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Analysis and Optimization about Federated Learning
in Uploading Zone
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ABSTRACT

In this paper, we propose an Uploading Zone where devices can participate in federated learning, given they
are distributed randomly. Here, the uploading zone is divided into the two regions, inner and outer regions,
according to the quantization levels considering the path loss depending on device location. Some devices
located in inner region utilize a sufficient number of bits for quantization because they are close to Base
Station (BS), but the devices located in outer region use a fewer bits for quantization because they are far
from BS. Hence we optimize the local update under this heterogeneous quantization condition, so as to
maximize the global learning performance. To this end, we formulate an optimization problem to determine the
optimum size of uploading zone that leads to the maximum learning performance. This finding can serve as an
appropriate framework for Al-native IoT Networks which consist of a huge number of IoT sensors with

diverse private data.
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