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An improved neural network algorithm based on reverse random projection
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Abstract; A neural network efficiency improvement algorithm based on reverse random local projection was
proposed. By reducing the network size in deep learning, the problem of information loss of input nodes caused
by “local connection” to “full connection” and random node extraction was solved, thus improving the effi-
ciency of the network. The reduction parameters were set in the algorithm to improve the extensibility of the al-
gorithm, so that it can be applied to the learning of different data sets. Then, experiments were conducted, u-
sing data set ISOLET. Results indicated that the accuracy and efficiency of the algorithm based on reverse ran-
dom local projection were increased by 3.48% and 105.21% respectively. When echos were set as 20 the re-
duction parameter adjustment experiment was carried out, and when the parameter was set as 1.4, the accura-
cy was improved by 2.61% compared with the traditional fully-connected network, and the efficiency was im-
proved by 272.78 %, which showed obvious advantages.
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Fig.1 Improved neural network structure
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Fig.2 Structure of random local connections
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Fig.6 Efficiency comparison ( different echos)
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