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Abstract: Personalized federated learning, as a cutting-edge paradigm in the field of distributed machine learning, is
developed to address the challenges of data heterogeneity by training exclusive models for each client. Existing re-

search employes population knowledge transfer techniques, where a shared predictor is deployed on the server to en-
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hance the generalization ability of the model over the base class, while local feature extractors are updated to improve
the personalization ability of the model. However, two significant drawbacks remain. Firstly, the globally shared pre-
dictor struggles to adapt to highly heterogeneous client distributions, resulting in decreased accuracy. Secondly, the
knowledge transfer process is easily disturbed by distribution differences, leading to negative transfer effects. To ad-
dress these issues, a distribution-aware controlled sampling optimization framework for personalized population
knowledge transfer (FedDACS) was proposed. The traditional single shared predictor on the server was transformed
into an array of personalized predictors, with each client corresponding to an exclusive predictor module, forming a
personalized model alongside local feature extractors. Furthermore, a distribution-aware controlled sampling tech-
nique (DACS) was introduced, which dynamically adjusted the feature space sampling strategy by analyzing the data
distributions of each client in real-time, thereby controlling the input of personalized predictors. The negative transfer
effects caused by distribution differences were effectively mitigated. To validate the effectiveness of FedDACS, seven
Non-IID scenarios were constructed on CIFAR-10 and CIFAR-100 datasets for systematic validation. Experimental re-
sults demonstrate that, compared to eight baseline methods such as Fedgkt and FedProto, FedDACS achieves an aver-
age user accuracy improvement of 6.85% on CIFAR-10 and an enhancement of 5.28% on CIFAR-100. These results
indicate that the proposed FedDACS method can effectively improve the performance of personalized models in vari-
ous data heterogeneity scenarios.

Key words: personalized federated learning, controlled sampling, group knowledge transfer, federated knowledge
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