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ABSTRACT Data reusage Theorem 1. Take u a zero-mean w.s.s. RV with 02 = E|ul?. Complexity comparison
: : : : Over any path where o2 /¢ is a superlinear function of 1/M,
This work mtrod_uce; anew datq reusage algorlthm based on the in- Problem: finding a coefficients estimate w; that “ * iDR-LMS: O(NM)
cremental combination of LMS filters which is able to outperform the minimizes the mean-square error based on a previous lim e '\U,UF =0 (as.). (1)
Affine Projection Algorithm (APA), another well-known data reusage , 0z/e—0 o APA: O(K2M)
AF. First, the true gradient data reusage LMS (TRUE-LMS) is shown estimate w;_, and the data set {U;, d;}. '
: . : Proof. By the strong law of large numbers,
to be equivalent to an over-regularized APA. In the sequel, an incre- ° . 2
; N . o . Fast APA: O(KM) + O(3K?)
mental counterpart of its recursion is motivated by distributed opti- ' Euu} Euul_ Mt
mization and adaptive networks. Simulations in different scenarios Wi 1 d(7) T im YU _ . _ . (a.s)
show the efficiency of the proposed data reusage algorithm, which U, = : K d; = . K Motoo M : R : e SIMULATIONS
is able to either match or outperform the APA in the mean-square . ) 1 d(i — K +1) l Euiprru; - Buiprpiu;_pp g
sense at lower computational complexity. i—K+1
* «—M— Every element of this autocorrelation matrix is upper bounded APA — TRUE-LMS
INTRODUCTION by the diagonal elements (o2). It is, therefore, sufficient to show . .
Alaorith that (1) would converge for the special case of o2. Indeed, Ovj\(zr-re?gn?; |zai|on \]/\anSflléng{lanIt
. oritnms = 10, 1L = 4, =10, L = 4,
Data reusage: g L wf . wuf . % o2 = 1,02 —10°3, o2 =100, ¢ — 0.1,
® Definition: using either a single data pair ({u, d}) more w; = wi—1 + puye(i) (LMS) 02/e—0 € (M,02/e)—(+00,00  Me  (M,02/e)—(+00,0) € ' =0.05, papa = p'e papa = prrue = 0.3/02.
than once or a set of past pairs. _ _ Opm=mm——— === == 0N~ ONT T of =T
u; , Taking 02 /e = f(1/M) yields N R S i _20\ B SPHAN "
* Goal: improve convergence by further exploiting the Wi = wi—1 + pr—————e(1) (NLMS) , RTIR NN LLIPRTIRESS BRNESESERRNY
: Juill* + € , o , f(1/M) 2\ N 0N 40 ==
available data. lim M- = lim =0 AIRA YRS D e 60
(M,02/e)—(+00,0) €  M—too 1/M T 20 ”\\?‘\ NG 2 800 0 500
* The Affine Projection Algorithm: Wo,i = Wi—1 | _ g AN Ny 2 N = 0 T
— One of the most celebrated data reusage AFs due to Wi = Wn_1,4 + pu; [d(3) — wjwp_1 4] (DR-LMS) for any superlinear function f. = , \% AN 20 \\ ;Z \
its superior performance (e.g., for speech echo Wi = Wi 4 y— ST P AT s S jz - <
cancellation, the APA has a performance comparable ’ [ o APA 2 = wi g+ Ue J 0 20 400 600 800 1000 ’ . "
to Fast RLS filter with 3 times less operations). w; = wi_1 + pUfe; (TRUE-LMS)
— Other data reusage algorithms are rarely compared to THE INCREMENTAL DR-LMS iIDR-LMS x APA
the APA. o « T =1
wi = wi—1 + pU; (el +UU7) " e (APA) M = 100, w® = col{1}/v/M, o = 0.05, piapa = jio,
L. ictri J true gradient n = po/Mao? ~ ' 2-1,02=10"3.
Combination of AFs: APA AND TRUE-LMS Distributed ) V/n(w)  (tueg ) pn = po/Mo, {x,v} ~ Gaussian, o2 =1, o7 = 10
L . y - estimation |V.J,(w,_1) (incremental gradient) o
® Definition: set of AFs combined by a mixing parameter. White input: u(:) = z(7)
J(w) = I (W
® Used when the accurate design of a single filter is difficult ORALMS ULy Jneremental (W)= 22 Juw) Correlated input: u(i) = cu(i — 1) + v1 — a? z(i), a = 0.95.
h Iti lgorithm’ lexity i high - : i > :
or the resulting algorithm’s complexity is too hig gradient Non-stationary: w°(i) = w°(i — 1) + g, 02 — 106, o = 0.95,
iIDR-LMS: the incremental counterpart of TRUE-LMS = 0.1, pp, = 0.003.
PROBLEM FORMULATION le P para =R
( C— A L L
Adaptive filters Wo,; — Wi—1 White input — K = 10 White input — K = 20
0 0
e : K=1
[wnﬂ B wn,z—l ™ ,unpn] ® Vanishing input (e.g., voice) Wi = WN 8-10 \ o \
T %—15
N where k =¢—mod(n—1,K)andn=1,...,N ) 8 \M N g 2 \\N:w
wn; — M x 1 coefficients estimate of the n'” filter at APA — TRUE-LMS e gix_,, — TN NS
iteration ¢ _ . B _ ) A e  —
! FOCUSIﬂg on the APA upda’[e and ChOOSIﬂg (Iu = M’g) - !:Or N = K the DR-LMS from Schnaufer & Jenklngs 0 500 1000 1500 2000 2500 3000 %0 500 1000 1500 2000 2500 3000
Lo, N nth fllter’s Step S|Ze is recovered. Iteration Iteration
: / * *\—1 _ .
pn = —B,V*J(w, ;_1) — update direction UJ}?LO/‘ U (el +UUT)ei = v Matches or outperforms the APA for N < K?, i.e., Correlated input Non-stationary
J(wy,i—1) — cost function—usually E |e,, (7)? - [ y I+ U*)_1] at lower computational cost . K=10N=20 M =60,k =10,/ =20
. . : m elel +U;U; e; = ) ) .
en (i) = dn (i) — 1 s 51 — estimation error R e iV i v' LMS-based: robust and stable (even in reduced S\ B
| % M inout ¢ iterat ] precision environments) A _
u; — 1 X Input regressor at iteration . : _ N . . g-15 A
iy ] P _ g . . o w U; [I+ Jim K 1U¢Ui] e; v Can be seen as a particular case of the adaptive 5 o0l \ 5 . \
d(i) = u;w® 4+ v(i) — desired signal at iteration i il network algorithm INC-LMS where all nodes statis- =2 §_20 \_
w® — M x 1 vector that models the unknown system 2 tics are the same w30 BRLMS RS
-35 -2
v(i) — i.i.d. measurement noise Definition 1. f(x) is said to be superiinear if lim —féf) = 0. x Cannot be parallelized om0 w0 Zm a0 ww o w0 ww o m mw




