CONJUGATE GRADIENT ALGORITHM WITH DATA SELECTIVE UPDATING
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ABSTRACT was shown to achieve fast convergence and low misadjust-

This paper applies data selective updating to the Modified Ment, and its sparse updating and low computational com-
Conjugate Gradient algorithm. In search for a new conjugatePl€xity per update makes it attractive in various applica-
gradient-like filtering algorithm, two different approaches tions. The set-membership affine projection (SM-AP) algo-
are developed: the first one results in the recently proposed'ithm [4] generalizes the ideas of the SM-NLMS algorithm
set-membership affine projection (SM-AP) algorithm and tO improve the performance for correlated inputs.

the second one reduces the computational requirements of  In this paper we recast the ideas of [4] in the framework
the modified congujate gradient algorithm while keeping of the CG algorithm. This paper is organized as follows.
approximately the same good results in terms of conver- Section 2 reviews the basic concepts of set-membership fil-
gence speed and misadjustment. Simulation results for at€ring. In Section 3, the contrained CG (CCG) [5] applied
system identification experiment show the claimed perfor- to certain contraints is shown to yield the SM-AP algorithm.

(MCQG) [2] algorithm in an attempt to reduce the computa-

tional complexity. Section 5, contains the simulations and

1. INTRODUCTION Section 6, the concluding remarks.

Fast convergence and low complexity as well as small mis-

adjustment are desired characteristics of adaptive filters al- 2. SET-MEMBERSHIP FILTERING

ways aimed by design engineers specially when the input

signal is highly correlated. The RLS family of adaptive In set-membership filtering, the filter is designed to upper
filter algorithms is known to have faster convergence than bound the output estimation erréf, — w'x with a prede-
the LMS-like algorithms but the cost in terms of computa- fined thresholdy. Therefore, all vectors satifying the bound
tional complexity are sometimes too high [1]. The Conju- contraint are considered feasible. Define fibesibility set
gate Gradient (CG) method applied to adaptive filtering as as the set of all filter vectors satifying the error contraint for
in [2] can attain similar fast convergence and small misad- all possible input-desired data paits x), i.e.,

justment compared to the RLS algorithm without the need

of performing matrix inversion. Inspired by recent develop- 0= ﬂ {fwe RN jd—w'x| <7} (1)
ments in set-membership filtering (SMF), this paper inves- (x,d)€S

tigates the possibility of lowering the computation require-
ments of the modified conjugate gradient algorithm [2] by
restricting the number of updates or, in other words, using a
data selective scheme.

In set-membership filtering (SMF) [3] an upper boun
of the output estimation error is specified. The resulting
adaptation algorithms are data-selective which in turn can &
reduce the computational complexity of the algorithms con- by = ﬂ’Hi )
siderably. Furthermore, the sparse updating also results in i1
a low misadjustment because the algorithms does not uti-
lize the input data if it does not imply innovation. The set- where#; = {w € RY : |d;, — wl'x;| < v} is thecon-
membership NLMS (SM-NLMS) algorithm proposed in [3]  straint set formed by the input data pair at time instant

Adaptive solutions try to find estimates belonging to this
feasibility set. In many application it is impossible to pre-
dict all possible data pairs and, therefore, adaptive meth-
d ©0ds work with the membership set constructed from the ob-
served data pairs,



Note that the feasibility set is included in the membership Constrained Conjugate Gradient (CCG) algorithm [5] if we
set and if all possible data pairs are traversed up to time make the constraif®”w;, = f such that the constraint ma-
instantk, the membership becomes equal to the feasibil- trix C is time variant and corresponding ¥,. Moreover,
ity set. The simplest adaptive approaches computes a pointhe gain vectof should also be time variant and correspond-
estimate provided a subset of the mebershipset, e.g., the ining tod;,. Table 1 shows the CCG algorithm imposing this

formation provided by, like in the SM-NLMS algorithm condition.
or by utilizing L past contraint sets like in the SM-AP algo-
rithm. Other approaches try to outer bound the membership
set with ellipsiods leading to the family of optimal bounding
ellipsoid (OBE) algorithms [6].

3. CONSTRAINED CONJUGATE GRADIENT
ALGORITHM

For this first formulation, we partition theembership set
Vi, asyy = Y N F wherey F corresponds to the inter-
section of thel. last constraint sets, i.e.,

k
N

i=k—L+1

Ui = (3)

Our goal is the derivation of an algorithm with Conjugate
Gradient update such that the updated coefficient veetor
belongs to the last constraint-sets, i.ew, € k. For
this, we defineS;_;.+1 as the hyperplane which contains
all vectorsw such thatdy,_; ;1 — W/ Xp_i41 = Gr_it1
fori = 1,---,L. The parameterg;_;+1 should be any
satisfying the bound constraint @y, 1| < =y such that
Sk—it1 € Hr—it1. For the sake of simplicity, we shall use

Table 1: The Constrained Conjugate Gradient Algorithm.

Initialization:
A, nwith (A —=0.5) <np <A
L is the number of constraint sets
6 small number
wo = zeros(N +1,1)
Ry=1
go = ¢o = zeros(N +1,1)
Running the algorithm:
for eachk
{
C=X;
f=4d,;
P=1I-c(cTc)'ct
F=C(CTC)"'f
X, = Pxy,
Rk = /\ka1 + Xk)zg
Yr = Wg_1xk
er =d — Yy

T
— Ci Bk—1

Q= n[C{Rka+6] _

8k = A8k—1 — axRypcr — Xpey,

wip = Pwyp_1 + F — agcg

Bk — [sk *gk—l]Tgk
8l grk—1+4]

Ch+1 = Gk + BrCr

these parameters equal to zero, see [4] for a discussion on
particular choices.

When the Conjugate Gradient algorithm is used to solve
Rw = p (R being the input signal autocorrelation matrix
andp the cross-correlation between the input vector and the
reference signal), itis also minimizingw” Rw — p'w. In
our case, we can impose an aditional restriction whenever }
wi_1 ¢ 1} and state the following optimization criterion

1
min §wkTka —plwy

subject to X} wy, = dy, (4)
From the above table, we see that the CCG algorithm is
where updated according te, = Pwy_; + F — ay ¢, where for
de = [de d p T this particular application we ha® = I-X;, (X1 X;) X}
k — [ k Qk—1 ° - k—L+1] . andF = Xk(Xng)_ldk.
Xp =Xk Xp—1 - Xp—L+1) ()
NeverthelessP is actually the projection matrix onto
and to the subspace spanned by the constraint matrix which in
xp = [tp Thor o Thons1]T (6) our case corresponds ¥, defined in (5). It means that

xr = Pxy is a null vector because;, is the first column
N being the filter order. of X;. Since the computation of the last right-sided term
The minimization of this constrained cost function us- of the coefficient vector update-¢x;.c;,) is based orx, its
ing the Conugate Gradient metfod may correspond to the value will be zero (or close to zero duedp



By consideringyvic;, = 0 and replacing® andF, the
coefficient vector update becomes

wi =Pwy_1 + F
=1 — X4 (X Xp) " X{ Wi
+ X (XTX,) "t dy,
=wi_1 + Xp(XTXp) e (7

whereey, = dj, — X wy_;.

The last equation corresponds to the affine projection
algorithm update and the corresponding set-membership al-
gorithm is actually the SM-AP of [4].

4. THE POINT-WISE APPROACH

In this second formulation, we are interested in testing if
the previous coefficient vector belongs to the membership
subset) and make a decision of update. This procedure
shall decrease the number of updates and consequently the
computational burden of the Conjugate Gradient algorithm.
To verify if wi_1 € L we need to test if all elements

of vectore;, defined above have absolute values lower than
~. Tabel 2 shows this Selective Updating Conjugate Gradi-
ent algorithm. As mentioned before, this version is based
on the Modified Conjugate Gradient (MCG) algorithm pre-
sented in [2] which uses a degenerated scheme in order to
have only one iteration per coefficient-vector update. More-
over, it uses an exponentially decaying data window to esti-
mate the input signal autocorrelation matrix. Although, the
MCG does not in itself guarantee that the updates will end
up in the subsep like the CCG in the previous section, it
will only perform updates whenevev;_; ¢ ¥ resulting

in a lower computational complexity than the conventional

Table 2: The MCG Algorithm with selective updating.

Initialization:
Anpwith(A—05)<np <A
L is the number of constraint sets
~ upper bound of the estimation error
6 small number
go = cp = d-onegN + 1,1)
wo = zerogN +1,1)
Ro=1
Running the algorithm:
for k=1:kyax
{
er = dk — X{Wk,1
if lex(i)] <yforalli=1:L

Wi = Wk—1
}
else
{
Ry = \Ryp_1 + ka{

T
_ Cr 8k—1

gr = A8r—1 — axRycr + xkek(l)
Wi = Wg—1 + 0 C,

B‘ — [gk*gk—l]Tgk
k= el ge—1+]

Cit+1 = 8k + BrCr
}
}

Fig. 2 shows the norm of the coefficient-error vector

MCG. (Wi — Wo,) for the same experiment. It is worth mentioning
that the iterations without updating of the coefficient vec-

5. SSIMULATION RESULTS

tor corresponds, for this experiment,39.34% of the total

number of iterations. This value could increase by increas-

In this section we consider a system identification setup ing they at the expense of a higher misadjustment or with
where the input signal consists of white Gaussian noise fil- more practical situations where we have lower SNR and,
tered through an IIR filter defined by, = =), — 1.1y, 1 — therefore, can allow larger. As an example, we have sim-
0.99y,_». The additional noise was such that its variance ulated the same experiment fof, = 10~* and obtained
corresponds te2 = 10~% and the unknown plant ha) near80% of non-updating iterations with a slight decrease
coefficients (V = 19). We also used = 0.99, n = 0.8, in performance.
andé = 10~®. The bound on the estimation error was cho-
sentoy = /502.

For this experiment we have used the number of con-
straint sets equal tb = 3. Fig. 1 depicts the learning curve In this paper, data selective conjugate-gradient algorithms
obtained from an average @00 independent runs. We  were discussed. It was shown that the constrained conjugate
observe that the performance of the proposed algorithm is gradient algorithm in a set-membership filtering framework
quite similar to the original Conjugate Gradient algorithm. resulted in the recently proposed set-membership affine pro-
Moreover, for comparison reasons, we present the resultsjection algorithm (SM-AP). Furthermore, data selectivity
for the NLMS and RLS algorithms. was applied to the modified conjugate gradient algorithm

6. CONCLUSIONS
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Figure 1:Learning curves for the data selective MCG algorithm Figure 2:Norm of the coefficient-error vector for the data selec-

with L = 3 (y = /b02), the MCG algorithm 4 = 0.8), the RLS tive MCG algorithm withZ, = 3 (y = v/502), the MCG algorithm

algorithm Q. = 0.99), ¢2 = 105, and colored input signal. (n = 0.8), the RLS algorithm X = 0.99), o2 = 10~°, and col-
ored input signal.

(MCG) in an attempt to reduce its the computational com-
plexity. Simulations confirmed that the proposed data selec-[3] S. Gollamudi, S. Nagaraj, S. Kapoor, and Y.-F. Huang,

tive MCG (SMCG) algorithm indeed presents good perfor- “Set-membership filtering and a set-membership nor-
mance (similar to the original MCG algorithm) with a con- malized LMS algorithm with an adaptive step size,”
siderable decrease in the number of updates, consequently, |EEE Signal Processing Letters, vol. 5, pp. 111-114,
lowering the computational load. May 1998.

[4] S. Werner and P. S. R. Diniz, “Set-membership affine
projection algorithm,” sumitted for publication to IEEE

7. REFERENCES Signal Processing Letters, 2000.
[1] P. S. R. Diniz, Adaptive Filtering — Algorithms and [5] J. A. Apolinario Jr, M. L. R. de Campos, and
Practical Implementation. Boston, MA: Kluwer Aca- C. P. Bernal, “The constrained conjugate-gradient algo-
demic Press, 1997. rithm,” accepted for publication, IEEE Signal Process-

ing Letters, vol. 7, December 2000.
[2] P. S. Chang and A. N. Willson, Jr., “Adaptive filter-

ing using modified conjugate gradient,” Proc. 38th Mid- [6] E. Fogel, and Y. F. Huang, “On the value of informa-
west Symp. Circuits Syst., pp. 243-246, Rio de Janeiro,  tion in system identification - bounded noise cagey”
Brazil, August 1995. tomatica, vol. 18, pp. 229-238, March 1982.




