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ABSTRACT

The APA is one of the most celebrated data reuse AF due to its
performance and computational requirements. Recently, incremen-
tal combinations of LMS filters have been used to outperform the
APA with lower complexity. This combination, however, brings forth a
transient/steady-state trade-off depending on the number of compo-
nents. This work proposes a parallel-incremental topology with coef-
ficients feedback that decouples these phases performances. More-
over, to address highly correlated signals, a data reusing combination
is employed. Numerical experiments show that the novel combina-
tion can outperform the convergence rate and misadjustment of the
APA and combinations of APAs in different scenarios.

INTRODUCTION

Data reuse:

e Increased performance, low complexity

e Trade-off performance and complexity

Combination of AFs:
¢ Definition: set of AFs aggregated by a supervisor.

e Parallel-independent topology =- convergence stagnation
— Solutions: Coefficients feedback

e Incremental topology = improves convergence,
worsens misadjustment

ADAPTIVE FILTERING

[ w; = W;_1 + ,uu:fe(i)ﬂ\ S

w; — M x 1 coefficient vector at iteration ¢

1 — step size
e(i) = d(i) — w;,w;—; — output estimation error
u; — 1 x M input regressor—E |u(i)|* = o2
d(i) = u;w° + v(i) — desired signal

w® — M x 1 vector that models the unknown system
v(i) — i.i.d. measurement noise—E |v(i)|* = o2
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COMBINATIONS OF ADAPTIVE FILTERS

)

n — components ; k — data
Wy, 4, [, €n (1) = n-th component
U i, di (1), vi (i) — k-th buffered data
{nn (i)} — supervisor parameters

DR techniques

{uni,dn(i)} ={wi—ny1,d(i —m+1)}  (data buffering)

{un i, dn(i)} = {u;,d(i)} (data sharing)
Topologies

Definition 1 (Parallel). LMS + LMS + ... or N{LMS}

Wy -1 = 5(2 — TL)’LUi_l -+ [1 — (5(2 — rL)]wn,i_l

Wp,; = Wni—1 + ,U/nu;;,@[dn(w - un,iwn,i—l]
N
n=1

Definition 2 (Incremental). LMS - LMS - ... or {LMS}¥

Wop,; = W;—1

Wy, = Wn—1,4 + nn<z)ﬂnu;,1[dn(z) - un,iwn—l,i]

W; = WN,i,

PARALLEL-INCREMENTAL COMBINATION
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Wnp,i—1 = 5(2 — T’L) w;_1+ [1 — (5(@ — ’I“L)] Wn,i—1

I. LMS branch

w1, = wii—1 + piu; [d(i) — wiwi—1]

Incremental LMS with DR branch (DR-{LMS}")

iii.
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woﬂ- = W2,i—1

w%,i = ’w;z—l,z' + nn(i)ﬂnuf—k[d(i — k) — ui—kw%—l,i]
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iv. Supervisor adaptation

p(i) = Bp(i = 1) + (1 = B)[y1 (i) — y2(i)]”

a(i) = a(i — 1)
+ p(i‘)‘l -e(@)[y1(?) = y2()]n(D)[L = n(0)]
. 1
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v. Parallel combination

w; = n(i)wi,; + [1 —ni)|ws,:

BRIEF ON ANALYSIS

Mean convergence of the {LMS}"

A.1 (Data independence) {u;} is an i.i.d. sequence
independent of v(j), Vi, j.

~

A.2 (Supervisor separation principle) For e, (i) = w;w;_1,
Elnn(i)us] = Eny (i) Ew; and Efny, (i)eq(i)] = Enn (i) E eq ().

[E@: = I - EaRy + M]Ew@;_, |

= Eorcwnre [ ()

A.3 (Small .« and Gaussian data) n,, i1, < 1 and u; is a
Gaussian vector

R, = QAQ" — @; = Qw,

[Efu_JizA-Eu_Ji_l ]

A=T—-EfA+ ) fimpin Enmnn [ATr(A) + 7A?]
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SIMULATIONS
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