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Abstract: Due to the complex interrelationships between components, the propagation of product design change effect
is inevitable. To reduce the risk associated with product design changes, this paper proposes a multi-objective differential
evolution algorithm guided by reinforcement learning to optimize the impact of changes on the product performance,
economic cost, and change duration. Firstly, a complex product network model is established to reveal the propagation
mechanism of component changes. Then, the change propagation intensity is introduced to indirectly evaluate the impact of
component changes on the product performance. Meanwhile, considering the economic cost and change duration of design
changes, a multi-objective model for optimizing design change propagation paths is established. Furthermore, utilizing
dual deep Q-networks to assist populations in selecting appropriate evolutionary strategies at different stages, introducing a
reinforcement learning-guided differential evolution algorithm, abbreviated as DDQN-DE, and using the above-mentioned
algorithm to determine the optimal propagation path for product design changes. Finally, taking the design change problem
of a TV product from skyworth company as an example and comparing with existing algorithms, the validity of the proposed
algorithm is verified through experiments.
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Fig. 2 Skyworth TV network model
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Table 3 HV values obtained by the DDQN-DE algorithm and multi-objective optimization algori-

thm(mean/std)
BT R RED=3 A8 36 FT R85 T R97
DDQN-DE 0.908/0.021 0.894/0.018 0.873/0.036 0.824/0.017 0.856/0.016
NSGA-II  0.871/0.023(+) 0.864/0.025(+) 0.863/0.018(+) 0.792/0.016(+) 0.837/0.016(+)
MOEA/D  0.824/0.042(4+) 0.848/0.042(4) 0.778/0.055(+) 0.789/0.020(+) 0.774/0.024(+)
DEDQN 0.887/0.016(+) 0.885/0.022(*)  0.856/0.039(+) 0.802/0.027(+) 0.843/0.023(4+)
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Fig. 3 The optimal change path of Improved ACO algorithm
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Fig. 4 The optimal change path of LRCPP algorithm
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Fig. 5 Pareto optimal solution set for DDQN-DE algorithm
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Table 4 Design change programs

B 'S AR PRAE BEMAG  APETH/ET  CPI

P1 1-80-88-58 12.30 175.0 0.18

DDQN-DE P2 1-80-59-63 425 165.0 0.28
P3 1-17-40-15 228.45 42.0 0.32

Improved ACO P4 1-80-46-65-60-58-84 12.67 225.0 0.53
LRCPP P5 1-80-61-74-79-86 7.80 345.0 0.57
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