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Abstract: In this paper, we study the effect of noisy links on the
steady-state performance of incremental recursive least-squares (RLS)
adaptive networks. In our analysis, using weighted spatial-temporal
energy conservation approach, we arrive a variance relation which con-
tains moments that represent the effects of noisy links. We evaluate
these moments and derive closed—form expressions for the mean-square
deviation (MSD) and excess mean-square error (EMSE) to explain the
steady-state performance at each individual node. The derived expres-
sions have good match with simulations.
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1 Introduction

The problem of estimating an unknown parameter from data collected by a
set of nodes arises in several applications. Among the proposed solutions in
the literature, adaptive networks are appealing solutions when the statistical
information about the underlying processes of interest is not available. Co-
operative processing in conjunction with adaptive filtering per node allows
the network to account for time variations in the signal statistics. Adaptive
networks may be referred to as incremental networks or diffusion networks,
depending on the manner by which the nodes communicate with each other.
The incremental LMS [1], incremental RLS [2], incremental techniques based
on the affine projection algorithm [3], are examples of adaptive networks with
incremental mode of cooperation. When more communication and energy re-
sources are available, a diffusion cooperative scheme can be applied. In these
schemes each node updates its estimate using all available estimates from its
neighbors, as well as data and its own past estimate [4, 5, 6].

In [1, 2, 3, 4, 5, 6], the communication links between nodes are assumed
to be ideal. In this paper we study the steady-state performance of incre-
mental RLS adaptive network with unreliable communications modeled by
noisy links. We first show that the performance of incremental RLS adaptive
network drastically deteriorates when links between nodes are noisy. Then,
we use the weighted energy conservation argument and derive closed-form
expressions to explain the steady-state performance at each individual node.
Simulation results are also presented to clarify the derived expressions.

Notation: We adopt boldface letters for random quantities. Symbol *
denotes complex conjugation (scalars) and Hermitian transpose (matrices).

2 Incremental RLS with noisy links

Consider a distributed network which is deployed to estimate an unknown
vector w? from measurements collected at nodes. Each node k has access to
time-realizations {d (), uy ;} of zero-mean spatial data {dy, us}, where each
dj(7) is a scalar measurement and each uy; is a 1 x M row regression vector.
At each time instant ¢, the network has access to the following data

yi = [di(i) do(i) --- dy(i)]"  and  H; = [uy; ug, - ung® (1)

Note that y; and H; are in fact snapshot matrices revealing the network data
status at time i. Collecting all the data (available up to time ) into global
matrices ); and H; yields

Yi=low -yl and H;=[Hy Hy --- H;]" (2)

Now we pose regularized weighted least-squares (LS) problem to estimate w®
as follows
min [Mﬂw*nw + V- H¢w||12,v,] (3)
w 7

where I is a regularization matrix, and the weighting matrix is given by [2]

W; = diag{\'D,\"'D, ..., AD, D} (4)
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with a spatial weighting factor D = diag{~y1,72,...,7n5}, v > 0 and (time)
forgetting factor 0 < A < 1. The solution of problem (3) is given by [2]

w; = PHIW,; Y (5)
where
P= (NI HWiH) T (6)
In [2] the incremental RLS adaptive network is introduced to estimate w®
recursively in a distributed manner which can be summarized as follows
(()i) —wi—1; Py — NP
e = )+ Tup () — w )
Pi=A"1 [Pk,i—l - Fuz,iuk,ipk,iq]

wi =y P Pug

where @b,(j) is the local estimate of w® at node k at time ¢ and I" is

AP i

- -1 _
Vi AT g Prgaug

The given algorithm in (7) works as follows [2]: at each time 4, the local
estimate 1&,(;) at node k is the LS solution considering data blocks );_1 and
‘H;—1 in addition to the data collected along the path. At the end of the
cycle, 1,[)1(\? will contain precisely the desired solution w;. Note that in this
implementation 1/1,(:) is transmitted to the next node in the path, while Py ; is
estimated locally and independent from the neighbor nodes. In the presence
of noisy links, w,(:) in (7) is updates as

O = |+ g+ T e (i) — T jupigni 9)

where ey (i) = dg (i) — uk,iv,b,(ﬁl and the M x 1 vector gy ; represents the time
realization of link noise between node k — 1 and k& which is assumed to be
additive, zero-mean with covariance matrix Q = E(qxqj). No distributional
assumptions are required on the noise sequence. The effect of noisy links on
the performance of incremental RLS adaptive network is obvious from Fig. 1.
(The simulation setup is described in section (4)). As it is clear from Fig. 1,
the performance of distributed adaptive estimation algorithm drastically de-
creases when links are noisy.
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Fig. 1. The MSD learning curve for incremental RLS.
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3 Performance analysis

Our analysis relies on the energy conservation approach of [7]. To carry out
the performance analysis, we first need to assume a model for the data as
is commonly done in the literature of adaptive algorithms. Thus, in the
subsequent analysis we consider the following assumptions

A.1. Linear model dj (i) = wuj;w® + v(i) where vy(i) is white noise term
with variance aik and is independent of {d;(j),w; ;} for all [, j.

A.2. uy; are spatially and temporary independent and {u} arise from a
source with circular Gaussian distribution with covariance matrix R, j.

A.3. gy, is independent of {u;;,vi(j),q;} for all [, .

Note that in steady-state analysis, it is desired to evaluate the MSD and
EMSE for every node k which are defined as

me 2 B9 = E(19°)13) (MSD) (10)
G 2 Eleax(c0)?) = E(|)II%, ,) (EMSE) (11)

where e, (i) £ uk,i'tz,(fll and ’JJ/,E}) £ o — w,(:). By subtracting w® from both
sides of update equation (9) we get

5 — 5@ o Tt en(i) 4 Tu wan s 12
v = Vel — ki — Tugien(i) + Tug ug g (12)

Equating the weighted norm of both sides of the previous equation, take
expectation of both sides and using assumptions (A.1)-(A.3) we obtain

E(|vrl3) = E(l¥e-11%) + oo x E(luellfer) + E(llue|forgiwiuegr)
+E(||gel%) — BE(giSTujurgr) — E(giufurlSq; ) 13)

where
Y &Y — BE(STujuy + wpw I'S) + E(|Jug||Fsrugur) (14)

Recursion (13) is a variance relation that can be used to infer the steady-state
performance at every node k. Note that ¥’ is solely regressors-dependent
and, therefore, decoupled from the weight error vector. Now using the eign-
decomposition R, = UpALU;, (where Ay is a diagonal matrix with the
eigenvalues of R, j, and Uy, is unitary) we define the transformed quantities

bp 2 Uiy, Yr1 2 Uiy, a2 wpUs, G, 2 Uiqr
S2UpsU,, Y 2Ups'U,, T 2UPTU, (15)
Using the definitions in (15), Eqs.(13) and (14) can be rewritten as
E([9xl3%) = E([¢r-1l3) + ob p E([@k |l s5p) + B (@l - @r @i wrds)

+E([q:l%) — E(q; STu;uxg,,) — E(qiuiuT Sq;)(16)

¥ 23 - EETuym, + ayupl T) + B2 sruyr) (17)
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To proceed, we evaluate the moments in (16) and (17) which are

E(lglly) = Tr[B%]
E(|[ay | 5p) Tr [AT ST
E(|ur|2 sr@iwitng,) = Tr[Bp(ARTr[[ S TAy] + 6A.L £ TAy)]
E(q;XTuug,) = Tr[ArByET)
E(|[wy |2 s puiar) = (ApTe[T S TAg) 4+ 6A,T X TAg) (18)

where By, = U QU and 6 = 1 for circular complex data and ¢ = 2 for real
data. Replacing these moments, (16) and (17) can be rewritten as

E(|lhy|5) = E(I#x-1ll5) + o0 s T[ARD 3T + Tr[ B, )
+T1"[Bk(AkTr[f ﬁAk] + 5Akf ﬁAk)] — 2TI'[AkBk T] (19)

Y =% — (STAr + AT ) + (AyTe[T STAg] 4+ 6A,T STA)  (20)

Note from (20) that choosing ¥ to be diagonal, will be diagonal Y as well,
suggesting a more compact notation. Thus, we introduce the M x 1 vectors

72 diag{S} 7 £ diag{Z'} by 2 diag{As} (21)

Using the diagonal notation [1, 2] we obtain linear relation & = F& where
Fj, is a M x M matrix that includes statistics of local data as

Fr= (1= 285+ 001 + Bibret (22)
with ¢, = diag{A,:l} and [ given by
—T, fOI' A—1
S wNEIVE for smaller A

As a result, expression (19) becomes
E(1¥ilFiagtoy) = BUr-1lFingor) + 960 (24)
where g, is a row vector as
9r = o5 wBick + (diag{By})" F (25)

Comparing (25) with g in [2] we can see that (diag{Bj})" F} explicitly
accounts for the noisy link effects. Thus, following the similar steps given in
[1, 2] we can obtain the following expressions for MSD and EMSE

me = ap(I —T1)"'r, (MSD) (26)
G = ar(I —Tg1) by, (EMSE) (27)
where r £ diag{I} and
Wy, 2 Fry1Feg. . ENFio Fgq, 1=1,...,N (28)
ar = gellgo + grr1lles + ...+ grollg N + gr1 (29)
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4 Simulation

In this section we provide computer simulations comparing the theoretical to
simulation results. To this aim we consider a network with N = 15 nodes
where each local filter has M = 4 taps. Each node accesses independent
Gaussian regressors u; where their eigenvalue spread is p = 5. The obser-
vation noise variances 012)’ w and Tr[R,, ;| are shown in Fig. 2. We also assume
Qp = 107*I5; to model the covariance matrix of link noise and A = 0.997.
The system evolves for 2000 iterations and the steady-state values are ob-
tained by averaging the last 200 time samples. The curves are obtained by
averaging over 100 experiments with A = 0.997. In Fig. 3 the steady-state
of MSD and EMSE are plotted. It is clear from Fig. 3 that there is a good
match between simulations and theory which is an evidence that the derived
expressions can describe the steady-state performance of incremental RLS

adaptive network with noisy links.
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Fig. 2. The Observation noise profile, ‘712;,19 and Tr(Ry 1)
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Fig. 3. The MSD and EMSE per node k — comparing sim-
ulation with theory.

5 Conclusion

In this paper, we studied the effect of noisy links on the performance of in-
cremental RLS adaptive networks. Using weighted spatial-temporal energy
conservation relation, we arrived a variance relation which contains moments
that represent the effects of noisy links. We evaluated these moments and de-
rived closed-form expressions for the MSD and EMSE to explain the steady-
state performance at each individual node. The derived expressions have

good match with simulations.
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