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Abstract

Federated learning is a machine learning framework that has significant advantages in protecting
user privacy and data security. Considering the data heterogeneity and system heterogeneity be-
tween various devices in federated learning, many scholars have proposed corresponding solu-
tions, such as FedProx algorithm, etc. Considering that the relaxation step can play a role in im-
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proving the speed of convergence, a relaxation step on the basis of the FedProx algorithm was in-
troduced. And then a federated learning algorithm with a relaxation step, i.e., FedProx + Relaxa-
tion is proposed here. The convergence of the FedProx + Relaxation is analyzed theoretically, the
efficiency and robustness of the algorithm are demonstrated by numerical experiments. Through
the numerical experiment, it shows that the FedProx + Relaxation has more robust convergence
than FedProx.
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Figure 1. Convergence comparison between FedProx + relaxation algorithm and FedProx algorithm
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Figure 2. Prediction accuracy comparison between FedProx + relaxation algorithm and FedProx algorithm
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