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Uniqueness Logic and Its Detection by BP Neural Network
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Abstract; A creative concept of uniqueness logic is proposed and defined. Uniquenss logic is used to
determine whether a unique component exists in an input vector. Possible prospects for the applications of
uniqueness logic are presented. BP neural network is employed to construct the uniqueness detection and

application models. Computer experiments show that the models based on BP neural network can realize

the dectection and application of uniqueness logic accurately and effectively.
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Fig. 1 A 3-layer BP neural network model
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Table 1  Training examples for 3-input uniqueness

detection network
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Fig.2 MSE curve of 3-input uniqueness detection network
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Fig. 3 Results of 3-input uniqueness detection network
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Table 2 Training examples for 4-input uniqueness

detection network
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Fig.4 MSE curve of 4-input uniqueness detection network
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Fig. 5 Results of 4-input uniqueness detection network
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Fig. 6 MSE curve of 5-input uniqueness detection network
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Table 3  Training examples for 5-input uniqueness

detection network
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Fig. 7 Results of 5-input uniqueness detection network
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