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Abstract; Aiming at the difficulties in the choosing and planning in multi-period weapon systems development problems, an optimization
simulation approach combining multi-objective optimization algorithm and reinforcement learning technique was proposed. A multi-objective
optimization model was built to maximize the capability and minimize the cost of weapon portfolios in each period. Moreover, a solving algorithm
based on the non-dominated sorting genetic algorithm-Jll was presented to obtain the Pareto set in each period, based on which an optimization
model for multi-period problem was built. The Q-Learning method, one of the reinforcement learning algorithms, searches within the Pareto set
using two different ways for the selection of weapon portfolios in each period, whose outcome is used for the selection in the next period and the
optimization of the portfolios over the entire planning horizon. An illustrative example was studied to demonstrate the effectiveness of the proposed
model and hybrid algorithm, which can support the decision making on the weapons development and planning.
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Fig.1  An illustration of multi-period weapon portfolio selection
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Tab.3 Parameter sensitivity analysis on NSGA- Il

28 MEEL  ALAE2  AUEES JEA

50  44.56  39.57  49.74 27.16
FhEE 100 45.41  40.15  50.59 27.55
HEE 150 45.54  39.91 50. 60 27.33
200 45.73  40.88  50.58 27.66

50  45.41  40.15  50.59  27.55
AL 100 44.40  39.41  49.60  26.75
WHC 150 45.14  39.28  49.78  27.26
200 45.37  39.91  50.78  27.64

0.20 44.65 39.43 49.99 26.84
X 0.40  45.07 39.48 49.73 26.91
MR 0.60 44.59 40.28 49.85 27.28
0.80 45.41 40.15 50.59 27.55

0.02 45.41  40.15 50.59 27.55
AsEL 0.04  45.33  40.21 50. 61 27.30
HER 0.06  45.53 39. 88 50.72 27.54

0.08 45.71 40.27  50.83 27. 66
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Fig.7 Average effectiveness and cost under

three different methods
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