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Abstract

Decentralized Federated Learning performs privacy-preserving distributed learning across a group
of devices, reducing the communication costs and information leakage risks associated with cen-
tralized federated learning. However, the non-independent and identically distributed (Non-1ID)
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data among devices can negatively impact the model’s performance. To address this issue, most al-
gorithms adopt empirical risk minimization as the local optimizer, which often leads to overfitting
during local client training and results in decreased generalization ability of the global model. This
paper proposes a Decentralized Federated Learning Algorithm based on Gradient Norm-Aware
Minimization, which smooths the loss surface of the global model and enhances its generalization
performance.
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Figure 1. lllustrations of CFL (a) and DFL (b)
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Figure 2. The curve of the impact of communication rounds on testing accuracy
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