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Convergence and Generalization Ability of M AC

H E Chao, XU L i-xin, ZHAN G Yu-he
(Department of A utomatic Control, Beijing Institute of Technology, Beijing 100081, China)

Abstract: U sing thematrix theory and general principle of the iterative convergence of the linear cou-
pled equations, the convergent theoransof the OM A C algorithm are proved both in the batch and the
increnental learning stylesw ithout any gecial conditions attached Some existing conclusions under the
ocondition that the articulation matrix is positive definite are mproved A n mproved CM A C algorithm
of self-optimizing learning rate ispresented M oreover, a smple and feasible criterion ispresented to e-
valuate the generalization ability of thew hole OM A C network Smulation results show the correctness
of the convergent theoran s and the advantages of mproved algorithm.
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