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FURTHER RESULTS ON LEAST SQUARES BASED ADAPTIVE MINIMUM
VARIANCE CONTROL*

LEI GUOt

Abstract. Based on the recently established results on self-tuning regulators originally proposed by Astrom
and Wittenmark, this paper presents various novel and extended results on least squares based adaptive minimum
variance control for linear stochastic systems. These results establish self-optimality, self-tuning property, and the
best possible convergence rate of the control law in a variety of situations of interest.
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1. Introduction.

1.1. System description. Consider the following SISO linear discrete-time stochastic
system:

(1.1) A(2)yn = B(2)up— + C(2)wn, n >0,

where {y,},{un} and {w,} are the system output, input, and random disturbance se-
quences, respectively, y, = u, = w, = 0 for all n < 0, and A(z), B(z), and C(z) are
polynomials in backward-shift operator z:

Az)=14a1z4 -+ apz®, D
B(z)=by +byz+ -+ b,297", q
Ciz)y=1l4+cz+-+c2", r >0,

v
=

Y

1,

with known upper bounds p, g, and r for true orders and unknown coefficients a;, b;, and
Ck.

As usual, for the above model we adopt the following standard assumptions:

(A1) {wy, F,} is a martingale difference sequence, i.e., E[w,+1|F,] = 0, and satisfies

(1.2) sup E[|wn,11|?|Fn] < 00, as. for some 3 > 2,
n
l n
(1.3) Jim dwl=0">0 as

i=]

(A2) SPR condition: max,|—; |C(z) — 1| < L.

(A3) Minimum phase condition: B(z) # 0, for all z: |2| < 1.

Condition (A1) implies that the linear minimum variance predictor for y,;, generated
by (1.1) coincides with the minimum variance predictor Efy;+|F;] if {u;, F;} is an adapted
sequence. Condition (A2) is the usual SPR condition

Re{gég—%} >0 Ve |[0,27] (G & V=1,
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which implies that >;_, ¢? < 1, and is implied by >"._, |¢;| < 1 (cf. Huang and Guo [1,
pp. 1731, 1755]). This condition, together with the a priori knowledge about the orders p, g,
and 7, can be dispensed with for recursive identification of the linear model (1.1). We will
not discuss that issue here and instead refer to Huang and Guo [1] for details. Condition
(A3) is necessary for internal stability of minimum variance control systems even if the

parameters in (1.1) are known (see, e.g., Kumar and Varaiya [2, p. 121]).

1.2. Performance. Our objective is to construct a control sequence {u,} based on
the past and current observations, such that the following averaged square tracking error is
asymptotically minimized:

(1.4) In 2 =3 - )

=1

where {y’} is a reference sequence to be tracked, which is assumed to satisfy the following
condition:

(A4) {y} is bounded almost surely and is independent of {w;}.

For convenience of discussions, we may assume without loss of generality that F; =
a{wj,y;f+],j < i}. Then for any adapted input sequence {u;, F;}, v — y5 — w; is Fy_i-
measurable for all ¢, and so by Chow’s local convergence theorem for martingales (cf. [3]),
it is easy to conclude that

S|

L5 gl [ BnllreD)on B~ ool
(1.5) n—ggwﬂf o(Ly on [ lim (nRy) < oo

where R, denotes the following “averaged regret”:

1 & .
(1.6) R, = ;Z}(w =y —w)’.
1=
Consequently, by virtue of (1.3), we know that for any adapted sequence {u;,F;} the
asymptotic lower bound to J,, is o2, and that

(1.7) Jy——0%as. <= R,——0as.

n—o0 n—oo

which justifies the familiar concept “globally convergent” or “self-optimizing” for an adap-
tive controller that leads to R, —— 0 a.s.. Moreover, from (1.5) it is apparent that R,

n—oo
is of essential importance for the convergence rate of .J,, since it can be regarded as a

second-order quantity (see also Wei [4, p. 1668]). It is also worth noting that once the self-
optimality R,, —— 0 a.s. is proved, the global stability, i.e., sup,, (1/n) S_i_, (y? +u?) <

n—oo

o0 a.s., can be derived trivially by using Assumptions (A1), (A3), and (A4).

1.3. Estimation algorithms. Let us denote the unknown parameters in (1.1) by
(1.8) 0=[—a---—ap,by--bg,cr ¢
Then the model (1.1) can be succinctly written in a regression form:
(1.9) Yns1 =070 +wnpy, 1 >0,
where ¢? is the regression vector defined by

(1.10) 90(7)1 = [yn o Yn—p+lryUn ct Un—g41, Wy ‘wn—r+l]To
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The standard method for estimating € is the following recursive extended least squares
(ELS) algorithm:

(1.11) Ont1 = On + anPo@n(Yn+1 — O0n)

(1.12) Poy1 = Pp = anPopn@y Py an = (14 9], Papn) ™",
(1.13) On =[Yn** Ynptls Un " Upn—qil, Wn - Wpept],
(1.14) Wy = Yp — O on—i

with arbitrary initial values 6y, o # 0 and Py > 0.

There is a vast literature on strong consistency of the above ELS algorithm (see,
e.g., Caines [5], Chen and Guo [6], and the references therein). In a Bayesian framework
assuming Gaussianity of both the noise {w, } and the parameter 6, it was shown by Sternby
[7] that in the white noise case (i.e., C'(z) = 1), the necessary and sufficient condition for
strong consistency of the least squares (LS) estimate 6,, is that

(1.15) Amin(n) —— 00 a.s.

where Apin(n) denotes the minimum eigenvalue of P Jil, ie.,

(1.16) Amin(7) £ Amin {Zwi¢I+Po"'}-

=0

In the non-Bayesian framework where 6 is an unknown constant vector as the case
considered here, Lai and Wei [8] succeeded in showing that in the white noise case, strong
consistency of the LS estimate still holds if (1.15) is strengthened into

(1.17) )\min(n) 0, log Amax ('I"L)

0 as.
n-—oo )\min ('I’L) n—oo

where Apmax(n) denotes the maximum eigenvalue of P, +',. They also presented an example
showing that relaxing the second part of (1.17) can result in a loss of strong consistency
of the LS algorithm. The above consistency result can be easily generalized to colored
noise and multivariable cases by resorting to the standard SPR condition (A2), and by
using the standard recursions for the Lyapunov function studied earlier in (e.g., Ledwich
and Moore [9], Solo [10], and Chen [11]) together with Chow’s local convergence theorem
for martingales (see [12] and [13]).

Despite the celebrated convergence properties of the ELS algorithm, the basic stability
issue of adaptive minimum variance control constructed by using the ELS algorithm has
been a long-standing problem over the past two decades. The main difficulty is that we do
not know if the condition (1.17) really holds for the closed-loop systems. In fact, over the
past decade, most of the results in stochastic adaptive control theory have been established
for adaptive control laws that are not based on ELS algorithm but based on a stochastic
gradient (SG) algorithm (or its variant). This algorithm is formed by simply replacing the
matrix gain {a,P,} in (1.11) by a scalar gain {u/r,} with u > 0, where

n
(1.18) ra 214D [l
=0



Downloaded 07/05/21 to 124.16.148.19. Redistribution subject to SIAM license or copyright; see https.//epubs.siam.org/page/terms

190 LEI GUO

Goodwin, Ramadge, and Caines [14] obtained the first stability and optimality result
on SG-based adaptive tracking algorithms, which stimulated considerable research efforts
afterwards. However, as is observed in simulations, the SG algorithm exhibits much slow
convergence rate as compared with the ELS algorithm. Chen and Guo [15], [16], [6] have
given a comprehensive theoretical study for the convergence of SG algorithm and justified
the convergence phenomena known by simulations. To be precise, for strong consistency
of SG, the following condition was introduced by Chen and Guo [15]:

(1.19) . vo,  Jman(m)

n— o0 )\min (Tl)

= O({log m,}“) as., a > 0.

They showed that for the SG algorithm, if (1.19) holds with a < %, then 6, Z:O,
a.s. (see [15, Thm. 1], [16, Thm. 2], and [6, Thm. 4.5]). They also presented an
example showing that in (1.19) the constant « is not allowed to be greater than 1 for strong
consistency of SG (see [6, pp. 124-129]).

Hence for strong consistency, the SG algorithm requires much more excitation than the
LS algorithm does (note that (1.19) is much stronger that (1.17)). Moreover, in the white
noise case under the condition (1.19) with a = %, the guaranteed convergence rate for the

SG algorithm is only of the order O(1/log*r,), i.e.,

(1.20) 6, —0]> =0 ( ) a.s. for some v >0

log* 7y,
(cf. [15, p. 141] or [6, p. 132]), while under the same conditions, the convergence rate for
the LS algorithm is much faster: ||0,, — 6||*> = O(log? r,,/r,,) a.s. (see, e.g., [6, p. 96] or
[8, p. 155]).

1.4. Background. The standard adaptive minimum variance tracking control is con-
structed by simply identifying the adaptive predictor with the target value, i.e.,

(1.21) 05 0n = Yni1 n>1,

where {6,,} is generated by the ELS algorithm (1.11)—(1.14).

Astrom and Wittenmark [17] were, apparently, the first to attempt an analysis of adaptive
minimum variance control constructed by using LS-type estimates. They showed that if
the LS parameter estimates should converge to some limit with no common factor, then the
adaptive controller must necessarily be optimal. However, a difficult problem is whether
these estimates are indeed convergent. To overcome this difficulty, Kumar [18] considered
the case where the additive noise in (1.1) is i.i.d. and Gaussian. By using the technique
of “Bayesian embedding,” he succeeded in showing that, outside an exceptional set of true
parameter vectors of Lebesgue measure zero, the LS based self-tuning minimum variance
control enjoys various important convergence properties.

Recently, Guo and Chen [19] solved the basic stability and optimality problem of ELS-
based adaptive minimum variance control for the general system (1.1) under the standard
conditions (A1)—(A3). The following was shown in [19]:

(i) If the “high frequency” gain b; is known, then the standard ELS-based self-tuning
tracker is globally stable and self-optimizing, with a rate of convergence for the regret:
R, = O(d,/n'"¢) as. for all ¢ > 0, where {d,} is a positive sequence satisfying
dn < dpy1,80p,50(dnt1/dn) < 00, and

(1.22) lwall> = O(d,) as.
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(ii) If by is unknown, instead of using a fixed a priori estimate b, for b in designing the
control law as in Astrom and Wittenmark [17], a natural approach is to update this estimate
with the current and past data. This was done in [19] by setting the on-line estimate (say
by(n)) to be

bi(n) if by (n)] > ——

(123) by(n) = | . Viog rnoi
bi(n) + sgn (bl(n))—\/—l;—_g—T_—— otherwise,
n—1

where sgn(-) is the sign function, r,, is defined by (1.18) and b;(n) is the (p+1)th component
of 6,, generated by the ELS algorithm (1.11)—(1.14). Then the resulting ELS-based adaptive
control law is again shown to be stable and self-optimizing, with an implicitly established
convergence rate R, = O(1/log n) as..

The purpose of this paper is to give further results on ELS-based adaptive minimum
variance control, with emphases placed on the convergence rate of R,,. We will improve
the convergence rate obtained in [19] and show that in some cases the limit of (n/log n)R,
actually exists and is finite. We will also study the standard control law (1.21) (with no
modifications on b;(n)) and address the consistency issue of parameter estimates.

2. Preliminaries. To begin with, consider the regulation problem where y; = 0. Let
Amin(X) denote the minimum eigenvalue of a square matrix X. Then, from (1.9) it follows
that

n—1 n—1 n—1
@.1) Amin <Z @?@?T> 1017 <D (07607 =D (i1 —wip1)’
=0 =0 =0

and so by (1.6),

n—I
! .

which implies that the “self-optimality” and “persistency of excitation” cannot hold simul-
taneously in general for the closed-loop system resulting from regulation (see also [20,
pp. 372-373] for a related discussion). Moreover, from (2.2) it is clear that the better the
convergence rate of the regret R,,, the poorer the excitation of the regressor ¢ will have.
This explains the familiar dilemma between estimation and control. From the following
theorem, we will see which kind of excitation results we may have and how the degree of
excitation of {¢?} depends on {y}} in a general asymptotically optimal tracking system.

For future reference, we list the following identifiability conditions.

(AS5) The polynomials B(z) and A(z) — C(z) are coprime, and either 0B(z) = ¢ — 1
or 9(A(z) —C(z)) = max(p, ), where and hereafter 0.X (z) denotes the degree for a given
polynomial X (z) in dummy variable z.

(A6) The polynomials A(z) and B(z) are coprime with |a,| + |by| # O.

The following theorem extends some related results in [22].

THEOREM 2.1. Consider the linear model (1.1). Let the regret R, be defined by
(1.6), and the Assumptions (Al) and (A4) be satisfied. Suppose that {T,} is a strictly
increasing sequence of random integers such that R, i —— 0 holds on a set D of

n—oo

positive probability; then the following two conclusions hold:



Downloaded 07/05/21 to 124.16.148.19. Redistribution subject to SIAM license or copyright; see https.//epubs.siam.org/page/terms

192 LEI GUO
()
1 Tn
(2.3) lim inf Apin {— Zzﬁiwg} >0  as onD,
provided that (AS) holds, where

A
(2.4) Ui = [Yir Yimprls Uit - Uimgi1] s p" = max(p,r).

(i)

Tn
/\min (Z @?‘P?T>
=0
n—00 ¥

2.5) lim inf
min(Tn)

>0 a.s. on D,

provided that (A6) holds, and that

l n * 1 n
2.6) \/RT"H + log :g o _ o (/\m'"(T )> a.s. on D,

n T”L

where ©? is defined by (1.10), and

2.7 Ain (1) = Amin (Z YY) s Y =Y Y]

i=1

We remark that Theorem 2.1 holds irrespective of the control law structure and the
minimum phase condition (A3). Following some proof ideas used in Chen and Guo [22],
we preface the proof of the theorem by four simple facts, which are stated as lemmas since
they will be frequently referenced in the sequel.

For any polynomial F(z), denote its L,-norm || F(2)||» by

1 T .
IF@IE = 5= [ IFEPar

—T

In the sequel, we shall sometimes suppress the argument (2) for simplicity.
LEMMA 2.1. Let F(z) and G(z) be two coprime polynomials, and Sy be a set of
polynomials (M(z), N(z)), defined by

Sa={(M(2),N(2)) : IM(2)[3 + IN(2)| = 1;0M + ON < d;
and either OM < 0G or ON < OF}.
Then for any integer d > 0,inf(y nyes, [|[FM + G N2 > 0.
Proof. Suppose that the converse assertion were true; then it would necessarily imply

that

(2.8) FM+GN =0
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for some polynomial (M, N) in S; and some integer d > 0. By the coprimeness of F' and
G, there exist polynomials L and H such that FL + GH = 1. If 0M < 0G, then G # 0,
and we have by (2.8)

M = M(FL + GH) = L(-GN) + MGH = G(MH — LN).

From this it is easy to conclude that M = 0. By (2.8), we then have N = 0 since G is a
nonzero polynomial, and so ||M||; + ||N|2 = 0. Similarly, if 9N < JF, again we have
[|M]|2 + || V]|2 = 0. This contradicts with (M, N) € Sy. 0

LEMMA 2.2. Let F and G be two coprime polynomials. For any integers m > 0,n > 0,
and any sequence {zy}, define for any k > 0,

Zy =[F(2),2F(2)--- 2™F(2),G(z),2G(z2) - - - 2" G(2)]" 2.

If either m < OG or n < OF, then with ¢ & inf(rr, nyes, . IFM 4+ GNJ|3 > 0,

m+n

k k
Anin (Z Zizz) > cAnin (Z Z?Z?T) k> 1,
1=0 1=0

where Sy, 4, is defined as in Lemma 2.1, and
Zg = [2k, 2kt - Z—s] T, s = max{m + dF,n + 8G}.

Proof. We first note that ¢ > 0 is guaranteed by Lemma 2.1. Forany 2 € R"T™*2 ||z| =
I, with x = [+ @, o+ -+ Bn]™, set M(2) =ap+ -+ amz"™ and N(z) = Fo+--- +
Brz"™. We have for all k > 1,

k k
,\mm< Z,-Z[) = inf (7 Z;)?

1=0

= inf ST[(M(2)F(2) + N(2)G(2))z]?
T =0

> mf MF + NG|> in AVAM
% Il [E2) (};;

k
> inf MF + NG||?Ami 79707 . 0
- (M,NI)HGS,”+n “ + “2 min (; 1

LEMMA 2.3. Let z, € % (d > 0),k > 0, be a vector sequence, x = 0, for all
k <0, and F(z) be a polynomial with |F(z)||> # 0. Set Ty, = F(z)xk. Then we have for
alln >0,

1
Ani (Zxk%) @F T DIFGR ™ (Z"”““”’“>
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Proof. Let the coefficients of F(z) be f;,¢ = 0,---,0F. Then by the Schwarz in-
equality,

Amin <§§k§;> = I Ihlf | Z(az
2
of ih‘i 1 Z[F(z)aﬂxk]Z = inf Z [Z fi(z xp_ ]
=0
n OF n
< Z 12 “ 1T|1f . 3> @ @k—i)* < IF(2)3(OF + 1) Amin (Z xk:c;> .
k=0

k=0 i=0

We also need a simple corollary of the laws of the iterated logarithm for martingales
established in Jain, Jogdeo, and Stout [21].
LEMMA 2.4. Let {w;, F;} satisfy condition (A1), and { f;, F;} be an adapted sequence

satisfying

Z f2=0(n) as, f2=0(0° as., for somesc|0,1).

Then as n — oo,
n
Zfiwl‘_’_] =O0(y/nloglogn) a.s.
i=1

Proof. We first consider the case |f;| > 1 a.s., for all . By the martingale convergence
theorem in [3] and the Kronecker lemma it follows that

n

Z(E[w%+l|fi] - w12+|) =o(n) as.

i=1

So by (1.3)
n
ZE[wf+,|f,-] = (1+0(1))o’n as.
i=I
Consequently, by noting |f;] > 1 ass.,
lim inf 1 En:f?E[w? |F]>0*>0 as
n—oo N e t [ = '

Hence by applying Theorem 3.1 in [21] it is easy to see that the lemma is true.

In the general case, noting that f; = [f; + sgn (fi)] — sgn(f;), and applying the just
proved result to > [fi+ sgn(f;)Jwit1 and >0, sgn(f;)w; 1, respectively, we see that
the desired result is also true. 0

We are now in a position to prove Theorem 2.1.

Proof of Theorem 2.1. Following Chen and Guo [22] or [16], set §; = y; — ¥ — w

= ¢, + y;. Then by the assumption we have

T+l
29) — Z £_——0 onD.

n-—oo
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Note that
(2.10) Yi = wi +y; +& = wi + 2,
and then by (1.1),
2.1  B(2)u; = [A(2)yit1 — C(2)win] = [A(2) — C(2)]wigi + A(2)2it1.

Part (i). By Lemma 2.3 we need only to consider

(2.12) b = B(2)s 2 0 +9f,
where, by (2.3), (2.9), and (2.10),

Y = [B(2),2B(2),--- 2" ' B(2), A(2) = C(2), - 2 *[A(z) = C(2)]] w,
Vi = [B(2),2B(2),-- 2" "' B(2), A(2), - 212 A(2)] .

By Lemma 2.2 we know that there exists ¢ > O such that

)\min {zn: 1/12"%“7} Z C)\min {Zn:[wz e ’LUi_s]T['LUi e wi_s]}
=0

i=0
holds for all n > 0, where s = p* 4+ ¢ — 2. Consequently, by (Al),

l n
2.13 lim inf — Amin LT >0 as.
( ) imin - <Z¢l ) ) a.s

n—o0 N
=0

Let w?* and wf be defined in the same way as 7 (i.e., in the definition of v} replace
z; by yi and &;, respectively). Then by the Schwarz inequality and (2.9), it is clear that

Tn

1
— > YiprT ——0  on D.
T, n— 00

=0
Also, by Assumptions (A1) and (A4),
Tn

1 .
— sz’ PP ——0  as.
-

n < n-—00
=0

Hence we have

I &
(2.14) — > YiypPT ——0 as. on D
Tn =0 n—00

Therefore, by (2.12)—(2.14) it is easy to see that

QAL
lim inf A\pip (— Zwiwi> >0 as.onD.

From this and Lemma 2.3, the assertion (i) follows immediately.
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Part (ii). Similarly, we consider the transformation @Y = B(z)¢J. By (2.10) and
(2.11), §? can be decomposed as P} = ¢ + 7, where

¢ = [2B(2) - 2P B(2), A(2) = C(2) - - 277 '[A(2) = C(2)], 2B(2) - - 27 B(2)] w1,
4Pzz = [ZB(Z), T »zpB(z)’A(z)’ e zq—lA(z),O’ to vorzi-H'

Let Lp%’ and Lpz be defined in the same way as for 7. For x = w,z,y* and &, let
@7 be the vector composed of the first (p + g) elements of »7. Then by (Al), (A4), and
Lemma 2.4 it is easy to see that

Tn

(2.15) > vl T =0(\/raloglog T,) as.

1=0

Let x € BT be any (random) vector, ||z|| = 1. Put z = (a7 ,ﬂ*)*,a e RPTI. B R
Then by the Schwarz inequality, (2.15) and the fact that @} = <,01 + o7,

Tn Tn

.
xTZ@?@% = Z(x o + a7 pf)? Z(x oY +a7P;)

Tn Tn Tntl1
=D @ +0 | 4| Dowt D & | +0(/rlog log 7)
=0 1=0 1=0
+) (%)
(2.16) Z_:

> Z(az’«pi")z + O(1p\/Rr, +1) + O(\/ 7 log log 7,)

1=0
+i: (a” c,oz
=0
2 i(z 24 (clalf® + o(1))Nain(T)  as. on D
=0

where for the last inequality we have used the assumption (2.6) and Lemma 2.2, and where
the quantities ¢ > 0 and “o(1)” are independent of the vector z.

Now, suppose that the converse assertion of (2.5) were true; then by Lemma 2.3 we
know that there would be a set Dy C D with P(D;) > 0 such that

.
)\min ( @?-@?T>
lim inf =0 =0 onD,.

n—oo mm (Tn)

From this and (2.16) it is not difficult to find vectors z,, € RPTI*" ||z, || = 1,2z, =
(a,B5)",an € RPTY, and a subsequence of {r,}, which is also denoted by {7}, such
that

2.17) lan|| ——0 as. on Dy,
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and that

1 &
— Z = Z{a;ﬁ” + BrB(2)[w; - wi—py1)"}2 ——0 as. on Dy.
L)

i=0 n—oo
(2.18)
From (2.17) and (2.18), it is obvious that

Tn

——Z{ﬂ*B(z)[wz “Wi_py1] P ——0 as. on Dy.

Tn n—0o00
=0

Consequently, from this and (A1), it follows that
. 1 < T —1 2
0= lim =3 (BB )

H r—IT 1 <
> lim [|57B()[1, 2" ||§>‘min{T_Z[wi"'"wi—q—r+2]T[wia'"awz‘—q—r+2]}

™ i=0
=02 lim ||B7B(2)[1,---,2"" "]} as. on Dy,
n—oo

which obviously implies that 3,, —— 0 a.s. on Dy, and so by (2.17), ||z,|| —»0 a.s.

n—00

on D,. This contradicts with ||z, || = 1, and hence assertion (ii) is also true. [I
Before concluding this section, we list some basic properties of the ELS algorithm
here, which will be used frequently in later sections.
LEMMA 2.5. For the system (1.1) and the ELS algorithm (1.11)-(1.14), if Conditions
(A1) and (A2) hold and u,, is F,,-measurable for n > 1, then

6) 0’ Pn+|0n+. =O0(log r,) a.s.,
B n+1
(i) > i — wil? = O(log 7,) ~ a.s.,
e
(iii) Z T o P =O0O(log r,) a.s.,

where 0, 2 0 — 0., and 7, is defined by (1.18).

Except (i), this lemma is the same as Lemma 1 in [19], but (i) is actually also established
in the proof of that lemma.

COROLLARY 2.1. Under the same conditions and notations as in Lemma 2.5, the fol-
lowing property holds:

=O(log r a.s.

2.19) ”én+l ”2 + [ Wn41 — Wat ”2 +

Proof We need only to note that by (1.12) and the choice of the initial condition,

P ZP > 0, for all n > 0. 0

n+l
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3. Adaptive minimum variance control (with b, fixed). Throughout this section we
assume that the “high-frequency” gain b; in the model (1.1) is known. The main consid-
eration behind this is that results obtained in this case are relatively complete, which can
indicate the greatest expected achievement in the general case.

Similar to (1.8)—(1.10), we rewrite (1.1) in the regression form

3.1) Ynt1 = bitty = 0790 +wnyy,  n >0,
but here 0 and ¢? should be defined as

(3.2) 9=[—a1...—ap by ... by C]...Cr]‘r,

3.3) @ =lyn... Yn—ptlsUn—1 -« - Up—q1, Wr - Wy—pp1] -

The standard ELS algorithm for estimating ¢ is as follows:

(3.4 Ont1 = On + anPron(Ynit — biun — O70n),
3.5) Puyi = Py = a0 Pupnpn Pay an = (1+ 97 Papn)™",
3.6) On = [Yn - Yn—pt1>Un—1 - Un—qil,Wn .. . Wn_ps1),
3.7 Wy, = Yn — biun—1 — Oy 0n_1,n > 0,0, =0,n <0,

with arbitrary initial values 6y, pg, and Py > 0.

We note that Lemma 2.5 and Corollary 2.1 also hold for the present algorithm, and in
what follows we shall use them directly without explanations.

The “certainty equivalent” minimum variance adaptive control is defined by

(3.8) un = by (Y1 = O5pn)-

We first treat the white noise case.

THEOREM 3.1. Consider the system (1.1) with r = 0 and E[wfl+,|.7-'n] =% >0, as.
for all n > 0. Suppose that (A1) and (A3)—(AS) hold. If the control law (3.4)—(3.8) is
applied, then the closed-loop system has the following properties:

(3.9) lim ( ) R, =(+q—-1)0o* a.s.,
n—oo \ log n
and
log 1
(3.10) 16, —6]> =0 (%) a.s., asm — oo,

where R, is defined by (1.6), and 0 is given by (3.2) with r = 0.
Proof. By Theorem 1 of Guo and Chen [19] we know that R,, —— 0 a.s., and that

n—oo

G.11) il =0m) as.
=0
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Hence by Theorem 2.1 (i), we have the following persistency of excitation property:

1 n
(3.12) lim inf Apin (5 > goi(pz> >0 as.
i=0
Also, by combining Lemma 2, (2.9), and Theorem 1 of Guo and Chen [19] we know that
2 B 2
(3.13) lonll = 0(®n®), as. Vée (B, 1) ,

where 3 is defined in (1.2). Hence, by (3.12) and (3.13),

(3.14) O Puyion —— 0 as.

By (3.11), (3.12), and (3.14) we know that Theorem 3 of Wei [4] is applicable (there is a
slight difference between the LS estimates defined there and here due to initial conditions,
but that is not essential since (3.12) has been established), and hence we have

n-—1 n—1
3.15) Z(GT% — 0Z<pi)2 ~ o2 log det (Z cpw{) a.s.
i=0 i=0
But by (3.11) and (3.12) it is easy to verify that log det (Z?:_ll wipl) ~(p+q—1)logn.
Hence, by combining (1.6), (3.1), (3.8), and (3.15) we see that (3.9) holds.
As for the second assertion of the theorem, by (3.4) and (3.5) we can express the
estimation error as

n—1|

(3.16) On — 60 = P, Py (0 — 0) + P, > piwigy.
=0

By (3.11), (3.13), and Lemma 2.4, we know that

n—1
Z piwi+1]| = O(y/n log log n) as.
=0

Finally, combining (3.12), (3.16), and (3.17) it is easy to see that (3.10) holds. 0

Remark 3.1. The property (3.9) asserts, among other things, that O(log n/n) is the
best convergence rate for the regret R,, generated by LS-based adaptive control. The con-
vergence rate O(log log n/n) in (3.10) is also obviously the best possible for the estimation
error, since it is the same rate as that in the laws of the iterated logarithm. In a Bayesian
framework, assuming that {w;} is i.id. with a Gaussian distribution N(0,02) and that
6 has a certain truncated Gaussian prior distribution 7, Lai [23] showed that under some
stability conditions on the system and some regularity conditions on the input sequence
{un}, the order (p + q — 1)o?(1 + o(1)) log n/n is a lower bound to the expected regret
E:[R,] in the regulation problem. According to Lai’s definition in [23, p. 37], the control
law of Theorem 3.1 is “asymptotically efficient”. It is also interesting to note that when
the system orders p and q are increasing with the time (or data size) n, similar results as
(3.15) are also obtainable (see, Huang and Guo [1]).

Next, we consider the general colored noise case » > 0. Let us write 6,, defined by
(3.4)—(3.7) in its component form:

3.17)

(318) en = [_aln> T _apn7b2n7 Tt bqnach’n Tt CTn]Ta
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and set
(319) 0; = [Cln — Qln, " Cp*n _ap*n3b2n""abqn]T7 p* = max(p,r),

where by definition ¢;;, = aj, =0, for i > r, 5 > p.
Similarly, denote (¢; = a; =0, for all i > r,j > p),

(3.20) 0" =lci —ai, -+, cpr —ape,bay -, g™

It is easy to see that (cf. [2, p. 122]) for the regulation problem y; = 0 with b; known,
to construct the nonadaptive (asymptotically) optimal control law, it is sufficient to know
only 6*, and hence #* may be regarded as the “true parameter.”
THEOREM 3.2. Let (A1)—~(A4) hold, and let the adaptive control law (3.4)—(3.8) be
applied to the system (1.1).
(i) For the regulation problem y; = 0, if (AS) holds, then

* * d
(3.21) 6 —6*|> + R, = O (nl

7_15) a.s.Ve >0,

where d,, is defined as in (1.22), and 0}, and 0* are respectively defined by (3.19) and
(3.20).
(ii) For the general tracking problem, if (A6) holds and {y}} satisfies

(3.22) min(n))  a.s. for some 6 > 0,

where d,, and X*. (n) are defined in (1.22) and (2.7), respectively, then as n — 00,

min

_ log n a2 log n
(3.23) R, = 0( - ) a.s., 16, — 8| = O ()\* n )> a.s.,

min

where 0,, and 0 are respectively given by (3.4) and (3.2).

Proof. (i) By Theorem 1 in [19] we know that R,, = 0(d,,/n'~¢), a.s., for all £ > 0.
So for (3.21) we need only to consider the convergence rate of the estimation error. By
Lemma 2.5 (i) we know that

(3.24) 07\ Pyl 0,41 = O(log 7,) = O(log n), ass.

where 0,41 = 0,41 — 6. By (3.19) and (3.20) and the fact that P, = 3" ;07 + Py ',
we can rewrite (3.24) as

2

*
n

Z W70 +Z (Cjns1 =€) (Wimjr — Yi—jr1) | + 0501 Py ' Ongr = O(log n), as.,
=0 7=1

where 5;; 41 =0, —0", and v; and p* are defined by (2.4). By Lemma 2.5(ii), Corollary
2.1 and the fact that

Z(yi —w;)? = 0(nfd,) as., Ve >0,

1=0
it is easy to see that

n | p*

Z Z C]n+l CJ) Wy —j+1 — Yi— ]-H) = O(nedn) as. Ve > 0.
=0 | j=1
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Therefore, we have

n

2(1/11 ¥ )2 =0(nd,) as.,Ve>0.

=0

From this and Theorem 2.1 (i), we obtain ||0%_,||> = O(d,/n'"%), as.. This proves
assertion (i).

(ii). Again, by [19], R, = O (:%2;), as., Ve > 0. Hence, by (3.22) we know that
Theorem 2.1 (ii) is applicable, and so we have

n
)\min (Z ‘p(z)go(zk)
lim inf

n—oo mll’l( )

>0 as.

Consequently, by Lemma 2.5 (ii) and the fact that

Amin (Z w?w?f> < 2Amin (Z ‘,Oiip;‘r) +23 " lle! - will?,
=0 1=0 =0

we have

Amin (Z <P1‘80Z)
(3.25) lim inf

o g ()

min

>0 as.,

which in conjunction with (3.24) yields the second assertion in (3.23). By (3.22), (3.25)
and Lemma 2 in [19] it is not difficult to see that ], P, ¢, —— 0. Therefore, by Lemma
n—oo

2.5Gii), 27, 167¢il> = O(log n), and hence the first assertion in (3.23) is also true.
a

Remark 3.2. For the regulation problem, the one degree of freedom identifiability
problem as shown in Becker, Kumar, and Wei [24] does not occur in Theorem 3.2, since b,
is not estimated. For the general tracking problem, it.is clear that in Theorem 3.2, {y;} is
not necessarily required to be “sufficiently rich” or “persistently exciting.” Condition (3.22)
is considerably weaker than the corresponding nonpersistence of excitation condition used
in [22] and [16] for the SG-based algorithm. It would be of interest to establish similar
results for a lower-dimensional ELS-based adaptive controller when {y}} is generated by
a homogeneous finite-order linear difference equation H(z)y; = 0, as was done by Kumar
and Praly [25] for the SG-based algorithm.

4. Adaptive minimum variance control (the general case). In the general case where
by is not available, the analysis becomes much more complicated. Throughout this section,
we assume that {6, } is generated by the ELS algorithm (1.11)—(1.14).

First, the minimum variance adaptive control law defined from (1.21) can be explicitly
written as

1 * T
(41) Un = W{yn+l + (bl(n)u‘n - en@n)}7

provided that b;(n) # 0 a.s., where b(n) is the ELS estimate for b, given by 6;,.
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When (4.1) is applied, the first problem is that the set {b;(n) = 0} may have a positive
probability, which is known as the zero divisor problem in stochastic adaptive control (cf.
Meyn and Caines [26]). There are at least three ways to deal with this problem.

(a) Guarantee P{b|(n) = 0} = 0 by assuming that all finite-dimensional distributions
of {wy,} are absolutely continuous with respect to Lebesgue measure (see, [26] or [5, pp.
778-782]). The absolute continuity assumption can be weakened to continuity only if {w,, }
is an independent sequence (cf. [16]).

(b) Guarantee P{b;(n) = 0} = 0 by adding an independent random sequence with
continuous distributions to the input signal. Such a sequence is preferably decaying with
the time so that it does not upset the control performance (cf. [22]). A

(c) Replace by(n) appearing in the denominator of (4.1) by a quantity (say b;(n)),
which is close to b(n) but does not equal to zero (see, e.g., (1.23) or [19]).

In the sequel, whenever the control law (4.1) is concerned we always assume that
P{b)(n) = 0} = 0. The following lemma plays a key role in this section.

LEMMA 4.1. For the system (1.1) assume that (A1)—(A4) are satisfied. At each time
instant n, let the control law u,, be defined from the following equation:

(4.2) Vi = 0 pn + Abpyun,

where {0,,} is given by the ELS algorithm (1.11)-(1.14), and AEM € F,, is such that either
Aby, = 0,Yn or Aby,, ——— 0 a.s. Then for any strictly increasing random sequence {7, }
n—oo

satisfying

4.3) inf|by(r, + 1) = by >0 a.s. on D,

with P(D) > 0, and with bj(n) being the component of 6,, estimating by, the following
properties hold as n — 00:

(4.4) sup [lel = O(rid,,) as. on D,Ve >0,
k<Tn

and

4.5) rr, = O(1y) as. on D,

where Ty, and d,, are defined by (1.18) and (1.22), respectively.
Proof. Before starting the proof, we remark that the case Aby,, = 0 corresponds to the
control law (4.1), while the case Ab;, # 0 corresponds to a (slight) modification of b;(n).

We first prove (4.4). By (1.9) and (4.2) we have with 8), 2 6 — 0,

@.6) Yrrt =070k + 07(P) — pr) + Wi
=070k + Ypp — Dbipuk 4 07 (D) — or) + Weyr.

Following Guo and Chen [19], denoting &, = tr(Py — Pii1), o = |05k l?/(1 +
;. Pry), and using Corollary 2.1 and the fact that ] Py 195 < 1, we have by (4.6)

Vi < 3107kl? + 3(Abik)*ul + O(log i + dy)
< 3o {1l + @f Peyior + 05 (P — Pry1)pr}
4.7 +3(Abyg)?ud + O(log 7 + dy)
< 300 {2 + Skl 1?} + 3(Abik)?ud + O(log 7y + dy)
= 3apbillel® + 3(Abik)?ul + O(log 7y + dy).
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By the stability of B(z) and (1.1) there exists a constant A € (0, 1) such that

k+1 k+1
(4.8) ul = (Z/\’“ : 2) +0 (Z,\’c ‘ 2>

Consequently,
k . T k '
o =i =0 (320707 ) 0 (o) 0 (L
(4.9) =0 1=0 =0
=0 (Z Pl 2) + O(log m, +di) as.,

1=0

where for the last relationship we have used Lemma 2.5 (ii).
Note that P, = 37" ;0] + Py ', and we have by Lemma 2.5 (i),

(4.10) > 167 410:0* = O(log ) as.,

=0
and consequently,
4.11) max ||§,’;+l<pi||2 =O(log r,) as.

For simplicity of statements, we shall omit the phrase “a.s. on D” in the remainder of the
proof, and unless otherwise stated all relationships hold on D with a possible exception set of
probability zero. Denote by (7, +1) = b, —bi(tn+1), we have by (4.3), inf,, b (T +1)| > 0.
Consequently, by (4.11) and the fact that ||0,,4(||> = O(log 7,,) a.s., we have for all k < 7,
and all n > 1,

1

2 = —_— n + 1 2
S G
Y - b n+ 1 9 2
(bI(Tn l))z{[ Tnt+1Pk l(T + )Uk] Tn-i-lgok}
“4.12) < ~—{“ -r"+]§0k _ b (Tn + l)ukH2 + He‘rn+l(pk”2}

(bi(mn + 1))
0((10g r'rn)[”SOklP —ui]) + O(log 7+,)
= O((

((log r+,) Z Me=42) 4 O(log? rr, +dy, log rr),

where for the last relationship we have used (4.9), and where and hereafter the “O” constant
depends neither on k& nor on n.
Combining (4.9) and (4.12) we get for all k < 7,

(4.13) lexl* = O([log -] Z Aty 4+ O(log ? rr, +dr, log rr, ).
=0

Substituting (4.8) and (4.13) into (4.7) and noticing ABM —— 0, it is easy to see

n—oo

that for all £ < 7,,, and all large n,

k
Yry = O (achk log 7, Z A=ty >+0 (Z Mk—i >+O log *r,, +d,, log *r..).

=0
(4.14)
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Now, following [19] we set Ly = Y.*_/ A*~%y2_ Then by (4.14) there are constants
6 >0 and ¢ > 0 such that (1 + §)A < | and that

yﬁH < A(1 + 6)cagbi(log rr,) + 6] Ly + O(log 3r7n +d,, log 27”7")

holds for all suitably large n and all k£ < 7,,. Consequently, by denoting -y 2 (1+86)r< 1,
we obtain for large n and for all k£ < 7,

Ly = ALg + yﬁ+| < (1 + cagdilog 7., )Ly + O(log 3rTn +d., log ern).

Hence, iterating this inequality k times we get for all large n and for all k£ < 7,

k
Liy1 <~FF! H(l + caybilog rr,,) Lo
(4.15) i k
10 (32 TT 01+ oy g o og o+, o)
i=0 J=itl

By Lemma 2.5 (iii) and the convergency of the series Y .-, ;, we know that for any
small € > 0, there exists 7 > 0 large enough such that

e? Z aj < log Tk, e 2 i 0; < %

j=i+l J=i+l

Hence we have for all i <k <71,

k k k
[1 (1 +caséslog v, < T[ (145 T] (14265108 74,)
j=it1 j=i+1 , j=it1
(4.16) . X
<exp[ e’ Z a; + Z ce™26;log ry, p <TE .
j=itl j=itl

Substituting this into (4.15), it is easy to conclude that for large 7,
“4.17) Lgy1 = O(rs, dy,), Vk< T, Ve>O0.

Substituting this into (4.13) we know that sup, . lleell* = O(rE d,,) for all € > 0, and
hence (4.4) will be true if (4.5) is proved. R
We now prove (4.5). By (4.17) and the assumption Aby,, —— 0, it follows from

(4.6) that n"'°°
Z Y1 = 0 (Z o1+ ‘kakﬂok)) +o (Z uk) + O(log Tr, + Tn)
k=1 k=1 k=1

=0 (Tindm Zak> +o(r;, )+ O(log rr, +7,), Ve>0.

k=1

From this, Lemma 2.5, and (4.8), it is easy to see that

(4.18) Tr, = O(r5 dr log r7,) +o(rr,) + O(1), Ve>0
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But as noted in ([19, p. 804]), dj. can be taken as dy = k°® for all § € (%, 1). Hence, from

(4.18) it is easy to conclude (4.5), and hence the proof is complete. 0
Let D, be a set defined by
(4.19) D, = {w : liminf by (n)| # 0} ,
n—o

where b;(n) denotes the component of §,, estimating b;.
For any constant a € (0, |b|), define a sequence {7,} recursively by

(4.20) Tn = inf{k > 7,1 : |bi(k + 1)| < a}, =0, n>1.

Note that (A3) implies b; # 0, and so the interval (0, |b;|) is not empty.
On the complement set of D, DY, it is obvious that 7,, < oo for all n > 1. Hence, if
we set

_ | n, we Dy,
“4.21) an—{ s w € DS,

then o, < oo a.s. for all n, and 0,, ——— 00 a.s..
n—oo

THEOREM 4.1. For the system (1.1) assume that (A1)—(A4) are satisfied, and that the
control law defined by (4.1) is applied. Then the following hold:
(i) For the sequence {0} defined by (4.19)-(4.21), as n — oo

gl

T, = O(oy) as. and Ry 41 =0 ( do, ) a.s., Ye > 0,

where R, ,r, and d, are defined by (1.6), (1.18), and (1.22), respectively.

(i)
B 1 2
R,=0 e as. on D, VéE¢€ —IB-,I ,

where (3 is defined in (1.2) and D = D, U D, with D, defined by (4.19) and D, defined by

.
Dzz{weDf:sup "+]’<oo};
n

Tn

here {7, } is defined by (4.20).

Proof. (i). On the set Dy, by a completely similar argument as that used for Theorem
2 in [19], it is known that R,, = O(d,,/n'~¢) a.s. on Dy, for all ¢ > 0. So we need only
to consider the complement set Df{. By the definition of 7,, we have

inf|by(r, + 1) =by| > |by] —a >0 on Df.

Therefore, by Lemma 4.1 we know that 7, = O(7,) and sup, [l¢il*> = O(75d-,) as.
on Df{. Hence, by (4.6) (with ABln = 0) and Lemma 2.5, we have

1

Tn
. . ok o 2
™ T T Z(?Jzﬂ Yir1 — Wit1)

=0
1N RS
o= ||o:<pi|\2> +0 (—; > llei - 80?“2>

L 1167 2 log 7
o =S MEG&I 44 e o8 Im
O 52 Thorpg el ) +0 (72

. 1og 7,
=0 (w) a.s.  on Df,Ve > 0.

R

(4.22)

-
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Hence the conclusion (i) holds.

(ii) As is just mentioned above (ii) holds on D), since d,, can be taken as n® for all
6 € (2/3,1). Hence we need only to consider the set D,. By the definition of {7,}, we
know that on Dy, 7, — 00, sup,,(Tn+1/7n) < 00, and by (4.22), R, = O(1/71%) ass. on
D, for all § € (2/4,1). Consequently,

sup[n'°R,] =sup sup [n'°R,]
n k ne[rk,7k+,]

Tkl _1-6
< s:p —?[TH,RTH,] < oo as. on D,

Hence assertion (ii) is also true. 0

Remark 4.1. From Guo and Chen [19], we know that under conditions of Theorem 4.1,
if liminf,, o |b1(n)| # 0 a.s., then R,, — 0 a.s. Theorem 4.1 asserts, among other things,
that if lim,, ., |b;(n)| = 0 a.s. does hold, then since P(D;) = 1 and again we have R,, —
0 a.s.. This result is rather interesting since b;(n) appears as the divisor in the control law
(4.1), and small b;(n) seems to yield large input signal w,, (but actually does not). The key
idea behind the proof of Theorem 4.1 (or Lemma 4.1) is as follows: if lim,, . |b1(n)| = 0,
then [by(n + 1)] > |by|/2 > O for all suitably large n. Thus, for each fixed large n, and for
all ¢ < n,u; will have a significant contribution to ] , ,¢; if it is not small. But by (4.11)
we know that [|§;+,g0i||2 = O(log r,) as. for all i < n. Hence, for all i < n,u? will be
dominated by a “linear combination” of {yZ,- -, y7_,, |, uf_y - ui_ 4, 07 07,4}
and thus we can successfully sidestep the difficult “small divisor” problem in the analysis.
Certainly, in this approach, it would be of considerable interest to preclude the case where
the sequence {b;(n)} visits the interval (—a,a) with 0 < a < |b;] in a very scattering way
(i.e., P(D%) > 0).

We now consider the case where the set D defined in Theorem 4.1 does have probability
one.

THEOREM 4.2. Consider the system (1.1), the ELS algorithm (1.11)-(1.14), and the
control law (4.1). If (A1)~(A4) and (A6) hold, and in addition, the reference signal {y}}
satisfies

(4.23) n't\/d, = O\nin(n)) a.s., for some ¢ > 0,
where d,, and X, (n) are defined in (1.22) and (2.7), respectively, then as n — oo
1
4.24) Ro=0 (28" 4, Jn—0P =0 (2™ 4,
n Afin ()

where R, is the regret defined by (1.6). Furthermore, if (4.23) is replaced by n =
O(A5in(n)) a.s., and E[w? ||F,] = o2 a.s., then for the white noise case (r = 0), (4.24)

min
can be strengthened into

1 n = 2 —_ 2 =
lim <10g n) R,=(p+q)0o° as., 16, — 8| O(

n—oo

log log n s
n

Proof. By Theorem 4.1 (i) and (4.23) we know that Theorem 2.1 (ii) is applicable to
the sequence {0, }, and hence we have

)\min (Z (p(z)(p?T>
lim inf =0

>0 as.
n—oo Amin (07)
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Consequently, similar to the proof of (3.25), it is easy to see that

)\min (Zn @z‘p:)

(4.25) lim inf =0 >0 as.
n—oo )‘min (Jn)
By this and Lemma 2.5 (i) it is easy to see that
~ log 7,
(4.26) 105, 411> = O (—") as.
" )‘min(an)

By Theorem 4.1 (i), we know that log r,, = O(log 0,,) a.s., and so by (4.23) and (4.26)
we conclude that ,,+; — 0 a.s., and in particular,

“4.27) by (o, + 1) ——— b a.s.

We now prove that P(D,) = 1 where D, is defined by (4.19). Otherwise, we would
have P(Df) > 0, and on D¢ by the definition of o,, we know that o,, < oo for all n, and
that

(4.28) |bi(or, +1)]<a ¥n>1 on Df,

which clearly contradicts with (4.27) since a < |bj|. Hence P(D;) = 1 and we have
liminf, o |b1(n)| # 0 a.s. Therefore, by a similar means as in the proof of Theorem 2 in
Guo and Chen [19], we obtain R,, = O(d,,/n'~¢) as. and ||, > = O(n®d,,) a.s. for all
€ > 0. Using this and a similar argument as for (4.25) and (4.26), we know that (4.25) and
(4.26) also hold with {0, } replaced by {n}. Hence we have proved the second assertion
in (4.24). Since (4.25) holds with {c,,} replaced by {n} and |¢,||> = O(n?/?V/d,) as.,
for all 6 € (2/03, 1), we know that ¢, P,,0,, —— 0 a.s. By this and Lemma 2.5 it follows
n—0o0

from (4.6) (with Ai).n = 0) that the first assertion in (4.24) is also true. Finally, the last
two assertions of the theorem can be proved in exactly the same way as in Theorem 3.1,
and the details are not repeated. 0

Remark 4.2. (i) Again, the best possible convergence rate O(log n/n) is established
for the regret R,. It is worth noting that this result is established without introducing
any modifications to the standard minimum variance control law (4.1). This fact makes
Theorem 4.2 differ essentially from the existing results including those in the recent work
[19].

(ii) The (nonpersistent) excitation condition (4.23) on the reference signal {y*} can
be easily verified for a large class of deterministic and/or stochastic signals. In principle,
we can always make this condition satisfied by use of the “continually disturbed demand
method” of Caines and Lafortune [27] or the “diminishing excitation technique” in Chen and
Guo [16]. To be precise, for any desired trajectory {y,} that is bounded and independent
of {w,}, we may take the reference signal in (4.1) to be

(4.29) Yn = Yna + Un,

where {v,, } is a zero mean independent bounded random sequence which is independent of
{wn,y?,}. Then with some suitable moment conditions on {v,} it is easy to see that (4.23)
holds. In order that the “dither” does not influence the self-optimality the variance of {v,, }
must be chosen to satisfty Ev2 —— 0. This is possible since the excitation requirement

n—oo
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(4.23) is not necessarily persistent. The disadvantage of adding the “dither” {v,} in such
a way is that it may influence the convergence rate of tracking.

Next, we consider the case where (4.23) fails. As a typical example, we shall only
consider the regulation problem (y = 0). Similar to (1.23), we set for n > 1,

. 1 .
~ bi(n) if |bi(n)| > \7‘;@———7—;——_’_-1—),

(430)  bi(n) = sgn(by(n))

bi(n) + ——=—==—===otherwise.
n log(n+ 1)
Instead of (4.1), we define the control u,, by

4.31) Uy = ;——I—{bl(n)un — 07 ont, n>1,
bi(n)

which obviously has the form of (4.2):
(4.32) 07 pn + Abinu, =0,
where Aby, = I;,(n) — bi(n). By (4.30) it is clear that

1
0
nlog(n+1) n—oo

@33 ()P > ——

)
JE <
“ nlog(n+1)’ |Abin|

THEOREM 4.3. Consider the model (1.1) with white additive noise (i.e., r = 0). Assume
that (A1), (A3), and (A5) are satisfied, and that in (1.22), d,, = O(n®) for all € > 0. If
the control law defined by (4.30) and (4.31) is applied, then as n — o0,

(4.34) Z(y@ —w;))? =0(n) as, Ye>0,

=1

Proof. Let Dy and {7,,} be defined by (4.19) and (4.20), respectively. As explained
earlier, (4.34) holds on D), and so we need only to consider Df. In the remainder of the
proof all relationships are established on D{ with a possible exception set of probability
zero, and we shall omit the phrase “a.s. on D{” for simplicity.

By (4.20) we know that on Df, 7, < oo, for all n > I,lim, o 7 = o0, and
inf,, |by (7, + 1) — by| > |by] — a > 0. Hence, by Lemma 4.1 we know that

(4.35) r., =O(t,) and sup |l = O(5d..,).
k<Tp

Consequently, by (4.6) and (4.33),

zn:(ym —win)? =0 (z“: ||éZ<P¢Hz> +0 (i(ABliUi)z)
i=1

i=1 i=1

=0\ red & ”é;r(pzllz +0 i 1 u2
(4.36) neTn —~ 1+ 9] Pip; ilog(i+1)

i=1
Tn l
= € T ] €d —_— s
O(red;, log 7,) + O | 78d,, 2 Tlog i+ 1) Ve >0

=O0(15) Ve>O0.
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Hence Theorem 2.1 (i) is applicable, and we then have
1 &
(4.37) liminf Amin | — Y 997 | >0,
noee ™ 2

where {1;} is defined by (2.4) with p* = p.
Let a;(n),bj(n) be the estimates for a;,b;,1 <i <p,1 < j < g, given by 6,,. Set

(4.38) b = [—ai(n), -+, —ap(n),ba(n),- -, bg(n)]".

Then by (4.31) we have
(4.39) Up = —7——0,9n

Now, we prove that

(4.40) Or, 41| =0(77) Ve>0.

bi(ra + 1)

By (4.36) we know that 7", 167 :||? = O(7E), which in conjunction with (4.10) and
(4.35) gives

Tn

207, 9i) < 22 o 23006 = O
i=1 i=1
From this, by noting that 67 . ¢; = 5:11.“1/% + by (7, + 1)u;, we have for all € > 0,

Tn Tn

Z(%sz <2Z T 1wi)t 26 (T + I)Zu
< O@TE) + 4{[by (10 + D))* + [Ab (1, + 1)]2}f:u§'

Multiplying 1/[b; (7, + 1)]? from both sides of this inequality, and noticing (4.33) and (4.35)
we get

i (Tn P £ Z( i) = (———TE—> (Zu) = O(1 ¢ log (Tn+1)+7n).

[b1(mn + 1)]

From this and (4.37) we see that for all suitably large n,

Amin ( szwz)

go( [b( Z( v ) O(75 log(m, + 1) +1) Ve > 0.
Tn{01(Th +

2
<0

2
1

i)l(Tn + 1)

1 —

I

7,
nt by (T + 1)

Hence (4.40) holds.
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Next, we prove that
(4.41) lonll® = O([nry) d,) Ve > 0.

Note that by (4.20), we know that on DS,
(4.42) bik+1)|>a>0, Vke€[m+ 1,1y —1], Vn>1.
Hence from (4.39), (4.40), (4.42), and the fact that ||y, ||> = O(logry), it follows that on
Dy

€ 2 .

R e e T A S

Similar to (4.9) it is easy to see by (A3) that

k

lvel* =0 (Z /\’“”‘y§> +O(dy) VEk > 1.

1=0
From this and (4.43) we have, for all k € |1, + 2, Tp41],
lowll> = [lvnll® + uj

k
=0 ([log Tk Z /\k_iyf> + O(dg log 7).
i=0

(4.44)

Substituting this together with (4.8) into (4.7) and noting that Aby, —— 0, we get for all

n—oo

k € [T + 2, Tn+1), and all suitably large n,
i=0

k k
(445) yi,, =0 (akék(log iy A’““’j;f) +o (Z A’“‘@f) + O(dy log %ry.).
1=0

Set Ly, = Zf:o Ae=iy2 - Similar to the proof of (4.15), from (4.45) we have for some
v € (0,1),Vk € [t + 2, Ty41], and all large n,

k
Lyyy < AF-m! H (14 casd;log ;) Ly, 2

i=Tp,+2
(4.46) & &
+ O Z ’yk_i H (1 + cajéj lOg 'I’j)di 10g2 ri |,
i=Tp+2 J=i+1

where ¢ > 0 is a constant. Similar to the proof of (4.16) we know that for all small £ > 0
and all k > 7, with ¢ suitably large, H?:i—i—l (1 + cajé; log rj) < rj. Substituting this into
(4.46) yields for large n,
“4.47) Lk+l = O(’I"iLTn.*_z) + O(T’idk), Vk € [Tn + 2,Tn+|], Ve > 0.

By (4.35), (1.1), and (A3), it is easy to see that

(4.48) o1 + [0r,1|? = O(r3dy,), Ve >0,
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Consequently by (4.43), u.zrn+l = O(7:d,, ), for all € > 0. From this, (1.1), and (4.35)
again, we obtain L, i, = O(75d;,) for all € > 0. This in conjunction with (4.47) and
(4.48) yields

(4.49) Lk+| = O([k?‘k]sdk), Vk € [Tn,Tn_H], Ve > 0.
From this it is easy to convince oneself that
lowll> = O([kre)5dk), Yk € [Tn, Tny1], Ve >0,

holds for all suitably large n. This implies (4.41), since 7,, — oco.
n—oo

By (4.41) and a similar proof as for (4.18) we get r,, = O([nr,]%dy, log 1) + o(ry,) +
O(n) for all € > 0. Hence it follows that r,, = O(n). Then, by (4.41) and the assumption
that d,, = O(n?) for all € > 0, we obtain ||¢,||> = O(n®) for all € > 0. Therefore, similar
to the proof of (4.36), we get Y i, (yit1 — wit1)?* = O(n®) for all € > 0 a.s. on DS. This
completes the proof. o

Remark 4.3. The advantage of the modification (4.30) over (1.23) as used in [19] is
clear. When (1.23) is used, the cumulated square errors resulting from the modification of
by(n) is of the order O(n/log n), i.e.,

n

. LS| n
Z(Ab”)z =0 (; log n) =0 (log n) '

=1

Hence in Theorem 2 of Guo and Chen [19], the guaranteed convergence rate for the
averaged regret R,, is only of the order O(1/log n), which is clearly much slower than
the rate R,, = O(1/n'~¢) a.s. for all € > 0, obtained in Theorem 4.3. Of course, it would
be of interest to generalize Theorem 4.3 to the colored noise case and to show that the
left-hand side of (4.34) is of the order O(log n).

5. Concluding remarks. The convergence rate of least-squares—based adaptive algo-
rithm has been observed in practice to be superior to any other type of implementable on-line
recursive algorithms including the extensively studied stochastic gradient algorithm. In this
paper, we have obtained various new results on the standard ELS-based adaptive minimum
variance control for SISO ARMAX systems, and improved on the recent work [19] in many
aspects. In particular, we have obtained the best possible convergence rate O(log n/n) for
the averaged regret of tracking in several situations of interest. This rate is not believed
to be achievable, for example, for the stochastic gradient based adaptive algorithm. For
further study, it is desirable to generalize the result R,, = O(log n/n) to general tracking
problems with arbitrarily bounded reference signal {y}, using (preferably) the control law
4.1).
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