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ABSTRACT

Split federated learning has attracted significant attention in Internet of Things (IoT) environments, as it
enables resource-constrained devices to participate in training without sharing raw data. By utilizing data from IoT
devices, intelligent services can be provided in healthcare, manufacturing, cities, and transportation. However, split
federated learning incurs communication overhead due to the repeated exchange of training-related information
during the training process. This overhead increases training time and energy consumption in IoT environments
with limited bandwidth and energy resources, becoming a major constraint on practical deployment. Thus, recent
studies on optimizing the communication overhead of split federated learning have been conducted. This paper
introduces major communication overhead problems in split federated learning for IoT environments and

systematically compares solution strategies for the specific problems addressed in each study.
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