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Personalized Federated Learning Algorithm Based on Decoupled Self-distillation

MIN He-Xiang, ZHU Zi-Qi
(School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China)

Abstract: Federated learning (FL) is an emerging distributed machine learning framework aimed at addressing issues of
data privacy protection and efficient distributed computing. It allows multiple clients to collaboratively train a global
model without sharing their data. However, due to the heterogeneity in the data distribution of'each client, a single global
model often fails to meet the personalized needs of different clients. To address this issue, this sf{ldy proposes a federated
learning algorithm that combines self-distillation and decoupled knowledge distillation. The algorithm retains the client’s
historical model as a teacher model to distill and guide the training of the local model, and after obtaining a new local
model, it is uploaded to the server for weighted averaging and aggregation. In the knowledge distillation process, the
decoupled distillation of target class knowledge and non-target class knowledge allows for a more thorough transmission
of personalized knowledge. Experimental results show that the proposed method outperforms existing federated learning
methods in classification accuraéy on the CIFAR-10 and CIFAR-100 datasets.
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