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Quantum-derived neural network model and
its application to image restoration

XTAO Hong, LI Panchi
(School of Computer & Information Technology, Northeast Petroleum University, Daqing 163318, China)

Abstract : In order to improve the quality of image restoration, a kind of quantum-derived neural network model and
algorithm are proposed. The model is composed of three layers of structure, in which, the hidden layer is made up
of quantum neurons, and the output layer is made up of common neurons. The quantum neuron consists of a quan-
tum rotation gate and a multi-qubit controlled not-gate. By using the information feedback of the target qubit from
the output to the input end in the multi-qubit controlled not-gate, the integral memory of input sequences is real-
ized. The output of the quantum neuron is obtained by the entanglement of the multi-qubit in the output of the con-
trolled not-gates. On the basis of the theory on quantum computation, the learning algorithm for the model is de-
signed. Through the model, the characteristics of the input sequence may be effectively obtained from two aspects
including " width" and " depth". The simulation results show that the quality of image restoration of the model is ob-
viously superior to that of the common neural network.

Keywords : quantum computation; quantum rotation gate ; multi-qubit controlled not-gate ; quantum neuron; quan-

tum neural network ; image restoration; learning algorithm; neural network model
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Fig.2 quantum-inspired neural network model
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