Step-size Updating in Variable Step-size LMS Algorithms using
Variable Blocks
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Abstract
In this paper, we present a variable block method to reduce additive computational requirements in determining step-size of
variable step-size LMS (VS-LMS) algorithms. The block length is inversely proportional to the changing of step-size in VS-LMS
algorithm. The technique reduces computational requirements of the conventional VS-LMS algorithms without a degradation of
performance in convergence rate and steady state error. And a method for deriving initial step-size, when the input is zero mean,
white Gaussian sequence, is proposed. For demonstrating the good performances of the proposed method, simulation results are

compared with the conventional variable step-size algorithms in convergence speed and computational requirements.
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Table 1. Parameters used in simulation 4.1

Algorithms Parameters

VS-LMS
(Kwong's VS-LMS)

a=0.9995, y=1x10"°%
1=0.00769
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1=0.00769, Ly=128, c=2
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Algorithms Parameters
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