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Abstract: Existing studies mostly adapt knowledge distillation or multi-task training for personalized federated learning,
but these methods typically require additional distillation steps or high communication overhead, affecting overall model
performance. To address this challenge, a personalized federated learning method FedPC based on prototype clustering
was proposed. By introducing a client clustering mechanism, FedPC grouped clients with similar data distributions into
clusters based on prototypes, thereby reducing the impact of data distribution differences on model performance. To bet-
ter adapt the personalized needs of local models of participants, the client model was decoupled into a feature extractor
and a personalized classifier. At the same time, an adaptive weighted aggregation strategy and a joint loss function were
used to co-optimize the training processes of clients and the server, achieving better model performance. Experimental re-
sults on three commonly used datasets, Cifar10, Cifar100, and FMNIST, show that FedPC outperforms traditional feder-
ated learning methods in terms of model accuracy, verifying its effectiveness in handling data heterogeneity issues.
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