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Abstract: The sixth generation of mobile communication technology (6G) is expected to make full use of a vast amount
of sensitive data and is anticipated to achieve a completely interconnected world. Federated learning, as an emerging dis-
tributed computing paradigm, is widely applied in various fields. In traditional federated learning methods, a large number
of communication rounds before convergence lead to significant communication costs. Moreover, during each training
round, clients upload a large amount of model parameters to the parameter server during the uplink phase, increasing com-
munication overhead. An efficient federated learning training optimization method (CEFED) has been proposed for 6G
networks, which adopts a customized local training strategy to achieve rapid convergence within fewer communication
rounds through a constraint term. Considering uplink congestion, a partial client participation rule is introduced to prevent
multiple clients from uploading parameter updates simultaneously. At the same time, in response to the differences be-
tween local models caused by data heterogeneity, a weighted aggregation strategy based on data value is proposed, which
assigns reasonable weights to different local parameters to improve model accuracy. Experimental results show that the al-

gorithm outperforms the classic FedAVG algorithm in various federated learning settings. Compared with the benchmark
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algorithm, the CEFED algorithm not only accelerates the model's convergence rate while improving test accuracy, but

also effectively saves on communication costs.
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