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Horpr, gD A Dy M3, Vo D RHINES D,
17 BR B RH B

(3) BEIRER A N7/ R I B Re Ak Al (0 & 1
2 S i) e 38 4 B RL I 5 D XU, AR SCHIN T BRFR R
B ERARA ARG I G B, R Rk 3t
IR AL S K. 1E A SR O AE e
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Befhboe %% Hig FID3QN-G AN 7% 56 A )1 25
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Bl LB mp T SO E. Bk, D
ot WSO B ) AT 8 B AR 100 2 A R 48 I 2 s 47 Bk
A, KA T RS I 14 R A s 48
W0, £xh

pe! 1
0, =5 2:1 05,
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031,v+1 = Q_UG (18)
4.3 gL iE

WMEIELR, FrgBN g BT Bk,

BiX 1 ETGANHEZEREEENT Tenhit BN
AR RREREE

(1) FEAAPE REAAIEH A A2 A 26 Gy MH R 2% Dy 5
(2) FAAPE REAHIIEI B AR IR Gy, A 256 ] it

My, BT ANEN;
(3) Ttrain < 0;
(4) for Episode v =1,2,-+,V do:
(5) EEN
(6) forTSt=1,2,--,T do:
(7) for APEEEMR b=1,2,-, B do:
(8) KRR 7, ~U (0,1), SREUCAIBIIN 0p ¢, R i
N2 Gy ;
0  AEREERT{GY, (00 ) FRIBIERIS 1
GbA,z,ab),, (Ob,t» Tb,t)
(10) HAE R (10) T RS EHEMEE S Qb 1 (01,1, bt ) ;
(11) PATEEa) ,  argmaxQy,¢ (06,1, ab,t) s
(12) SREVR G iy r g AR — I BRI 0p 441 5
(13) EAFNGE B {01, Qv 1, Ob 141, T } EAHILL R
WMy, s
(14)  end for;
(15)  if Trein > qupdate,
(16) for APFEER b= 1,2, B do:
(17) i AL Feh H {ob,k,ab’k,ob,mﬂ,rk}i{:l ~My, KFE
uﬁ%?é{Tbak}f:1$u{€bvk}§:1;
(18) AR A (14) - (16) TH 34 5k o8 e T D FFARAE S0
9£t+1 — th - WDVGJ,,% TEHPLS Dy, 5
(19) HHQu k (Ob,k,ab,k)ﬂéb,k (ob,k,ab,k) s
(20) MRAER(12)-RA3) HHHBR R BT, EHAL G,
%DIW%C%:
(21) *E?Efﬁ@,fwl +— Ost - nGVQJEt TR LM
Gp> *Eﬁiﬁégt — GEtégt — 95&%&5%%%
Gps
(22) end for;
(23)  end if;
(24) end for;
(25)

¥ nG

R4 BHOC, s
(26) TLrain — Ttrain +1;
(27) end for;
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FERAIBRN, APEREARD € B FEIRAG A b Wl
op JRNEMEFE 7, J5, THRAS BPRASIENE 2R £
Qbt (0bt, 1) J?U\qjlz"éu”jﬂ%ﬁﬁiﬂ{’ﬁag‘ﬁﬂﬁo ZJG,
B RERAT BB 5l e, A1 — I BRI 0, 441 FF
TEAE IR 2. (0b1y @bty Op 141, 7¢) T A HI 22 55 [H] T
IRV TR BT G N Rl 7 <0 7 1 B o+
Tuedate f5, - 28 TG SR o

ENGITER, APRREIRD € BARTRYE WA HE
28 55 B JHO M, BE HL A B N A 5, 15 3
Dy i, ({GXk (0, ks Tb,k)}) F1 Dy 1. ({G'Xk (op,k, Tb,k)}) ,
FEARE 20 (14) T B4 RAB S5, I SEHT HI 3 X # Dy o
ZE, MM, BBV BN R S, 15 3
Dy i ({Gg\,/k (Ob,lw"'b,k)}) s R (10)-=(11) Tt
SR BAE B PR AL Qo ke (00, @ i) AT H FRARZSZN
TEMME R Qo ke (0b ks ap ) o SRIG, TG, NS K
{8 J0, FRIE A (13) B Gy M4 . FEG, %I R4
THJE, "G, NESHAEG,NE. &5, £
& A M INGRGE R G, AT &, IR
FRERT T — SR RN 2% 008 .
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WFEADS . MU NDS , AR 4L
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(2)H 590 X 45 o BB ) 0 2% DNy 3 4 e 3 5 14
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P NAEE Y DP W HHR A 2% FE T DR OR
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Federated Slicing Resource Management in Edge Computing Networks

based on GAN-assisted Multi-Agent Reinforcement Learning

LIN Yan XIA Kaiyuan ZHANG Yijin
(School of Electronic and Optical Engineering, Nanjing University of Science and Technology,

Nanging 210094, China)

Abstract:
Objective To meet the differentiated service requirements of users in dynamic Edge Computing (EC) network
scenarios, network slicing technology has become a crucial enabling approach for EC networks to offer
differentiated edge services. It facilitates flexible allocation and customized management of communication and
computation resources by dividing network resources into multiple independent sub-slices. However, traditional
slicing resource management methods cannot handle the time-varying wireless channel conditions and the
randomness of service arrivals in EC networks. Additionally, existing intelligent slicing resource management
schemes based on deep reinforcement learning face challenges, including the need for extensive information
sharing, privacy leakage, and unstable training convergence. To address these challenges, the integration of
Multi-Agent Reinforcement Learning (MARL) and Federated Learning (FL) allows for experience sharing
among agents while protecting users’ privacy. Furthermore, Generative Adversarial Network (GAN) is used to
generate state-action value distributions, improving the ability of traditional MARL methods to learn state-
value information. By modeling the joint bandwidth and computing slicing resource management optimization
problem as a Decentralized Partially Observable Markov Decision Process (Dec-POMDP), collaborative
decision-making for slicing resource management is achieved by sharing only the generator network parameters
of each agent through the combination of FL and GAN. This study provides a federated collaborative decision-
making framework for addressing the slicing resource management problem in EC scenarios and offers
theoretical support for enhancing the utilization efficiency of edge slicing resources while preserving users’
privacy.

Methods The core concept of the proposed federated slicing resource management scheme is to first employ
both GAN technology and the D3QN algorithm for local training within a multi-agent framework. The FL
architecture is then used to share the generator network parameters of each agent, facilitating collaborative
decision-making for joint bandwidth and computing slicing resource management. In this approach, each Access
Point (AP) agent collects data on the total number of tasks to be transmitted and the number of Central
Processing Unit (CPU) cycles required for computing tasks in each associated slice as local observations during
each training time slot. Each agent subsequently selects the optimal local bandwidth and computing resource
management action, obtaining the system reward, which consists of the average service waiting delay and

service satisfaction rate, as well as the observation for the next time slot to train the local network. During the
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training process, each AP agent maintains its own main generator network, target generator network, and
discriminator network. In each training episode, the D3QN algorithm is applied to decompose the state-action
values, and GAN is used to perform multi-modal learning of the state value distribution, thus completing the
local training. After each training episode, the AP agents upload their main generator network parameters for
federated aggregation and receive the global main generator network parameters for the next training episode.
Results and Discussions By employing the D3QN algorithm and integrating the advantages of GAN within
the MARL framework, alongside leveraging FL to share learning experiences among agents while protecting
users’ privacy, the proposed scheme reduces the long-term service waiting delay and improves the long-term
average service satisfaction rate. Simulation results demonstrate that the proposed scheme achieves the highest
average cumulative reward after approximately 500 episodes (Fig. 3), with a notable improvement of at least
10% in convergence performance compared to the baselines. Furthermore, the scheme strikes a better balance
between average service waiting delay and average service satisfaction rate (Fig. 4). Additionally, it delivers
superior performance in terms of user average service satisfaction rate, with at least an 8% improvement under
varying user numbers (Fig. 5), highlighting its effectiveness in resource management under different task loads.
Moreover, the proposed scheme reduces the average service waiting delay by at least 28% (Fig. 6) under
varying numbers of agents.

Conclusions This paper investigates the joint bandwidth and computing slicing resource management problem
in dynamic, unknown EC network scenarios and proposes a federated slicing resource management scheme
based on GAN-assisted MARL. The proposed scheme enhances the agents’ ability to learn state-value
information and promotes collaborative learning by sharing the training network parameters of agents, which
ultimately reduces long-term service waiting delays and improves long-term average service satisfaction rates,
while protecting users’ privacy. Simulation results show that: (1) The cumulative reward convergence
performance of the proposed scheme improves by at least 10% compared to the baselines; (2) The average
service satisfaction rate of the proposed scheme is more than 8% higher than that of the baselines under varying
user numbers; (3) The average service waiting delay of the proposed scheme is reduced by at least 28%
compared to the baselines under varying agent numbers. However, this study only considers ideal, static user
scenarios and interference-free communication conditions. Future work should incorporate more real-world
dynamics, such as time-varying user mobility and complex multi-user interference.

Key words: Edge Computing (EC); Network Slicing; Multi-Agent Reinforcement Learning (MARL); Federated
Learning (FL); Generative Adversarial Network (GAN)
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