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Abstract: Aiming at the problem of limited communication resources in federated learning and training, two federal
learning algorithms are proposed in this paper, the adaptive quantification weighting algorithm and the weighting multi-
plexing control algorithm, the former compression the median of weight, reduces the number of bits in the transmission in
the communication process in iterative process, can adjusts adaptive quantization factor, and constantly reduces the quanti-
zation error. The latter prevents unnecessary updates from being uploaded, thereby reducing the number of uploaded bits.
Based on the standard detection dataset Mnist and Cifar10, the simulation is carried out on CNN and MLP network models.
The experimental results show that the proposed algorithm reduces the communication cost by more than 75% compared

with the typical federated average algorithm.
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Fig. 1 Federated Learning model
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