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Abstract

Personalized Federated Learning (PFL) allows each user to train a personalized model based on a
shared global model, significantly improving model performance in heterogeneous data environ-
ments. However, it also faces challenges such as data privacy leakage, imbalance in model perfor-
mance among clients, and the trustworthiness of aggregation results. To address these issues, a hi-
erarchical clustering grouping mechanism based on user data similarity and a cross-group knowledge
distillation mechanism were designed. This enables precise clustering of users with similar data
without revealing original gradients, allowing users with similar data to train together in the same
group for federated training, achieving data-level personalization; it also reduces the performance
gap between users, ensuring system fairness. In terms of privacy protection, a mask-based secure
aggregation mechanism was designed to ensure that the gradient parameters uploaded by users
remain protected throughout transmission and aggregation. At the same time, a verification mech-
anism was designed so that honest users can independently verify the correctness of the aggregated
results once received. Experimental results show that this solution meets high-level privacy protec-
tion requirements, ensures fairness among users, and achieves model accuracy superior to existing
solutions.
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Figure 1. System model
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Figure 3. Visualization of partial results of Dirichlet partition
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Table 1. Accuracy comparison under the homogeneous model

1 ERRE TR ERZEIEE

S KT-pFL PHP-FL FedMD FedAvg Ours
MNIST 98.89% 98.58% 98.33% 95.74% 98.63%
CIFAR-10 61.34% 62.65% 60.29% 57.20% 65.61%

Table 2. Accuracy comparison under heterogeneous models
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WIS KT-pFL PHP-FL FedMD Ours

MNIST 95.10% 94.27% 93.32% 95.94%
CIFAR-10 52.26% 53.16% 51.32% 56.72%
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