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Abstract: To relieve the negative impacts caused by non-Independent and Identically Distributed (non-IID)
data across different clients in federated learning, a spectral clustering-based Fourier personalized federated
learning mechanism is proposed to overcome the performance drops from data heterogeneity. Specifically, a
cloud-edge-end collaborative personalized federated learning model for image recognition is constructed, and in
order to make full use of the knowledge learned by similar clients, the clients are divided into multiple clusters
by spectral clustering under cloud-edge collaboration. Next, a local federated learning method based on edge-
end collaboration is proposed, in which an agent model is used to perform the process of restoring and re-
updating the personalized local model at the clients to restore the local knowledge loss during aggregation.
Furthermore, a cloud-edge collaborative Fourier personalized federated learning method is proposed to adapt
the global model to each distributed client. In this method, the cloud server converts the local model
parameters to the frequency domain space for aggregation through Fourier transform, and customizes high-
quality personalized local model for each edge node. Finally, the experimental results demonstrate that the
proposed algorithm obtains competitive convergence speed compared with existing representative works and the
accuracy is 3%~13% higher.
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