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Least Mean Absolute Third (LMAT) Adaptive Algorithm:
Part I. Mean and Mean-Squared Convergence Properties
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ABSTRACT

This paper presents a convergence analysis of the stochastic gradient adaptive algorithm based on the least mean
absolute third (LMAT) error criterion. Under the assumption that the signals involved are zero-mean, wide-sensc
stationary and Gaussian, a sel of nonlinear difference equations that characterizes the mean and mean-squared
behavior of the algorithm is derived. Computer simulation results show fairly good agreements between the theor-

etical and empirical behaviors of the algorithm.
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