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Motivation

1. In the traditional cloud computing paradigm, federated learning (FL)
servers are placed in remote cloud computing centers that receive
massive data for centralized processing, which results in significant
communication delay and user privacy problems.

2. Faced with scenarios where FL needs to be performed across
multiple geographically separated remote clusters or devices in remote
areas that lack communication infrastructure (e.g., rural regions and
maritime areas), existing FL techniques primarily use ground networks,
and devices in the above scenarios cannot aggregate local model
parameters without the help of non-terrestrial networks.

3. Therefore, it is important to combine FL and low Earth orbit (LEO)
satellite edge computing system (LSECS) to ensure that base stations
(BSs) in different scenarios can obtain the allocation strategies of
other BSs and ensure their own privacy security.



Main idea

1. To ensure that BSs in different scenarios can obtain the allocation
strategies of other BSs and ensure their own privacy security, we
propose a secure transmission method based on FL for LSECS,
realizing secure data transmission.

2. To solve the problems of sub-channel selection and power
allocation, a computation offloading algorithm based on a deep Q-
network (DQN) is proposed to achieve efficient resource
management in cellular networks under the conditions of BS self-
interference (SI) and user co-channel interference.

3. The proposed algorithm greatly enhances the weighted sum-rate
and achieves excellent convergence performance.
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Problem statements

We define the downlink weighted sum-rate in the " cell as
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We define the uplink weighted sum-rate in the " cell as

iy h; j (n) pit (“)
.l.l = /\1' 1 1 - 7
R; Z Z 131082 ( + Nio+ JBiP?,k.u (n)

Jj=1 nES;_“j

The proposed optimization problem P1 can be expressed as
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Method
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The LEO satellite maintains a global DQN model and each BS builds its own local

DQN model using the same network structure. Each BS agent has two neural
networks (NNs), namely the online network and the target network.



Method

Because the observed state in each cell cannot fully characterize the entire
cellular network environment, FL provides an effective way of improving
model performance by using decentralized local DRL models. In the et

iteration, each BS agent interacts with a LEO satellite acting as the model
aggregator:

1. Local update: Agent i first receives the latest global model parameters
from the LEO satellite to obtain the local model parameters. Agent j then

calculates the gradient based on experience and updates the local model

parameters:
O;(e)=0(e—1)—nVEF;(6(e)).

2. Upload: After the local update is completed, the it" BS sends the local
model parameters to the LEO satellite.

3. Aggregation and feedback: The LEO satellite receives all the uploaded

local model parameters and aggregates the models to obtain the updated
global model: ;
Pig.
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— Agent 1
5 — Agent 2 900-
— Agent 3

-Hz))

4 0
S £ 8501
[&] -
23 @
g :
2 7
8
11 ]
=
O_
0 50 100 150 200 250 300 350 400 13 5 7 9 11 13 15 17 19 21 23
Number of training steps Number of episodes
Evaluated loss function for each agent Evaluated weighted sum-rate for each

over different numbers of training steps agent over different numbers of episodes



Major results
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Conclusions

1. The LSECS model was established, and then the weighted sum-
rate maximization problem was modeled.

2. Aiming at the problems of sub-channel allocation and power
allocation, we proposed a computation offloading algorithm based
on federated DQN.

3. Results showed that the proposed algorithm can significantly
improve the weighted sum-rate with excellent convergence
performance.
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