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Abstract In this paper,a quantum dissipative particle swarm optimization (QD-PSO) algorithm is proposed. Each particle infor-
mation bit is represented by double eigenstate superposition. Quantum information carrier is applied to population differentiation
of particle swarm,and the adaptive adfustment stratgey of inertia weight is designed. Four classical benchmark functions are tes-
ted. The results show that the proposed algorithm has obvious advantages over standard particle swarm optimization (PSO) , expo-
nential dissipative particle swarm optimization (APSO) and inertia decline dissipative particle swarm optimization (W-G-PSO).
The algorithm is applied to the construction of a teaching evaluation model to overcome the interference of subjective conscious-
ness on objective evaluation. The results show that the model can be highly matched with empirical data. It has higher eva-luation
accuracy than the artificial experience model.
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