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Review and prospect on neural networks with random weights
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(1.Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2.School of Mathematical Science,
University of Jinan, Jinan 250022, China; 3. Beijing Key Laboratory of Computational Intelligence and Intelligent System, Beijing
100124, China)

Abstract: A randomized learning algorithm in a neural network, which can overcome the difficulty of slow conver-
gence and local minimum inherently in the traditional gradient-based learning algorithms, has recently become a hot
topic in the field of neural networks. Some neural networks with random weights using randomized learning algo-
rithms have been proposed. The aim of this paper summarizes the current research on neural networks with random
weights and provides some views about its development trends. First, a simplified model of a neural network with
random weights was proposed, and the randomized learning algorithm was summarized, based on the simplified
model. Then, a review on neural networks with random weights was given, and the performance of several different
neural networks with random weights was analyzed, based on the simplified model. Finally, several views on neural
networks with random weights are presented.
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Fig.1 Simplified model of NNs with random weights
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