S 02 LS, Gusping Sl G Jdo S
(LMMN) 0535 a8 33 (a53le ddnaS™ als 951

Fypte pwld g JL3I bl o

oS>

9 3 oS 5 3l T B 45 sl U (3oL s 1 (v (503 995U (LMMIN) 5 S 5 (Sl o ot 55501
bl 9 LS9 5l 6 slum wia sl ol Col (LMF) o,k (52ilo aieS 9 (LMS) Gl po (5055ke diseS (slapeis jo51 &y 50
PS5 el 03,5 Syb b 1y i )98l 90 ol Glaind (L 5l g Cewl 00y &l 4 395 L ) LMF g LMS (slags 95!
lo sl 03,5 dguzmo )yl (o 2215 45 (5 9ba cemsl (T by (Somrsions (8T Shelend Jobo Sy i LMMN oy 5551 oo
') LbO}ﬁ ‘.QUG".’ U‘“i'l"'“ 9 U ul:.t)o U'“'{"L"“ )w) Sl ).515 a5 ﬁ""ss" 43‘)‘ ‘) gsl"'lm gs"'“’ ‘Jm"“ U"‘ J"’ ‘J”L’ Al U"‘ J)°

e sl sounio b taleT G yb 3l eudgl il Jue 85 S ooy (YL B L

el Jao LMMN o 55501 89 slopsts 595! guals” o551

An Analytical Model for Predicting the Convergence
Behavior of the Least Mean Mixed-Norm
(LMMN) Algorithm

Meysam Kazemi Eghbal & Ghasem Alipoor”
Electrical Engineering Department, Hamedan University of Technology, Hamedan, Iran

Abstract
Stochastic gradient-based adaptation algorithms have received a great attention in various applications.
The most well-known algorithm in this category is the Least Mean Squares (LMS) algorithm that tries
to minimize the second-order criterion of mean squares of the error signal. On the other hand, it has
been shown that higher-order adaptive filtering algorithms based on higher-order statistics can perform
better in many applications, particularly in the presence of intense noises. However, these algorithms are
more prone to instability and also their convergence rates decline in the vicinity of their optimum
solutions. In attempt to make use of the useful aspects of these algorithms, it has been proposed to
combine the second-order criterion with higher-order ones, e.g. that of the Least Mean Fourth (LMF)
algorithm. The Least Mean Mixed-Norm (LMMN) algorithm is a stochastic gradient-based algorithm
which aim is to minimize an affine combination of the cost functions of the LMS and LMF algorithms.
This algorithm has inherited many properties and advantages of the LMS and the LMF algorithms and
mitigated their weaknesses in some ways. These advantages are achieved at the cost of the additional
computation burden of just one addition and four multiplications per iteration. The main issue of the
LMMN algorithm is the lack of an analytical model for predicting its behaviour, the fact that has
restricted its practical application. To address this issue, an analytical model is presented in the current
paper that is able to predict the mean-square-error and the mean-weights-error behaviour with a high
O/ 3 accuracy. This model is derived using the Isserlis’ theorem, based on two mild and practically valid
.@f’ assumptions; namely the input signal is stationary, zero-mean Gaussian and the measurement noise are
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additive zero-mean with an even probability distribution function (pdf). The accuracy of the derived
model is verified using several simulation tests. These results show that the model is of a high accuracy
in various settings for the noise’s power level and distribution as well as the unknown filter
characteristics. Furthermore, since the LMF and the LMS algorithms are special cases of the more
general LMMN algorithm, the proposed model can also be used for predicting the behaviour of these

algorithms.

Keywords: Adaptive Algorithms, LMMN Algorithm, Analytical Model
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(Figure-2): MSE curves for additive Gaussian noise
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