wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFRFHACHERYRERBHERBEIGE
TRZERR, BB, SR, RIE FAiks S0

5IAEX

®ERE, BN, SEW, RIE BiEE 8RA. ETRFRACHNEARSERENEAFEIZEN]. it
RS, 2024, 51(6): 391-398.

XU Yicheng, DAl Chaofan, MA Wubin, WU Yahui, ZHOU Haohao, LU Chenyang. Particle Swarm
Optimization-based Federated Learning Method for Heterogeneous Data [J]. Computer Science, 2024,

51(6): 391-398.

BN EEE (SERXINEE IE SR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETHEZITERENKAZIREEETE

Federated Learning Client Selection Scheme Based on Time-varying Computing Resources

HENRSE, 2024, 51(6): 354-363. https://doi.org/10.11896/jsjkx.230400183

EFZBRAREETNENRRIERRELE
Active Membership Inference Attack Method Based on Multiple Redundant Neurons
IHENEE, 2024, 51(4): 373-380. https://doi.org/10.11896/jsjkx.230100024

TN B RS IBF I 4R
Survey of UAV-assisted Energy-Efficient Edge Federated Learning

HEMREEE, 2024, 51(4): 270-279. https://doi.org/10.11896/jsjkx.231100084

ETESRMHAOBEXRKSBEEELRD

Census Associated Multiple Attributes Data Release Based on Differential Privacy

HEMREIEE, 2024, 51(3): 368-377. https://doi.org/10.11896/jsjkx.230100013

E:,FHILJ\HDTZE’J I:ﬂ&%thbFﬁﬁt
Blockchain Coin Mixing Scheme Based on Homomorphic Encryption

HEMREEE, 2024, 51(3): 335-339. https://doi.org/10.11896/jsjkx.230100059


https://www.jsjkx.com/CN/10.11896/jsjkx.230400182
https://www.jsjkx.com/EN/10.11896/jsjkx.230400182
https://www.jsjkx.com/CN/10.11896/jsjkx.230400183
https://doi.org/10.11896/jsjkx.230400183
https://www.jsjkx.com/CN/10.11896/jsjkx.230100024
https://doi.org/10.11896/jsjkx.230100024
https://www.jsjkx.com/CN/10.11896/jsjkx.231100084
https://doi.org/10.11896/jsjkx.231100084
https://www.jsjkx.com/CN/10.11896/jsjkx.230100013
https://doi.org/10.11896/jsjkx.230100013
https://www.jsjkx.com/CN/10.11896/jsjkx.230100059
https://doi.org/10.11896/jsjkx.230100059

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 230400182

St A 2

ETHFEANMERHERANEKRAFEITE

#ZEE ®HENL IDRW RIE BEE ERKRME
EpREASEERATIREALKRE K 410073
(xuyicheng18@nudt. edu. cn)

H E BRAFIZ-—AHXODORRREPOIHAMNEFIER AR CH S ARG ERKRE P B RGEHBEHFHT
FRASHFAMBERT, BEPafAARARKBERHRTEANE REE ALK EEZM SR BTRE N AEE P BB L
ARy, EREBRT  FEREOAREH FROBRERRS DHPVE A &K P 36T IA 09 3 I 5 B 5 A 7 A 85 9 4, 3 &
PEHNATEFFIGERA, A LRXFE RBET A TETFTHALG B GRBEFMORLT T F % FedPSG, ¥ %&
PR S BB BB X GBRUABE LT AN B  EERINGTRERT IS E P maR S5 EEREY S8, ™%
AR ABAZ R A B BY L 42 8 T — AP AL AL Bl 2 R ek AR R IR S 55 B R AT A By AR A i AT R 3k AR %, 38 Ad 28 AR AR B 5T My 18] AR AT BR AT
F I Hom kit — TR AL, BPUR F 89 38 F M IR3E, £ MNIST, FashionMNIST 5 CIFAR-10 # 3 % L #t 47 52 &,
SR AW FedPSG LB A AR H A ERRHEF MR T EHE, SF LIiE T AR B 4% Kok fb A 2k & P o %7
A,

KER KA FI ;B TFTRELE; B RN HEFM; BAEY

FESES TP301

Particle Swarm Optimization-based Federated Learning Method for Heterogeneous Data

XU Yicheng,DAI Chaofan, MA Wubin, WU Yahui,ZHOU Haohao and LU Chenyang

National Key Laboratory of Information Systems Engineering, National University of Defense Technology,Changsha 410073, China

Abstract Federated learning is an emerging privacy-preserving distributed machine learning framework, whose core feature is the
ability to implement distributed machine learning without access to the client’s raw data. The client uses local data for model
training and then uploads the model parameters to the server for aggregation,thus ensuring that the client data is always protec-
ted. In this process, there are problems of high communication costs due to frequent parameter transfers and non-independent
homogeneous heterogeneous data owned by each client.both of which severely limit the application of federated learning. To ad-
dress these problems,FedPSG,a federated learning method based on particle swarm optimization for data heterogeneity,is pro-
posed to reduce the communication cost by changing the form of data transferred from the client to the server from model para-
meters to model scores,so that only a small number of clients need to upload model parameters to the server in each training
round. Meanwhile,a model retraining strategy is proposed to use the server data to train the global model for a second iteration,
further improving the model performance by mitigating the impact of data heterogeneity issues on federated learning. Simulating
different data heterogeneous environments, experiments are conducted on MNIST, FashionMNIST and CIFAR-10 datasets. The
results show that FedPSG can effectively improve the accuracy of the model in different data heterogeneous environments, and
verify that the model retraining strategy can effectively solve the client-side data heterogeneity problem.

Keywords Federated learning,Particle swarm algorithm, Communication cost,Data heterogeneity, Privacy protection
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Fig. 3 Accuracy of FedPSG,FedShare,FedAvg and FedPS in CIFAR-10, MNIST and FashionMNIST under three heterogeneous
conditions of client data
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Table 1 Accuracy of FedPSG,FedShare,FedAvg and FedPS in MNIST,CIFAR-10 and FashionMNIST after 100 rounds
of training under three heterogeneous conditions of client data
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Table 2 Variation of FedPSG accuracy with 7 after 100 rounds of training on MNIST,CIFAR-10 and FashionMNIST datasets under
three heterogeneous conditions of client data
%)
MNIST CIFAR-10 FashionMNIST
11D Non-1ID(1) Non-1ID(2) 11D Non-1ID(1) Non-1ID(2) 11D Non-1ID(1) Non-1ID(2)
7=0.20 97.33 97.25 97.54 51.16 50.01 49.76 85.71 85.26 85.55
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