wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

EREIFIRBMRA
A HI15

SIAAX
I, 315, BEEIEIFEMMKI]. HENRE, 2023, 50(11A): 221000243-5.
LI Renjie, YAN Qiao. Inter-cluster Optimization for Cluster Federated Learning[J]. Computer Science,

2023, 50(11A): 221000243-5.

HBUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
—HZIDPRR DR

Study on Decomposition of Two-dimensional Polygonal Objects

HENRIE, 2023, 50(11A): 230300237-5. https://doi.org/10.11896/jsjkx.230300237

—HE R SRS ET SRR E IRFARIF T

Federated Learning Privacy-preserving Approach for Multimodal Medical Data

HENRIE, 2023, 50(11A): 230800021-8. https://doi.org/10.11896/jsjkx.230800021

—FETFCutMixAYIEREFRF I HESE
Enhanced Federated Learning Frameworks Based on CutMix

HENRIE, 2023, 50(11A): 220800021-8. https://doi.org/10.11896/jsjkx.220800021

EFREEINNINERERERERUEE
Anomaly Detection Algorithm for Network Device Configuration Based on Configuration Statement
Tree

HEHNRIE, 2023, 50(11A): 230200128-10. https://doi.org/10.11896/jsjkx.230200128

ETY XKD ETEIRA T — W EEEEE

Next-basket Recommendation Algorithm Based on Correlation Between Items Collaborative Filtering

HEHNRIE, 2023, 50(11A): 221000076-6. https://doi.org/10.11896/jsjkx.221000076


https://www.jsjkx.com/CN/10.11896/jsjkx.221000243
https://www.jsjkx.com/EN/10.11896/jsjkx.221000243
https://www.jsjkx.com/CN/10.11896/jsjkx.230300237
https://doi.org/10.11896/jsjkx.230300237
https://www.jsjkx.com/CN/10.11896/jsjkx.230800021
https://doi.org/10.11896/jsjkx.230800021
https://www.jsjkx.com/CN/10.11896/jsjkx.220800021
https://doi.org/10.11896/jsjkx.220800021
https://www.jsjkx.com/CN/10.11896/jsjkx.230200128
https://doi.org/10.11896/jsjkx.230200128
https://www.jsjkx.com/CN/10.11896/jsjkx.221000076
https://doi.org/10.11896/jsjkx.221000076

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 221000243

Sy THHF

REBKFZE I ZHEE ML

FCZA B T
RINAKFHENGHREFR T & K 518000
(1441347985@qq. com)

B E REBRAFPITATHRIBARZIPHEREFALFREAZTTHRORA. BEREF ZRAEL>F MG E P HR
SR ET EERAATHREEANFESAPNME, SWREBERAZIPATRBFHERER R FEF HAE 2 H )
GhFMXESRERA—AZF RAMAEFT R AL FRR AR, RKE P P ARG REES I AR B E S
HTRAE .E>F AR RERAFPIANRBERAEHELARB TR . Faia X &R EmE, XTREBFT ERA
RERARFI TRV GERAERE, F—AHFTEFXAERREBIF I (AWCFL), £ 5K ARS8 dn N H 4052 09 BERL, 4% 47
HBAE T B Ay A fe R AR ARG ERERE AT ERAL A REKRIFE I (MCFL) HZBEAR F 3]
HFNEP LBt BLENEAGR AT EMS TE—FNFTEEAEHERL T AR EHERANE, LEFHHF
7 % #& Mnist #2 EMnist # # % E# 47 5235, 5 IFCA,CFL(Clustered Federated Learning) ##= FedAvg #t 47 }b 4% , 3£ 4] /& #4 % #f
2RI,

KRR KT REREMA B A A

REESES TP301

Inter-cluster Optimization for Cluster Federated Learning

LI Renjie and YAN Qiao
School of Computer and Software,Shenzhen University, Shenzhen, Guangdong 518000, China

Abstract Clustering federated learning is often used to solve the problem of decreasing accuracy caused by data heterogeneity in
federated learning. The idea is to group clients with similar data distributions into the same cluster using clustering algorithms,
and then train a cluster model specifically for that distribution. However,in practical applications,it is challenging to achieve ideal
results because the training and test datasets used by the local clients may not match the data distribution of the cluster model,
leading to a significant drop in inter-cluster accuracy. To improve the accuracy of the cluster model in clustering federated lear-
ning, this paper proposes two solutions. The first is adaptive weighted clustering federated learning(AWCFL) , which incorporates
models from other clusters during intra-cluster aggregation,enabling the cluster model to learn from other distributions and effec-
tively improve inter-cluster accuracy. The second solution is multi-distribution clustering federated learning(MCFL) , which syn-
chronizes the cluster model with each client,allowing clients to choose the appropriate model to use. Compared with the first solu-
tion,intra-cluster accuracy remains unaffected in MCFL, while inter-cluster accuracy is significantly improved. To evaluate the
proposed solutions,experiments are conducted on the Mnist and EMnist datasets. Compared with IFCA, clustered federated lear-
ning(CFL) and FedAvg,the accuracy rate between clusters is significantly improved.

Keywords Federated learning,Clustering . Aggregation optimization,Data distribution
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