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Abstract

Federated learning distributes learning to individual clients, so the overhead of learning operations is distributed, but
the overhead of transmitting model parameters to the central server increases. In this paper, clipped quantization is
applied to parameters to reduce the amount of parameters transmitted between the client and the central server in
federated learning. Clipped Quantization is a method in which, when a client quantizes the updated parameters for each
round in a federated learning system and sends them to the central server, the distribution of the quantized values is
identified, and the ends of the quantized parameters are clipped by a certain ratio and then these values are compressed
and sent. This clipping method can reduce the amount of data transmitted because the compression ratio can be
increased by reducing the range of valid values among the quantized values. Experimental results have confirmed that
the amount of data transmitted is reduced relative to the decrease in precision in various deep learning models.
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