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Abstract: Recent studies have shown that system capacity is very important for cellular networks. In this paper,
we consider maximizing the weighted sum-rate of the cellular network downlink and uplink, where each cell consists
of a full-duplex (FD) base station (BS) and half-duplex (HD) users. Federated learning (FL) can train models in the
absence of centralized data, which can achieve privacy protection of user data. A low Earth orbit (LEO) satellite
edge computing system (LSECS) can be formed by placing the mobile edge computing (MEC) servers on LEO
satellites, which greatly increases the processing capacities of the satellites. Therefore, we consider a combination of
FL and MEC and propose an FL-based computation offloading algorithm to maximize the weighted sum-rate while
ensuring the security of user data. We consider solving the sub-channel assignment and power allocation problems
using deep reinforcement learning (DRL) algorithms with excellent global search capabilities. The simulation results
show that our proposed algorithm achieves the maximum weighted sum-rate compared with the baseline algorithms
and excellent convergence.
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Computation offloading
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1 Introduction self-interference (SI) in integrated access and back-
haul networks based on FD communication operat-

In wireless communication, wireless full-duplex  ing in the millimeter wave band, Yu et al. (2023)
(FD) can significantly improve spectral efficiency, proposed SI cancellation techniques for spatial, ra-
which has attracted great attention from academia  ({jo frequency (RF), and digital domains, which sig-
and industry (He et al., 2023; Sun et al., 2023). Teklu nificantly improve cell throughput gain. To solve
et al. (2024) analyzed the FD-assisted multi-user, the resource allocation problems in multi-cell FD
multiple-input multiple-output (MIMO) system and  petworks, Fawaz et al. (2023) proposed an optimal
proposed a signal-to-leakage-plus-noise ratio precod-  queue-aware joint scheduling and power allocation
ing scheme to combat interference and significantly algorithm, which can significantly improve user de-
improve energy efficiency. To address the problem of  yjce throughput. To support in-band FD, Alkhri-
jah et al. (2023) designed a control frame exchange

E . ; . .
. Corresponding author protocol and proposed a site-selection method that
Project supported by the National Natural Science Foundation . . . L.
of China (No. 62231012) effectively improves spectral efficiency and signifi-
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data privacy and secure transmission.

Federated learning (FL) has emerged as a dis-
tributed machine learning paradigm that can ef-
fectively ensure the security of data transmission
(Liu et al., 2022; Kamal et al., 2023) by sending
local model parameters to FL servers for global
aggregation.

In the traditional cloud computing paradigm,
FL servers are placed in remote cloud computing
centers that receive massive data for centralized pro-
cessing, which applies heavy pressure on the center
(Lv and Xiu, 2020) and results in significant commu-
nication delay and user privacy problems.

To ensure the privacy security of each base sta-
tion (BS), we do not place servers for global aggrega-
tion on the BSs. At the same time, to ensure that BSs
in different scenarios can obtain the allocation strate-
gies of other BSs, we consider applying the idea of
mobile edge computing (MEC) to the low Earth orbit
(LEO) satellite network (Chen XM et al., 2023) with
excellent system robustness to form a LEO satellite
edge computing system (LSECS) (Jia et al., 2023;
Gao et al., 2024; Wang Q et al., 2024) and provide
global aggregation for BSs.
where FL needs to be performed across multiple ge-
ographically separated remote clusters or devices in
remote areas that lack communication infrastructure

Faced with scenarios

(e.g., rural regions and maritime areas), existing FL
techniques primarily use ground networks, and de-
vices in the above scenarios cannot aggregate local
model parameters without the help of non-terrestrial
networks. Therefore, the above problems can be
solved by using the advantages of LEO satellites in
FL (Han et al., 2024). In addition, LEO satellites
typically have low orbital altitudes and can reach
speeds of up to 7.8 km/s, providing fast communi-
cation (e.g., the propagation delay from the ground
BSs to the LEO satellites is about 5 ms). This fea-
ture enables LEO satellites to provide highly flexible
and fast FL services.

Recently, FL has been widely applied to LEO
satellite networks (Chen H et al., 2022). To ensure
data against malicious intrusions, Uddin and Ku-
mar (2023) proposed a distributed approach based
on FL in a software-defined networking (SDN) en-
vironment, and designed an SDN backbone network
equipped with a traffic regulator to ensure secure
data transmission between devices in the satellite-
IoT framework. To address the problem that mas-

sive satellites collaboratively train machine learning
models without sharing local datasets in some sce-
narios, Razmi et al. (2022) proposed an FL algo-
rithm based on FedAvg, which significantly improves
the test accuracy. To achieve robust and reliable
connectivity in satellite communications (Satcoms),
Kang et al. (2024) proposed a Satcom-based FL
model framework to continuously collect and aggre-
gate FL model parameters transmitted by terrestrial
mobile devices, optimizing system energy consump-
tion and performance. Aiming at cyberattacks on
Satcom systems, Salim et al. (2024) proposed a com-
prehensive threat detection model based on deep FL
(DFL), which uses a decentralized data-level prepro-
cessing (DLP) mechanism to significantly improve
accuracy. For the space—air-ground integration net-
work (SAGIN), Xu HT et al. (2023) proposed a
suitable collaborative FL architecture and an ab-
normal traffic detection method to solve the prob-
lem of artificial feature engineering. In view of the
highly dynamic SAGIN heterogeneous structure, to
adapt to unbalanced resources and varying environ-
ments, Tang et al. (2023) proposed a traffic offload-
ing method based on federated reinforcement learn-
ing (RL), which significantly reduces the packet drop
rate. User privacy and data security problems need
to be considered, but the efficient management of
resources is also an important problem to be solved.

For resource allocation problems that require
high-dimensional state and action spaces, traditional
optimization algorithms are difficult to solve effi-
ciently. As a data-driven intelligent algorithm with
powerful global search ability, deep reinforcement
learning (DRL) has attracted wide attention (Dai
et al., 2022; Jia et al., 2024; Wu et al., 2024) by letting
the agents interact with the environment iteratively
to learn the optimal policy. Aiming at the problems
of multi-slot and multi-user resource allocation in
downlink cellular networks, Zhao et al. (2024) consid-
ered the dynamics of the environment and co-channel
interference and proposed a Transformer-based DRL
algorithm that significantly improves the spectrum
efficiency and user fairness. To meet the quality of
service (QoS) requirements such as reliability, de-
lay, and transmission rate of the Internet of Con-
trollable Things, Xiao et al. (2023) proposed a re-
source allocation algorithm based on a decentralized
Markov chain, which significantly improves the en-
ergy efficiency. Aiming at the problem of maximizing
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sum-rate and fairness under the resource and power
constraints of BSs and device-to-device (D2D) pairs
in cellular networks, Vishnoi et al. (2023) proposed a
resource allocation algorithm based on centralized
DRL, which significantly alleviates co-channel in-
terference and improves the sum-rate and fairness.
Aiming at the energy efficiency requirements of cel-
lular networks, Tran et al. (2023) considered jointly
the sub-channel selection and power allocation prob-
lems and proposed a low-complexity resource alloca-
tion algorithm based on multi-agent DRL, which sig-
nificantly reduces signaling overhead and improves
energy efficiency.

Therefore, aiming at the sub-channel alloca-
tion and power allocation problems of uplinks and
downlinks in cellular networks, which require high-
dimensional state and action spaces, we consider the
use of a DRL algorithm to solve these problems and
maximize the weighted sum-rate of downlinks and
uplinks. At the same time, to ensure that BSs in dif-
ferent scenarios can obtain the allocation strategies
of other BSs and ensure their own privacy security,
we consider using FL to let each BS maintain a DRL
algorithm, and upload the gradient information of all
BSs to the LSECS for global aggregation at intervals.
After global aggregation, the LEO satellite sends the
new gradient information to each BS so that it can
update its own DRL algorithm. To summarize, the
main contributions of this paper are as follows:

1. A secure transmission method based on FL for
LSECS is proposed, and secure data transmission is
realized.

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

3. The simulation results show that the proposed
algorithm greatly enhances the weighted sum-rate
and achieves excellent convergence.

2 Preliminaries
2.1 Notations

We summarize the main notations used in this
paper as shown in Table 1.

Table 1 Main notations

Notation Description
I Number of base stations
K Number of downlink half-duplex users in each cell
J Number of uplink half-duplex users in each cell
S Number of sub-channels
E Number of episodes
T Number of slots

K Number of downlink half-duplex users in the ith
cell
iy Number of uplink half-duplex users in the it? cell
N, Weight of the downlink of user k in the ith cell
Xi,;  Weight of the uplink of user j in the ith cell
P?’k (n) Downlink transmission power from the base station
to user k in the i*" cell
pl'-fj (n) Uplink transmission power from user j to the base
station in the " cell
N; ,,  Gaussian noise variance of user k in the ith cell
N;, 0 Gaussian noise variance of the base station in the
ith cell
Si, ,  Set of sub-channels in the downlink of user k in
the 0 cell

S'. Set of sub-channels in the uplink of user j in the

i,
ith cell

Bi Self-interference cancellation coefficient in the it®
cell

h; 1, (n) Channel gain between the base station and user k
in the it cell

hi,j (n) Channel gain between user j and the base station
in the i*" cell

h; k,; (n) Channel gain between users j and k in the it! cell

P; ;  Maximum transmission power of user j in the i*®

cell
P; 0 Maximum transmission power of the base station

in the ith cell

2.2 DQN

DRL can train the agents to execute actions by
interacting with the environment to obtain optimal
rewards. As an improvement of classical Q-learning,
the DQN algorithm (Liao et al., 2023) combines the
advantages of Q-learning and neural networks (NNs)
and retains memories for learning the experience.
The process is described below:

At time step t, agent i observes the environ-
ment, obtains observations s; (¢), and then executes
the action a; (t) based on the state s; (). The envi-
ronment is affected by the executed action a; (t) and
subsequently transfers to the next state s; (t + 1).
Therefore, the reward r; (t) is calculated for the
agent to adjust the policy to evaluate the effect
A deep neural network (DNN) is
used as a function approximator. The input of the
DNN is the state s; (t) and the output is the action

of the action.
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value @Q; (s; (t),a;0;). The action a; (t) can be ob-
tained by a; (t) = maxQ; (s; (t),a;6;). At time step
t, the interaction 0% agent ¢ with the environment
forms the experience that is described by the tuple
(si (t),a;(t),r; (t),s; (t+ 1)), which is stored in the
experience replay.

Each agent uses two DNN structures, the
online network and target network, to enhance
the stability and convergence of learning, respec-
tively. Agent i randomly samples mini-batch
(si (1),a; (1) ,ri(s;(1),ai () ,s: (I+1)) from expe-
rience replay for training and updating the net-
work parameters ¢; and ;. Agent i uses the
online network to calculate the evaluated @ value
Qi (si(1+1),a;0;), using the target network to
calculate the target @Q value y; (1) = r; () +
ymaxq Q; (51- (I+1),ad; 91-_). Agent i performs gra-
dient descent using the mean squared error (MSE)
(Wang ZJ et al., 2024) between the evaluated @ val-
ues and the target ) value to update the online net-
work. Then, the target network is updated according
to 0, = 0; every Z steps.

3 System model

3.1 LSECS model

The LSECS model proposed in this paper is
shown in Fig. 1. On the ground side, we consider
a cellular network consisting of I cells, each of which
consists of an FD BS, J uplink half-duplex (UHD)
users, and K downlink half-duplex (DHD) users. We

consider cells with different scenarios, where users in

N No—-——N_

-—9%a -~
Air-based“'gi . LEO satellite network ,"'EZ
o N ————- No-
o~ MEC server

T ==

N
Ground-based "~ SR _
\\I;oial {raining Local training_ -~

Fig. 1 Low Earth orbit satellite edge computing sys-
tem model (MEC: mobile edge computing)

each cell have different rate levels. Each BS main-
tains a DRL model and uploads local model param-
eters to a LEO satellite at regular intervals.

On the LEO satellite side, we consider placing
MEC servers on LEO satellites to form the LSECS to
provide global aggregation of local model parameters
uploaded by the ground BSs. After global aggrega-
tion, each BS downloads the global model parame-
ters from the LEO satellite, which are used to update
the local model parameters.

3.2 Channel model

In this paper, we consider the COST-231 Hata
model as the radio wave propagation model:

PL = 46.3 + 33.91g f — 13.821g h, — a (hy)

1
+ (44.9—-6.551ghy,) lgd + C, @

where PL is the path loss (dB), f is the carrier fre-
quency (MHz), hy, is the effective antenna height of
the BS (m), hy is the effective antenna height of the
user (m), d is the distance between the BS and the
users (km), « (hy) is the effective height correction
factor (dB) of the user antenna, and C' is the cor-
rection factor, which is 3 dB for urban and 0 dB for
rural or suburban areas. « (hy) in the small city sce-
nario considered in this paper can be calculated as
follows:

a(hy) = (11lgf —0.7) hy — 1.561g f +0.8. (2)
3.3 Ground cell model

The communication and interference links in
each ground cell are shown in Fig. 2. A single cell
consists of a BS containing imperfect FD and mul-
tiple half-duplex (HD) users. An HD user can be a
UHD user or a DHD user. Due to the FD charac-
teristic of the network, the BS suffers from its own
interference, and the UHD users and DHD users on
the same sub-channels also interfere with each other.

In each ground cell, we consider that the chan-
nels are reciprocal and that the uplink and downlink
channels’ gains are the same. This paper consid-
ers that the BS knows all the channel gain, noise
power, SI cancellation factor, and downlink and up-
link weights assigned to all users. In each ground cell,
we assume an orthogonal frequency division multiple
access (OFDMA) system with S sub-channels. We
consider that all sub-carriers are perfectly synchro-
nized (Fu et al., 2023) and that the BS operates in
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Self-interference

DHD user K

DHD user k

UHD user J

Fig. 2 Ground cell model (UHD: uplink half-duplex;
DHD: downlink half-duplex; FD: full-duplex; BS:
base station)

an FD mode. In each time slot, the BS allocates the
sub-channel to the downlink or uplink of the user
and determines the relevant transmission power. We
consider the BS as an imperfect FD node with SI
(Sultan and Shamseldeen, 2024). We define an SI
cancellation coefficient of the i*" BS, expressed by
0 < B; <1, where 8; = 0 means that the SI is com-
pletely cancelled out and 3; = 1 means that there is
no SI cancellation.

4 Problem statements

The optimization objective of this paper is to
maximize the weighted sum-rate of the DHD users
and UHD users under the constraints of the total
power of the BS and the transmission power of each
user. Let n;, and A; ; represent the preferences for
the downlink achievable rate of user k£ and the uplink
achievable rate of user j in the i*" cell, respectively.
The system can dynamically adjust parameters 7; i
and ); ; according to the users’ requirements on the
uplink and downlink achievable rates.

We define the downlink weighted sum-rate in
the i*? cell as

Rd
hi,k(”)P?,k(”)

3)
where j, represents the UHD user who selects sub-

channel n for uplink data transmission.

We define the uplink weighted sum-rate in the

b cell as
o hij (n) pi; (n)
R} = Aijlogy | 14+ — =) ,
2 2N ( Neo & Buply, ()
i,

(4)
where k,, represents the DHD user who selects sub-
channel n for downlink data transmission.

Let P;o and P;; be the maximum available
transmission power of the BS and user j in the i*®
cell, respectively. The proposed optimization prob-
lem P1 can be expressed as

P1: maximize (RS + RY), (5)

a .
P Dy ST 0S5 Vi k.

Y Y b

< P’L ,09 V’L, (6)

k= 1n€5?’
Z pz,] — 1]7 Vi?j? (7)
nGSﬂ
P}y (n), Py (n) >0, Vi, jk,n, (8)
Uy SR Ui, St < {1,2,...,8), Vi, (9)
St,nst =2,8, NS, =@, Vi,Vv#z, (10)
SEnSh =28 NS =2, Vijk (11)

Constraints (6) and (7) represent the power con-
straints of the BS and users, respectively. Con-
Con-
straint (9) indicates that the system does not exceed
S sub-channels. Constraint (10) shows that one sub-

straint (8) shows that the power is positive.

channel cannot be assigned to two different users at

the same time. Constraint (11) indicates the HD

feature of HD users.

5 Proposed method

The specific process of the proposed method is
shown in Algorithm 1. In this paper, the state, ac-
tion, and reward are defined as follows:

1. State: To better describe the main charac-
teristics of the cellular network, we define the state
space of BS agent ¢ as follows:

s; = {hik (n)  hij(n), hir;(n)},

2. Action: BS agent i performs actions, includ-

Vi k,n. (12)

ing allocating BS and user transmission power and
setting of allocated sub-channels, as follows:

_{pzk pz] zk? ]} Vj7k7n' (13)
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Algorithm 1 Federated DQN-based computation
offloading
1: Set the federated global aggregation period Ag, total

number of training episodes F, exploration parame-
ter €, and network parameters 6 = {Gi, 0;}
2: Initialize the experience replay

3: Vi € {1,2,...,I}, initiate the online network 6; and
the target network 6; = 6;

4: for each episode e =1,2,...,F do

5: Obtain the initial observation sg

6: foreachslott=1,2,...,7 do

7: for each BSi=1,2,...,1 do

8: Choose a random probability p

9: if p < e then

10: Randomly select an action a; (t)

11: else

12: a; (t) = max Qi (si (t),a;6;)

13: end if

14: Perform the selected action a; (t), calculate
the reward r; (t), and obtain the next state
Si (t —+ 1)

15: Store (s;i(t), ai(t), ri(t), si(t+1)) into the
experience replay

16: Randomly sample mini-batch (s;(1), ai(l),
ri(si(1), ai(l)), si(l + 1)) from the experience
replay

17: Set target @ value (1) = m() +
ymax, Q;(si(l +1),a’;0;)

18: Perform gradient descent on the loss function
F(8) — E(Qi(s:(1), ai(1); 6:) — 5:(1))?] o up-
date the online network

19: Every Z steps, the target network is updated

according to 8, = 0;

20: end for

21:  end for

22:  if e mod Az = 0 then

23: The BSs upload the local model parameters to
the LEO satellite for global aggregation

24: The LEO satellite sends the global model pa-
rameters to each BS for training and updating

25:  end if

26: end for

3. Reward: To maximize the weighted sum-rate
of the i*" cell, we define the reward as

r; = Ry + RY. (14)

The workflow of the proposed federated DQN-
based computation offloading algorithm is shown in
Fig. 3. The LEO satellite maintains a global DRL
model and each BS builds its own local DRL model
using the same network structure. The structure
of the DQN model is shown in Fig. 3. Each BS

agent has two NNs, namely the online network and
the target network. The specific DQN process was
introduced in Section 2.2.

The local update of the i*? agent is implemented
The global
model is obtained by weighted averaging of the pa-
rameters of all the local models. The minimization
of the global loss function F; () is as follows:

by minimizing the loss function F (9).

I
min o F () = Y 2 F; (6), (15)

< ®

where 6 represents network parameters 6 = {01-7 0; },
p; is the number of samples at BS ¢, and p is the total
number of samples at all BSs.

Because the observed state in each cell cannot
fully characterize the entire cellular network envi-
ronment, FL provides an effective way of improving
model performance by using decentralized local DRL
models (El Houda et al., 2024). In the e'! iteration,
each BS agent interacts with a LEO satellite acting
as the model aggregator as follows:

1. Local update: Agent i
the latest global model parameters f(e —1) =
{6; (e —1),6; (e — 1)} from the LEO satellite to ob-
tain the local model parameters. Agent i then calcu-

first receives

lates the gradient based on experience and updates
the local model parameters using Eq. (16):

0i(e) = 0(e—1) —nVE; (0 (e)). (16)

2. Upload: After the local update is completed,
the i BS sends 6; (e) 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:

I
0c)=> " 20: (). (17)
i1 P

We think that the process of global aggregation

can be completed in one time slot. Although the mo-
bility of the LEO satellites may impact the system
performance, by observing the formula of free space
loss L, = 32.44201gd + 201g f, where d is the dis-
tance between the LEO satellite and the ground cells
and f is the communication frequency, it can be seen
that the logarithm base 10 should be taken for the
distance between the LEO satellite and the ground
cells. Therefore, change in d caused by the mobil-
ity of the LEO satellite in one time slot has little
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Fig. 3 Proposed federated deep Q-network (DQN) based computation offloading architecture

influence on the free space loss, the channel gain of
the LEO satellite—ground link, and the system per-
formance. Moreover, we focus on maximizing the
weighted sum-rate of the DHD and UHD users un-
der the constraints of the total power of the BS and
the transmission power of each user. It can be seen
from Eqgs. (3) and (4) that the weighted sum-rate of
the system is independent of the channel gain of the
LEO satellite—ground link. Therefore, we neglect the
mobility of LEO satellites in our work.

6 Simulation results and analysis

In this section, we evaluate the proposed feder-
ated DQN based computation offloading algorithm
in the cellular network with imperfect FD BSs and
HD users. We summarize the simulation parameters

used in this paper as shown in Table 2.

The channel gain remained constant in each
time slot and varied independently between time
slots. The users in different cells had different mo-
bility levels. Different users in the same cell had
different mobility speeds.

In this paper, all models were implemented in
PyTorch and trained using the Adam optimizer. For

the NNs used in this paper, the number of inputs was

Table 2 Simulation parameters

Parameter Value
I 3
K 10
J 10
S 64
E 24
T 500
P; o 43 dBm
P; ; 23 dBm
Mik 0.5
Ai g 0.5
Bi 10—
Communication frequency, f 2 GHz
Effective antenna height of the base station, hy, 30 m
Effective antenna height of the user, hy 1.5 m
Exploration parameter, € 0.9
Batch size 500
Cell radius 1 km
Total bandwidth 10 MHz
Bandwidth of each sub-channel 150 kHz
Noise density —-170 dBm/Hz

the state dimension, the number of outputs was the
action dimension, the network had two hidden layers
with 128 and 64 neurons, respectively, and the acti-
vation function was the ReLLU activation function.
Fig. 4 depicts the loss function for each agent
as the number of training steps increased. As shown
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in Fig. 4, the loss function of each agent decreased
quickly and stabilized toward 0, and can achieve con-
vergence in very few training steps.

— Agent 1
54 — Agent 2
— Agent 3

Loss function
w IN

N

150 200 250 300 350 400
Number of training steps

0 50 100

Fig. 4 Evaluated loss function for each agent over dif-
ferent numbers of training steps (References to color
refer to the online version of this figure)

Fig. 5 depicts the weighted sum-rate of each
agent in the cellular network for different numbers
of episodes. As can be seen from Fig. 5, the weighted
sum-rate of each agent increased as the number of
episodes increased and finally stabilized, which indi-
cates that each agent had learned the effective com-
putation offloading strategy during the interaction
with the environment. From Algorithm 1, it can be
seen that all agents train the NNs to learn the offload-
ing strategies in each slot, and an episode includes
multiple slots. Therefore, each agent can achieve
convergence in very few training episodes.
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Fig. 5 Evaluated weighted sum-rate for each agent
over different numbers of episodes (References to
color refer to the online version of this figure)

We define the sum of the weighted sum-rate of
all agents as the total weighted sum-rate. Fig. 6

depicts the total weighted sum-rate under different
aggregation frequencies as the number of episodes
increased. Fig. 6 shows that our proposed algorithm
achieved excellent convergence performance under
different aggregation frequencies. It can be seen from
Fig. 6 that the obtained total weighted sum-rate was
optimal when the aggregation frequency was 2 in the
scenario of this study under different contrasting ag-
gregation frequencies.
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Fig. 6 Evaluated total weighted sum-rate for differ-
ent aggregation frequencies over different numbers of
episodes (References to color refer to the online ver-
sion of this figure)

Fig. 7 depicts the total weighted sum-rate at dif-
ferent learning rates (Ir) as the number of episodes
increased. Under different learning rates, our pro-
posed algorithm achieved rapid convergence. When
the learning rate was set to le-1, our proposed algo-
rithm obtained the optimal total weighted sum-rate
under different contrasting learning rates. As seen
in Fig. 7, when the learning rate was set to le-4,
although the final performance level was achieved
in the first episode, the system did not converge
at that time. This is because a lower learning rate
will cause the updating of NN parameters to be too
conservative and slow to jump out of the local op-
tima. Therefore, when the learning rate was set to
le-4, the system showed poor performance but fol-
lowed a different learning trend from the three other
lines.

To verify the efficiency of the proposed algo-
rithm, we compared the following algorithms by sim-
ulation: federated multi-agent RL (FMARL) (Xu X
et al., 2024), distributed multi-agent deep Q-learning
(DMADQL) algorithm (Lim and Vu, 2023), and a
random algorithm. In the FMARL algorithm, each
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Fig. 7 Evaluated total weighted sum-rate for differ-
ent learning rates over different numbers of episodes
(References to color refer to the online version of this
figure)

agent learned independently through the FL algo-
rithm during the training phase and operated au-
tonomously through the stochastic gradient descent
(SGD) algorithm during the execution phase. In
the DMADQL algorithm, each agent used a private
DQN that exploited only local information with-
out information exchange with BSs and/or between
agents. The random algorithm randomly generated
sub-channel selection strategies and power allocation
schemes.

Fig. 8 depicts the total weighted sum-rate of dif-
ferent algorithms for different numbers of users. As
shown in Fig. 8, the greater the number of users, the
higher the total weighted sum-rate, because the to-
tal weighted sum-rate is proportional to the number
of users. Among the four algorithms, the proposed
algorithm obtained the optimal total weighted sum-
rate, which showed that the proposed algorithm can
achieve efficient resource management with different
numbers of users in the system.

Fig. 9 depicts the total weighted sum-rate of
different algorithms for different numbers of sub-
carriers per user. It can be seen from Fig. 9 that a
higher number of sub-carriers per user led to a higher
total weighted sum-rate, which is obviously reason-
able. The total weighted sum-rate was proportional
to the number of total sub-carriers. Among the four
algorithms, our proposed algorithm obtained the op-
timal total weighted sum-rate, indicating that the
proposed algorithm learned excellent resource allo-
cation strategies in the process of interacting with
the environment, and can achieve efficient computa-
tion offloading.
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Fig. 8 Evaluated total weighted sum-rate of different
algorithms for different numbers of users (References
to color refer to the online version of this figure)
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Fig. 9 Evaluated total weighted sum-rate of different
algorithms for different numbers of sub-carriers per
user (References to color refer to the online version
of this figure)

By comparing the results of different algorithms,
it can be seen that our proposed algorithm sig-
nificantly improved the total weighted sum-rate.
Compared with the FMARL algorithm, the proposed
federated DQN based computation offloading algo-
rithm was more suitable for processing the problem
of discrete user sub-carrier selection. Therefore, the
total weighted sum-rate of the FMARL algorithm
was lower than that of our proposed algorithm. The
DMADQL algorithm relied only on the data inside
each cell for training, and cannot obtain the param-
eters of other BS agents, so the total weighted sum-
rate was lower than that of our proposed algorithm.
The random algorithm randomly generated the re-
source allocation schemes and cannot interact with
the environment to learn the corresponding strate-
gies, so the total weighted sum-rate was lower than
that of other algorithms.
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To illustrate the scalability and credibility of the
simulation results, we depict the total weighted sum-
rate for different numbers of agents as the number of
episodes increased. As can be seen from Fig. 10, the
proposed algorithm had good convergence perfor-
mance and significantly improved the total weighted
sum-rate with different numbers of agents, indicat-
ing that cellular networks of different sizes can learn
efficient computation offloading strategies.
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Fig. 10 Evaluated total weighted sum-rate for differ-
ent numbers of base stations over different numbers
of episodes (References to color refer to the online
version of this figure)

7 Conclusions

In this paper, the LSECS model was estab-
lished, and then the weighted sum-rate maximiza-
tion problem was modeled. Aiming at the problems
of sub-channel allocation and power allocation, we
proposed a computation offloading algorithm based
on federated DQN. Simulation results showed that
the proposed algorithm can significantly improve the
weighted sum-rate with excellent convergence.
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