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ABSTRACT generates a strongly convergent point sequence that asymptotically

. . . minimizes a certain sequence of nonnegative continuous convex
In this paper, we propose a novel set-theoretic stereophonic echqynctions over a convex constraint set; in SAEC, e.g., the sequence
canceling algorithm that realizes fast convergence by utilizing mul- of fnctions js defined as the distance to the set of filters that tem-
tiple constraints based on a priori room-acoustics information. It porarily minimize the error at each time. Recently, in [11], the
is reported that the squared impulse response in a typical room depriginal APSM [10] was extended from a single convex projector
cays exponentially on average. Based on this a priori information, to any-attracting nonexpansive mapping, to which a concatenation
we present two simple examples of constraint sets bounding theof convex projectors belongs (see Sec. 2-B). Thus, this extension
adaptive filter coefficients. In addition to the constraint sets, we provides great benefit, i.e., the use of “multiple constraints”.
newly introduce different sets, based on the same a priori informa-" | this paper, we propose a powerful set-theoretic SAEC algo-
tion, to raise speed of initial convergence. The numerical examplesyithm based on the APSM with multiple constraints. Based on the
demonstrate that the proposed algorithm reduces the time, to dropyforementioned a priori information, we present two examples of
by 20dB in system mismatch, by 19[sec.] (11[sec.]) compared constraint sets that bound the adaptive filter coefficients (Sec. 3-A).
with the NLMS (the APA). Also in ERLE, the proposed algorithm | addition to the constraint sets, we newly introduce, also based
dramatically outperforms the conventional algorithms. on the same a priori information, different sets along which the
adaptive filter quickly approaches the true impulse response espe-
cially in the initial phase (see Sec. 3-B). Thanks to the simple struc-
ture of those sets, the proposed algorithm causes no serious in-
crease in computational complexity compared with the method in
AR ; gy 8] (see Remark 1 in Sec. 3-B). The simulation results demonstrate
proven to be effective in signal processing applications such as{h]ag the proposed algorithm 3ramatically outperforms the method
adaptive beamforming [1, Chapter6]. On the other hand, in the in [8] as well as the Normalized Least Mean Square (NLMS) al-

study ofroom acousticsit is shown that squared impulse response : : gy ; :
in a fypical room decays exponentially on average under some condorithm and the rﬁﬁmde' Plrzojﬁctlsn Algcl)_nthmE(AF\PA) [12] bOtEIgI]_E
ditions [2], which has been widely used in acoustics; e.g., sound system mismatch and in Echo Return Loss Enhancement ( ):

impulse response extension for simulating auditory impression of

a virtual environment [3], reverberation time estimation for speech 2. PRELIMINARIES

recognition [4], etc. This a priori information is naturally expected

to be utilized for stereophonic acoustic echo cancellation (SAEC) Following the problem formulation for SAEC, the APSM with

problem. This paper presents a set-theoretic SAEC algorithm thatmultiple convex constraints [11] is briefly introduced.

efficiently incorporates this information, for raising the conver-

gence speed of adaptive filter, into multiple constraints. .
For realistic and high quality acoustic telecommunication, a A. Stereo echo canceling problem

T e o ) B e S o inous o fgencrly, we soncentas o i micophone o1
] , see e.g., |1, : €in the receiving room (Room B); see Fig. 1. The signals are mod-
most.tlJrlnp))(‘)‘rtant athd Chha|[?][19|n92'?$u§3 IS tE SUF;PVESS (or CﬁnCd ifeled as followsk € N: time index, superscrigf’: transposition):
possible) “acoustic echo” from 2 loudspeakers to 2 microphones . ) L *

and thus stereo echo cancelers must be installed. Motivated by th‘ét.atlrlﬁrs voice §|gnal.;;;9e R ]1& € Iﬁ 1'_2 NA{0})
finding of an intrinsic problem so-callawbn-uniqueness problem "t transmission patfti;, € ((f) = vT)

[5], a great deal of effort has been devoted to resolve this prob-e signal at mic. (microphone)Aw,” := s, 0;) € R (i = 1,2)
lem; e.g., [5,6]. Simply saying, a system of linear equations, toe vector ofu”: u(” := [u(?, .-+ ul? . |7 € RN (N € N*)
be solved for minimizing the residual echo within a time interval = . o bRy F RN BN

in which the transmission paths are almost constant, has infinitely? Signal after Unit 1u; = €
many solutions depending on the transmission paths. To prevent
echo relapses when the transmission paths change, it is strongly
desired to estimate the true echo impulse response as “fast” anglinnut matrix: — . R2NXT *
“accurately” as possible. The major interestin SAEC is to develop, i-&uechi a'tf]];*' E[%kz’v (i Lulkésﬂ] < (re )

an efficient adaptive algorithm to realize the “fast” and “accurate” ) P () - ) T 4w T
estimation withO (') complexity [7] (Note that demand for low ~® estimandum (system to be estimatell)::= [h(,) , h(s) |" €H

complexity is also severe since the filter lengfrshould typically o adaptive filter (echo cancelery, := [hi.l)T, hf)T]T cH

be a few thousand for sufficient echo cancellation). o additive noise at mic. Blny, = [ng. - -+ .nx_req]’ € R
An efficient SAEC algorithm o (V) complexity is proposed output (observed signal at mic [Blﬁ - UTht« ]Jrnk R

[8], which is based on simultaneous use of multiple state input- idual functi h - UTh. d k R

output data by utilizing the adaptive Parallel Subgradient Projec-* residua errorQJl\J,n(_: ionex (h) =Ugh—dg € . .

tion (adaptive PSP) techniques [9]. The algorithm is derived from Here,H(:= R*") is a real Hilbert space equipped with the in-

the Adaptive Projected Subgradient Method (APSM) [10], which ner product{z, y) := «”y, Vx,y € H, and its induced norm

1. INTRODUCTION

Constrained adaptive filteringith a priori information has been

~(1)
input vector to Room Buy, := { u@.) cH:=R>N
Uy,
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a)  unitl ul) g must be designed simply enough to compute the associated metric
‘ ® 0 projections in real time, although the sets can be designed based
;& on large variety of a priori information about echo paths. Simple
02 > Sk examples of constraint sets are given in Sec. 3.A, and the proposed
Talker algorithm is then presented in Sec. 3.B.
RoomB M % Lf:;’A A. Design of Constraint Sets and Stochastic Property Sets

Let us consider first thmonauralcase for simplicity. It is known
Fig. 1. Stereophonic acoustic echo cancelers. Unit 1 is a prepsioges  that, under the diffuse sound field assumption, the ensemble aver-

module that gives a delay tr,,](Cl) with the cycle period) € N*. agek, of thelsquared room impulse responses decays exponen-
tially (see [4]); i.e.,

x| = (a:Ta:)l/Q, V& € H. The common notation0” is used En = E{h{,)} = Bre” ", ¥n € {1,2,--- ,N}, (1)
to denote both “zero vector” and “zero matrix”.
The goal of the SAEC problem is to constantly cancel the whereE{-} denotes expectatior{jh(n)}ff:l is a causal room im-
echo;i.e.{uy, h*) =~ (uk, hy), Vk € N. Since only(uy, di ) ken log 106 )
are observable, a common alternative goal is to suppress the residPulse response, antl := 77— Fy: the sampling frequency,
ual error; i.e.ex(hi) ~ 0, Yk € N. Due to high correlation be- éfeoi thtt)? tig(l)e(jgtt[azr}/allzin Wrr:ich the re_verl:()i%rant ?Dcl)_ugd (laner_gﬁ/ drops
: (1) () T own by . For the estimation &%y, a blind algorithm,
tsvgtleetirl);v;odzlggr? (lj?bn’@ O%nduakn ag"s pv(/%ki)(l:iniqshtﬁz gg'.g';ﬁ'é’dn:,%?f which does not require the identification of room impulse response
u P 9 ) (2) unlike the classical techniques, is proposed [4]. (1) implies that

uniqueness problem [5—7]. Without well-approximathag, echo N/2 ;2 2
relapses by change of the transmission pahsandd .. Hence, ~ 2=n-1/(n) IS €xpected to be much greater N

it is strongly desired to keehy, close toh*. Now, return to thestereophonicase. Recall that the estiman-
dumish® := [h{,, h{y) |" € H(:= R*"). From the above dis-

B. Adaptive projected subgradient method with multiple con- cussion, it is highly expecte)c|:|hz“i),e||2 > ||h2‘i)7l|}2 (Vi = 1,2),

vex constraints wherehy, ., ki, € RY/? satisfyhf,) = [hf, . ", hi;, 1"

For any nonempty closed convesetC' C H, the projection op- Based on this observation, we propose the following constraint set.

erator Pc : H — C maps a vectox € H to the unique vector .

Po(z) € Cst.dx,C) := | — Po(z)| = mingec ||z — y|. Example 1 (Energy Constraint Sets)

Let K1, K>, , K., C H bem closed convex sets sK := T )

N/, K; # 0. Also let®y : H — [0,00), k € N, be a contin- By = {hEHih Dihﬁfi}a Vi=1,2,3,4, @)

uousconvex function andd©(y) the subdifferential of © aty. ‘ _
The following scheme, an extension of the scheme in [10, Theo- Where,vi = 1,2,3,4,e; > 0 is the energy bound and
rem 2], provides a vector sequence that minimizes asymptotically

the sequence of functiof®;,).cn over K (see the appendix). Ong-py O O

D,—| 0 2 Ix 0 € RN 2N
Scheme 1 (Adaptive Projected Subgradient Method with Multiple 0 0> o N(4—i)
Convex Constraint§l1]) For an arbitrary hy € H, generate a 2

sequencéhy)ken C H by Here,0, andI, (a € N) denotea x a zero and identity matrices,

, respectively @ denotes a zero matrix of an appropriate size).
Pr,, -+ Py Pr, (hk - Akm@k(hk)) :

| , [CATAIE To ensure the membershig® € B;), e1 andes should be
if ©,(hy) #0, much greater thas, ande4. The developments immom acoustics
Pk, -+ Pk, Pk, (hy), otherwise, provide a priori knowledge about statistics of the impulse response
h* to determines; [2]. The definition of D; is just for simplic-
where© (hi.) € 90y, (hy,) and A, € [0,2], Vk € N. ity, and it can be devised; e.g., change the sizé,ar make the

diagonal elements df decay exponentially etc.

In[11, Theorem 1], Scheme 1is presented for a more general mapExample2 B := {h € H : |hn| < @n,¥n = 1,2,--- ,2N}

ping called "-attracting nonexpansive” instead of the concatena- |y the upper boundz,,)2Y,. In this case. the original APSM

tion of projectorsPx,, - - - Pk, Pk, (The mappingPx.,, - - - P, [10] can be used instead gfischeme 1. ’

Py, is - -attracting nonexpansive [11, Lemma 2]). _ o _
Next is the definition oktochastic property setBecause of

corrupted noise, the linear variety, := {h € H : ||lex(h)|]* =
3. STEREQ ECHO CANCELER BASED ONAFSM WITH 01 which is usually employed in the APA (in the NLMS when-

1), has no guarantee to contain the estimandirtFor details, see
In this section, we present a new set-theoretic stereo echo cancelf9]). Hence, we use the following stochastic property sets:
ing algorithm based on the APSM with multiple convex constraints

(Scheme 1). Note that the convex constraint s&ts,- - - , Ko, Cr(p) == {h €H:gr(h):= ||ek(h)\|2 —p< 0}7 ()
1 — .
(0 1'?‘ iewti (Cl Z{V'?ys 2%50 beconvexprovided thatv, y € €', Vv € wherep > 0 is theinflation parameterwhich is designed based
"2A'function © : H — R is said to beconvexf O (v + (1 — v)y) < on statistics of noise process (For details, see [9tan be var-
vO(z) + (1 — 1)O(y), Va,y € Handvw € (0,1). - ied with time.). Since the projection on@ (p) requires, in gen-
3Thesubdifferentiabof © aty is the set of all thesubgradientof © at eral, huge computational complexity, we employ an approximat-
v;00(y) :={a € H: {x —y,a) + O(y) < O(x),Vx € H}. ing projection onto the closed half-spatg; (h) = {x € H :
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Fig. 2. A geometric interpretation of the proposed algorithm. Here=
A(l) 2~(2)
[ = 3

(x — h,Vgi(h)) + gr(h) <0} D Ck(p), which has the follow-
ing simple closed-form expression:

(h):{z—%m(h), it h & Hy (h), 4

otherwise
Here,Vgi(h) = 2U rer(h) and Py
k

[9]. Note thatP

Pr- )

h)(h) & Pc,(p)(h); see
(h)( ) requires onlyO(N') complexity.

B. Proposed Stereo Echo canceling algorithm

In the following, we focus on Example 1 for simplicity. L& €
N* denote the cycle period of preprocessing (see [6]). Given
N*, define the control sequencﬁ,%c), I,ip) C N (each of which

corresponds to the current/previous state of inputsfié)s =

{k,k—1,... . k—q+1}andZ” := 0,if 0 < k < Q/2, " :=
() : i (k)

I, " g o it k> Q/2. Define the welght{wb } 2Oz

(0,1], Vk € N, to satisfy} ez©UzP w™ =1,Vk € N. Let

R(A) andR* (A) denote the column space of a matdxand its
orthogonal complement, respectively (iRQA)@RL(A) =H).

Definek(¥) := H; (hi)NVi, WhereVy, := hy+R" (D1 + Ds)

=hr + R (C) = {xeH:C"x =a} witha := C"hy
oy Iy Oy O

andC := 0% 0% 0% 1% € B>V In the fol-

lowing, desplte many ch0|ces We initialize the adaptive filter as
ho = 0 for simplicity. In this case, the observation before (2)
suggests that the adaptive filter should be updated much more in
the direction along the subspa®d D1 + D3) (= R*(C)) than

in the direction alongR (D2 + D4) (= R(C)) especially in the
initial stage of adaptation; see Fig. 2. From this point of view, the
proposed algorithm is given as follows.

Algorithm 1 Given sequences of input-output déta), ., and
(di) g @ sequencehy), o C His iteratively generated as

()~ (2)
hit1 i= Pr, Py Po, Po, { Bt (wlhi Fiahe ~h) },
®)
where), € [0,2], w1 andw, are the weights satisfying. >
w; > 0andw; + w2 = 1, and

>

ez Lz

~(i) i
h, = hy + M](C) IUL(k)PS(ii) (hk) —hg |, (6)

Vi=1,2, Yk € N. Here,S") := H,” (hs),
gw . [ k" if K # 0
w2 H; (hi) otherwise,
2
2 er®uz® wi® ' Pgto (hi) = hu
. 2
M) = HZ 20Uz w P Pga (hk) hi
if by ¢ () vez©uzP s
1, otherwise
Here, P, ,, ,(hs) is computed by4) and, if €{* # 0 (=

D, 3Vg.(hi) #0if hy, & H, (s,
Pk (hx) is computed as

), WhereD1,3 = D1+ Dg),

b = et D1a Vg (ha),
P hy) = * |P1.5Ve. (he)||? 1.3Vg.(h) ,
o0 (i) = it hi & H (hi) (< g.(he) >0), (D
hy, otherwise

Note that (a) the weightfvfk) can be chosen independently for
(1) and hk and (b) the update rule to generate the sequence

(h;C )keN belongs to the family of embedded constraint algorithms
proposed in [13, Appendix D]. The proof of (7) is omitted because
it is verified by simple algebra. Derivation of Algorithm 1 from
Scheme 1 is also omitted due to luck of space. Instead, for bet-
ter understanding, we show a geometric interpretation of the pro-
posed algorithm in Fig.2. We set= 1 and)\;, = 1 for simplicity.

The figure demonstrates t}ﬁf) contributes toward letting, to

move quickly in the direction oRR*(C) while iAz,(c1> contributes
toward lettingh;, to move slowly in the direction oR (C'). Based
on the discussion before Algorithm 1, we select the weights for

hﬁj) andhk so thatws > w1, which is the key to accelerate the

speed of initial convergence. Moreover, even if the filter moves
. ~ ~(2 ..
out from(!_, B; after taking the average dn‘f:) and h; >, itis

enforced in;_, B; by Ps, Pp, Ps, Ps, .
A remark on complexity of Algorithm 1 is given below.

Remark 1 Thanks to the simple structure @, s, ﬁ,f) is ob-
tained, like a “by-product”, from the results produced in the pro-

cess to comput&k1 . More precisely, comparing4) with (7),
we see thaf? (k) (h) is computed by partly using the computa-

tion process for (hk)(hk) In addition, P, Ps, Pp, P5, (+)

is also easy to computé)(N) complexity. Therefore, from a sim-

ple inspection of5) and(6), we see that, by usirgy parallel pro-
cessors, the computational complexity imposed on each processor
is almost identical to the one to compLR%;If(hm(hk), and thus

the time to generath.1 from h;, is proportional toO(N) com-
putational complexity. This implies that the proposed algorithm is
suitable for real time implementation, in which the time to update
the filter is strictly limited.

4. NUMERICAL EXAMPLES

In this section, the proposed algorithm is compared with the UW-
PSP (Uniformly Weighted Parallel Subgradient Projection) [8],
the APA and the NLMS algorithms with a common preprocessing
technique proposed in [6]. Input signals in channel 1 are modified
with the cycle@Q = 800; see Sec. 3-B. The tests are performed,

for estimatingh* € H := R*?*(N = L = 256), under the
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Fig. 3. The proposed algorithm versus the UW-PSP, the APA and the
NLMS algorithms under SNR 25dB with common preprocessing. rer t
proposed and the UW-PSP algorithmg, = 0.4, » = 1, p = 0 and

q = 10. For the NLMS,, = 0.2.

condition of Signal to Noise Ratio (SNR} 10log,,(E{z}7}/
E{n}}) = 25dB, wherez;, := (ux, h*) denotegpureecho (echo
without noise), respectively. We utilize a male’s speech signal,
for (sk)ren, recorded at sampling rate 16kHz. To measure the
achievement level for echo path identification as well as that of
echo cancellation, we evaluate the following two criteria: Sys-
tem Mismatch(k) := 10log,, |h* — hi|/?/ |h*|]?, Vk € N,
ERLE (k) := 10log;o 38, 22/ 3°F | (2 — (w4, hi))?, Vk € N.
For the proposed and the UW-PSP algorithms, we\set 0.4,
¢ =10,Vk € N, andw® = 1/2¢,v. e 9 UTP, Vk € N.
The stochastic property sets are designedrby 1 andp =
max{(r — 2)0%,0} (= 0), whereo? is the variance of noise;
for details see [9]. For the proposed algorithm, we simply set
= = 1.1, &2 = €4 = 0.002, andw; = 0.1. For the
NLMS the step size is set {0 = 0.2 by following a recommen-
dation given in [6]. For the APA, the step size is sefuto= 1,
0.05 for a comparison. For numerical stability against observable
poor excitation of the speech input signals, certain regularization
and threshold are utilized, which is the reason for the observable
flat intervals.

The results are shown in Fig. 3. We observe that the proposed[10]

algorithm reduces the time, to drop by 20dB in system mismatch,
by 19[sec.], 11[sec.] and 4[sec.] compared with the NLMS, the
APA and the UW-PSP, respectively. Moreover, in the ERLE, the
proposed algorithm exhibits much faster convergence in the initial
phase than the other methods. Note that the proposed algorith
keeps good steady state performance, while the APA with 1
suffers from serious instability because of the noise (see [9]).

APPENDI X: Asymptotic Optimality of APSM

Recall thatK' := (L, K;(# 0). The following lemma partly
presents the properties of Scheme 1.

n{ll]

Lemmal [11, Theorem 1] (cf. [11, Lemma 2])
() (Monotone approximation)

[aes = Bl < e = B |, VB €,
Vh?k) € Q1= {h cK: @k(h) =infgex @k(m)}
() (Asymptotic optimality)

Suppose (a) O, (hk))ken is bounded, (bFer, e2 > 0

St A\ € [e1,2 — e2], VE € N, and (c)3Ny € Ns.t. (i)

Q= ﬂk>No Qp 7§ @ and (II) infzeK @k(m) =0, Vk >

No. Then, we have

khm @k(hk) =0.

Under certain conditions, moreover, it is guaranteed that the se-
quence(hy)ken converges strongly to a poibt € K.
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