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Abstract

In recent years, federated learning has been proposed and received widespread attention to overcome data isolated island
challenge. Federated learning related researches were adopted in areas such as financial field, healthcare domain and smart
city related application. Federated learning concept was introduced into three different layers. The first layer introduced
the definition, architecture, classification of federated learning and compared the federated learning with traditional
distributed learning. The second layer presented comparison and analysis of federated learning algorithms from machine
learning and deep learning aspects. The third layer separated federated learning optimization algorithms into three aspects
to optimize federated learning algorithm through reducing communication cost, selecting proper clients and different
aggregation method. Finally, the current research status and three main challenges on communication, heterogeneity of

system and data to be solved were concluded, and the future prospects in federated learning domain were proposed.
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