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Some system identification problems impose nonnegativity constraints on the parameters to be esti-
mated due to inherent physical characteristics of the unknown system. The nonnegative least-mean-
square (NNLMS) algorithm and its variants allow one to address this problem in an online manner. A
nonnegative least mean fourth (NNLMF) algorithm has been recently proposed to improve the perfor-
mance of these algorithms in cases where the measurement noise is not Gaussian. This paper provides a
first theoretical analysis of the stochastic behavior of the NNLMF algorithm for stationary Gaussian inputs
and slow learning. Simulation results illustrate the accuracy of the proposed analysis.
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1. Introduction

Adaptive filtering algorithms are widely used to address system
identification problems in applications such as adaptive noise
cancellation [1,2], echo cancellation [3,4], active noise control
[5,6], and distributed learning [7,8]. Due to physical characteristics,
some problems require the imposition of nonnegativity con-
straints on the parameters to be estimated in order to avoid un-
interpretable results [9]. Over recent decades, nonnegativity as a
physical constraint has been studied extensively (see, e.g., non-
negative least-squares [10-13] and nonnegative matrix factoriza-
tion [14-18]).

The nonnegative least-mean-square (NNLMS) algorithm was de-
rived in [19] to address online system identification problems subject
to nonnegativity constraints. Its convergence behavior was analyzed
in [19,20]. The NNLMS algorithm is a fixed-point iteration scheme
based on the Karush-Kuhn-Tucker (KKT) optimality conditions. The
NNLMS algorithm updates the parameter estimates from streaming
data at each time instant and is suitable for online system identifi-
cation. Variants of the NNLMS algorithm were proposed in [21,22] to
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address specific robustness and convergence issues.

In certain practical contexts, it has been shown that adaptive
algorithms with weight updates based on higher-order moments
of the estimation error may have better mean-square error (MSE)
convergence properties than the LMS algorithm [23-27]. This is
the case, for instance, of the least mean fourth (LMF) algorithm,
whose weight update is proportional to the third power of the
estimation error. The LMF algorithm was proposed in [28], where
it was verified that it could outperform the LMS algorithm in the
presence of non-Gaussian measurement noise. This desirable
property has led to a series of studies about the convergence be-
havior of the LMF algorithm and some of its variants [29-40].
Recently, a nonnegative LMF (NNLMF) algorithm was proposed in
[41] to improve the performance of the NNLMS algorithm under
non-Gaussian measurement noise. It was shown in [41] that, when
compared to the NNLMS algorithm, the NNLMF algorithm can lead
to faster convergence speed for equivalent steady-state perfor-
mance or improved steady-state performance for the same con-
vergence speed. The results shown in [41] are exclusively based on
Monte Carlo simulation. Nevertheless, they clearly show that there
is a need to better understand the convergence properties of the
NNLMF algorithm. Up to now, there has been no study of the
stochastic behavior of the NNLMF algorithm.

This paper provides a first statistical analysis of the NNLMF
algorithm behavior. We derive an analytical model of the
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algorithm behavior for slow learning and Gaussian inputs. Based
on statistical assumptions typical in the analysis of adaptive al-
gorithms, we derive recursive analytical expressions for the mean-
weight behavior and for the excess MSE. The high-order non-
linearities imposed on the weight update by the third error power
and by the non-negativity constraints result in a difficult mathe-
matical analysis, requiring novel approximations not usually em-
ployed in adaptive filter analyses. Monte Carlo simulation results
illustrate the accuracy of the analysis. It is known that the study of
the stability of the LMF algorithm is relatively complex [30,31].
This complexity increases for the NNLMF algorithm. A theoretical
stability study could not be accommodated in this work, and is left
for future studies.

The paper is organized as follows. In Section 2, we describe the
system model and provide an overview of the NNLMS and NNLMF
algorithms. In Section 3, we introduce statistical assumptions used
in the analysis of the NNLMF algorithm. The mean and mean-
square analyses are performed in Sections 4 and 5, respectively.
Simulation results are used to validate the analysis in Section 6.
Finally, Section 7 concludes the paper.

In the sequel, normal font letters are used for scalars, boldface
lowercase letters for vectors, and boldface uppercase letters for
matrices. Furthermore, (-Y denotes vector or matrix transposition,
E{-} denotes statistical expectation, ||-| is the #>-norm of a vector, O
denotes the Hadamard product, Tr{-} computes the trace of a
matrix, D, represents a diagonal matrix whose main diagonal is
the vector a, 1 is the all-one column vector, and I is the identity
matrix.

2. Nonnegative system identification

Online system identification aims at estimating the system
impulse response from observations of both the input signal u(n)
and the desired response d(n), as shown in Fig. 1. The desired re-
sponse is assumed to be modeled by

dmn) = w<u(n) + z(n) 1)

where u(n) = [u(n), un — 1), ..., u(n — M + DT is the input vector
consisting of the M most recent input samples,
w* = [Wj, Wi, ..., wi,_,] denotes the true weight vector of the un-
known system, and z(n) represents the measurement noise. For
nonnegative system identification, nonnegativity constraints are
imposed on the estimated weights w,, i e {0, 1, ..., M — 1}, lead-
ing to the constrained optimization problem [9]

w° = arg min J(w)
w
subjectto w; >0 )

where w is the free-variable weight vector with w; being its ith
entry, J(w) is a differentiable and strictly convex objective function

z(n)

> Algo. |«

Fig. 1. Block diagram of system identification using an adaptive filter, which is
widely used in many practical applications.

of w, and w° represents the solution to the above constrained
optimization problem.

Based on the Karush-Kuhn-Tucker conditions, the authors in
[19] derived a fixed-point iteration scheme to address the opti-
mization problem (2). Using the mean square error (MSE) cost
function

Jiw) = E{1dm) - w'mumy } 3)

and a stochastic approximation yielded the NNLMS algorithm
update equation

wn + 1) =wmn) + yDu(”)w(n)e(n) )

where w(n) denotes the weight vector of the adaptive filter at
instant n, e(n) = d(n) — w'(mu(n) is the error signal, and y is a
positive step-size.

To improve the convergence performance of the adaptive filter
for non-Gaussian measurement noise, the authors in [41] pro-
posed to replace the MSE criterion with the mean fourth error
(MFE) criterion

Jwam)] = E{1dm) - w'muamr}. 5)
This has led to the NNLMF algorithm update equation

Wi + 1) = W(n) + uDy,W(ne(n) 6)
The entry-wise form of (6) is

win + 1) = wn) + pu@ — Hwn)e>n) )

where wy(n) is the ith entry of the weight vector w(n). The update
term of (7) is highly nonlinear in w(n), leading to a more complex
behavior than that of the already studied LMF algorithm. In the
following we study the stochastic behavior of (7).

3. Statistical assumptions

The analysis of any adaptive filtering algorithm requires the use
of statistical assumptions for feasibility. The analysis is based on
the study of the behavior of the weight-error vector, defined as

wW(n) = w(n) — w* 8)

and we employ the following frequently used statistical
assumptions:

Al: The input signal u(n) is stationary, zero-mean, and
Gaussian.

A2: The input vector u(n) and the weight vector w(n) are
independent.

A3: The measurement noise z(n) is zero-mean, i.i.d., and in-
dependent of any other signal. Moreover, it has an even probability
density function so that all odd moments of z(n) are equal to zero.

A4: The statistical dependence between W(n)W'(n) and W(n)
can be neglected.

A5: The weight-error vector W(n) and [u' (n)W(n)]* are statisti-
cally independent.

Assumption A2 is the well-known independence assumption,
which has been successfully used in the analysis of many adaptive
algorithms, including the LMF algorithm [29]. Assumption A3 is
often used in the analysis of higher-order moments in adaptive
algorithms, and is practically reasonable. Assumption A4 is accu-
rate for slow learning, as in this case weight fluctuations tend to be
much smaller than their mean. For faster learning, this assumption
becomes less valid, but has been found to provide an approx-
imation with acceptable impact on the model accuracy. Assump-
tion A5 is reasonable for a large number of taps. Simulation results
will show that the models obtained using these assumptions can
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accurately predict the behavior of the NNLMF algorithm.

4. Mean weight analysis

The ith entry of the weight-error vector (8) is given by
W) = wy(n) — wy. )
Subtracting w; from both sides of (7), we have
Win + 1) = W) + pun — hwme3m). (10)
Substituting (9) into (10) yields
Wi+ 1) = W) + pun - H{ i + wyle*m Jeqm). an

By employing (1) and (9), the estimation error e(n) can be
equivalently expressed in terms of W(n) as

e(n) = z(n) + w*u(n) — W (mu(n) = z(n) — W' (Mu(n). 12)

From (12) the term [Wi(n) + wi*]e3(n) in (11) is of fourth-order in
Wwy(n). This makes the analysis significantly more difficult than that
of the LMS or LMF algorithm.

To make the problem tractable, we linearize the nonlinear term
within brackets in (11):

f[ﬁ/,(n)] = [Wi* + W,-(n)]ez(n) (13)

via a first-order Taylor expansion as done in [21]. Taking the de-
rivative of f[W(n)] with respect to w(n), we have

oW 5 _ e
V() = e‘(n) — 2e(mu(n — Hw; + W]

(14

Considering that w;(n) fluctuates around E{wi(n)}, we approximate
the high-order stochastic term f[W;(n)] at time instant n by its first-
order Taylor expansion about E{W;(n)} as

of Wi(m)]

fIwm] = fIE{wy(m)}] + V)

(W) — E{wy(n)}]
E{wj(n)}

= eéi(n)wi* + 2eg (mu(n — Hlwy + E{w,(m)}IE{wy(n)}
+ {e2(n) — 2eg (mun — Hiw; + E(Wy(m)}1}Win) (15)
where eg;(n) = e(Mly,  and is expressed as
eg,i() = z(n) — W mu(m) = e(n) - un - HEEWm) - w1 (16)
with
W (1) = [Wo(n), ..., Wi_y(), E(Wi()}, Wi, (), ..., Wy_ ()T a7

Combining (11), (13), and (15) yields

win + 1) = Wy(n) + pu(n — ix;(n) + s;mwyn)le(n) (18)
where

x(n) = eZ (mwy + 2eg ;(mu(n — Hlw; + E{(W,m)} [E(Wi(n)) 19)
si(n) = e () — 2eg (mu(n — Hlws + E(Wm)}]. (20)

Expressions (19) and (20) can be easily written in vector form as
follows:

X(n) = [Xg(n), (1), ..., Xy_y(MT
= Dﬁﬁ(mw* + 2Dy Dy D iy [W* + E{W(1)}] @1

S(1) = [So(1), S{(N), ..., Sy_1(MT
= Dgyn1 — 2Dy D[ W* + E(W(1))] 22)
where
ex(n) = [eg o(1), e 1(N), ..., € (T = e(n)

1 = Dy [E{W(m)} — W(m). 23)
Thus, we can write (18) in matrix form as
W(n + 1) = W() + pDygy[X() + Dy W([z(n) — W (mu(m)] = W(n)

- ﬂDu(m[x(n) + DS(H)W(TI)]WT(H)U(H) + ﬂDu(n)[x(n) + Ds(n)w(n)]

z(n) = W(n) — up(n) + pq(n) (24
where
P() = Dy [X(0) + Dy W)W (myu(n) 25)
qmn) = Du(m[x(n) + Dg(ﬂ)w(n)]z(n)- (26)

Taking expectations of both sides of (24) yields
E{w(n + 1)} = E{w(m)} — xE{p(m} + xE{q(m)}. 27)

Next, we need to calculate E{p(n)} and E{q(n)} to express (27) in
an explicit form. From (25), the ith entry of p(n) can be written as

p(n) = u(n - i){eéf(mwi* + 2eg (mu(n — Hiwy + E(W(m)E(Wm))
+ {edim - 2eg um - bw; + Ew) m JWmum. o8,

We rewrite (28) as

Pi(n) = Pi'a(n) + Pi'b(n) + P,"C(n) (29)
where

Py, = u(n — Heg mw; W' mu(n) (30a)
Pyp(m) = u(n — Heg (mwmWw (mu(n) (30b)
p; (M) = 2[wy + E(W,(m)}1u’(n — Deg (mIE{W;)} — W)W (mu(n). (30¢)

Define r; as the ith column vector of the input vector correlation
matrix R = E{u(n)uT(n)}. Using Assumptions A1-A5, it is shown in
Appendices A and B that the expected values of (30a) and (30b)
can be approximated by

E{p,,(m)} = E{u(n - i)eéi(n)wi*\ivT(n)u(n)} ~3 Tr{RE{\Tv(n)}E{\ivT(n)}}

E{WT(n) }r,-w,-* + cZE{WT(n) }l',-W,-* 31

E{p,,(m} = E{u(n - i)eé,-(n)W,-(n)WT(n)u(n)} ~3 Tr{RE{\Tv(n)}E{\ivT(n)}}
E{wo) | rE0im) + ZE{ W) | rE (i) 32)
where azz = E{zz(n)} denotes the variance of the measurement

noise. It is also shown in Appendix A that Wgnyu(n) can be ap-
proximated by W'(mu(n). Using this approximation in (16) yields

eg () = z(n) — W' (mu(n). (33)

Substituting (33) into (30c), we have
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Py () = 2wy + E{(Wy(m}ui(n — HW (mum[E{win)} — wim)lz(n)

= 2(w; + E(w(m)lu’(n — HIW mumPE(Wm) - wim). (€2

Then, using Assumptions A2, A3, and A5, the expected value of
(34) becomes

E(p, () = - 2[w; + EGRmE{ v’ — DIw mum)r” |

E{[E(wm)} — wm)]} = 0 35)
due to the last expectation. Therefore, we have
E{pm} = E{p, ,(M} + E{p;,(m}. (36)
Its vector form is consequently given by
E{p(m} =E{p,(m} + E{p,(m)} 37
where
E(p,(m) =3 Tr{RE{W(n)}E{WT(n)} }DW*RE{W(n)}

+ 62D, RE{W(n)} (38)

E(p,() = 3 Tr{RE(W()}E{W ()} } D ) RE(W())
+ 67Dy RE(W(I)). 39)
Therefore, we have
E{p()} = 3 Tr{RE{W(n)}E{wT(n)} }D[WHE{W(”)HRE{W(n)}
+ UzZD[qu(wmmRE{W(”)}- (40)

From (26), we directly find that the ith entry of q(n) can be written
as

q(m) = u(n - i){eéi(n)wi* + 2eg (mu(n — Hw; + E{w,(m)}IE{wy(n)}

+ {e2im - 2e; (muam - biwy + Ep) I wm fzm. g,

Using (16), we rewrite the above equation as

qn) = qi‘a(n) + qi‘b(n) - qi‘c(n) + qi'd(n) 42)
where
g, ,(m) = u(n — Hiz(n) — WE (MumPw;z(m) (43a)
q;.,() = u(n = Hiz(n) — W MumPwymzmn) (43b)
q, () = 2[z(n) — Wg mumu*(n — Hiw; + E(WmIwmzm) (43¢
q; M) = 2[2(n) — W (Mu(n)]

u?(n — iw; + E(wmNE{W,(n)}z(n). (43d)

Since the mean weight behavior is not usually sensitive in the
approximation E{W(mwjn)} =~ E(W(m)}E{w(n)}, V i, j (see [19,21]),
using this approximation as well as Assumptions A1-A4, we have

E{q,,m) = - ZE{zz(n)u(n - i)v”vg'i(n)u(n)}wi*

=— 2622Wi*E{WT(n)}1',~ (44a)

E{g;,(m} = - 2E{Z2mu(n — HW mumE{wm)} }

= - 22wiE{W ) |r; (44b)
E(q,(m} = 267E{u’(n — Diw; + E(wm)] JE(Wm) (440)
E{q,m} = ZGZZE{uz(n - Diw; + E{Wi(n)}]}E{W,»(m}- (44d)
Consequently, (42) leads to
E{qm} = E{q, ,m} + E{q;,(m} — E{q; (M} + E{q; ()}
~ — 2071w; + E{iym ) E(W () | 45)
which can be written in matrix form as
E(QD)} = — 207D\, £ uin RE(W()}. (46)
Finally, using (40) and (46) in (27), we obtain
E{W(n + 1)} = E{W(n)} — 342Dy g(weny RE(W())
= 3uTr{ RE(Wm)E{W ()} } Dy s RE(WOD)). 47

Expression (47) predicts the mean weight behavior of the NNLMF
algorithm, and will be used in the next section to compute the
second-order moment.

In the case that the input to the system is zero-mean white

noise, i.e., R = 621 with ¢ = E{uz(n)}, (47) reduces to
E{W(n + 1)} = E{W()} — 340670, Diwe. g wm) LW}

- BquTr{E{W(n)}E{WT(n)}}

D gpwempE{ W)} = E{W(n)}

= 3uc20 Dy [W* + E{W(n)}]

= 3ucyt | E{W) }IP Dyanylw® + E(WD}T 43,
which can be expressed in entry-wise form as

E(Wi(n + 1)} = E(Wy()} - 3ucloE(Wm)}[w; + E{Wm)}]

M-1
— 3uog Y B (Wi (mYE(W )} Wy + E{Wi(m)}].
m=0 49)

Using the equality E{w;(n + 1)} = E{W,(n)} as n — oo, (49) becomes

M-1
E{W;(c0)}[w; + E{VT/I-(OO)}]{B/J(IZZ(FHZ + 3,urru4 2 EZ{Wm(oo)}} =0.

m=0 50)
Solving (50), we obtain E{W(c)} =0 or E{Wj(c)} = — wy, which
means that wP = wy and wp =0 are the two fixed points of the
mean weight behavior of the NNLMF algorithm, where w} is the
ith entry of w°. This result is consistent with that of the NNLMS
algorithm.

5. Second-order moment analysis

Let K(n):E{W(n)WT(n)} be the covariance matrix of the
weight-error vector. Under certain simplifying assumptions [2],
the excess mean-square error (EMSE) is given by
£n) = Tr{RK(n)}. (G2

In the previous section, we used the approximation
Kn) ~ E{W(n)}E{WT(n)}. This approximation is accurate enough
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for the analysis of the mean weight behavior. However, the effect

of the second-order moments of the weight-error vector on the

EMSE behavior is more significant [19]. Therefore, we need a more

accurate expression for K(n) in order to characterize the EMSE.
Subtracting w* from both sides of (6) yields

W(n + 1) = W(n) + uDy,W(me(n). (52)

Post-multiplying (52) by its transpose, considering the equality
Dy, W(n) = Dy ,u(n), and taking the expected value, we have

K@ + 1) = K1) + u®,(n) + 1> ®y(n) (53)
where

@) = E{e3(n)[W(n)uT(n)Dw(n) + Dw(n)u(mwT(n)]} (54)
@,(1) = E{ %Dy u(mu (D }. (55)

By using (12), e3n) and e®mn) can be expanded, respectively, as
follows:

e3m) = 22m) - 32U MWn) + 3zm)[u (MWn)
- [ mwm)P? (56)

eSmn) = z28(n) — 6z22mu’ W) + 152%m " Wwm)% - 2023w
+ 1522 (mwm1* - 6z’ mwm)® + [ mwm)C. (57

Using (56) in (54) with Assumption A3, we have
@ (n) = E{ (=322 mwm) — W mwP |

X (WU (D) + Dw(mu(n)v”vT(n)]}

= - 3620,(n) - 3620{(N) + O,(n) + OJ(1) (58)
where
0,(n) = E{Wmw mumu' (D, } (59)
0,(n) = — E{D yumu mw(mw mumu (mwmw'm)}. (60)

Similarly, using (57) in (55) with Assumption A3, we have

@, = E{2°m }0;mn) + 15E{z*m) J0,m) + 156705m) + 05m) (671,

where

05(11) = E{ Dy u(mu’ (m)Dy ;| 62)
0,(n) = E{ [0 (W) Dy s’ (D | 63)
Oyn) = E{ [uT(n)W(n)J“Dw(mu(n)uT(n)Dw(m} 64)
O(n) = E{ [0 (MW(M)I°Dyy uMU (MDyy | (65)

In the following, we express ©;(n), i =1, 2, ..., 6, in terms of R and
K(n).

51. ©n)

Using (8) in (59), and considering Assumptions A2 and A4, we

can approximate (59) as
0,(n) = E{wmw mumu’(mDy, |
+ E{W(n)\TvT(n)u(n)uT(n)Dw*} ~Kmn)
RDg () + K(DRD . = K(RIDg )y + Dyl (66)

52, O,n)

Likewise, using (8) in (60), we have
0,(n) = — E{Dy,,E(M} — E{Dy.E(m)}
= = Dy E{EM)} — Dy.E{EM)} (67)
where
E() = umu' (MWmW (mumu’ (mwmw' (). (68)

Notice that in the second line of (67) we neglect the correlation
between Dy,,,, and E(n). This approximation is reasonable as E(n) is
a function of fourth-order products of elements of W(n), whose
values can be obtained from infinitely many different vectors w(n).
In [29], the expected value of E(n) for zero-mean Gaussian inputs
has been approximated using Assumptions A4 and A5 as

E{E(n)} ~ 3 Tr{RKm)}RK(n). (69)
Using (69) in (67) yields
0,(n) ~ — 3 Tr{RK()} [Dg gy, + Dy« IRK(). (70)

53. ©yn)

Substituting (8) into (62) and using Assumption A3, we have
03(1) = E{ Dy u(mu’ Dy, }
+ E{Dw(n)u(n)uT(n)Dw*} + E{Dw*u(n)uT(n)DW(n)}
+ E{Dyumu D, }. an
It was shown in [19] that E{D“(H)W(n)WT(n)Du(n)} ~ ROK(n). Since
Dy UMW (WD) = Dy WIOW (D, 1y 72)

we can approximate (71) as

0O3(n) =~ ROK(1) + D) RDy+ + DysRDg )y + Dy« RD e (73)
1
q
057
[
=}
o
>
0 o
-0.5
: ) - - )
2 4 6 8 10
Index

Fig. 2. Unknown system impulse response w* (O) and initial weight vector w(0)
(¢) drawn from the uniform distribution U([0; 11).
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Fig. 3. Plots of f(, j, k) = E{wmw;(mw,(n)} and g(, j, k) = E{w;(m)w;(n)}E{W(n)} in the case where the input is a correlated signal and the noise is a uniformly distributed
sequence with y =2 x 1072, showing that Assumption A4 is valid for slow learning. (a) Weight indices i = j = k and (b) weight indices i # j # k.

54. O,n)

Substituting (8) into (63) and using Assumption A3, (63) can be
written as

0,() = 15E{ [0 (MW Dy u(mU (D |
= 15E{ [0 (W) Dy, W)W (1D |
= 15E{Du(n)[W(n) + wHU (MWW (mu(n)

[W(n) + w*]TDu(n)}

= 15{041(1) + O45(N) + O43(1) + Oy 4(M)} 74)
where
0,4(n) = E{Du<n>W*uT<n)V"v(n)WTm)u(n)wJDu(m} (75a)
0,5(n) = E{ Dy wu (W (mW(mw (mDy, | (75b)
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0,3() = E{ Dy, W)W (mumw (mumw* Dy, } (750)

0,4() = E{ Dy WmW (mu(myu’ (mWw(mw ' (mDy, }. (75d)

We find that the above quantities, ©,(11)—®,4(n), correspond to
[19, Egs. (45)—(48)], respectively, which have been computed un-
der Assumptions A1-A5. Therefore, the results obtained in [19] can
be used directly here, yielding

©41(n) = Dy,.{2RK()R + Tr{RK(n)}R}Dy,. (76a)
0y,(n) =~ Dwg{ZRl((n)R + Tr{RK(n)}R}DE(W(m) (76b)
0,3(1) = Dg gn) | 2RKR + Tr{RK(1)}R}D,,. (760)
0,4 ~ {2RK(MR + Tr{RK(n)}R}OK®). (76d)

lteration number

(b)

Fig. 4. Plots of x(i) = E{W,-(n)[uT(n)W(n)]z} and y(i) = E(vT/,-(n)}E{[uT(n)v‘v(n)]z] in the case where the input is a correlated signal and the noise is a uniformly distributed
sequence with y =2 x 107>, showing that Assumption A5 is valid for slow learning. (a) Positive unknown weights and (b) negative unknown weights.



24 J. Ni et al. / Signal Processing 128 (2016) 18-27

0.9 T T T T 0.9 T v T v
0.8 0.8 e ]
0.7} ] 0.7 .
0.6 " 0.6
(2] [2]
5 05 \ S, 0.5k} ,
s "' 2 \‘( ]
2 Oy s Py
@ F 2 ] PR
O 0.3 %N S 03[ X R s
g o3y § 03RS
0.2 + 02}
0.1p 0.1 1
0 ol
~01 ; ; ; ; -01 ; ; ; ;
0 1 2 3 4 5 0 1 2 3 4 5
Iteration number X 104 Iteration number X 104

(a) (b)

Fig. 5. Convergence of the NNLMF mean weights in the case where the input is a white Gaussian signal with x =2 x 107, showing that the theoretical (dotted) and
simulation (solid) curves are perfectly superimposed. (a) Uniform noise and (b) binary noise.
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Fig. 6. Convergence of the NNLMF mean weights in the case where the input is a correlated signal with x = 2 x 107>, showing that the theoretical (dotted) and simulation
(solid) curves are perfectly superimposed. (a) Uniform noise and (b) binary noise.
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Fig. 7. Convergence of the NNLMF second-order moment in the case where the input is a white Gaussian signal with y = 2 x 107, showing that the theoretical (solid) curves
match well with the simulation results (dashed). (a) Uniform noise and (b) binary noise.
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Fig. 8. Convergence of the NNLMF second-order moment in the case where the input is a correlated signal with x = 2 x 107>, showing that the theoretical (solid) curves
match well with the simulation results (dashed). (a) Uniform noise and (b) binary noise.

Defining
Y(n) = 2RK(n)R + Tr{RK(n)}R 77

and substituting (76) into (74) leads to
04(N) = [Dy: X (MWD + Dy X (MDg ynyy + Degwiny YD+ + Y(MOKm).  (78)

5.5. O5(n)

The term ©;(n) contains higher-order moments of W(n) and
u(n). Computing this term also requires approximations. One ap-
proximation that preserves the second-order moments is to split
the expectation as E{[uT(n)\Tv(n)]4} E{Dw(n)u(n)uT(n)Dw(n)}. The in-
tuition behind this approximation is that each element of the
matrix Dwm)u(n)uT(n)Dw(m corresponds to only one of the M? terms

of the sum [u' (n)W(n)]?, which tends to reduce their correlation for
reasonably large M. Moreover, we shall assume that u'(n)W(n) is
zero-mean Gaussian to simplify the evaluation of the above ex-
pectations. This assumption becomes more valid as M increases
(by the Central Limit theorem) and tends to be reasonable for
practical values of M. Under these assumptions, we have
05 = E{ ' w(n)* JE{ Dy umu Dy, | = 3E{ 10’ mywmy )

05(n) = 3[Tr(RK(m)} [ROK(m)

+ Dg(win) RDw+ + Dy«RDg(wny + Dy+RDy:]. 79)

5.6. Og(n)

The same assumptions used to calculate ®;(n) can be applied to
approximate (65) as

() = E{ (0 mwm1® }E{ Dy umu 0Dy } = 15E{ o w2
©5(n) = 15[Tr(RK(m)) P[ROK(m)
+ Dggwin)RDw+ + Dy«RDg gy, + Dy:RDyy]. (80)

5.7. K(n)

Using ©,(n) through ©g(n) in (58) and (61), we obtain
®,(n) ~ — 3[s2 + Tr{RK(n)}]
x {KGURIDg gy, + Dy- + Dy + Dy IRK() } 81

and
@) ~ {E{zs(n)} + 4562Tr{RKm12 + 15[Tr(RK(n))]3}
x {RoK(n) + D gwnRDw+ + Dy+RDg(wn)) + DW*RDW*} + 155{:4(11)}

[Dw+X(MD s« + Dy« X(MDE(w(m)) + DEpw(mn) Y (1)Dws + Y(M)OK(1)]. (82)

Substituting (81) and (82) into (53), we obtain a recursive analy-
tical model for the behavior of K(n), which can then be used in (51)
to predict the EMSE behavior for the NNLMF algorithm. Note that
E{z“(n)} and E{ZG(TI)} depend on the statistical distribution of the
noise z(n). For instance, if z(n) is zero-mean Gaussian noise, then
E{z“(n)} =3¢} and E{zs(n)} = 1569; if z(n) is zero-mean uniform

noise, then E{z4(n)} =9/5¢} and E{Zs(n)} = 27/765; if z(n) is zero-

mean binary noise, then E{z“(n)} = and E{zﬁ(n)} =60,

6. Simulation results

This section presents simulations in the context of system
identification with nonnegativity constraints to illustrate the ac-
curacy of the models derived in Sections 4 and 5. The impulse
response w* of the unknown system is given by
(0.8, 0.6, 0.5,0.4,0.3,0.2,0.1, - 0.1,- 03, - 0.6. The initial
weight w(0) is a vector drawn from the uniform distribution
U([0; 17) and kept the same for all realizations. Both w* and w(0)
are shown in Fig. 2. The input is taken as either a zero-mean white
Gaussian signal of unit power or a correlated signal obtained by
filtering zero-mean white Gaussian noise with variance 3/4
through a first-order system H(z) = 1/(1 — 0.5z”"), which yields a
correlated input with unit variance. The above simulation setups
are the same as those in [19]. The measurement noise is either
uniformly distributed sequence in [ - 5, 5] (SNR=-9.2dB) or a
binary sequence with samples randomly drawn from the set
{2, — 2} (SNR = — 6 dB). The step-size is chosen as x = 2 x 10> for
slow learning. All simulated curves are obtained by averaging over
200 realizations.

We first evaluate Assumptions A4 and A5 by simulation. As-
sumption A4 can be described as E{wmwimwim)} =~ E{wim)wj(n)}E(wim)).
From Fig. 3, one can see that this approximation is valid. Likewise,
Assumption A5 can be described as E{vT/,-(n)[uT(n)\iv(n)]z} ~ E(v"vi(n))E{[uT(n)\iv(n)]z}.
Fig. 4 shows that Assumption A5 is also valid. Figs. 5 and 6 show the
mean weight behavior for white and correlated inputs, respectively.
An excellent match can be verified between the behavior predicted by
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the proposed model and that obtained from Monte Carlo simulation.
Figs. 7 and 8 show the EMSE behavior (in dB) for the same example.
Here again one can verify an excellent match between theory and
simulation results.

7. Conclusions

The NNLMF algorithm can outperform the NNLMS algorithm
when the measurement noise is non-Gaussian. This paper studied
the mean and second-moment behavior of the NNLMF algorithm
for stationary Gaussian input signals and slow learning. The ana-
lysis was based on typical statistical assumptions and has led to a
recursive model for predicting the algorithm behavior. Simulation
results have shown an excellent match between the simulation
results and the predicted behavior from theoretical models. Since
stability conditions for convergence of the NNLMF algorithm are
difficult to determine analytically, a theoretical stability analysis
will be a topic for future work.
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Appendix A. Detailed calculation of (31)

Substituting (16) into the first line of (31) yields
E(p,,m} = E{um - Hlz(n) - WEmumPw,w’mum }
= E{u(n - i)[\Tvgi(n)u(n)]zw,.*WT(n)u(n)}
- 2E{u(n - i)z(n)v"vg,-(n)u(n)wi*WT(n)u(n)}
+ E{u(n - i)zz(n)w,.*WT(n)u(n)}. 83)

Using Assumptions A2 and A3, and noting that w; is deterministic,
we can simplify (83) to

E(p,,(m} = E{un - HiwE mumpPw mum}
wit + UEE{WT(H)}HWI* (84)

Using (17) and the definition of u(n), we obtain

i-1 M-1
Wi (mu(m) = 3 wimun — ) + E(wn - Diun - i) + 37 wimun - j).
io j=ie 5
Also,
i-1 M-1
Wi mum) = Y wmun — j) + W - hum — b + Y, wmum - j).
fr jEitt (86)

We note that (85) has the same expression as (86) except for the
ith term, E{w(n - i)}u(n —i)}. Therefore, we can approximate
v”vg,»(n)u(n) by W'(myu(n) for large values of M. With this approx-
imation, (84) can be written as

E{p, ,(m)} = E{u(n — DWW mum)? }wi* + o‘ZZE{WT(n)}l'iWi*. 87
The following approximation has been derived in [29]:
E{umw mumP’} = 3 Tr(RKm)}RE(W()). 88)

The ith entry of (88) satisfies

E{u(n - i)[wT(n)u(n)P} ~ 3 Tr{RK(n)}rTE{W(n)}

= 3 Tr(RK(n) }E{WT(n)}l'i. (89)
Substituting (89) into (87) yields
E{p,,(m) ~ 3 Tr{RI((n)}E{WT(n)}riwi* + a}E{wT(n)}riw;. 90)

In order to simplify the model and avoid higher-order statistics,
the approximation E{W(mW'(n)} ~ E{W(n)}E{W'(n)} was used in
the mean weight behavior analysis of the NNLMS, for which the
detailed explanation was given in [19]. Using this approximation in
(90), we obtain (31). Note that the recursive model derived for K(n)
in Section 5 can also be employed to predict the mean weight
behavior of the NNLMF algorithm. Nevertheless, a sufficiently ac-
curate mean weight behavior model can be obtained by using this
first-order approximation.

Appendix B. Detailed calculation of (32)

Using the approximation W{mu(n) ~ W (mu@m) shown in
Appendix A, E{p;,(m)} can be approximated as

E(p,, () = E{u(n - i)[wT(n)u(n)ﬁw,-(n)} + a}E{u(n - i)\ivT(n)u(n)v”v,-(n)}. o1

The term Wg(n) can be considered weakly correlated with
un — i)[v”vT(n)u(n)]3 according to Assumptions A2, A4, and AS5.
Therefore, the first term on the right-hand side of (91) can be
approximated as

E{u - hiw mumPwm | = E{um - hiw mump’ |Ewm) = 3
Tr{RK(n)}E{v”vT(n)}r,-E{W,-(n)} ~3
Tr{RE{W(n)}E{wT(n)} }E{WT(n)}r,-E{wi(n)}
92)

The approximation E{\Tv(n)\TvT(n)} ~ E{W(n)}E{\TvT(n)} used in Ap-
pendix A implies that E{w(m)w(n)} ~ E{w,(m)}E{w;(m)}, V i, j. Thus,
with Assumptions A2 and A4, the second term on the right-hand
side of (91) can be approximated as

oZE{un — DWW mumwm) | = oZE{W () }rE{wm). 93)

Finally, using (92) and (93) in (91), one obtains (32).
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