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Single Model Dominant Federation Learning Based on Broad Network Architecture

WEN Jia-Bao, CHEN Min-Rong
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: Federated learning is a distributed machine learning approach that enables model deli\qf/ery and aggregation
without compromising the privacy and security of local data. However, federated learning faces a major challenge: the
large size of the models and the parameters that need to be communicated muitiple times between the client and the
server, bringing difficulties for small devices with insufficient comrﬁunication capability. Therefore, this study set up the
client and server to communicate with each other.only once! Anothér challenge in federated learning is the data imbalance
among different clients. The model aggregation. for servers becomes inefficient in data imbalance. To overcome these
challenges, the study proposes a lightweight federated learning framework that requires only one-shot communication
between the client and the server. The framework also introduces an aggregation policy algorithm, FBL-LD. The
algorithm selects the most reliable and dominant model from the client models in a one-shot communication and adjusts
the weights of other models based on a validation set to achieve a generalized federated model. FBL-LD reduces the
communication overhead and improves aggregation efficiency. Experimental results show that FBL-LD outperforms
existing federated learning algorithms in terms of accuracy and robustness to data imbalance.
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5) end for

6)  Set the mapping nodes Z,;, = [Z}, -**, Z,];
7)  forj=0;j<mdo
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15)  Send W, to server;

16) end for
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