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Multi-objective Federated Learning Evolutionary Algorithm Based on Improved NSGA-III
ZHONG Jialin, WU Yahui, DENG Su,ZHOU Haohao and MA Wubin

Science and Technology on Information System Engineering Laboratory,National University of Defense Technology,Changsha 410073, China
Abstract Federated learning technology solves the problems of data islands and privacy leakage to a certain extent. However it
has shortcomings such as high communication cost,unstable communication.and uneven distribution of participant performance.
In order to overcome these shortcomings and achieve a balance between model effectiveness,fairness,and communication costs,an
improved NSGA-III algorithm for multi-objective optimization of federated learning is proposed. First,a federated learning multi-
objective optimization model is constructed to maximize the accuracy of the global model, minimize the variance of the global mo-
del accuracy distribution and minimize the communication cost of participant,and an improved NSGA-III algorithm based on fast
greedy initialization is proposed.which improves the efficiency of NSGA-III for multi-objective optimization of federated learning.
Experimental results show that the proposed optimization method can obtain a better Pareto solution than the classical multi-ob-
jective evolutionary algorithm. Compared with the standard model of federated learning, the optimized model can effectively lower
the communication cost and the variance of the global model accuracy distribution while ensuring the accuracy of the global model.
Keywords Federated learning . Multi-objective equilibrium, Non-dominated sorted genetic algorithm-IIT (NSGA-IID) , Multi-objec-

tive optimization, Parameters optimization
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Table 2 Indicators comparison of FNSGA-III algorithm and NSGA-III algorithm
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Table 3

Indicators comparison of FNSGA-III and other evolutionary algorithms in MLP non-1ID experiment on MNIST and

CIFAR-10 datasets . F1
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Table 4 Comparative experiment data of MLP non-1ID solutions obtained by FNSGA-III in MNIST dataset
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Table 5 Comparative experiment data of MLP non-1ID solutions obtained by FNSGA-III in CIFAR-10 dataset
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