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Federated Learning in Resource Constrained Scenarios:
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Abstract  With the rapid development of the digital economy, the threats to data security are becoming serious by
degrees, so data security has become the most urgent security issue in the current digital economy era. As an emerging
distributed machine learning framework, federated learning aggregates data resources from multiple parties and realizes
the collaborative construction of a federated model under the premise of data security and privacy protection. It provides
an effective solution to break the phenomenon of isolated data islands and realize data security fusion, in addition to
consolidating the security foundation for the development of the digital economy. As a result, it has received extensive
attention from both academia and industry. However, in practical application deployment, it shows that federated learning
faces severe challenges brought by resource constrained scenarios. In resource constrained scenarios, there are a series of
resource constrained problems such as computing device, communication network and modeling data, which seriously
restrict the application and development of federated learning. Therefore, it is necessary to explore federated learning from
the perspective of resource constrained scenarios, and it is urgent to solve the outstanding problems in these scenarios, in
order to achieve efficient deployment of federated learning. In this survey paper, we focus on practical solutions for
deploying federated learning in resource constrained scenarios. Firstly, we introduce the development status of the digital
economy and the background knowledge of federated learning. Secondly, we discuss the problems and challenges of
federated learning in resource constrained scenarios. Thirdly, we conduct a systematic and in-depth investigation into the
current research status of federated learning, and analyze a number of typical federated learning technologies in terms of
architecture efficient, communication efficient, computation efficient, and heterogeneous fusion. Finally, we make a
summary and outlook for the development trend of federated learning in resource constrained scenarios.
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Table 1 Federated Learning in Resource Constrained Scenarios
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Figure 2 Decentralized Architecture of Federated Learning
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Figure 3 Hierarchical Architecture of Federated Learning
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