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Abstract

With the increasing demand for privacy protection and large-scale machine learning datasets, tra-
ditional machine learning faces numerous challenges. As a decentralized and distributed machine
learning paradigm, Federated Learning (FL) has garnered widespread attention. FL is typically ini-
tiated by a central server, with various different edge client devices participating collaboratively.
During the FL process, client devices do not need to share their private data with any party, thereby
ensuring privacy protection and preventing data leakage. Moreover, FL leverages the characteris-
tics of distributed machine learning, effectively utilizing the storage and computational resources
of edge devices. This paper systematically reviews the fundamental concepts of FL and provides a

XEG H: mE, BRE. B S gER D). HHENLRRE 5 R, 2025, 15(3): 102-107.
DOI: 10.12677/csa.2025.153062


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2025.153062
https://doi.org/10.12677/csa.2025.153062
https://www.hanspub.org/

IR, PR

concise overview of its practical applications and developments. Additionally, it summarizes key
challenges in FL, including data heterogeneity, straggler effects, and privacy protection, to promote
further advancements and applications of FL.
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Figure 1. Federal learning framework
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