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Abstract—This brief aims to identify and track a sparse
system with time varying sparseness by a convex combination
of two adaptive filters, one based on the sparsity unaware normalized least mean square (NLMS) algorithm and the other
based on the sparsity aware zero-attracting NLMS (ZA-NLMS)
algorithm. An analysis of the proposed combination is carried out, which reveals that while the proposed combination
converges to the ZA-NLMS or the NLMS-based filter for
systems that are highly sparse or highly non-sparse, respectively
(i.e., better of the two under the given sparsity condition), it
may, however, lead to a filter that performs better than both
the constituent filters in the case of systems that lie between
moderately sparse to moderately non-sparse. The same is confirmed via detailed simulation studies under different sparsity
conditions.
Index Terms—Adaptive filter, excess mean square error
(EMSE), l1 -norm, normalized least mean square (NLMS), sparse
systems.

I. I NTRODUCTION
ECENTLY, combination schemes [1], [2] involving two
or more adaptive filters have been proposed for improving filter performance in terms of convergence rate, robustness,
steady state misadjustment, tracking ability, etc. In the context
of sparse system identification [3], a convex combination of
two adaptive filters, one employing the sparsity aware zeroattracting LMS algorithm [4] and the other deploying the
conventional, sparsity unaware LMS mode of adaptation [5]
was proposed in [6], following the general approach of convex
combination of two adaptive filters [7]. Analysis showed that
depending on the level of sparseness, from highly sparse to
non-sparse, the combination switches between the two filters,
always making the correct choice. The LMS, however, is a
very basic form of adaptation and is often replaced by its normalized form, i.e., the so-called normalized least mean square
(NLMS) algorithm [5]. In NLMS, the step size used is normalized by the Euclidean norm of the tap input vector which
makes it more capable to handle fluctuations in input statistics
than LMS. While it is possible to formulate a convex combination of the NLMS and its sparsity aware counterpart, the
zero-attracting NLMS (ZA-NLMS) [8] along the lines of [6]
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for identifying and tracking a sparse system with time varying sparseness, analysis of such a combination is, however,
extremely difficult due to the presence of normalized update
terms in the update equation of both the filters and a nonlinear
term in the update equation of the ZA-NLMS. In this brief,
we consider a convex combination of NLMS and ZA-NLMS
algorithms, and evaluate its behavior analytically, by using an
elegant scheme of angular discretization of random vectors [9]
that helps in reducing the aforesaid complexities. The analysis
shows that while for systems that are highly sparse or highly
non-sparse, the proposed combination converges to the ZANLMS or the NLMS-based filter, respectively (i.e., better of
the two under the given sparsity condition), for systems that
lie between moderately sparse to moderately non-sparse, the
proposed combination can, however, perform better than both
the constituent filters. The same is also verified via extensive
simulation studies under different sparsity conditions.
II. P ROPOSED C ONVEX C OMBINATION
We consider here the problem of identifying a system
that takes a random input x(n) and produces the observable output yd (n) as yd (n) = wT0 x(n) + η(n), where x(n) =
[x(n), x(n − 1), . . . , x(n − N + 1)]T , w0 is a N × 1 impulse
response vector (to be identified) having variable sparsity and
η(n) is an observation noise which is assumed to be zero mean,
white with variance ση2 and independent of the input data vector x(m) for any m and n. If w0 is sufficiently sparse, the
ZA-NLMS algorithm will be a better choice than NLMS to
identify it as it will produce lesser steady state excess mean
square error (EMSE) than produced by NLMS. On the other
hand, if w0 is less sparse or non-sparse, performance of NLMS
will be superior to that of ZA-NLMS. Since w0 is assumed
to have sparsity that varies over a wide range in time, either
filter alone does not make an ideal choice for identifying and
tracking the system. Instead, to achieve robustness against time
varying sparsity, we deploy a convex combination of the two
(similar to Fig. 1 of [6]), where filter 1 uses ZA-NLMS to
adapt a filter coefficient vector w1 (n) as [8]
w1 (n + 1) = w1 (n) − ρ sgn(w1 (n)) + μ

e1 (n) x(n)
δ + ||x(n)||2

(1)

and filter 2 uses NLMS for adapting a filter coefficient vector
w2 (n) as
w2 (n + 1) = w2 (n) + μ

e2 (n) x(n)
δ + ||x(n)||2

(2)

where μ is the usual step size (assumed same for both
the filters), ρ is a suitable constant (usually very very
small), δ is a very small regularization parameter, and
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ei (n) = yd (n) − yi (n), i = 1, 2 is the ith filter output
error with yi (n) = wTi (n)x(n) denoting the ith filter output. The convex combination generates a combined output
y(n) = γ (n)y1 (n) + [1 − γ (n)]y2 (n). The variable γ (n) is
a mixing parameter that lies between 0 and 1, which is to
be adapted by following a gradient descent method to minimize the quadratic error function of the overall filter, namely,
e2 (n) where e(n) = yd (n) − y(n). However, such adaptation
does not guarantee that γ (n) will always lie between 0 and
1. Therefore, instead of γ (n), an equivalent variable a(n) is
updated which expresses γ (n) as a sigmoidal function, i.e.,
1
γ (n) = 1+exp(−a(n))
. The update equation of a(n) is given
by [7]
μa ∂e2 (n)
2 ∂a(n)




= a(n) + μa e(n) y1 (n) − y2 (n) γ (n) 1 − γ (n)
(3)

a(n + 1) = a(n) −

where μa is an appropriate step size. In practice, γ (n) ≈ 1
for a(n) >> 0 and conversely, γ (n) ≈ 0 for a(n) << 0.
Therefore, instead of updating a(n) up to ± ∞, it is sufficient to restrict it to a range [−a+ , +a+ ] (a+ : a large,
positive number) which limits the permissible range of γ (n) to
1
[1 − γ + , γ + ], where γ + = 1+exp(−a
+) .
III. P ERFORMANCE A NALYSIS
A. Some Important Definitions
Following [7], we introduce certain definitions here which
will be useful in the proposed performance analysis. For
i = 1, 2, we define the following.
1) Weight error vectors 
wi (n) = w0 − wi (n).
2) Equivalent weight vector for the combined filter wc (n) =
γ (n)w1 (n) + [1 − γ (n)]w2 (n).
3) Equivalent weight error vector for the combined filter

wc (n) = w0 − wc (n) = γ (n)
w1 (n) + [1 − γ (n)]
w2 (n).
4) A priori errors ea,i (n) = 
wTi (n)x(n) and ea (n) =

wTc (n)x(n) (clearly, ea (n) = γ (n) ea,1 (n) + [1 −
γ (n)] ea,2 (n) and e(n) = ea (n) + η(n)).
5) EMSE Jex,i (n) = E[e2a,i (n)], i = 1, 2, Jex (n) =
E[e2a (n)].
6) Cross EMSE Jex,12 (n) = E[ea,1 (n)ea,2 (n)].
From
Cauchy–Schwartz
inequality,
Jex,12 (n)
≤


Jex,1 (n) Jex,2 (n), which means, Jex,12 (n) cannot be greater
than both Jex,1 (n) and Jex,2 (n) simultaneously. Also, we
define by Z and NZ the sets of filter tap indices corresponding
to the inactive and active taps of w0 , respectively.
As in [7], we assume that the initial conditions w1 (0),
w2 (0), and a(0) are independent of x(n), yd (n), and η(n) for
all n. It is also assumed that x(n) is WSS with E[x(n)] = 0
and E[x(n)xT (n)] = R, and that x(n) and η(n) are jointly
Gaussian processes. Taking expectation on both sides of (3),
one can then write

E[a(n + 1)] = E[a(n)] + μa E e(n)(y1 (n) − y2 (n))

× γ (n)(1 − γ (n)) .
(4)
Substituting e(n) by ea (n)+η(n) where ea (n) is defined above,
noting that y1 (n) − y2 (n) = ea,2 (n) − ea,1 (n) and also that η(n)
is zero mean, white, and assuming like [7] that in the steady
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state, γ (n) is independent of the a priori errors ea,i (n), it is
easy to verify [7] that for large n (theoretically, for n → ∞)


2 
E[a(n + 1)] = E[a(n)] + μa E γ (n) 1 − γ (n) J2



− μa E γ 2 (n) 1 − γ (n) J1
(5)
where J1 = Jex,1 (∞) − Jex,12 (∞) and J2 = Jex,2 (∞) −
Jex,12 (∞), with Jex,i (∞) = lim Jex,i (n) and Jex,12 (∞) =
n→∞
lim Jex,12 (n) denoting, respectively, the steady state EMSE
n→∞
and the steady state cross EMSE. Equation (5) which provides
the dynamics of the evolution of E[a(n)] assumes constant J1
and J2 , meaning, it comes in operation once both the NLMS
and the ZA-NLMS algorithms have converged. For analyzing
the convergence of E[a(n)], we next evaluate J1 and J2
for the proposed combination, which is, however, a very complicated task. To reduce the complexities, we make use of an
elegant scheme of angular discretization of random vectors
proposed in [9].
Angular Discretization of Random Vectors: Here, the given
continuous valued random vector (x(n) in our case) is assumed
to take one of the 2N directions given by ±vi , i =
0, 1, . . . , N − 1, where vi is the ith normalized eigenvector
of the input autocorrelation matrix R corresponding to the
eigenvalue λi . More specifically, we represent x(n) as
x(n) = sn rn ν n

(6)

where sn = ±1 with Pr[sn = ±1] = (1/2), rn = x(n),
i.e., rn has the same distribution as that of x(n), and
ν n ∈ {vi |i = 0, 1, . . . , N − 1} with Pr[ν n = vi ] = (λi /Tr(R)).
The three variables sn , rn , and ν n are assumed to be statistically independent of each other. It is easy to check that the
RHS of (6) conforms to the following properties of x(n): (i) it
has mean zero, (ii) its norm is given by ||x(n)||, and (iii) its
autocorrelation matrix is given by R [9].
From now on, in addition to the above model, we will also
consider the input to be white with variance σx2 for convenience. Recently, for white input, the above model has been
used [10] to evaluate the mean square deviation (MSD), i.e.,
E[||w0 − w(n)||2 ] of a zero-attracting, proportionate NLMS
(ZA-PNLMS) algorithm in the steady state (where w(n) is
the weight vector). In ZA-PNLMS, the zero-attracting term
−ρ sgn(w(n)) is added to the standard PNLMS update term
μ xTG(n)x(n)e(n)
, where G(n) is a diagonal matrix, with the
(n)G(n)x(n)+δ
ith diagonal entry 
gi (n), i = 0, 1, . . . , N − 1, satisfying: 1)
N−1
gi (n) > 0 and 2) i=0
gi (n) = 1. It is easy to check that
for G(n) = (1/N)I and ρ = 0, the ZA-PNLMS algorithm
reduces to the standard NLMS algorithm. Substituting these
in the MSD expression for ZA-PNLMS [10] and recalling
that for white input, the EMSE for an adaptive filter equals
σx2 times the MSD, we obtain the following expression for
Jex,2 (∞) (which also conforms to the one derived in [9]):
μ
μ
ση2 ≈ ση2
(7)
Jex,2 (∞) =
2−μ
2
(i.e., assuming μ << 2 for small misadjustment). We next
evaluate Jex,1 (∞) and Jex,12 (∞). For this, we assume a large
filter order (i.e., N >> 1) which permits us to assume that the
variance of ||x(n)||2 is small, leading to
E

1
1
1
1
=
≈  2 ≡ 
.
rn2
Nσx2
E rn
E ||x(n)||2

(8)
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Theorem 1: For white input and large filter order (i.e.,
N >> 1) as well as small misadjustment (i.e., μ << 2), the
steady state EMSE of the ZA-NLMS algorithm is given by
Jex,1 (∞) = Jex,2 (∞) + ĴM
where

(9)

⎫
⎧
⎤

3σ 2
⎬ ρ2N3
2N 2M⎨ 1
π
μ
ρ
1
η
⎦
ĴM = σx2 ⎣
+1−1 +
−
⎭
μ2 ⎩ π π N 3 ρ 2 σx2
μ2
⎡

and M : number of inactive taps.
Proof: The result follows by making the substitution G(n) =
(1/N)I in the EMSE expression of the ZA-PNLMS [10] [as the
ZA-PNLMS algorithm reduces to ZA-NLMS under G(n) =
(1/N)I], then by making use of (8) (which follows from the
assumption N >> 1) and the assumption μ << 2.
The following may be noted from Theorem 1:
of M with negative
1) The term ĴM is a linear function

gradient as {1/π − (1/π ) (π μ3 ση2 )/(N 3 ρ 2 σx2 ) + 1 −
1} < 0.
2) For M = 0, i.e., for a fully non-sparse system, ĴM > 0.
However, as M increases, ĴM decreases till for some
M = M , it becomes zero. For M > M , ĴM continues to decrease linearly and we have, ĴM < 0. The
index M can be treated as the boundary between a
non-sparse system and a sparse system, and it can be
set by choosing the value of ρ appropriately (by setting ĴM = 0, one can verify that the value of ρ
resulting
in Jex,1 (∞) = Jex,2 (∞) is given by ρ =

(π μ3 ση2 )/(σx2 N 3 {(1 − π + (π N/M ))2 − 1}).
3) From 1 and 2 above, it follows that for non-sparse
systems (i.e., for less values of M, in particular for
0 < M < M ), we have Jex,1 (∞) > Jex,2 (∞), meaning ZA-NLMS performs better than NLMS, whereas,
for M < M < N, Jex,1 (∞) < Jex,2 (∞), meaning ZANLMS performs better than NLMS. This is expected, as
in ZA-NLMS, zero attraction is enforced uniformly on
all taps. Thus, when number of inactive taps M is high,
ZA-NLMS is beneficial, whereas, when M is less, zeroattraction on active coefficients results in enhancement
of EMSE.
Theorem 2: For white input, large filter order and μ << 2,
the steady state cross-EMSE Jex,12 (∞) between the NLMS
and the ZA-NLMS can be expressed as


 √

2π μσw1,i
+1
Jex,12 (∞)1 = Jex,2 (∞) 1 − M
N
ρN
(10)
where σw21,i = lim E[w̃21,i (n)], i ∈ Z (same for all i [10]).
n→∞
Proof: Given in the Appendix.
From (10), it follows that: 1) for M = 0, i.e., for a fully
non-sparse system, Jex,12 (∞) = Jex,2 (∞) and 2) Jex,12 (∞)
has a negative gradient with respect to M, i.e., as M increases,
it falls below Jex,2 (∞) linearly. We plot Jex,1 (∞), Jex,2 (∞)
and Jex,12 (∞) against M over the range 0 − N in Fig. 1. Since
NLMS is sparsity unaware, Jex,2 (∞) is constant for all values of M. Also, the two straight lines, one for Jex,1 (∞) and
the other for Jex,12 (∞) are seen to intersect at M = M .

Fig. 1. Variation of Jex,1 (∞), Jex,2 (∞), and Jex,12 (∞) against the sparsity
level of the system.

Fig. 1 shows the case where M ≤ N. In that case, the range
0 − N can be divided into the following three zones:
1) Zone 1 (0 ≤ M < M ) for which Jex,1 (∞) > Jex,2 (∞) ≥
Jex,12 (∞).
2) Zone 2 (M ≤ M < M ) for which Jex,2 (∞) ≥
Jex,1 (∞) > Jex,12 (∞).
3) Zone 3 (M ≤ M ≤ N) for which Jex,2 (∞) >
Jex,12 (∞) ≥ Jex,1 (∞).
However, if M > N, the two straight lines Jex,1 (∞) and
Jex,12 (∞) do not intersect within 0 − N.1 In that case, Fig. 1
will have only two zones, namely, zones 1 and 2.
Now, to understand the convergence behavior of the
proposed convex combination, we use the following results
from [7] on convex combination of any two adaptive filters:
1) If J2 > 0 and J1 ≤ 0, i.e., Jex,2 (∞) > Jex,12 (∞) ≥
Jex,1 (∞), then, γ (n) → 1 as n → ∞, meaning, the
proposed convex combination will converge to the filter
1 and we will have Jex (∞) ≈ Jex,1 (∞).
2) If J1 > 0 and J2 ≤ 0, i.e., Jex,1 (∞) > Jex,12 (∞) ≥
Jex,2 (∞), then, γ (n) → 0 as n → ∞, meaning, the
proposed convex combination will converge to the filter
2, leading to Jex (∞) ≈ Jex,2 (∞).
3) If J2 > 0 and J1 > 0, i.e., Jex,2 (∞) >
Jex,12 (∞), Jex,1 (∞) > Jex,12 (∞), the convex combination may converge to a filter that produces even lesser
EMSE than produced individually by filters 1 and 2, i.e.,
one will have Jex (∞) ≤ min{Jex,1 (∞), Jex,2 (∞)} [note
that as mentioned earlier, we cannot have the other case,
namely, Jex,2 (∞) < Jex,12 (∞), Jex,1 (∞) < Jex,12 (∞)
simultaneously].
From above and also from Fig. 1, we may then conclude the
following:
1) For M = 0, i.e., for an absolutely non-sparse system, we
have J1 > 0 and J2 = 0, meaning, lim γ (n) = 0
n→∞
and thus the combined filter wc (n), in the steady state,
will converge to w2 (n), i.e., the NLMS-based filter.
2) For 0 < M < M , we have both J1 > 0 and
J2 > 0, meaning, wc (n) in this case will converge to a filter that produces Jex (∞) with Jex (∞) ≤
min{Jex,1 (∞), Jex,2 (∞)}.

1 Solving J
M as N/c, where c is
ex,1 (∞) = Jex,12 (∞), one obtains 
given approximately by c = 1 − (1/π ) + (1/π ) π μ3 ση2 /(ρ 2 N 3 σx2 )(1 −

μση2 /(8Nσx2 σw21,i )), i ∈ Z under the assumption that ρ is very small. Now,

as σw21,i , i ∈ Z decreases with increasing ρ [10], it is easy to verify that c
decreases as ρ increases. However, as long as c remains greater than one, we
have M < N. On the other hand, if c exceeds one, we have M > N and
the two straight lines Jex,1 (∞) and Jex,12 (∞) do not intersect within 0 − N.

DAS et al.: CONVEX COMBINATION OF NLMS AND ZA-NLMS FOR IDENTIFYING SYSTEMS WITH VARIABLE SPARSITY

Fig. 2.
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EMSE and cross EMSE versus iteration index for ZA-NLMS, NLMS, and the overall combination.

3) For M ≤ M ≤ N, we have J2 > 0 and J1 ≤ 0,
implying, lim γ (n) = 1 and thus, wc (n) will converge
n→∞
to w1 (n), i.e., the ZA-NLMS-based filter.
IV. S IMULATION R ESULTS
The proposed convex combination was simulated to identify a system with 128 coefficients that were chosen randomly
from the set {0, 1}. Initially, the system was chosen to be
highly non-sparse with the number of inactive taps (i.e., taps
taking zero values) M taken to be only 4 (equivalently, number
of active taps taking value 1 taken to be 124). The sparsity
level of the system was gradually increased after every 30 000
time steps, leading to M = 108, 113, 118, and 124 after
30 000, 60 000, 90 000 and 120 000 time steps, respectively.
The simulation was carried out for a total of 150 000 iterations, with μ = 0.1, μa = 15, ρ = 0.000004, and with the
input x(n) and the observation noise η(n) taken as zero mean,
white Gaussian random processes with variances σx2 = 1 and
ση2 = 0.01, respectively. Filters with 128 coefficients were
chosen for both filters 1 and 2, with their initial values taken
as zeros. The simulation results are displayed in Fig. 2 by
plotting learning curve of the proposed convex combination,
namely, the EMSE Jex (n) against the iteration index n (red
line), obtained by averaging e2a (n) over 100 ensembles. Apart
from Jex (n), Fig. 2 also plots the individual learning curves
of the two filters, namely, Jex,1 (n) (green line) and Jex,2 (n)
(brown line), along with the cross EMSE Jex,12 (n) (blue line)
against n. The following can be observed from Fig. 2:
1) For 0 ≤ n ≤ 30 000, the system is almost fully
non-sparse and it is seen that in the steady state,
Jex,2 (n) ≈ Jex,12 (n) with both Jex,2 (n) and Jex,12 (n) less
than Jex,1 (n). Also seen is that Jex (n) ≈ Jex,2 (n), meaning, the convex combination switches to filter 2. This
validates our conjecture above about fully non-sparse
systems.
2) It is seen that for 30 001 ≤ n ≤ 60 000, Jex,2 (n) <
Jex,1 (n), for 60 001 ≤ n ≤ 90 000, Jex,2 (n) ≈ Jex,1 (n),
while, for 90 001 ≤ n ≤ 120 000, Jex,2 (n) > Jex,1 (n)
(all in the steady state). The first case corresponds to
a moderately non-sparse system (zone 1 of Fig. 1), the
second case corresponds to the transition point M of
Fig. 1, while the third case corresponds to a moderately
sparse system (zone 2 of Fig. 1). In all the three cases, it
is seen that Jex,12 (n) < Jex,i (n), i = 1, 2 (in the steady

state). More interestingly, in all the three cases above,
we have Jex (n) < Jex,i (n), i = 1, 2. This validates our
hypothesis that in case of both zones 1 and 2 of Fig. 1,
as Jex,12 (∞) < Jex,i (∞), i = 1, 2, the proposed combination can converge to a filter that performs better than
either of filters 1 and 2.
3) Lastly, for 120 001 ≤ n ≤ 150 000, we have Jex,2 (n) >
Jex,12 (n) > Jex,1 (n) and Jex (n) ≈ Jex,1 (n) (in the
steady state). This corresponds to a highly sparse system
(zone 3 of Fig. 1). Again, this validates our claim that
for a highly sparse system, the proposed combination
will switch to filter 1.
We have also plotted in Fig. 2 the theoretical values of
Jex,1 (∞) and Jex,12 (∞) as per (9) and (10) by horizontal
green and blue dashed lines, respectively. It is easily seen that
for each value of M, the theoretical values match the experimentally obtained values of Jex,1 (∞) and Jex,12 (∞) almost
exactly.
A PPENDIX
E VALUATION OF Jex,12 (∞)
From Section III-A, Jex,12 (n) = E[ea,1 (n) ea,2 (n)] =
E[xT (n)
w1 (n)
wT2 (n)x(n)] ≡ E{Tr[xT (n)
w1 (n)
wT2 (n) x(n)]}
T
T
≡ Tr{E[x(n)x (n)
w1 (n)
w2 (n)]}. Using the statistical independence of x(n) vis-a-vis w1 (n) and w2 (n) [5], and
2
the fact that x(n) is white with variance
N−1 σx , we have,
2
2
Jex,12 (n) = σx Tr[K12 (n)] = σx i=0 λ̃12,i (n), where
K12 (n) = E[w̃1 (n)w̃T2 (n)] is the so-called weight error cross
covariance matrix and λ̃12,i (n) = [K12 (n)]i,i . To obtain
Jex,12 (∞), we now consider the dynamics of the evolution of
K12 (n) in time. Subtracting the LHS and RHS of (1) and (2)
separately from w0 , replacing ei (n) by xT (n)w̃i (n) + η(n), i =
1, 2 and neglecting δ as it is very small, we obtain


μx(n)xT (n)
w̃1 (n + 1) = I −
x(n)2
μη(n)x(n)
× w̃1 (n) −
+ ρsgn[w1 (n)]
(11)
x(n)2
and


μx(n)xT (n)
μη(n)x(n)
w̃2 (n) −
. (12)
w̃2 (n + 1) = I −
2
x(n)
x(n)2
Post-multiplying the RHS of (11) by the transpose of the RHS
of (12), using the aforesaid statistical independence of x(n)
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with w1 (n) and w2 (n), and also the fact that η(n) is zero
mean, white and independent of x(m) for all n, m, we obtain


μx(n)xT (n)
K12 (n)
K12 (n + 1) = E I −
x(n)2


μx(n)xT (n)
× I−
x(n)2


+ ρE sgn[w1 (n)]w̃T2 (n)




μx(n)xT (n)
2
2
+
μ
× E I−
E
η
(n)
x(n)2
T
x(n)x (n)
.
(13)
×E
||x(n)||4
Using (6) to replace x(n) by sn rn ν n , we obtain
K12 (n + 1)
N−1

 λj 
I − μvj vTj K12 (n) I − μvj vTj
=
Tr(R)
j=0
⎞
⎛
N−1
 λj


vj vT ⎠
+ ρE sgn[w1 (n)]w̃T2 (n) ⎝I − μ
Tr(R) j
j=0


 1
+ μ2 E η2 (n) E 2
rn

N−1

j=0

λj
vj vT .
Tr(R) j

(14)

Pre- and post-multiplying K12 (n) by vTi and vi , respectively,
using the orthonormality of the eigenvector vi ’s and noting
that λ̃12,i (n) = vTi K12 (n)vi , we have


λi
λ̃12,i (n + 1) = 1 − μ(2 − μ)
λ̃12,i (n)
Tr(R)
μ2 ση2
1
λi E 2 + 12,i (n)
+
(15)
Tr(R)
rn
where
12,i (n)



= ρvTi E sgn[w1 (n)]w̃T2 (n)
⎞
⎛
N−1
 λj
vj vT ⎠vi .
× ⎝I − μ
Tr(R) j

(16)

j=0

Now, for white x(n), R is a diagonal matrix, meaning the
eigenvector vi is given by the ith column of the N × N identity
matrix, λj = σx2 and Tr(R) = Nσx2 . From (16), it then follows
that:
 


(17)
12,i (n) = ρ(1 − μ/N)E sgn w1,i (n) w̃2,i (n) .
Now, from [10], it follows that both w1,i (n) and w2,i (n) converge to their true values in mean. This means, for large
n, E[w1,i (n)] ≈ 0 for i ∈ Z, and E[w̃2,i (n)] ≈ 0 for both
i ∈ Z and i ∈ NZ, i.e., in steady state, both w1,i (n) and
w̃2,i (n), i ∈ Z are zero mean random variables. Assuming
w1,i (n) and w2,i (n) to be jointly Gaussian [which is realistic as both are generated from x(n) which is assumed to
be Gaussian], we can apply Price’s
 theorem [11] leading
to lim E[sgn[w1,i (n)]w̃2,i (n)] = − 2/(π σw21,i )λ̃12,i (n). For
n→∞
large n, this implies
% 
2
(18)
12,i (n) ≈ −ρ(1 − μ/N) 2/ π σw1,i λ̃12,i (n).

Substituting in (15), using the approximation E[(1/rn2 )] ≈
(1/Nσx2 ) from (8), and letting n → ∞, we have, for i ∈ Z




μ2 ση2 μ
2
μ
λ̃12,i (∞) = 2 2 /
.
(2 − μ) + ρ 1 −
N
N
N σx
π σw21,i
(19)
Since σw21,i is independent of i [10], λ̃12,i (∞) too does not
depend on i. Using the approximations μ << 2 and N >> 1
in (19), we obtain, for i ∈ Z

&
'

2
ρN
λ̃12,i (∞) = μση2 / 2Nσx2 1 +
.
(20)
2μ π σw21,i
Next, for i ∈ NZ and assuming small weight error variance in the steady state, it is reasonable to assume that
for large n, sgn[w1,i (n)] = sgn[w0,i ]. Since, in the steady
state, E[w̃2,i (n)] = 0, we have, E[sgn[w1,i (n)]w̃2,i (n)] =
E[sgn[w0,i ]w̃2,i (n)] = sgn[w0,i ]E[w̃2,i (n)] = 0. From (17),
we then have 12,i (n) = 0 for large n and for i ∈ NZ.
Substituting in (15), and as before, letting n → ∞ and taking
E[(1/rn2 )] ≈ (1/Nσx2 ), we obtain, for i ∈ NZ
)
)
(
(
λ̃12,i (∞) = μση2 / (2 − μ)Nσx2 ≈ μση2 / 2Nσx2
(21)
as μ << 2. Note that like for i ∈ Z, λ̃12,i (∞) is independent
 of i for i ∈NZ as well. Noting that Jex,12 (∞) =
σx2 [ i∈Z λ̃12,i (∞)+ i∈NZ λ̃12,i (∞)] where |Z| = M, |NZ| =
N −M, substituting λ̃12,i (∞) from (20) and (21), and recalling
from (7) that Jex,2 (∞) ≈ μ2 ση2 , the result (10) follows easily.
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