% 45 5% 5 4 HEMPE XA FTER(BARFER) Vol. 45 No. 5

2025 # 10 A Journal of Nanjing University of Posts and Telecommunications ( Natural Science Edition ) Oct. 2025

doi:10.14132/j.cnki.1673-5439.2025.05.013

[ [2 Non-IID 7 =B E SN MEL KB FEI &

T, PR

(P 3t I LA 27 90 I 23 B, Y15 1 B¢ 210003)

HE . & & P 3% %% 3% 38 M 5 6 4 A7 (Non-Independent and Identically Distributed, Non-11D ) # 3% & & ,
AT ME P mBEEMEABLRE SRR E,RE T — M E # Non-1ID 37 & 8y 8 15 & 20k
Bk 6 2 X Hik o Bk, A 7 A R ATBLE P o 2 6] oy g iR R A M B, B B AR E AR P
SR ER R MR EAp ERESREEMNG MBS F I E ., h3#— PR
WA T4 o R AL, i AR AR A R A PO RS BT R K E £ R P R A
G ARBEIANEANE, FETHUEGEELE P HE AL R, BBERERREGHNEF
WMHATERE, ARG T ARBLE PG RS BN R ACAY  REBREREF LR
Wst, &g, FRLIREREN AR THMBR ¥ E ok, rid H ok s v RIE s vE 7 F 0 AT
T, BT R ERBHED ED 50%,

KPR MENEKAF N RE R EUERE ML QA

RESHES TP393  X#FREM:A  XEHS:1673-5439(2025)05-0111-08

Communication-efficient personalized federated learning for
Non-IID scenarios
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(School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: In scenarios where client data are non-independent and identically distributed (Non-1ID) ,
this paper proposes a communication-efficient personalized federated learning algorithm based on Non-
IID data to provide personalized and efficient communication solutions for clients. Specifically, to lever-
age the knowledge among similar clients and retain personalized information of local clients, we develop
a personalized federated learning algorithm that combines hierarchical modeling with clustering ideas.
Furthermore, to address the issue of high communication overhead, we design a selective model aggrega-
tion strategy. The central server evaluates the similarity between the client data distribution and the
global data distribution using maximum mean discrepancy. Based on this similarity, the server computes
a priority score for each client and selects those with higher scores for communication. This strategy effec-
tively reduces the cumulative communication rounds between clients and the central server, thereby im-
proving communication efficiency and accelerating model convergence. Experimental results demonstrate

that compared with existing representative works, the proposed algorithm reduces the cumulative commu-
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nication rounds by over 50% while maintaining high accuracy.

Keywords: personalized federated learning; clustering; selective aggregation; non-independent and

identically distributed
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