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Abstract: In order to improve the practicability of a cross-training programming, the factor of human learning behavior
is considered. A multi-objective optimization model is presented on the basis of task redundancy policy, in which the
objective functions describe the labor satisfaction and the learning efficiency. A cross-training programming based on
multi-objective particle swarm optimization algorithm (MOPSO) is proposed. The MOPSO solves for the solutions of the
proposed multi-objective optimization model and designs algorithm policies for different problem environments. Several
flexible cell assemblies in different scales are presented for modeling the environment in a series of numerical experiments.
Results in each environment are analyzed in the aspects of diversity, distribution and convergence index. The analyzed
results show that the method presented in this paper can solve cross-training programming problems effectively.
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Fig. 1 Labor satisfaction curves with different labors
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Fig. 2 Learning curves of different labors

2.2 % Hs LRI A (Multi-objective model)
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Fig. 3 Flow chart of updating an external archive
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Fig. 4 Number of non-dominated solutions of different speed

formulas under different scales of problem
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Table 1 Diversity of different speed formulas under
different scales of problem
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Table 3 Distributivity metric of different speed for-
mulas under different scales of problem
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5 ¥ HE H(Numerical examples)
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Fig. 7 Pareto solutions for problem 20 tasks (10 labors)

6 458 (Conclusions)
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