1 S F o Vol. 53 No.l
20254E1 H ACTA ELECTRONICA SINICA Jan. 2025

R [ 2R RE

A F T R R
(1. FEFFRZFHENLEBE , Kt 30035032, BIFF A2 W46 25 [l 22 4224 5 , Kot 300350;
3. Bl SR R R L R HF ME AT E , K 300350)

WOE: MCENGOTENRE RS SRR I 2R R TR S T G A AR I B AR BE . TR ST
HRFR A% 2] PR HLZE R A B AADRAP BE 7 1M1 52 B2 AR ATV A V2 B8 B . FESC R b, 56027 ~F T I 2 DR K0 S v A
TSR 32 PR S 8O YN ZRB0R AR AR TS AN BAR 0 [m) {5 . AR SC32 AR ZE MBI Y 8 & L 3L —FloR iR i 1 2
TER S AR ) 13 2R 8 2 2) 3532 (efficient Federated learning with lightweight Self Knowledge Distillation , FedSKD ) , ZAEEE
SR ZE R AR iU oz AR P (04 PR AL, AV AR AR iR A (14 3 0145 T RO 1 i v Ak e o, IRl ad IR 55 o 2 8k
RO WA AT (172 A0 BE F7 55 B 31 42 JR R Y, DI 412 55 4 R A58 0 o it AL SIGH B . LR sl el sh S B AL, i — 45
P R 4 R R A R R AN ZRR0R . SCIR 2% R R W, Fed SKD 336 78 3R b 7 1] 40 A5 B R 20 5 s R, ZEFRAR I 2R A C
AR TR, B v TR A M 2280 . 7 CIFAR10/100 #da 46 B, 5 e i L4551 FedMLD SE3E AR LE , FedSKD 55
IETEMER A LIS T 145 29% 3T IR T P15 569% Il 240N

KB W] AR AR LR S A s IR ) s MG

ELWB: KANAHE KL T (No.18ZXZNGX00200)

FESYES: TP391 XERFRIREG: A XEHS: 0372-2112(2025)01-0259-11
L F %3 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20240325

Low-Cost Federated Learning Based on Lightweight Self-Distillation

LIU Song", LUO Yang-yu™, XU Jia-pei"’, ZHANG Jian-zhong™*"
(1. College of Computer Science, Nankai University, Tianjin 300350, China;
2. College of Cyber Science, Nankai University, Tianjin 300350, China;
3. Ministry of Education Key Laboratory of Data and Intelligent System Security, Tianjin 300350, China)

Abstract: With the development of edge computing, the training of deep learning models increasingly relies on the
privacy data generated by a large number of edge devices. In this context, federated learning has drawn extensive attention
from both academia and industry due to its prominent privacy protection capabilities. However, in practice, federated learn-
ing faces challenges such as inefficient training and suboptimal model quality due to data heterogeneity and limited compu-
tational resources. Inspired by the concept of knowledge distillation, this paper proposes an efficient federated learning algo-
rithm, named efficient federated learning with lightweight self knowledge distillation (FedSKD). This algorithm utilizes
lightweight self-distillation techniques to extract intrinsic knowledge during the training process, alleviating local model
overfitting and enhancing its generalization capability. Furthermore, it aggregates the generalization capability of local mod-
els to a global model through server parameter aggregation, thereby improving the quality and convergence speed of the
global model. Additionally, by employing a dynamic synchronization mechanism, it further enhances the accuracy and train-
ing efficiency of the global model. Experimental results demonstrate that FedSKD algorithm, under non-identically distribut-
ed data partition strategies, enhances model accuracy and training efficiency while reducing computational costs. On the CI-
FAR10/100, compared to the latest baseline FedMLD, the FedSKD achieved an average 2% improvement in accuracy and
reduced the training cost by an average of 56%.
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