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Federated Learning client selection methods based on
non-independent and identically distributed data
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Abstract; Federated Learning (FL) is a distributed machine learning approach that conducts model training directly on local devices
without the need to transmit raw data to a central server. However, the inherent heterogeneity in real—world client data introduces
challenges, leading to sluggish convergence of FL models. To address the issue of non—independent and identically distributed (non-—
i.i.d. ) data, this paper firstly introduces a node selection method named Federated Dynamic Probability Client Selection ( FedDPCS).
This method dynamically adjusts selection probabilities based on client contributions, utilizing both global and local gradients to filter
out clients less conducive to global updates. Subsequently, in each training round, the probabilities of each node are modified
according to their respective contributions. The paper also provides the theoretical analysis, highlighting the improvements of FedDPCS
compared to the commonly used Federated Averaging ( FedAvg) algorithm. Finally, the experiment proves that FedDPCS improved
6.43% compared to FedAvg algorithm and 5. 14% compared to FedBn2 algorithm on the CIFAR-10 dataset; on the MNIST dataset,
FedDPCS improved 5. 24% compared to FedAvg algorithm and 4. 36% compared to FedBn2 algorithm.
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