with better communication and computation conditions.
Overall, the convergence behavior verifies that the proposed
hierarchical training process can jointly optimize macro-level
aggregation scheduling and micro-level deterministic forward-
ing.

2) Impact of Worker Number per Task: Fig. 3 evaluates
the impact of the number of worker satellites per FL task.
Increasing the number of workers increases the amount of up-
link model updates and downlink global model transmissions.
As a result, the communication burden around the aggregation
node becomes heavier, and the scheduling problem becomes
more challenging. The proposed method maintains a 100%
success rate across different worker numbers, showing strong
robustness under increasing task scale. Although its delay in-
creases as more workers participate in each task, the growth is
smoother than that of the greedy heuristic. The greedy method
also preserves a high success rate, but its delay becomes
significantly larger when the worker number is high. This
is because greedy decisions are based on local distance and
queue information, which may lead to suboptimal aggregation
and routing choices under dense traffic.

Traditional OSPF shows lower delay in some high-load
cases, but this result should be interpreted together with its
success rate. As the number of workers increases, the success
rate of OSPF drops sharply, indicating that many packets
or tasks fail due to congestion and lack of deterministic
scheduling control. Therefore, the apparent delay advantage of
OSPF under heavy load is achieved at the cost of reliability. In
contrast, the proposed method provides stable task completion
while keeping the delay lower than the greedy heuristic in most
high-load scenarios.

3) Impact of Concurrent FL Tasks: Fig. 4 compares the
performance of the proposed method with traditional OSPF
and the greedy heuristic under different numbers of concurrent
FL tasks. As the number of FL tasks increases, the traffic load
in the satellite network becomes heavier, resulting in longer
transmission delay and more severe queue congestion.

The proposed method achieves the lowest or near-lowest
delay in most cases while maintaining a stable success rate
of 100%. This is because the high-level agent can distribute
FL tasks among suitable aggregation nodes, and the low-level
agent can adapt routing and CQF offset decisions according
to dynamic queue states. In contrast, traditional OSPF only
considers shortest-path routing and does not explicitly account
for CQF scheduling or congestion. Therefore, although OSPF
can achieve relatively low delay under light traffic load, its
success rate decreases rapidly as the number of concurrent
tasks increases. The greedy heuristic also maintains a high
success rate, but its delay grows much faster under heavy load



because it relies on local decisions and cannot fully coordinate
aggregation node selection, routing, and offset scheduling.

Fig. 2: a): High-Level (HL); b): Low-Level (LL) Reward ver-
sus Different Topologies: 1) Boeing; 2) OneWeb; 3) Telesat.

Fig. 3: a): Average Latency; b): Success Rate versus Number
of Workers per Task over Boeing topology for 1): Our Solu-
tion; 2): Traditional Solution; 3): Heuristic Solution.

Fig. 4: a): Average Latency; b): Success Rate versus Number
of Concurrent FL Tasks over Boeing topology for 1): Our
Solution; 2): Traditional Solution; 3): Heuristic Solution.

VI. CONCLUSION

In this paper, we investigated FL completion time minimiza-
tion in CQF-enabled deterministic LEO satellite networks.
The problem jointly considers aggregation node selection,
routing, and CQF offset scheduling under dynamic topology,
limited onboard computing resources, and queue constraints.
To solve this problem, we proposed a hierarchical GAT-PPO
framework, where the high-level agent selects FL aggregation

nodes and the low-level agent performs packet-level CQF-
aware routing and offset control. Simulation results show that
the proposed method achieves stable training convergence,
reduces FL completion time, and maintains a high task success
rate compared with OSPF and greedy heuristic schemes.
These results demonstrate the effectiveness of jointly optimiz-
ing computation placement and deterministic communication
scheduling for satellite federated learning.
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