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Abstract

Proportionate adaptive filters, such as those based on reved proportionate normalized least-
mean-square (IPNLMS) algorithm, have been proposed far eehcellation as an interesting alternative
to the normalized least-mean-square (NLMS) filter. Prappéte schemes offer improved performance
when the echo path is sparse, but are still subject to som@roonises regarding their convergence
properties and steady-state error. In this paper, we stadydombination schemes, where the outputs
of two independent adaptive filters are adaptively mixecetogr, can be used to increase IPNLMS
robustness to channels with different degrees of spaesityell as to alleviate the rate of convergence
vs steady-state misadjustment tradeoff imposed by thetsmteof the step size. We also introduce a
new block-based combination scheme which is specificabygthed to further exploit the characteristics
of the IPNLMS filter. The advantages of these combined filkeesjustified theoretically and illustrated

in several echo cancellation scenarios.
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. INTRODUCTION

Adaptive echo cancellation, both acoustic and electrical, is a key compoinaodern communication
networks. The overall echo cancellation process is illustrated in Fig. &.etho is produced when the
far-end signal activates a (possibly time-varying) echo patf(»). This echo signal is superimposed
upon the near-end signail(n), which is possibly contaminated by additive noig¢n). The goal of an
echo canceler is to produce a repliga) of the echo signal which can be used to remove the echo before
the signal is delivered to the far-end.

In this paper, we are interested in modeling sparse or quasi-sparseleamoeels, in which only a
small fraction of the weights of the impulse responsgn) are significantly different from zero (the
so-called active coefficients). Such echo paths are typically encednieracoustic and network echo
cancellation [1], [2], including also internet telephony [3], [4], wheho-path impulse responses are
of short duration, but present unknown delays. Therefore, ibipes necessary to use echo cancelers
with a long memory, which can be implemented with adaptive filters with hundredgeor thousands
of weights, of which only a few will significantly differ from zero after a@rgence. Following [4], we
define the degree of sparsity of a channel as a qualitative measunegfmogn strongly dispersive (when
most of the coefficients ok, (n) are active) to strongly sparse. The degree of sparsity of a partiakiar e
path is typically not known beforehand, and it can even be time-varyiogthis reason, it is desirable to
develop schemes that show robust performance to different levgisdeness in the echo channel.

It is a well-known fact that adaptive schemes which distribute the adapttiengy equally among all
filter coefficients, such as least-mean-square (LMS) and normalized (NBIS), exhibit a very slow
convergence for filters with many taps [5], [6], what makes the applicati@uch schemes unpractical
for sparse echo cancellation. To alleviate this problem in acoustic echeltzion applications, Makino
et al. [7] introduced the exponentially-weighted step size NLMS (ES-N),M&ich assigns a different
adaptation speed to each coefficient of the echo canceler:

e(n)

(), = L @

Wi (n+ 1) = wm(n) + fim

wherel/ is the filter lengthy,,, (n) andz,, (n) are themth components of the filter weights and the input
regressor at time, w(n) andx(n), respectively, and(n) = d(n)—y(n) is the error incurred by the filter,
d(n) being the desired response ayie) = w’ (n)x(n) the filter output. Parametéris a small constant
which prevents division by. In the ES-NLMS algorithm, step sizég.,,}}/_, decay exponentially with

m, following the typical profile of most acoustic echo paths, so that the méiseamwefficients receive
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Fig. 1. Block diagram for an adaptive echo cancellation configuration.

faster adaptation. The effective application of this adaptive schemeeegtiherefore, some knowledge
regarding the bulk delay and weight-decay constant, which is normallywadable.
Inspired by the same working principles, the proportionate NLMS algorifPRLMS) [8] makes the

adaptation step for each tap proportional to the current absolute valle e$timated weight, i.e,

e(n)

wm(n + 1) = wm(n) + Mm(n)ml‘m(n)a

m=1,...,M, (2)

wherey,,(n) «x |wny(n)|. Therefore, the PNLMS algorithm tries to accelerate the convergenitee of
filter by adapting faster the weights corresponding to the active regionec$ghrse echo path. The
advantage of PNLMS over ES-NLMS is that it does not assume any atpgori knowledge about the

echo channel but its sparsity.

Following the introduction of the PNLMS filter, several other approaclaee fiocused on improving
different aspects of this scheme. On the one hand, it is found that, aftetydast initial response,
PNLMS convergence slows down, something that can be corrected byeaadequate selection of the
adaptation energy for each tap [9], [10]. On the other hand, PNLMf\ber degrades significantly
when identifying not-so-sparse echo channels. To obtain schemest tolte presence of channels with
different degrees of sparseness, one can switch between PNLAASLAAS [11], [12].

Another scheme which tries to improve the robustness of PNLMS to dispectkannels is the so-
called improved PNLMS algorithm (IPNLMS) [13], to which we will devote @itention in this paper.

The coefficients of an IPNLMS filter are adapted according to

wm(n+1> = wm(”) +:um<n)e(n)xm(n)7 m = 17"'an (3)

n) — Mgm(n)
pn 1) 5+ S0 gr(n)z3(n)’

(4)
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wherey is the step size of the filter. The gain for each weight(n), is calculated using

[wm (n)]

B LA 5
2w ©)

gm(n) = (1 - H)ﬁ +(1+ k)

, andk is a constant betweenl and 1,

wheree is a small positive constanfw(n)||1 = >, |wg(n)
which establishes a tradeoff between the standard NLMS fitter (-1) and basic PNLMSK = 1).
From (4) and (5), it is evident that the step size associated to eaclcemgfincreases with the absolute
value of that coefficient. Consequently, like in the PNLMS case, IPNLpERds more energy adapting
the active coefficients, thus converging faster than NLMS.
For completeness, we should also mention here the: B(gorithm [14] as another filter which, by
using exponentiated gradient adaptation, weights unevenly the adapfatiendifferent taps. Neverthe-
less, it has been theoretically justified [15], [4] that IPNLMS is a verydgapproximation of the EG
filter, while being more convenient from a practical point of view.
In spite of IPNLMS generally achieving faster convergence than NLikkSselection of its parameters
w andx must consider the following compromises:
1) As any other gradient-based adaptive filter, IPNLMS is subject teedsps precision tradeoff, i.e.,
a large step size results in faster convergence, while the residual misagijiss reduced for small
.

2) Parameter. imposes a behavior tradeoff for channels with different degreesasigp [13]. For
strongly sparse channels the fastest convergence is obtained byltMSHiter (« = 1), but such
a selection leads to suboptimal performance for not-so-sparse chamhelgfore, the best value
of  for a given scenario depends on the actual degree of sparsity afhibechannel.

The adaptive combination of adaptive filters has proved to be an e#eapproach to improve the
performance of adaptive schemes and to simplify their use. The basicfitteaalgorithms in [16], [17]
is to combine adaptive filters with different settings, so that the combinaticawvbehat each iteration, as
the best component filter (or even better than any of them [18]). Singentreduction, these schemes
have been used in several areas of adaptive signal processingjmigdlind equalization [19], and signal
characterization [20], among others.

Although the combination scheme of [16] was originally proposed to improvepbed vs precision
tradeoff, in [21] we presented some preliminary experimental resultsisgdhat it can also be applied
to very efficiently increase the robustness of IPNLMS filters to channigisdifferent degrees of sparsity.
In this paper, we further study the performance of convex combinatidmsdPNLMS filters, extending

our previous contribution [21] in several ways. We introduce a nolaksbased combination scheme
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which is specifically designed to get the most out of adaptive filters withgotigmate adaptation. We
present also a performance analysis of our echo cancellation schehmesng that the combination of
filters incurs in a lower steady-state error than any of its IPNLMS compenen

The overall structure of the paper is as follows: Next section brieflievesy the basic algorithm of
[16] for combining two adaptive filters, and explains how it can be usefldoost the performance
of IPNLMS filters. Section Ill introduces the novel block-based comiimascheme for adaptive filters.
Experimental evidence on the advantages of both the basic and bloatf-dmsbination schemes is given
in Section 1V, while some theoretical insight about their working principlesasided in the Appendix.

Section V summarizes the main conclusions of this work.

II. ADAPTIVE COMBINATION OF IPNLMS FILTERS

The configuration of the adaptive combination scheme of two adaptive filtesented in [16] is illus-
trated in Fig. 2. To get a good performance from the combination, both cagnptilters,w, andw,, are
independently adapted, using their own rules and settings. The overabfit{gut,y(n), is calculated as

a convex combination of the outputs of the two component filtgfs,), i = 1, 2:
y(n) = An)y1(n) + [1 — A(n)]ya2(n), (6)

where\(n) is a mixing parameter which is kept in the rarigel] by defining it as the output of a sigmoid

activation function,

1

A(n) = sgma(n)] = T3 e—atm)” (7)

At each iteration stepg(n) will be adapted as described below, and thén) will be obtained from
(7). Since the relation betweerin) andA(n) is one to one, we will indistinctly refer to them as mixing
parameters.

If the mixing parameter is appropriately adapted, the combination will keep siebaracteristics of
each component. Following [164,n) can be adapted to minimize the square error of the overall filter
according to the following stochastic gradient descent rule:
de%(n)
da(n) @)
= a(n) + pae(n) y1 (n) — y2(n)]A(M)[1 — A(n)],

1, being a step-size parameter for the adaptation(ef). For practical reasong(n) is kept within

an+1)=a(n) — pq

[—4, 4], so that its adaptation does not stop because of fagtoy{1 — A(n)] in (8) being too close to 0

(for more details on this truncation procedure, please refer to [18]).
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Fig. 2. Adaptive combination of two adaptive filters. Each componendap®ed according to its own rules and error, while

the mixing parametef\(n), is updated to minimize the overall error.

The steady-state performance of the combination scheme we have juste@Vias been theoretically
analyzed in [18], showing that it enjoymiversal capabilitieswith respect to the component filters. In
other words, the combination performs at least as well as the best contdidtez and, under certain
conditions, better than any of them (and, in this case, we say that the sgiggfoemance idetter-
than-universgl. Note that this result holds independently of the kind of adaptive filteesl digr the
combination. Thebetter-than-universabehavior can be explained from a reduction in the variance of
the error of the overall filter, provided that the cross-correlation betviee component filters errors is
sufficiently small [18]. In Section IV and in the Appendix we will show thatlsa situation is observed
for the particular case of a combination of IPNLMS adaptive filters.

The adaptive combination scheme can be used to improve the convergeneg misadjustment trade-
off of IPNLMS filters, as well as their robustness to echo paths with d@iffedegrees of sparsity. To do
S0, we propose to combine two IPNLMS filters, selecting their paraméterss, } and{ 2, k2}, in one
of the following ways:

a) p1 > po andrky = ko This configuration is intended to keep the faster convergence of the filter
with step sizeu;, while achieving the lower steady-state error of the filter with small step sias; th
the overall convergence rate vs steady-state performance tradeojfrizved.

b) 1 = pe, k1 <0, ke = 1: With this selection, the combined filter shows improved convergence and

robustness against channels with different degrees of sparsity, @ egitibination retains the faster
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initial convergence of PNLMS for very sparse chanhglghile behaving as an IPNLMS witk; in

a later stage of the adaptation, when PNLMS convergence is known todsiaw:- The filter with

k1 provides also robustness against channels with a low degree of sparsity

Switching between the PNLMS and the NLMS algorithms, which can be seea iclagpirit to the

second configuration proposed above, has already been expldfel,ifil2]. The present combination
of IPNLMS filters can be seen as a more flexible approach in the sensedthet; than using a hard
commutation between both adaptation schemes, it uses a soft combination ohtyworeent filters which
are adapted in parallel, and which can be different in any form. We willrséf®e experiments section
that, by doing so, not only a faster convergence is achieved, but in simfions it is also possible to

get a lower identification error than from any of the components alone.

IIl. BLOCK-BASED COMBINATION SCHEME

The combination scheme we have just presented can alternatively bearedsid a filter with weights
w(n) = A(n)wi(n) + [1 = A(n)]wa(n), ©)

so that the same mixing parameter is used for all weights. However, wheririoghlPNLMS filters it
may be preferable to use a different mixing parameter for each coefficien

To illustrate this, let us consider the combination of an NLMS and a PNLMS fifters k; = —1
andk, = 1). In the Appendix, we will carry out a steady-state analysis of the IPSLAlgorithm,
where we show that the contribution of each tap-weight to the steady-stabgmisent of the filter is
approximately proportional to

Win(00) = 52—, (10)

which is an increasing function of the adaptation gains corresponding tptheum weight vector [see

G, ie.,

_ 1 |w0m’
m=1—K)— +(1+k —, 11

wherew, ,, is themth component ofv,, and where we are assumming a vanishingly small

Figure 3 represents,, (co) for the different coefficients of an NLMS and a PNLMS filters, when both
algorithms are used to identify the echo-path impulse response of a hybrjaeshat a rate of 8 kHz.
The length and step size used for both filters &fe= 512 andyu = 0.5, respectively. From Fig. 3 it
can be seen that the contribution of filters weights to the residual gradieset is very different for both

!Note that, forss = 1, the second filter behaves approximately as a PNLMS filter [13].
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Fig. 3. Contribution to steady-state gradient noise of the different cgaifs of an NLMS and a PNLMS filters (= —1 and
k = 1, respectively) with\/ = 512 andp, = 0.5. The upper panel represents the impulse response of the echo pdtfiede

by both adaptive schemes.

algorithms. For the NLMS filter, all taps are assigned the same adaptationgggdim)[= 1/M, Vm]
and, consequently, they contribute evenly to the steady-state error bitéhe On the contrary, active
coefficients concentrate most of the adaptation energy of the PNLMS flienefore, the estimation
provided by PNLMS of such active weights is affected by a large amdugriaglient noise (note the log
scale in the vertical axis) [4].

In the light of this result, we can conclude that a filter that combines the estintdt@mtive coefficients
from the NLMS filter with that of non-active ones provided by PNLMS, Veoimcur in a lower steady-
state misadjustment than any of the original filters.

This idea has already been exploited in [3], [4], where the authorsopeapa modification of the
IPNLMS algorithm that explicitly classifies the filter weights into active and aotive using a threshold
value. Here, we propose to extend the principles of the adaptive caowvelination approach, and mix
together the coefficients of the two component filters using different mixaedficients for the different
weights. In contrast to the improved IPNLMS (IIPNLMS) algorithm of [dly approach does not require
to explicitly distinguish between active and non-active coefficients, bteaadsrelies on the minimization
of the quadratic error to decide how to better combine every pair of cieeffs; allowing soft mixtures,

if necessary.
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Rather than using a different mixing parameter for each weight, as it wesidd17], the local struc-
ture of typical echo channels suggests using only one parameter fogeag of adjacent coefficients.
By doing so, we can significantly reduce the computational complexity of theicmtion. Then, if
we considerL blocks, each one consisting 8, = M /L coefficients, the output of the block-based
combination scheme will be:

L
y(n) =Y > N)wni(n)zm(n) + [1 = N(0)]wna(n)zm(n), (12)
I=1 meZ;
where);(n) is the mixing parameter associated to ttieblock, w,, 1 (n) andw,, »(n) refer to themth
taps of each of the component filters weights, ane- [(I—1)M,+1,...,1- M) indexes the coefficients
belonging to théth block.

Adaptation of theL. mixing parameters can be carried out in a similar way to the adaptation of the

mixing parameter of the standard combination. If we define.) = sgma;(n)], I = 1,...,L, the

minimization of the overall square error using stochastic gradient deleaai to:

62 n
wln +1) = an(n) 1o o §n§
l (13)
— () + paemME = M]3 W1 (1) = Wz (1)),

mez;
foril=1,..., L, where, againg;(n) should be restricted to intervat4, 4].

The computational complexity of the proposed combination is roughly twice thia¢ dasic IPNLMS
(for the two IPNLMS filters running in parallel). The additional number of miiltgtions that are re-
quired for calculating the overall output and adapting the mixing parametérs (&ith I < M nor-
mally, andL = 1 for the scheme of Section 1), which is usually much smaller than the number of
products required by the adaptation of the components. If necessargpthputational cost could be

significantly reduced introducing selective-tap updates for the compéhiers [4], [22]-[24].

IV. EXPERIMENTS

In this section, we evaluate the ability of both the standard and the block-basghination schemes
to improve the performance of IPNLMS using echo cancellation scenanmigsto those encountered
in, e.g., [3], [4], [12], [13]. Different echo paths will be used, althiviength)/ = 512 and an attenuation
of 10 dB. The far-end signak(n), from which input regressors are takenxa%) = [z(n),z(n —
1),...,z(n — M + 1)), is random noise with zero mean and varianceFor our experiments, we

will consider both white Gaussian noise (WGN) input, and a case in whiaehis USASI noise with a
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speech-like spectrum [25] The output added noisey(n), is also a white Gaussian noise, whose power
is set to get an SNR of 20 dB in the reference signal. We assume that nrenteaignal is present
(i.e.,s(n) = 0), since the adaptation of echo cancelers is usually halted when doubkittatons are
detected [26].

Adaptive filters weights have been initialized with the zero vector. Paranedtargs for the IPNLMS
component filters are = 10~% andé = 0, while differenty and x values are used to illustrate the
different benefits of the combination. The initial value of the mixing parametefOis = 0 (for which
A(0) = 0.5), while the step size for its adaptation has been fixed,te- 100 in all cases.

For comparison purposes, we will consider the excess mean-squaréEMSE), EMSEn) = E{[e(n)—

eo(n)])?}, estimated using an average of 1000 runs of the algorithms.

A. Improving the convergence speed vs steady-state misadjustnueuffra

We illustrate here how the convex combination scheme can be exploited, iy aasr and efficient
way, to improve the speed of convergence vs steady-state perforroamgpeomise of IPNLMS filters.
The problem of controlling the learning rate of echo cancelers has atsoduklressed in [27], [28].

For this first set of experiments we have combined two IPNLMS filters with= x5 = —0.5, as
recommended in [13], using a different step size for each compopegnt: 1 andus = 0.1. The real
echo path used in this subsection is the channel whose impulse respandepi@ed in Fig. 3, upper
panef. To study the ability of the algorithm to reconverge, a change in the echdgsithulated after a
number of steps (see Fig. 4) by circularly shifting all coefficients 50 positio the right.

Fig. 4(a) illustrates filter performance for WGN input. EMSE evolution is diggdiafor both com-
ponent filters, as well as for their combination using the algorithm in Sectjdn hich we will refer
hereafter as combined IPNLMS (CIPNLMS). We can see that{H®NLMS filter shows faster conver-
gence, both initially and after the change in the echo path. The filtepwigitesents slower convergence,
but it achieves a steady-state EMSE more than 10 dB smaller. As expeadRNLMS filter is able
to put together fast convergence and reduced steady-state misadjustmeaadition to this, we can
check that CIPNLMS is able to simultaneously outperform both componestnae iterations during
the convergence.

In Fig. 4(b) we illustrate the performance achieved£6n) being USASI noise. The presence of a

2USASI noise was generated using the VOICEBOX toolbox for MATLAB ( p: / / www. ee. i ¢. ac. uk/ hp/ st af f/

dnb/ voi cebox/ voi cebox. htm ).
3This echo channel has been previously used in [13], [26].
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EMSE [dB]

EMSE [dB]

(b)

Fig. 4. Mean-square performance of two IPNLMS filters with differetep sizes, and of their adaptive combination

(CIPNLMS). A change in the real echo path is simulated &f&00 and 100000 steps (for the upper and lower subfigures) by
circularly shifting all coefficients 50 positions to the right. (@):) is white Gaussian noise. (b)n) is USASI noise with a

speech-like spectrum.

colored input causes a slower convergence of the component IPNiltBtS (note the scaling of the time
axis) and, therefore, of their combination. Apart from this, the resutieshin Fig. 4(b) can be discussed

in very similar terms to the case of white Gaussian input.

B. Improving the robustness to channels with different degrees adigpar

Next, we would like to illustrate how the CIPNLMS algorithm can be exploited to iwvgithe ro-
bustness of IPNLMS to channels with different degrees of sparsign ehen the number of active
coefficients changes during the simulation. To do so, we have generatedheetic channel with 256
active coefficients taken from a random Gaussian distribution, anddstal@troduce 10 dB channel

attenuation. In the second part of the simulation the echo path commutes taerdiffieannel with only
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16 active coefficients. These two artificial echo paths, which have tmmersented in Fig. 5, will be
referred as the dispersive and the strongly sparse echo chamselsctively.

As it was explained at the end of Section Il, the adaptive combination apipican be used to improve
IPNLMS robustness to channels with different degrees of sparsitelegting;; = s, k1 < 0, and
ko =~ 1. Consequently, in this subsection, step sizes are adjusted4oo = 0.5; as for parametex,
we have selecteg; = —0.5 andk, = 0.9, so that the first filter provides good convergence properties
when the echo path is not very sparse, while the second componenebediailarly to a PNLMS filter,
thus improving convergence for very sparse channels. Theseam@niale settings when the degree of
sparsity is not known beforehand.

Fig. 6 shows CIPNLMS performance both for WGN and USASI inputs, ilmstrate that the com-
bination scheme keeps again the best characteristics of each comparenhite z(n) (Fig. 6(a)), the
second (PNLMS) component fails at achieving a right convergengegithe first part of the simulation,
when the channel is not very sparse. However, CIPNLMS remainsstab this situation by following
the first filter. After the changes at= 15000 andn = 50000 (for the white and colored input signals,
respectively), the echo path becomes very sparse, and the secopdreamt exhibits a very fast conver-
gence, which is also inherited by the combination. Then, we can concludianéheombination filter is
robust to channels with different degrees of sparsity, in the sensiedlchieves the very fast convergence
of PNLMS if possible (i.e., for very sparse echo paths), while remainibgsoto channels with wider
active regions.

It is also interesting to notice that the steady-state EMSE of CIPNLMS camhdtaneusly smaller
than those of both components, something which is specially clear during thtetasons in Fig. 6(a).
This better-than-universasteady-state behavior is a side advantage of the combination approdch, an
will be theoretically justified with the analysis carried out in the Appendix.

For comparison purposes, we have also studied the behavior in thisisa@ttae sparseness-controlled
IPNLMS (SC-IPNLMS) filter of [29]. This algorithm is based on a spaesss measure [29, Eq. (12)]
which is exploited to directly control the contribution of the NLMS and propodie terms to the gain
factors of an IPLMS scheme (see (5)). SC-IPNLMS parameter settiegssa = 0.5 anda = —0.5.
The adjustment fow is slightly different from that used in [29( = —0.75). Usingae = —0.5 allows
a more appropriate comparison with CIPNLMS (this parameter is equivalenintdhis paper) and, in
fact, provides some minor performance gains in the scenarios we haiedstud

Fig. 7 compares the performance of the CIPNLMS and SC-IPNLMS scheering the first part
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Fig. 5.  Impulse response of two artificially generated echo channeldirshédeing a dispersive channel with 256 active

coefficients, and the second being strongly sparse, with only 16 actféaients.
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Fig. 6. Performance of the combination scheme when combining IPNiLk8 with the same step size and differentThe
echo path has initially 256 active weights, while only 16 non-zero coeffiiare present after the plant change. a(@)) is

WGN. (b)z(n) is USASI noise.
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Fig. 7. EMSE evolution for CIPNLMSi(1; = u2 = 0.5, k1 = —0.5, k2 = 0.9, andu, = 100) and SC-IPNLMS (algorithm
from [29], usc = 0.5 anda = —0.5). The echo path has initially 256 active weights, while only 16 non-zeréiceats are

present after the plant change. {&)) is WGN. (b)z(n) is USASI noise.

of the experiment, when the echo path has 256 active coefficients, batfittadgs show very similar

behaviors, remaining robust to this dispersive channel. Following thegehiaa the echo channel, how-
ever, CIPNLMS exhibits a faster convergence than SC-IPNLMS, lotiviiite and colored input signals,
Thus, we can conclude that CIPNLMS is able to better exploit the advantdgwoportionate adapta-
tion in the presence of strongly sparse echo paths, a behavior inhedtedt$ second component (with

Ko = 0.9).

C. Hierarchical combination of IPNLMS filters

In the two previous subsections we have illustrated that the adaptive cdiobimd two adaptive
filters can be used to improve two different aspects of the IPNLMS algorition; we explain how the

combination approach can be exploited to build an iterated architecture witlhéhefgsimultaneously
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Fig. 8. EMSE evolution for WGN input of a hierarchical combination withrftRNLMS filters with different settings. The

echo path has initially 256 active weights, while only 16 non-zero coeffici@re present after the change.

improving the convergence vs residual error tradeoff and the roéssto channels with different degrees
of sparseness. The basic idea of the proposed hierarchical twodageination is to combine four
IPNLMS filters. In the first level, we combine filters with the samand different step sizes, whereas in
the second level we combine the outputs of the filters resulting from firstdewebinations.

EMSE evolution for such a hierarchical scheme has been depicted in Fay.wite input. As be-
fore, the dispersive echo channel is used initially, and an abrupgehasimulated by commuting to the
strongly sparse channel at st&00. Parameter settings for the four component filters are shown in the
legend of the figure. During the first part of the experiment, IPNLMS camepts withx = 0.9 (thus,
behaving like PNLMS filters) perform poorly, and the hierarchical soléehaves like a convex combi-
nation of two NLMS filters with large and small step sizes. In the second hakfeo§imulation, when
the echo path is strongly sparse, the situation reverses: PNLMS-like cemisoare the best performing
among the four component filters, and the hierarchical scheme inheritstipeirior convergence.

Obviously, the cost we pay for using four component filters in parallehigiareased computational
complexity, which is roughly twice that of the CIPNLMS scheme. As noted irti@e¢ll, the compu-
tation requirements of these schemes can be reduced by using selgrtiy@tdaes for the component

filters.
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D. Block-based combination of IPNLMS filters

Next, we illustrate the performance of the block-based combination of IPSIfikérs (B-CIPNLMS)
presented in Section lll. As already explained, apart from offerofgistness to channels with different
degrees of sparsity, this combination scheme is specially designed to rb@uoeerall EMSE when
the combined IPNLMS filters have different valuesrof Therefore, we have selected = po = 0.5,
k1 = —1 andky = 0.9, so that we can roughly interpret the combination as a mixture of an NLM&and
PNLMS filters. Simulations have been carried out using 16 blocks of M}, = 32 coefficients each.

Simulation results using the real echo channel (see Fig. 3, upper paagliesented in Fig. 9 for
WGN input. As in Subsection IV-A, an abrupt change in the echo path is sindubgteircularly shifting
all coefficients 50 positions to the right. In the upper panel the evolutionteeoEMSESs of both the
component filters and the overall combination are depicted, showing thatdble-based combination
achieves a better convergence than any of the components, while pdacexpected, their steady-state
EMSE.

This steady-state EMSE decrement can be explained from the evolutiomefs the mixing param-
eters shown in the lower panel of Fig. 9. For instantgy) is associated to a block which includes
some active coefficients during the first part of the simulation. As a coeses, it initially gets close to
0, following the fast convergence of PNLMS, and, after a while, it iases towards 1, to benefit from
the smaller gradient noise achieved by the NLMS component for the deafidn that block. After the
change in the channel, all coefficients in the second block become inagtiieh explains why\,(n)
goes down to zero during the second half of the experiment. Similarly, frerevtblution of\4(n), we
can see that the fourth block corresponds to a set of coefficients whiglbecome active after the abrupt
change in the channel.

Since B-CIPNLMS is designed to reduce the steady-state EMSE of the catiobirit is worth study-
ing the influence of the block-siz&f, on such error. Thus, we have repeated the previous experiment
for different values of\/,. Steady-state EMSES have been estimated by averaging the filter efiragy dur
20000 iterations after a complete convergence of the algorithm. According to thiksrdssplayed in Fig.
10, B-CIPNLMS is not very sensitive to the selection of this parameterraadctions of about 2 dB
with respect to the steady-state EMSE of the component filters are alrbtadged forM, = 128. Due
to the local structure of the echo path, using smaller blocks does notsidfgficant additional EMSE
reductions. On the contrary, reducing the block-size results in an inateshehe number of blocks

(L = 512/M,) and, therefore, of the computational cost of the algorithm. It is worth meingiothat

January 12, 2009 DRAFT



IEEE TRANSACTIONS ON AUDIO, SPEECH AND LANGUAGE PROCESSIN®OL. XX, NO. Y, MONTH Z 2008 17

““““ M= .5,K1: -1
Sl .5,K2:.97
—B-CIPNLMS

-~
Seeen
. A o A e L

_____
-

x 10

Fig. 9. Performance of the B-CIPNLMS filter{ = 2 = 0.5, k1 = —1 andk2 = 0.9) when the real echo channel is used.
The input signal is WGN. The EMSEs of the IPNLMS components are atdodad as a reference for comparisons. The lower

plot shows the evolution of mixing coefficienis (n) andA4(n).

sometimes we have observed larger gains; for instance, when usingahglygtsparse echo channel of
Fig. 5, B-CIPNLMS reduced the steady-state EMSE of the componentd @lmB. As for the speed of
convergence, we have checked that the selectid,dias an almost neglegible effect on the convergence
of the combined filter.

We have compared the performance of B-CIPNLMS to those of SC-I1P8laMI the improved IPNLMS
(IIPNLMS) filter of [3], [4]. The working principle of the IIPNLMS filters to explicitly classify the coef-
ficients as active or non-active, using a differeffior the coefficients in each group. IPNLMS introduces
several parameters and thresholds which have been adjusted asTio [$it a fair comparison with B-
CIPNLMS, the IIPNLMS filter adapts the active and non-active coefiisiavithx = —1 andx = 0.9,
respectively. As for the SC-IPNLMS filter, we have used agajg = 0.5 anda = —0.5.

Fig. 11 displays EMSE evolution for the three algorithms under consideratimm using the real
echo channel, and USASI noise for the far-end signal. We can seB4GH®NLMS and SC-IPNLMS
have similar convergence rates, clearly outperforming IIPNLMS both initiathgl after the change in
the echo path. With respect to steady-state performance, B-CIPNLMS gmaller misadjustment than

any of the other two echo cancelers. Further insight about the workingiples of B-CIPNLMS and its
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Fig. 10. Steady-state EMSE of the B-CIPNLMS filtgr (= p2 = 0.5, k1 = —1 andk2 = 0.9) as a function of the block-size
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Fig. 11. EMSE performance of B-CIPNLMS, SC-IPNLMS (algorithrarfr [29]), and IIPNLMS (algorithm from [3], [4]),

when the real echo channel is used and the far-end signal is USAs®l no

superior steady-state behavior will be provided by the theoretical asalysied out in the Appendix.

E. Experiments with speech as input

To conclude the experimental evaluation of the proposed schemes tocaatellation, in this subsec-
tion we will illustrate their performance when the input signal is a fragmentodfreal speech, sampled
at8 kHz. Since we are primarily interested on the robustness of the combined tiltehgnnels with
different degrees of sparseness, we will again use the dispergiv@mngly sparse echo paths depicted
in Fig. 5, switching from the former to the latteriat= 3.5 s. As before, the power of the output noise

has been selected to get an average SNR of 20 dB in the reference signa
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Fig.12. CIPNLMS and B-CIPNLMS cancellation performance whendnehd signal is a fragment of real speech (represented
in the upper panel). At = 3.5 s the echo channel changes and the number of active coefficientsigseoefrom 256 to only 16.
The ERLE of the component IPNLMS filters (parameter settings showreitetiend) has also been represented as a reference

for comparison.

In this case, the Echo Return Loss Enhancement (ERLE) is used asutesdignerit:

_ E{[d(n) — eo(n)1?}
ERLE(M) = Zee e}

estimating both expectations from averages over 300 runs of the algorithms.

In Fig. 12 we represent the evolution of the ERLE of both combined algorjttogsther with those
of their constituent filters (parameter settings are given in the legend ofgiefi We can describe
CIPNLMS and B-CIPNLMS performance in very similar terms to those usetf@GN and USASI input
signals. Depending on the degree of sparsity of the channel, the fitet second IPNLMS components
achieve higher ERLEs, and both combination schemes behave, at eationteat least as the best
performing algorithm. These results reinforce our previous conclusiomst the suitability of CIPNLMS
and B-CIPNLMS to build echo cancelers with fast convergence and wegroobustness to channel

sparsity.
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V. CONCLUSIONS

Proportionate schemes offer better behavior than standard adaptigeffittehe cancellation of sparse
echo-path impulse responses, but the selection of their parameters it soildjEerent compromises. In
this paper we have shown how combination schemes can help to improve fibver@erce of proportion-
ate filters, by alleviating the speed vs precision tradeoff, as well as bgasitrg robustness to channels
with different degrees of sparsity. A new block-based combinationlsasaen introduced to further re-
duce the steady-state misadjustment. The performance of such combinhgameschas been illustrated
when combining IPNLMS filters with different settings, showing in all casgsiicant advantages over
the use of a single filter. Furthermore, a steady-state analysis is cartigdtbe Appendix that follows,
showing that the combination can achidadter-than-universgberformance, i.e., it can simultaneously

outperform both component filters.

APPENDIX |

MEAN-SQUARE PERFORMANCE ANALYSIS OF THE PROPOSED ALGORITHMS

We present here some theoretical results about the proposed ededlat@ion schemes; in particular
we give a theoretical justification of the improved steady-state propertiestbfthe CIPNLMS and

B-CIPNLMS algorithms, and of the fact that they can outperform both corept filters simultaneously.

A. Stationary data model and definitions

To carry out the analysis, we will rely on several simplifying assumptions:

Al. d(n) andx(n) satisfy a linear regression mod#h) = w’l'x(n) + eo(n), wherew, is an unknown
vector of length)M/, andey(n) is a zero mean i.i.d. Gaussian noise with variam¢endependent of
x(m), Vm,n.

A2. The input signal is a white noise with zero mean and variaticeTherefore, the autocorrelation
matrix of the input regressors B = E{x(n)x’ (n)} = o1

A3. The step sizes of both IPNLMS filters are small enough so that weazapethat the weight vectors
follow the average statistics of the input signal.

Even though several of these assumptions might not be well-justified itigarathey have been ex-
tensively used in the adaptive filtering literature, including the theoreticdy siliproportionate schemes

(see, among others, [8], [9], [10], [12]), since they give goodimsabout the working principles of adap-

tive filters and normally lead to results that match reasonably well their actwfdrmance. Note that
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Assumption A2 does not imply independence among regressdrs }, which, in spite of being a very
common assumption for filter analysis, is very unrealistic for tapped-delay liessfin which adjacent
regressors have several common entries. Instead, the small stegssirgpiion A3, originally adopted
in [5], will be used here.
The following error quantities will appear in the analysis:
« Weight errorsie;(n) = wo, — w;(n), i = 1,2, for the component filters, ard(n) = w, — w(n)
for their combination.
« Filter errors:e;(n) = d(n) — y;(n) for the component filters, ane{n) = d(n) — y(n) for the
combination.
« A priori errors:e, ;(n) = el (n)x(n) ande,(n) = €' (n)x(n). Itis easy to check that filter ara
priori errors are related via, ;(n) = e;(n) — ep(n) andeq(n) = e(n) — ep(n).
« Excess mean square errors (EMSEY;;(n) = E{[ei(n) — eo(n)]*} = E{eZ;(n)} andJex(n) =
Efle(n) — eo(n)]*} = E{ez(n)}.
o Cross-EMSE [18].Jex12(n) = E{eq1(n)eq2(n)}.

B. CIPNLMS steady-state performance

1) Universality of the adaptive combination schemg:[18] we studied the mean-square performance
of the convex combination of two adaptive filters, showing that it enjoysersal capabilitiesn steady-
state, i.e., that it behaves as the best component filter or, under cemditiaus, better than any of them.

To be more concrete, we found that the scheme could operate in one ofabddtiowing states:

Case 1)Jex1(00) < Jex1200) < Jex2(00), WhereJey;(00) and Jex(oo) are the steady-state values
of the EMSE, i.e., their limiting values as — oo. In this case, the combination satisfies
Jex(00) = Jex1(00).

Case 2)Jex2(00) < Jex,12(00) < Jex1(00). Again, the combination performs like the best component
filter, with Jex(00) = Jex2(00).

Case 3)Jex,12(00) < min {Jex1(00), Jex2(c0)}. In this case, the overall EMSE can be approximated
as (cf. [18, Eq. (33)])

[Jex1(00) — Jex12(00)][Jex2(00) — Jex12(o0)]
Jex1(00) + Jex2(00) — 2Jex12(00)

Jex(oo) ~ Jex,lQ(OO) + ) (14)

and it can be shown thaky(oo) < min{Jex1(00), Jex2(c0)}. Since in this situation the com-

bination outperforms both components, we say that it presdrgtier-than-universabehavior.
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This case appears when the cross-correlation betweerptheri errors of the component filters
is sufficiently small, making possible a reduction of the overall filter erraanae.
It is important to remark that the above result holds independently of the aoenp filters. Among
the two possibilities for combining IPNLMS filters that were discussed in Sedtiove will focus here
in the configuration for improving IPNLMS robustness to different degref sparsity, for which we
will find that the better-than-universabehavior is encountered. Therefore, in the following we assume
p1 = p2 = pands; < Ka.
2) Steady-state EMSE of the component filtdiBNLMS filters are adapted according to Egs. (3)-(5),

that we reproduce here for convenience:

Wi (n+ 1) = Wi i(n) + pimi(n)ei(n)am(n), (15)

) — 1 gm,i(n) 16

i) = S () 4o
() = (1= k)7 + (14 ) A a7)

form=1,...,M andi =1, 2.
We start by replacingd_n", gi.i(n)z3(n) in (16) by its expected values? S5, gi.i(n), which is
a resonable approximation whenever the variance of the original sum It dinean be shown (see
[30, Sec. 3]) that for white and Gaussian input signals this condition isfiedtit Zﬁil Gri(n) >
2zﬁilggﬂ,(n), which is normally true for impulse responses, with several active coefficierfts
Since, for smalk, we havezﬁi1 gri(n) ~ 1, we can rewrite the update equation of each of the filter
weights in the form

Wi i(n+ 1) = wpi(n) + %gmi(n)ei(n)a}m(n), (18)

x

where we have assumed a vanishingly small
Next, we subtract the above expression fromstite component of the optimal weight vectar,), .

By using alsa;(n) = ! (n)x(n) + eg(n), and after some manipulations, we arrive at

Emi(n+1) =¢eni(n) — %gm,(n)e?(n)x(n)xm(n) — %gm7i(n)eg(n)xm(n), (19)

wheree,, ;(n) denotes thenth component o&;(n). Assumption A3 and the Direct Averaging Method
[5] can be applied to replace(n)z,,(n) by its expected value in the above expression. For white input

“Note that gain factors are between 0 and 1, and they sum to approximagely o
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signals,E{xy(n)z,(n)} = 0201m, Wheredy,, is the Kronecker delta function, so that (19) simplifies to

Em(n+1) = [1 = g i(n)Jem (1) = L gmi(m)eo(m)wm(n). (20)

Evaluation of the EMSE from the above expression is, in general, vdigulif sinceg,, ;(n) is itself
a function of the filter weights. If we are only interested in steady-statepaance, some useful results
can be derived assuming the final gain factors as constant and etjuagéocorresponding to the optimal
solution,

T (1 gy —Lmel (1)

G = (1 ig) e
i = e+ 2[[wolls

2M

Squaring (20) and taking expectations of the resulting expression,twe ge

B{e2, ;(n+1)} = [1 — pgm*E{e2, ;(n)} + ”000 P 22)

€T
where we have also used the fact that, in virtue of AssumptiorefL,) is independent of;(n).
Finally, we can take the limiting value of the above expressian as co. Since steady-state operation
is characterized byim,, ... E{e?, ;(n + 1)} = lim, . E{c}, ;(n)}, the expected square error of the

mith filter tap is given by

2
E{e2,(00)} = lim E{e2,;(n)} = 2200, (c0), (23)
b n_>oo b O-I
where we have defined
gmi
U,,i(00) = ———. 24
i(o0) = 52— (24)

In order to derive an expression for the EMSE of the components, aettoeely on the approximation

M
Jexi(n) = E{eg ;(n)} ~ E{e] (n)Rei(n)} = 02 > E{es,;(n)}, (25)
m=1

which is obtained by applying A3 and the Direct Averaging Method, as @dain [5]. Thus, the
steady-state EMSE of the IPNLMS filters can be estimated as

Je)gz - ,U*UO Z \Ijm z (26)

3) Steady-state cross-EMSBNe start by multiplying (20) by itself, foi = 1 andi = 2. Replacing
the gain factors by their optimal values, and taking the expectation of thi, resiarrive at
2 2

g
Elemi(n+ Dema(n+1)} = [1 = pgma][1 — pgm 2] E{em,1(n)ema(n)} + %gm,lgmﬂ- (27)

xT
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Proceeding as for the IPNLMS filters, taking the limit of this expression as co leads to

0_2
E{em1(00)en(00)} = lim E{ena(mema(m)} = S0 W0 1(00), (28)

xT

with

Im,19m,2
U, 12(00) = = e (29)
Im,1 + 9m,2 — Gm,19m,2

Taking into consideration that the cross-EMSE of the two filters can beaippated by

M
Jex12(n) = E{ea1(n)eaz(n)} = E{e] (n)Rea(n)} = 02 Y E{emi(n)ema(n)},  (30)

m=1

the steady-state cross-EMSE of the two IPNLMS filters can be exprassed

Jex12(00) = pog Z U 12( (31)

m=1

4) Steady-state EMSE of the CIPNLMS filtetdsing the expressions we have just derived for the
steady-state EMSE and cross-EMSE of the component filters [equaZiépar(d (31), respectively], the
steady-state performance of the CIPNLMS scheme can be modelled usirggtiits for the three cases
described in Part 1 of Subsection I-B.

We have studied the performance of a convex combination of IPNLMS fikkéhsfixed parameters
w1 = ps = p = 0.1 andk; = —1, as a function oks. The rest of settings of the echo cancellation
scenario are as in the experiments section, using both the real echeechadrthe artificial strongly
sparse channel. Fig. 13 plots (26), fo= 2, and (31). The real performance of the filters is also
included in the figure, by averagin«jg(n) andeg 1(n)eq2(n) for 20000 iterations after the conver-
gence of both IPNLMS filters, and over 50 independent runs. Thel goatch between theoretical
and simulation results indicate that (26) and (31) provide reasonably mooeéls for the EMSE and
cross-EMSE of IPNLMS filters. In particular, it is important to notice that amalysis predicts that
Jex,12(00) < Jexi(0), i = 1,2 (note that the EMSE of the first IPNLMS component can also be read
from the figure, forky = —1); thus, according to the third case described in Part 1 of this subsection,
CIPNLMS should gebetter-than-universgberformance.

For the case in whichlex 1600) < Jexi(o0), @ = 1,2, we can use (14) to estimate the steady-state
EMSE of the combination; the corresponding results have also been illasinaftég. 13. As predicted
by the analysis, CIPNLMS outperforms simultaneously both IPNLMS commusrfer a wide range of
k2, @ conclusion that is confirmed by simulation results and explainbdtter-than-universabehavior

previously observed in Figs. 6 and 8.
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Fig. 13. Steady-state theoretical and estimated EMSE of a CIPNLMS filten wbmbining two IPNLMS filters withy = 0.1
and differentx parameters: For the first filtex; =

—1is used in all cases, depicting the result as a function of the value of
the parameter of the second filtes,. The cross-EMSE between the component filters, and the EMSE of¢bhadeomponent

have also been illustrated. (a) The echo path is the real channel deipi¢ied 3. (b) The echo path is the artificial strongly
sparse channel of Fig. 5(b).

For larger values ofi, the deviation between theoretical predictions and simulation results insrease
(about 1 dB for, = 0.5), as a consequence of Assumption A3 being less realistic. Howeverjretlds
case, the analysis predicts that, as it occurs in the practice, CIPNLMS siealisly outperforms both
its component filters. Assuming Gaussianity of the input regressors, isglje to derive more accurate
expressions for the EMSE and cross-EMSE. However, we haverpedfto omit such an assumption in

our analysis, so that our results can be applied to more general situations.

C. B-CIPNLMS steady-state performance

As explained in Section Ill, and suggested also by the analysis of IPNeMi$ed out in the previous
subsection [see Eq. (26)], in steady-state the gradient noise intebyceach tap of the IPNLMS filter
is more significant for active coefficients. Now, we will give theoreticédilence on how the block-based
combination scheme can exploit this fact to simultaneously improve the steadprsiageties of both its
component filters.

We start from (25), which allows us to express the overall steady-skd&Has a sum of terms associ-

ated to the different filter weights. Noting also that the B-CIPNLMS scheméeaeen as a filter whose
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weights are obtained as convex combinations of the weights of the compdtezst fi follows that

M
Jex(n) = 02> E{el,(n)}
m (32)
=23 3" E{mema(n) + [1 = Mn)lema ()] } -

=1 meI;

Forn — oo, we can accept (see [18]) that the steady-state values of the mixinmgiara are inde-

pendent of the weight errors, and the above expression can bdeavas

+20(00)[1 = Ni(00)] E{em,1(00)em,2(00) }
L
=pog Y Y AT (00)Wpn1(00) + [1 = Ay(00)* Wi 2(00) + 2X1(00)[1 — Ay(00)] ¥y, 12(00),

(33)

where we have definell (co) = lim,, .o, F{\;(n)}. Itis clear that, for\;(cc) = 1, VI, or \;(c0) = 0,
Vi, (25) is recovered, and the B-CIPNLMS filter behaves as the firsteisétond component filter,
respectively. By allowing different values for the mixing parameters, @ndpdating them with the
objective to minimize the overall square error [according to (13)], wekesmp the estimation of each
block of coefficients provided by the component filter which is incurring gmeller quadratic error for
that particular group of weights. Therefore, B-CIPNLMS is expecteiddar in a smaller steady-state
misalignment than any of the component filters.

This behavior has been illustrated in Figs. 9 and 10 for the block-basgeblication of an NLMS and
a PNLMS filter. From the evolution of mixing parametergn) andA4(n), it is evident that the overall
filter is combining the steady-state estimation of the echo-path coefficientsigddyy both components

filters and, as a result of this, it achieves a decrement of their steady=SES.
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