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A Recurrent Neural Network for Solving Least Absolute Deviation Problem
LI Zhi-yong
(School of Science, Jimei University, Xiamen 361021, China)

Abstract; By using the saddle theorem and the properties of projection mapping, a recurrent neural net-
work is proposed for solving least absolute deviation with linear constraints. It is shown that the proposed neu-
ral network is globally convergent to an optimal solution. The example given in the paper demonstrates that the
proposed approach provides a promising alternative for solving least absolute deviation problem.
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