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A multi-objective optimization algorithm based on neural network gradient descent
LI Xu, ZHANG Fan, TANG Chao, WANG Wenlong

(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract; Aiming at the multi-objective optimization problem, a multi—objective optimization algorithm based on neural network
gradient descent is proposed for the problem of coupling and pinning each other of optimization indicators. The algorithm uses the
neural network excellent fitting ability to simulate the process of optimization of design parameters, continuously updates the iterative
neural network through back propagation, and judges the nondominant solution in this process. The algorithm is verified by a brake
disc optimization problem and compared with a cuckoo multi-objective optimization algorithm. The simulation results show that it is
more advantageous in solving edge values. Furtherly, the shortcomings of the algorithm and the next improvement plan are also
indicated in the end.
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Fig. 1 Single-layer neural network model
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Fig. 2 Flow chart of the algorithm
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Table 1 Learning rate parameters
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Table 2 Learning rate parameters
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