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A CONTINUOUS TIME RECURRENT NEURAL NETWORK BASED
METHOD TO SOLVE FUNCTIONAL MINIMIZATION PROBLEM

Liu Heping Zhang Lanling Sun Yikang

(Department of Automation, University of Science and Technology Beijing, Beijing 100083)

Abstract In this paper, the continuous time recurrent neural network is proposed to solve the
functional minimization problem, which is often involved in estimation and control. At first,
the continuous time BPTT algorithm corresponding to the problem is presented. Then. an
on-line algorithm based on the amendments of the BPTT algorithm is discussed. This on-line
algorithm paves the way for parallel realization.

Key words Functional minimization, Continuous time recurrent neural network, BPTT al-
gorithm, On-line learning algorithm

X B ?"3 ék1F951 FE, BLE, BEE BNEERRAFMVBENEH, SEEH, \THENER
WA ¥

K %, 1970 F&, Mk, TEM, AATEERZERRITEYUSE /.

h—FR: H, 1932 4, B, FL4SW, BXREFHIAAGIEHNARR, BEENTAM ML
e W R B AR ok TR



