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ESTIMATION OF NONSTATIONARY ARMAX MODELS
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We consider in this paper the estimation problems for both orders and
coefficients of linear feedback control systems, described by ARMAX mod-
els. The estimation algorithms are inspired by the Hannan-Rissanen
method used for the estimation of stationary ARMA medels, while the
convergence analyses are based on limit thecrems for both double array
martingales and nonnegative supermartingales, and on techniques of
stochastic Lyapunov functions Traditionally used assumptions, such as the
strictly positive real condition and the regquirement of known upper bounds
for true orders, are not imposed here

1. Introduction. One of the hasic issues in statistical sciences iz how to
choose models to fit observations The observations are objective, yet the
models are generally ideal. Thus, the models considered have been more

realistic and hence usually more complicated.
In this paper, we consider the linear feedback control systems described by

the ARMAX model

(11) A(z)y,=B(z)u, + C(z2)w,, t=0,

where v,, u, and w, are, respectively, the m-, /-, and m-dimensional system
output, input and noise sequences, with initial values {y,, W —Po =
i< -1, —gqy=<j=< -1 —-1,<k=<1} A(2), B(z) and C(z) are unknown
matrix polynomials in backwards-shift operator z

(1.2) A(z) =I+Az+  +A, 2P, Po=0,
(13) B(z) =Bz + B2+ +B, 2", g4=0,
(1.4) C(Z) =I+Cz+ +C,‘Dz’ﬂ, rg = 0,

where p,, g, and 7, are the unknown true orders (A, # 0,8, # 0,C, + 0).
Such an ARMAX model though may not be uniquely defined in the muiti-
variable case [see, e g, Hannan and Deistler (1988), Section 2.7], it is not
critical for a portion of results we shall investigate. However, for estimating
the orders (py,gqq, 7o) and the parameters {A;,B,C,, i=1,...,p, j=
1,....94 R =1,...,ry), we will need the following identifiahility condition:

(z), B(z)} and C(z) have no common left factor and A, , B,

(15) and C, are all of row full rank.
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It should be noted that in the scalar variable case the rank condition is
automatically satisfied.

In this paper, we shall also need the usual minimum phase condition on the
noise model, ie,

(1.6) det C(z) = 0, lz| <1

The above ARMAX models have been studied in at least two different areas:
time series analysis and adaptive estimation and control. The special case of
go = 0 corresponds to the standard ARMA model in the time series analysis
For stationary cases (det A(z) # 0, |z| < 1), Hannan and Rissanen (1982) have
proposed a three step procedure to estimate both the orders and coefficients of
the ARMA model. The first step was to estimate the innovation process {w,} by
increasing lag autoregressions. The second step was to estimate the coefficients
and orders by obsexrvations {y,} and the innovation estimates obtained from the
first step The third step was to obtain efficient estimates for the coefficients by
use of the estimates of the second step. The first and second steps originated
from Durbin (1961) for the case of known orders p, and r, However, rigorous
theoretical analysis has been carried out only since the work of Hannan and
Rissanen (1982). In the analysis of increasing lag autoregressions (the first-
step), some kind of uniform convergence rate for autocovariances [An, Chen
and Hannan (1982)] or autocorrelations [Hannan and Kavalieris (1983} is
needed. This leads to the consideration of asymptotic behaviors of sequences of
the form

;
X Wiy;_x
j=0

(1.7) max max
l<k=<h, 1<i<n

where {%,} is a nondecreasing sequence of integers [e.g., Hannan and Kava-
lieris (1984); Huang (1987)]. It is usually the case that for any fixed Z,
{w]y;_4,j = 0} constitutes a martingale difference sequence and so the sum-
mation part in (1.7) is a special form of double array martingales. It is worth
noting that the study of (1.7) is also a crucial step for the order estimation
problems when the upper bounds for the true orders are not available. By
using estimations for sequences of the form (1.7), Hannan, et al. [e g, Hannan
and Kavalieris (1984); Hannan and Deistler (1988)] extend their results for
stationary ARMA models to stationary ARMAX ones. In these works, their
main interests are in open-loop identifications, since they require that the
system (1.1) is stable in structure or open-loop stable (i.e., det A(z) # 0,]2] < 1)
and that the input sequence {u,} and the noise sequence {w,} are either
stationary correlated or independent. This later assumption may exclude the
application of their results to general feedback control systems, because any
real feedback controller depends essentially on the system output and hence
the driven noise and is generally nonstationary

For this reason, the above mentioned stationary and independency assump-
tions on {z,} are usually not imposed in the area of adaptive estimation and
control. The simple case of r, = 0 was first studied [e g, Astrom (1968); Ljung
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(1976); Moore (1978)] where an identifiability condition on the observations,
ie, the “Persistence of Excitation” (PE) condition was required. This condi-
tion was later relaxed by Chen (1982) and Lai and Wei (1982a) Particularly,
Lai and Wei (1982a) obtained the weakest possible convergence conditions for
least squares (LS) estimates in $ome sense. Unfortunately, straightforward
extensions of these results from the special case of 7, = 0 to the general 7, = 0
cases are hardly possible without further assumptions on the noise model
besides (1.6). Indeed, in the r, = 0 cases, most of the existing adaptive
estimation and control algorithms need some kind of strictly positive real
(SPR) conditions on the noise model in the convergence analysis [e g, Ljung
and Soderstrom {1983); Goodwin and Sin (1984)]. In particular, for the conver-
gence of the standard extended least squares (ELS) algorithm, it is required
that [e.g, Ljung (1977); Solo (1979), Chen (1982); Lai and Wei (1986); Chen
and Guo (1986)]

(1.8) C et )+ C"(e”™)-I>0, Vael0,2n]

Qualitatively, this condition means that the system noise {C(z)w,} is not too
colored. Indeed, it can be shown that (1.8) implies the minimum phase
condition (1.6) and I[Cy, ..,C, Jll <1 (see the Appendix), where the norm for
a matrix X is defined as {A_ (XX*M/? and A, (- XA,,('))} denotes the
maximum (minimum) eigenvalue of the corresponding matrix. Thus, in the
scalar case, (1.8) implies ©7¢ ,[¢;)? < 1. And so, for example, it is immediately
seen that the minimum phase polynomial C(z) = (1 — 0.32)1 — 0.42)1 —
0 5z) does not satisfy (1.8) It is also known that if the SPR condition (1.8)
fails, the ELS algorithm generally does not converge [e g., Ljung and Soder-
strom (1983)] Many efforts have recently been devoted to relax the SPR
condition in adaptive estimation and control. However, all of these contribu-
tions either need some extra a priori information on C(z) besides (1.6), or
cannot be applied to feedback control systems [see Guo and Huang (1988) and
the references therein].

Perhaps, the main reason why the standard ELS algorithm requires a SPR
condition for its convergence is that the innovation estimate is generated by
itself! By using the results in Guo, Huang and Hannan (1990), we have
recently proposed a two-step method to obtain strongly consistent parameter
estimates for ARMAX models without the SPR condition [Guo and Huang
(1989)]. This method is similar to the Hannan—Rissanen method, because it
also estimates the innovations at the first step and estimates the coefficients at
the second step. However, as is seen from Guo and Huang (1989), the
convergence analysis for feedback control cases appears to be completely
different from those for the traditional stationary case. One of the reasons is
that the standard notions of autocovariances and autocorrelations, which are
so important in the stationary case, become useless in the general feedback
control cases. Nevertheless, some precise convergence results can still be
established when some knowledge about the true order (p,, g, 1) is available
[Guo and Huang (1989)] The key idea used in Guo and Huang (1989) is
that: Although in the general feedback control cases the estimates for the
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autoregressive parameters in the first step may not converge, the innovation
estimates have some very desirable properties according to the theory in Guo,
Huang and Hannan (1990). Thus in the second step, the innovation estimates
of the first step can still be successfully used in getting consistent parameter
estimates.

In this paper, we will continue the above work. As a crucial step, two kinds
of innovation estimates are proposed and analyzed in the first place (Theorems
2.1 and 2.2). They are essential improvements and extensions over those in
Guo, Huang and Hannan (1990) and Guo and Huang (1989). Then we consider
estimation problems for both the unknown orders and coefficients of system
(1.1) (Theorem 2.3). In the present results, the standard assumptions such as
SPR conditions and a priori known upper bounds for the true orders [e g, Guo,
Chen and Zhang (1989)] are removed.

2. The main results. Since the innovation estimate plays a crucial role
in ARMAX model identification, we shall consider it first.

2.1. Estimation of the innovation process. Let {h,} be a sequence of
nondecreasing positive integers and introduce the following regression vectors
for any n > 1:

(2.1) ¢ (h,) = [_yf,.yf_l, TS HEPSNETS A8 SR T ‘,u'g_hnﬂ]r, O<t=n

The innovation process {w,} can be estimated by either of the following
estimates.

1. The ‘““honest estimate” {i,(n),1 < ¢ < n}:
(2.2) D(n) =y, - &i(n), 4(k,), 1=<t=n,
(2.3) &,11(n) = &(n) + b(n) P(n ) (k) [y — 07 (R )A(n)],
(2.4) P, n) = P(n) — b(n) P(n)d,(h, )¢ (h,) P(n),
be(n) = {1+ 47 () P(n)ih(h,)} ",

where the initial values &,(n) = 0 and Py(n} = BI, g > 0.
2. The “final estimate” {§,(n), 1 < ¢ < n}:

(25) [él(n)5€2(n)! . "’gn(n)lf £ Yn - CI)n[CI);CI)n]_l('I);Yn,
(26) Y, = [y a3l
(27) (pn= [¢O(hn)’¢1(hn)"‘ "‘sd’n—l(hn)]f‘

The honest estimate and the final estimate are so named because @,n) is
oly;, u;, ¢ < t}-measurable and £,(n) is oly;, u,, i < n}-measurable for any ¢ €
fl,7»] The following theorem establishes the asymptotic properties of these
two kinds of innovation estimates.
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TuEorEM 2.1. For the ARMAX model (1 1), assume that {w, F,} is a
martingale difference sequence satisfying

(28) supEflw, ., I’|F] <=, llwli=0(e(t)) as,
t

where the function ¢(') is positive, deterministic, nondecreasing and satisfies

(2.9) supp(e* 1} /p(ef) < .
k
Assume further that for some constant b,
n—1
(2 10) Y (Hyi”z + ||ui||2) =0(n®) as.
=0

and u, is F-measurable If the regression lag h, in (21) is chosen as
k= O({log n}*), (@ > 1) and log n = o(h ), then as n — o,

(2.11) Zn; l@,(n) — wl®=0(h,logn) + o({gp(n)loglog n}2) a.s.
=1

and

(2.12) Zn‘, 128,(n) —w,l® = O(h, logn) + 0({¢(n)loglog n}z) a8,

t=1

where {0,(n)} and {£(n)} are defined by (2.2) and (2.5), respectively.

. The proof of this theorem is given in Section 3. We remark that z, is
F,-measurable implies that the input u, is a feedback signal (ie, u, is a
function of the observations {v;, u,_;,i < t}), while (2.10) means that under
this feedback controller, the closed-loop system is not explosive. We also
mention that in the noncontrolled case (x, = 0), this condition may be applica-
ble to ARMA models with unstable zeros of det A(z) lying on the unit circle,
but it fails for explosive models. _
From (2.11)-(2.12), we see that if the sample path behavior of the noise
process {w,} is not “too bad” (e g, {w,} is bounded as.), or is Gaussian and
white (lw,]| = O{log £}/?} or has a growth rate of O({log#}' %), (¢ > 0), then
the second term o{{e{n)loglogn}?) may be negligible We now give an example
to show that in such cases the results of Theorem 2.1 are the best possible.

ExamprLe 2.1, For an ARMAX model (1.1) with det A(2) # 0, |z| < 1, as-
sume that {w,} is a zero mean Gaussian white noise (i.i.d.) sequence indepen-
dent of {uz,} and that {u,} is a Gaussian stationary ARMA process whose
spectral density matrix is uniformly positive definite on [—, 7] If h, is
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chosen as in Theorem 2 1, then the honest estimate {i0,(n )} satisfies

LI Wy Az - W ’

The proof is also given in Section 3. This example not only shows that the
result (2 11) in Theorem 2.1 is sharp in some sense, but also has its own
significance in choosing the lag {£,} for stationary ARMAX model identifica-
tion.

In some cases, however, it is possible that the sample path growth rate of
the noise process is rather fast, as when the noise sequence has only finite
second moment. In such cases, the results of Theorem 2.1 may bhe rough. To
deal with this situation, we present the Theorem 2.2

TuEOREM 2.2 For ARMAX model (11), assume that {w,, F,} is a martin-
gale difference sequence satisfving

(2.14) E{ sup E[nwmnﬂpg]} <

and that (210) holds. Let the regression lag h, = [c(log n)*] be the integer
part of cllog n)* for some o > lande >0 Thenasn — w,

(2 15) Zn: ldn) —w,)® = O([h,,_]2 log n{loglog n}2+6) as.
=1

and

(2 16) Y E(n) —w,l® = O([hn]2 log n{loglog n}2+5) as.,
i=1

for any 8> 0, where {0 (n)} and {é{(n)} are defined by (2.2) and (25),
respectively.

The proof of this theorem is given in Section 4. We point out that the proofs
of both Theorems 2.1 and 2.2 depend essentially on two key techniques: (i) A
standard recursion for stochastic Lyapunov functions which has been previ-
ously used in, e.g, Moore (1978), Solo (1979), Chen (1982), Lai and Wei
(1982a) and Chen and Guo (1986) for the usual fixed lag case, and in Guo,
Huang and Hannan (1990) for increasing lag cases; (ii) The martingale limit
theory. The proof of Theorem 2.1 hinges on supermartingale exponential
inequality, and scome techniques of truncaticns and subsequences; while the
proof of Theorem 2.2 relies on the nonnegative supermartingale convergence
theory which has been previously used in engineering literature [see, eg.,
Ljung (1976); Moore (1978); Solo (1979); Goodwin and Sin (1984)].

We are now in a position to consider the estimation problems of both orders
and coefficients.
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2 2. Estimation of the orders and parameters Let us introduce the follow-
ing notations:

f — T T
(0, q, 1) = [yl vi s Vg W5 U1, B,

217) .
( B1(n), 07 (n), @i, ()],

(218) Xn(p’ q, 7') = [¢0(p,q,r‘), qbl(p’q!r')’" . ‘5¢n—l(p’ q,r)]f’

Z ,q, T
(2 19) Ap,q,r)
=Y, - Z,(p.¢. ") X}(p, 0. ) X (p,q,7)] 'Xi(p,q,1)Y,,
(220) &.(p,a,7)=t{Z(p,q,r)Z,(p,q,1)},

where {i#0,(n)) and Y, are defined by (2.2) and (2 6), respectively
We now consider the following information criterion (CIC):

(221) CIC(p,q,r), = &,(p,q,r) +(p+q+1)a,

[see, Guo, Chen and Zhang (1987)], where the first C stresses that the criterion
is designed for control systems and where {¢,} is a nondecreasing of positive
numbers specified later on, in (2.27)-(2.28).

1. Order estimation procedure. For any n = 1, this procedure consists of two
steps:
Step 1.

(2.22) Take #:(n) to minimize CIC(k, &k, k),,0 <k < [logn].

Step 2.
(2.23)  Take p(n) to minimize CIC{ p, t(n}, h(n)),,0 <p < i(n).
(2.24)  Take §(n) to minimize CIC(p(r), q, m(n)),,0 < q < A(n)
(2.25)  Take #(n) to minimize CIC(p(n),§(n),r),,0 <r < M(n).

2. Parameter estimates For any n = 1, the estimate 8(n) for the unknown
parameter 6* = [-A,, .,—A,, By,...,B,,Cy,...,C, T is defined by

8(n) = 6,(p(n),4(n),#(n)),
where (p(n), §(n), #(n)) is defined by (2.23)-(2.25) and

(2.26)  8.(p,q,7) = [X;(p.a, )X AP0, )] Xi(p,q, 7)Y,
with X, (p, q,7r) and Y, the same as those in (2.19).

It is worth noting that in the above order estimation procedure, the first
step (2 22) corresponds to estimating the value of m, £ max{p,, g,, o). In the
second step, the true orders p,, ¢, and r, are searched between at most
3/#1(n) points at each time instant n, rather than [#{(n)]® points as in [e.g,
Guo, Chen, and Zhang (1989)]. These ideas were previously used in Huang
(1989) for estimation of ARMA orders.
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In Section 5 we will prove the following theorem:

THEOREM 2.3. (1) Under the conditions of Theorem 2 1, if A%, (n) satisfies
h,logn + [e(n)leglog n]® = 0o(A% (7)) as
and if in the criterion (2 21), the sequence {a,)} is chosen to satisfy

(2.27) {hn log n + [¢(n)loglog n]z}/ax,z -0 ags.asn > o

and

(2.28) a,/An0(n) =0 as asn -,

where A% (n) is defined as

(229) ) = 0..{ T otor)

wzth qbt [yta L] yz my+12 ut’ A ut mo+ 12 wt% v wt my +1] 3 m() £

max{pg, qq, 7o}. Then for the esttmanon olgorithm deﬁned by (2. 17)-(2 26), as

n—)CO

(2 30) m(n) »>m, a.s,
(2.31) (B(n), 4(n), #(n)) = (Po. 0, 70) a.s.
and

h logn {e(n)loglog n)®
i) e
(i) Under the conditions of Theorem 2 2, if X°, (n) satisfies
[k, log n(loglog n)**" = 0(A%,(n)) a.s.,
and if {a,) is chosen to satisfy (2.28) and
(2.33) {[hn}2 log n(loglog n)2+3}/an -0 a.s. forsomed >0,
then (2.30) and (2.31) also hold and

(2.32) 18(n) — 0** = (

5 ! logl 2+5
(2.34) 18(n) - 6%l = O L7, Ogn{(og)og & as.
min n

As one would have probably noted, a major feature of the above theorem is
that the criterion CIC (2.21) depends on {a,}, which in turn depends on the
growth rate of A%, (n) as exposed in (2.28). This is naturally expected because
there are no specific constraints on the input sequence {u,} except those in
(210) and the {u,} determines completely the excitation extent—the growth
rate of A%, (n).

Let us now consider the continuously excited controller used in the area of
adaptive control. To be specific, let {v,} be a sequence of [-dimensional iid.
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random vectors independent of {w,} with properties:
(2 35) Ev,=0, Buouv =pl, ElvlP<eo, p>0

Assume that «? is any /-dimensional and o{w;, v;_,, i < t}-measurable ran-
dom vector (any feedback controller is of this kind). The continuously excited
controller u, is defined as [see, e g., Caines and Lafortune (1984); Chen and
Guo (1986)]

(2.36) u,=u+u,.

CorOLLARY 2 1.  Assume that for system (1.1), the identifiability condition
(1 5) holds and that

1 n-1
(2.37) liminf'/\m{;; Y wiwi’} >0 as
i=0

n—o

If the control law (2 36) is applied to the system (1.1) and

n—1
(2 38) limsup — % (ly,l? +lul?) < as.,

n—swe g

then Theorem 23 still holds with A%, (n) replaced by n in (2 28), (2 32) and
(2.34).

Proor We need only to note that in this case, the system (1.1) is persis-
tently excited, i.e, liminfn — o A%, (rn)/n > 0, a.s.. This fact is a specializa-
tion of those proved in Guo, Chen and Zhang (1989), [see also Chen and Guo
(1986) for related results] O

We remark that the property (2.38) is usually regarded as a closed-loop
stability criterion in the area of stochastic adaptive control Apparently, a
system of the form (1.1) satisfying (2.38) is not necessarily open-loop stable.

To conclude this section, we mention that the efficiency of the estimates
given above is still a concern for the present feedback control cases. Of course,
with some further restrictions on the input sequence {z,}, it is possible to use
the similar ideas as those in the third step of the Hannan-Rissanen method to
investigate this problem. Such a discussion will be presented elsewhere.

3. Double array martingale limit theory and the proof of Theorem
2.1. Although various martingale limit theorems have been studied exten-
sively in the literature, there are only few results on limit behaviors of double
array martingales [e g, Stout (1974); Lai and Wei, (1982b)]. These results, due
to various restrictions, can hardly be applied to the present situation. For our
later use, we now present the following results on double array martingales,
which are improvements over those studied in Guo, Huang and Hannan

(1990).
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Lemma 31, Let {w,, F} be an m-dimensional martingale difference se-
quence satisfying

(3.1) llw,li = o{e(£)) as,
where ¢(x) is described as in Theorem 2 1. Assume that f(k), t,k=1,2,.. .,
is an F-measurable, p X m-dimensional random matrix satisfying

(32) [fi(R)isA<x a.s. forallt, kandsome deterministic constant A.
Then for h, = O([log n}*), the following properties hold as n — o,

- n ‘ 9
(3.3) @) 12% i, Z (k)W) = 1;%3_3;” Erl”fj(k)" )
+ o{p(n)loglogn) a.s
provided that
(34) supE(IijHHz,F}) <o a.s.

J

O(lmax ): If; (k)!l)

<hs<h, [0}

(3.5) (n)lg%%n 1 Sign ]Elfj(k)ij =

+o(e(n)loglogn) a s.
provided that
(3.6) su_pE(lIw}-HII IF;) <w a.8
7

Proor. (i) We need only to consider the case of scalar variables and A = 1.
For any £ > 0, let us set

;= w,{w| <ee()}, ;= w, - E(w)]F,_,).
Then

Z f (k)w;+1

i=1

ZI: Jv+11-[{|l‘9‘j+1i >ep(j+ 1)}fj(k)‘

(3.7)

i

T E(w, 4F) f;(R)| +

i=1
We have from (3 1) and (3.2) that

+ 1|

max  1max Z f(k)w;-:-l {Iw1+1 >ep(j+ 1)}

1<k<h, 1<i<n

n

(3.8) = E |wj+1|I{|1“”j+1l >ep(j+ 1)}

< o(e(n + 1)) f Hlw;, ol > se(j + D)} =o(e(n + 1)) as.
j=1
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Also, letting @, = max, _, ., {Z7,1f(k)*}*/?, we have under (3.4),

max max
l=k<h, 1<i<n

% B0, 1,8

n 1/2
= {E w}+1I Iw;+1| = E‘P(] + 1)|F])] } a,
j=1
n 1,2
(3.9) = (E Wi |w,+1| >ep(j+ 1)|F})] } @,
j=1

1,2

< {supE(fwj+1|2|F}) Y Pllw;,il > eo(j + 1)IF})} @
j j=1

=0(a,) as,

where the last relation is deduced by using (3.1) and the conditional
Borel-Cantelli lemma [see, e g., Stout (1974), page 55].
Then, to prove (3.3) we need only to consider the last term on the RH.S of

(37) Set

|

Si() = X @ f, (), 1<is<n,

So(k) =0, d(x)=2se(x+1), Ax)=d(x)7},
z\z( ‘)

Tk, 1) = exp| A(e") Si(h) - i B(@2iF)[ F), 1<i<e,
To(k,t) =0.

We know that for any fixed % and ¢, {T\(k,¢), 0 < i < e’} is a supermartin-
gale [see Lemma 5.4.1, Stout (1974)]. Further, from the properties of ¢(x) we
have

AMi) = [2e0(i + D] 2 [2eo(et + D] = A(e?), ixel

Then
S;(k) — _,\( )Z E( w? 4 IF;) (k)

3,\(

Zz ( ]+1 ')fj2(k); i<et

j=1

< Si(k) -
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So

P{ max max [S(k) - — Z ]_i'(w}+1 )sz(k)]

1<k <ct® 1 <i<eat
> (2 + a)d(e')loglog e‘}

3/\(e‘5)

o [0 - 20 5 p(aim) 70|

i

1
= (2 + a)d(e')loglog e‘}

[e£*]
< ¥ P{ max T(k,t) > exp[(2 +a}logt]}

l<i<et

[et=]

< 3 7@ =0(¢2) [by Corollary 5 4.1 in Stout (1974)].
k=1
Then, according to the Borel-Cantelli Lemma, we have
[Si(k) — (3A(i)) /4L E(@}, 1 [F; ) £7(R))]

fimsup max max
tow l=Zk=<c” jci<et (P(e + 1)10gt

<22+a)s as.
Now let A, < clog n)®, then h, < ct“ for n < e, we have from (2.9) and
the above mequallty that for n € [ ~1 e,
[S:(B) — (8A(i)) /4%’ _ E(W2,\IF,) f2(%)]

max max
l<k<h, lsisn go(n)log]ogn

e(e'™ ) o(e) log ¢
#(e’) o(e’?) log(z - 1)
maxlgksCt"maxlsise‘[Si(k) - (3A(i))/42§=1E(m12+1'ﬂ)sz(k)]
ole’ + 1)log ¢

=0(e) as ast—> o,

Thus,
A

max max |S;(k) —
1=k=h, 1lzizn

= 0O(ep(n)loglogn) as.

£ X B(@AE) )
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and

3 n
max  mex S(k) < max —A(n) X E(B].IF) f7(k)
l<k<h, 4 iZ1

lsk<h, l<i<n

+ O{se(n)loglog )

(3.10)  max ;A(n)ZE[m,ﬂlA(;) "E| £2(k)

+ O(eg(n}loglog n)

sup E{jw; . \||F;) max ¥ f7(%)
; 1sksh,,j:1

IA

IA

+ O(egp{n)loglogn).

The similar result holds also for {—S,(%)}. Then the desired result (3.3)
follows from (3 7)—(3.10) and the arbitrariness of «.

(i) Note that the condition (3.4) is crucial only in the proof of (3.9). When
(8 4) is relaxed to (3.6), (3.9) can be replaced by

 mex  max ElE(me‘"j)ff(k)
(397
< squ(ijHI |F]) max Z Lf;(R)I
J

<h, j=1
Note also that

max Zlf(k)l2  max E IR,

1<k=<h nj=1 zk=zh, j=1
then (3 5) follows for (3.7), (3.8), (3.9 and (3.10). T

We remark that if % is only assumed to satisfy k, = O(n®), a > 0, then
the results (3.3) and (3 5) still hold, provided that log log n in them is replaced

by log n.

LeMmMA 3.2 Under the conditions of Lemma 3.1 except (3.2); if (3 4) holds,
then

Z f(k)w]+1 O(anlogan)

max
(3‘,11) 1<k<h, 1sz<n

+ o(a,¢(n)loglogn) a.s,
where

; 1/2
@; =  max g;(k) gi(k) = [):_: I, (RN } ,  &fk) =1

l<k=<
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Proor. Let x,(k)=f(k)/g;(k), 1 <j<n Then |x;(R)i <1 So we have
from Lemma 3.1 that
i

E xj(k)wj+1

j=1

max =0

(3,12) 1sksh l<i<n

2
| max Z A

_,,]1

+ o(¢(n)loglogn) as

Note that (omitting the dependence on %)

n n g.z —g.2# 92 dx
(3.13) Tlelf=Y 2—5*=< ¥ [¥ —-2logg,
i=1 =1 & j=17gf1 X
Also,
i i i
Z f}ijrl = E gxX;w; = — Z Z (gt+1 gt)xjw]'i'l 'f‘gzz Xitiyy
=1 j=1 j=1t=j =1
i—1
== Z (gt+1 gt) E xjwj+1 +gz Z x] j+1:
t=1 j=1
So
max k
l<k=<h, 121:351': Z f( )wj+1
£
2, (B)w;
< o e | Los(Bw,
(3.14)

i—1
X max max {Z [gt+1(k) “gr(k)] +gi(k)}
t=1

I<k<h, l<izn

i

2 xj(k)wj+1 ‘

j=1

< 2@, max max
l=k=<h, 1<i=n

Thus, (3 11) follows from (3.12)-(3.14). O

LemMa 3.3. Suppose {w;, F;} is an m-dimensional martingale difference
sequence satisfying

(3 15) S‘}PE[”WJ'HMF}) <o, Juwl =o(e(t)) as.
J

Let (k) = [x7, x%, ..., 25T, where x;; is Fr-measurable, t = 1,2, .., and
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assume that k., and o{x) are the same as those in Lemma 3.1 Set

M(k) = X w,(R)u k) +BI, B >0
i=1

S(k) = L v (Rwfr,  So(k) =0
=1

Vi(k) =[] s (B

z

Uk = T | [Mm)] S|, 1sisnisk<h,
Then, as n ij;
(3.16) | max V.(k) = 0(8,) + o([¢(n)loglog n]®) as.
(3.17) lgﬁ:Un(k) = 0(5,) +of[e(n)loglogn]?) as.,

where 8, = h,log, + An. (M (R,)

Proor. Denoting ¢,(k) = [1 + ¢7(R)M,_ (k) "¢, (k)] "%, by the matrix in-
verse formula we know that

(M ()] 7 = [, 4(R)] " = ei(R) [ M (B)] k) (R) [ M, ()]
Then by a standard treatment [see, eg., Moore (1978); Solo (1979); Chen
(1982); Lai and Wei (1982a); Chen and Guo (1986); Guo, Huang and Hannan
(1990)] we have the following relationship:

t{S,(k) [ M,()] 7' S.(R)} = t2{8,_(B) [ M;_ (k)] " S;_1(R)}
+ zci(k)d’i(k)rMi—l(k)_1Si71wi+1
= e (B[ B [ Mo ()] TS ()|
+ Ci(k)¢i(k)T[Mi—1(k)]_l'f’i(k)ﬂwiﬂ”z
< trfS, (B) [ M, (k)] ' S;_i(k))
+ 24,(B) [ M(E)] 'S, _y(k)wi s
(R MR TSR]
+ wi(k)TMi(k)-1§[’i(k)|§wi+1“2‘

For any fixed %, summing up from i = 1 to n we have

V(e + 5 [k [0TSR
i=1

n

(3.19) < ¥ ‘f’i(k)TMi(k)_1¢i(k)”wi+1”2
i=1

(3 18)

+ 2 Zn: wi(k)TMi(k)—lsi—I(k)wiJrl'

i=1
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From Lai and Wei [(1982a), Lemma 2] we know that for any fixed 2,

det( M,(#)) — det(M,_ (%
B3GR ) = D P

and hence
‘det(M (&) _
EY Mk k) < " ld
(3.20) 1<k<hn _z_:lﬂf’( VMR (k) 1<k<h [det(Mo(k))x ¥
=0(3,) as
Thus, it follows from (3.5), (3 15) and (3.20) that
max E #{B)Y M,(R) " ( B)lw; .17

1<k<h,

Y oI (R) MR () [lw,4l° — B(llw,, 1 lPIF)]

1<k<hn{1 1

(3.21) +f ,H(k)M;f(k)wl(k)E(ImeIIzIFL)}

= o(gp(n)zloglog n) + O( max E b)Y M (B) Ty, (k))

=nj=1
_ = o(<p(n)210glog n) +0(38,) as
Let
1/2

;-(k)*Mi(k)”si_l(k)||2} ,

then it follows from (3.19), Lemma 3.2 and (3 21) that

111;3}{ V(&) +[a,]? <o(qo(n) loglogn)+O(6)

a={, max % o

lzk=<h, ;_

+o(a,e(n)loglogn) + O(a,loga,)
< 0(8,) + o([an]2) + o([e(n)loglog n]z)
From this it is easy to conclude that (3.16) holds and that
(3.22) [a,)*=0(5,) + o([@(n)loglog n]z) as.
Finally, (3.17) follows from (3.21), (3. 22) and the inequality

| Jax U(k)<2[a I* +2 ax Zf!!(k)M(k) RACTIA

Proor oF TueoreM 21, Set
(3 23) Zn = [él(n)J§2(n)! c 5§n(n)]ra Wn = {w]_: w27 R wn]T’
En(k) = [el(k),‘-’z(k):-‘ "‘Jen(k.)]f’

ek) = Z [Hjut—j - Gjyf*)]’
k1

(3.24)

O
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where we stipulate that u, =0, { < —¢, and v,= 0, ¢ < —p,, and where
{H;, G;} are defined from the expansion

C(z) *A(2) =1+ Y, Gz/, C(z) 'B(z) = L H,z’

ji=1 j=1

From (1 1), (2.1), (2 6), (2.7) and (3.23)-(3.24), we know
Y, = ®,a(h,) +E,(h,) + W,
where alk) =[G, — G,, . ,— G,; Hy, Hy, ., H,I". Substituting the above
identity into (2.5), we have
Z, = By(h,) + W, = 0(0;0,) " O7[E(h,) + W,].
So '
_ 2
1Z, - W,I2 =[[1 - @ ®7®,) 0| E,(h,) - &,(B;®,) ' OIW, |
1 2 -1 2
<|[1- @, (®;®,) O E (k)| + ] 010,) TTRIW

<| Bk +)(@r@) e w, |
Since for some p € (0,1), |H,|| = O(p’) and IG,l = O(p”), ¥ j = 0, we have
from (2.10) and (2 34) that |E (2, )l — 0 as. as n — . Then (2 12) follows
from (3.16) and the above inequality immediately.
Finally, by using Lemma 3 3, the proof of (2.11} can be carried out along the
lines of that for Theorem 1 in Guo and Huang (1990). O

Proor oF ExampLE 2.1, Let M,(Ah,) and S§,(%,) be defined as in Lemma
3.3, but with ¢;(7,) given by (2.1). Then combining these results in Guo,
Huang and Hannan [(1990), Theorem 2.3 and Examples 2.1 and 2.2] with
Theorem 4 in Huang (1987) we know that

(3.25) liminf A, [ M, (kh,)]/n>0 as.

n—

Consequently, by Lemma 3 6(iii) in Guo, Huang and Hannan (1990} we have

(3.26) S.(h,) [M (k)] 'S,(h,) =0(h, loglogn) as.
Furthermore, by Lemma 1 and Theorem 4 in Huang (1987), it is easy fo
conclude that

M (h
t( n) ___0(1) a.s for any « > 2’

- R(h,)

(3.27) sup

t=(h,)*
where R{(%,) = E¢#{(n)" = 0. Note that R(h,) is in fact uniformly positive
definite because by (3.25) and (3.27),

Mtk _ pn,)

. . Mn(hn)
liminf A, [R(%,)] = liminf A, | ————| — liminf
n—> o n—om n n—ow

M, (h,)
= liminfa_,  — | >0 as.

n—w n
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Hence, by (3 27) we know that there exists a constant &, > 0 such that

A (M (A
(3.28) liminf inf M >

€p
n—w (B, )<t t

Thus, we have from (3 20) that for any a > 2,

% [0 M) )]

R R TR T R S S AL N
= t n t n 3 n + )
(3 29) t=1 =1t 1+1 A M R,))
n % ) %(log £)*
_o(hlogh,) o] 3 ) Ueed) ]
t=[(h, )1+ 1 ¢

=0O(h,loglogn) as
So it follows from (3.3) that

;nlﬁf’t(hn)th(hn)1¢t(hn)(wt+1w;+1 - 2) ”

(3.30) = O(h, loglog n) + o(log n(loglog n)?)
=o(h,logn) as.
From {3.11) and (8 22) we know that
E !:bt(hn)TMr(hn)_ISt—l(hn)wt+1 = o(hn ]'Og n‘) ag.
t=1
Algo, similar to (3.20) it is not difficult to verify that
7 . - ~ det(M;(h,)) — det(M;_y(%,))
E bl k) M) (k) = X TS
(3”32) t=1 i=1 ivien
<h,logr +o(h,logn) as.
On the other hand, similar to Lemma 2 of Lai and Wei (19824}, it is easy to
see that

(3.31)

1 det(M,(4,)) — det(M,_,( A,
(R, [ M,_(R,)] W (R,) = i (det)()Mt_l‘(ah( )) ( ))’

then by invoking (3.28), we obtain

n

k) [ M, o(B,)] (h,)

t=[h,)]+1

3 det(M(h,)) — det(M,_y(h,))

= X
t=[(h,)"1+1 det(M,_,(h,))

zh,logn +o(h,logn).
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Hence similar to (3 29), it is not difficult to show that for any a > 2,
i Ue(ho) [ Moa(R)] " (Ry)
t=[(h,)]+1 1+ d’t(hn)T[Mt—l(hn)]71wt(hn)

n

Y {1 w(h) M (R)] (R ,))

t=[(R,)"]+1
(3.33) X)) [ Moo i(h )] (k)
>h,logh,+o(h,logn)

S ph) Mk M)
t=1

v

n

= Y () M) k)Y

t={(h )"+ 1
=h,logn +o(h,logn) as.
Combining (3.32) and (3.33) we get

(3.34) % w(h) Mh,) (k) =k, logn + o(h,logn) as
=1

Again, by invoking (3 28) and using the similar treatment as used in the
derivation of (3.18) and (3 19), we have after some manipulations,

S1(h N[ M(B)] 7 S, (ky) + 3 Si(h) [MAR,)] ™ R ) i )
t=1
X[Mt(hn)]_lst(hn) + o(hn log n)
= Z wi+1'1t’i(hn)TMi(hn)—ISi—i(‘hn)
i-1

25 (wraatih) M) 'S5 o(h)]
i=1

+ i wt(hn)TMt(hn)_llpt(hn)[(wt‘klw;'-i-l -3) + 2] g

i=1
Hence, by (3.26), (3 .30), (3 31) and (3 34) we conclude that

n

aas IS TR b)) TMRD] SR

=(h,logn)% +o(h,logn).

Finally, the desired result {2.13) follows from (3.35), since a similar argu-
ment as used in the proof of Theorem 1 in Guo and Huang (1989) shows that

X (k) = w]l (k) =]

= % 800 (0] )0 ) [ Si)

+ol(h, logn).
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4. Nonnegative supermartingale convergence theory and the proof
of Theorem 2.2,

LeMMa 4.1, Suppose that X, Y and W are any n X { and n X r-dimensional
matrices, respectively Let M = [ X, Y1 and M™M be invertible. Then

(41) WX(XX) 'XW< WMMM) 'MW<WW.
Proor. The lemma follows immediately by noting that M(M™M)™'M" is

the projection operator on the subspace spanned by column vectors of M. O

LemMa 4.2 Under the notations of Lemma 3 8, if (315) is replaced by
(2.14), and h, = [c(log n)*], tr{M,(h )} = O(h,n®), for some constants b, ¢ >
Oaend a>1 Thenasn — x,

(4 2) | max V.(k) = O([hn]2 log n{loglog n}2+5) as,Vé>0,

Y 97 MR S,k |
i=0

(43)
= O([hn}2 log n{loglog n}“‘s) as,¥8>0,
L [ (h )M (RS (h )
(4.4) i=0
= O([hn]2 log n{loglog n}2+5) as,¥6>0.
Proor. Set
(4.5) Ty = tr{S5(h,) M () S,( ko))
” dn(hn) = t‘I{S;—l(h’n)Mr:EI(hn)Sn—l(hn)}’
1 _1 2
e an = 3103k MRS, (R,
4.
Bn = 205 (ko ) M7 (h ) hy),
(4.7) - {dn(hn), if n= n for some integer %,
0, otherwise,
where 7, is defined by n, = [exp(%/¢)*/*] + 1, so that by the definition of &,
(4.8) hn=k, nksn<nk+1.

By (2.14) and Lemma 4.1, it can be verified that
E tr{S;(R)M;1(R)S{(k)} < o, Ej:p{(k)Mi_l(k)Si—l(k)wi+1| < e,
forall { and &
So by noting
1
Jr (B)3; M (R)S, (B = 5w (R) M5 (k) Sy(B)

(49) 2
— 7 (R) MY (R) o (R lw, . (N7,
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we know from (3 18) that
(4.10) E[T,.\|F,] < T, + v, - a, + B, E[lw, I*|F,].

Now, for any & > 0, let us denote A, =k, (log 2,) *%,(log p,)'*° with
m, = h, logltt M, (h)]. Then it is easy to see that there exists an appropri-
ately large integer N, such that for any n < N, A, > 0, A, is F,-measurable
and A, <A, So it follows from (4.10) that

ElTnﬂ_ ] L + B, E[lw, .- I"F, ] |
/\n+1

F,

n

A, A A,

n n
Hence, if we can prove that

w E ’|F
(411) y Bl ann+1ll 5

n=N n

then by the nonnegative supermartingale convergence results in Neveu (1975)
[see also Solo, (1979), page 961 and Goodwin and Sin (1984) page 501] we will

have

<o® as,

n

(4.12) T T<w as.
=43 an

(4.13) Y S <% as
n=NN "'n

We proceed as follows. Let %k, be the positive integer such that n,, = N.
Then by (4.6) and (4.8) we know that

128 1 matg,
= VTS M i
n=M "n k=ky n=n, n

menml o det[ M (k)] — det[ M, (k)]
kmhy nmny Got[ M, (k)] p,(log p,)" "R (log k)"
oo 1
.14 < Cy 1. N1 +8
(4.14) = k(o )
n,ﬁzrl det[ M, (k)] — det[ M, _(%)]

% nen, det| M (k)]log[det M, (k)]{loglog[det M, (%)]}' ™

= 1 det{M,, (k)] dx
0 21 1+o / ] Trs <%
b=k, R(log &) det{M,, (»)] x log x(loglog x)

=¢

where ¢, is the constant satisfying cy%, = dimension of M, (A ).
Next, we consider ©%_,v,/A, For any suitably large n (say n = N),
denote

(4.15) p,(n) = h, log[tr M,(k,)]log'**(h, log[tr M(R,)]}, i=1
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Then u{n) is positive, F,-measurable and u,(n) < u,,(n) Again, dividing
w:(n) on both sides of (3.18), noting (4 9 and taking mathematical expecta-
tions, yields

T -1 2
g Giri(Ba) c pilha) 1E{ |#i (k) M (R,) Si(k,)| }

(4.16) M+1(n) N #;‘(n) 2 #i(n) 2
. 2E{ o7 (B M; (R, ) (R,) Ellw;, )PIF] }
Mi(n)

Summing up from N to n — 1, and noting (2 14} and
n—1

(417) Z '1[’17(hn)Mzil(hn)wz(hn)/#z(n) = Cy < oo,
i=0

for some deterministic constant ¢,, we conclude that

4.18) sup E < o
( )
Thus, by (4.7) and (4.8),
oo o0 d h
E Z ‘}1 =K Z nk( nk) 1+8
n=N"n k=ko lu’nk(nk)hnk{l{)g hnk}
ENORIEN
< su e —a <%,
kp Mnk(nk) ket k(log k)Ha

and 80 L% _nv,/A, < @ as This together with (2.14) and (4 14) yields (4.11).
Consequently, (4.12) and (4 13) hold.
Now, by the assumption tr{M (k,)} = Ok _n?), we know that

A, = O([h”]2 log n(loglog n)2+6), V&> 0.

Therefore assertion (4.3) follows from (4.13) and the Kronecker lemma imme-
diately, while (4.2) follows from (4.12) and Lemma 4 1:
max Vi(k) = V,(h,) < Tppy = O([%,]* log n(loglog n)***) as.
To complete the proof of the lemma, we have to verify the last assertion

(4.4).
Similar to the derivation of (4.18), summing up both sides of (4 16) from N

to n and noting (4.17), we see that
sup El: E ”wif(hn)Mi_l(hn)Si(hn) ”2/»“‘5(71')] < .
nxN i=N

Then by the fact that u,(n) < pu,,,(n), i <n, it follows that for UyiA,)
defined as in Lemma 3 3,
supE[U,(k,) /u,(n)] <=

n>N
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Consequently, by (4 8),

1
P{Unk"'l(h"k_l) > 'u'ﬂk—l(nk - 1)hnk(log hnk)1+a} = O(—)

E(log k)'7°
Then by &, (n) = O(k , log n{loglog n}**®) and the Borel-Cantelli Lemma,
lim sup Unyalk — 1) <® as
I+& N
B [hnk]2 log n, [(log k., )(loglog nk)] "

Finally, from this, (4.8) and U(%,) < U, (%), we have

; U(h,)
im su
n_,mp [~ ,1%log n](log &) (loglog n)]'*®
. Uh,)
< lim sup sup

koo pelngg,,—1 [2,1%log n [(log A, )}(loglog n)]“‘3

. Unkﬂ—l(k) Ty
< lm sup < e,
Eow Tpp1 T

where o, £ [k, Ilog nl(log &, Xloglog n,)I**°. Hence, (4 4) is true. O

Proor oF THEOREM 2.2. This proof is again similar to that for Theorem 1
in Guo and Huang (1989), but with results in Lemma 1 of that paper replaced
by those in the present .emma 4 2 O

REMARE 4 1. If (2 14) and the second condition in (2.10} are replaced by,
respectively,

(419) supE[lw,.1I*F:] <o <= and Elu,l® + ly,I°} = O(n*),
k

where & and ¢ are some nonnegative deterministic constants, then the results
in Theorem 22 can be improved to O( %, T log nfloglog n]**?). However, in
applications the second condition in (4.19) seems to be less applaudable than
that in (2 10).

5. Proof of Theorem 2.3. We first show that under the conditions of
Theorem 2.3,

(51) limsup(n) <sm, as.
=0
Let us set
(D a,r) = [¥ ¥ Vg1 U BT 1 Wi g
(5 2) T T T T
Wy, W15 00 wt—r+1] ’

(53) X}?(p’(I’r) = [¢8(P:Q; T‘), (f’g(p’Q!r)a ‘-,¢271(PaQa7')]T,
(5.4) é(p,q,r) = [—Al,‘. .,=A,, By, .., B, Cy, ..‘,C,,]T,
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where A, =0, p>p,, B,=0, g>qgy, C,=0,r>r,. When p=g=r==F,
we will s:mply write (&) foz (k,E, k) in ¢, ¢2, X, and X, etc. Then with Y, ,
X.(p, q,r)and W, defined by (2.6), (2.18) and (3 23) it follows from (1.1) that

for any k2 < m,,

(55) Y, =X2(k)O(k) + W, =X, (k)o(k) + [XP(k) — X (k)]6(k) + W,.
Let

(5.6) R, = [X2(k) — X,(k)]6(%).

It is easy to see that R, does not depend on 2 when % > m,. Then hy (2.19),

(5 5) and (5 8) it follows that

Z,(k) = [R, + W,] - X (R X (B)X,(B)] "X (R)[R, + W,]
and
X [X7(R) X, ()] ' X (B[R, + W,]
It is evident that for & > m,,
[R, + WX (R) [ X;(B) X, (R)] "X (B)[R, + W,]
(5.8) = O|| By X, (B)[ X;(R) X,(k)] "' X;(R) R,
+ O WX (R) [ X7 (k) X,(B)] T X ()W,
By Lemma 4.1 and Theorem 2 1, it follows that :
| BR X.(R)[ X5 (k) X, (R)] "X (R) R, |
(59) mn<kslogn
<|RIR,ll=0(h,logn) + o({cp(n)loglog n}z) as.
On the other hand, by Lemmas 3.3 and 4 1,
WX, (R) [ X5 (k) X (B)] " X ()W, |
(5”10) muskslogn
= O(h, logn) + o{{¢(n)loglog n}*)
Thus, from (5.7)=(5.10) we have
|trZz(2)Z, (k) - tr[R, + W,T[R, + W,]|

(67)

m0<k<]ogn
=0(h,logn) + o({cp(n)loglog n}z) as.

Consequently, by (2.21),
max {CIC(m,), — CIC(%),}

my<k<logn

= max { trZi(my)Z,(m,) —t[R,+ W,]JIR, +W,]

mo<k<logn
—tr ZT(RYZ (k) + tr[R, + W, ][R, + W,] — 3(k — my)a,}
<2 |trZ; (%) Z, (k) —ulR, + W,T'[R, +W,]| - 3a,

m0<k<logn
=0(h,logn) + o({qp(n)loglog n} ) —3a, <0
a.5. for sufficiently large n,
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because of {(2.27) Hence by the definition (2 22) for #(n), we see that (5.1)

holds.
We now show that

(5.11) liminf m(n) = m, as.
n—
Let us write 8 (&) defined by (2 .26) in its component form
(512) B(k)_ [ 1» "‘!_Ak:-éla -9Bk’éls ' ;C‘k]r

and get for any k£ < m,

A A

(513)  6%(k) = [~Av. o~ Ano Br BroCry Gl

where A,=0, B,=0,C,=0for i > k.
Then it follows from (2.19), (2.26) and (5.5) that for & < m,

Z(k) =Y, - X, (R)0,(k) = Y, — X,(mo)3(k)
=Y, - Xn(mo)ﬂ(mo) + Xn(mo)[e(mo) - ér?(k)]
=W, + X,0(m,) + Xn(mﬂ)én(k)i

where X, = X%(m) — X,(m,), 0,(k) = 6(my) — 82(k).
Hence for £ < my,

trZ;(k)Z, (k) = tr 81 (R) X7 (mo) X, (my),(k)
(5.14) + 2t 62(R) X3 (mo) [ W, + X,6(m,)]
+tr[W, + X,8(mg)] [W, + X,8(m,)]

and for k& < my,

(5.15) 18,(R)I? = min{ll A ol%, 1Bl 1C,ol7} £ 8> €.
With A% . (n) defined by (2.29), it is easy to verify by (2.17) and (2.18) that
n-1

Aduin (n) < 225 { X7 é:(my) — &) ”2,

50 by Theorem 2 1 and (2 27) and (2.28), it is evident that

1
A fX(m) X, (my)) = 3 =A% (n), for sufficiently large n,

then by (5.15), we obtain for any £ < m,,
(5.168) tré7(R)XI(mg)X (my)b.(k) = — %0 mm(n) for sufficiently large n.
Similar to (5.9) and (5.10), we have
[[X5(m0) Xo(mo)] ™ Xi(mo) [ W, + Z,0(mo)] |
= O(h,logn} + o({e(n)loglog n}?).
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Therefore, for any & < m,,
2t B (R) X (mo) [W, + X,6(m,)]|
= O([ 85 (R X7(mo) X, (m )] "2
X[ X7 (mo) Xu(mo)] ™2 X7 (mo) [ W, + X, 0(m,)])
= O({er[d7(R) X3 (m) X, (m)B,(R)]}'

X {O(hn log n) + of[¢(n)loglog n]z)}l/z) :
Hence, it follows from (5.16) and (5.17) that for any & < m,,
tr (k) X7 (m o) X, (m)0,(R) + 2t 67 (k) X1(my)[W, + X,8(m,)]
(5.18) 8y
=3
Note that when & = m,, we have by (2 26) and (5.5),
5n(m0) = 8(m,y) - én(m(})
= ~[X5(mo) X,(m0)] 7 X7 (mo) [W, + X,6(m,)],
So the first two terms on the RH 8. of (5 14) can be rewritten as
tré;(mO)X;(mO)Xn(mO)gn(mO)
(5.20) = t2[ W, + X,8(mo)] X, (mo) [ Xi(mo) Xo(m()] ™
XX (mg) [Wn + Xng(m())] ;
2tr ég(mO)X;(mD)[Wn +X.8(mg)]
(621) = -2t W, + X,0(my)] X,(mo)[Xi(me) X, (m4)] "
XX;(mO)[Wn +X,0(m)]
Now, by (5.8)-(5.10) it is obvious that the quantity on the R.H 8. of (5.20) is

bounded by O(%, log n) + o({o(n)loglog n}?) Hence from (2.21), (5.14) and
(5 18)-(5.21) we see that for any & < m,,

CIC(k), — CIC(m,), = tr 8;(k) X7 {(my) X,,(mo)8,(k)
+2tr B7(k) X7 (mo) [W, + X,6(m,)]
+tr[Wn + Xna(m())]TXn(mO)[X;(mO)Xn( mo)]_l
XX;(mD)[Wn + X’na(mo)] + 3(k — my)a,

(5.17)

Man(n{1+0(1)) as asn—>w

(5 19)

2 220, ()1 + o(1)) + O(a,)
+ O(h, log n) + o({e(n)loglog n}*)

0 60
= /\mi.n(n){? + 0(1)} a.s asn — o,
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where the last inequality holds because of (2.27) and (2.28). Thus it is easy to
see that (5.11} is true Hence the first assertion (2 .30) has been proved.

With 7(n) = m, in mind, the proof of (2.31) can be carried out by a similar
argument as that used above [see also, Guo, Chen and Zhang (1989), for
related proofs]. As for the assertion (2.32), we note that (5.19) is also valid with
{m) replaced by (pg, g4, 7o), hence

18.(Pos @0:70) — 6%
|[X2(Pos 20, 70) Xnl Por €01 70)) " X2 por 20, 7o) [ W, + Z,8(my)] |
< (X)) [ X2 (P dos 70) X Bo» d0r 70)] T
XX po,dgs ) [Wn + Xnﬂ(mo)] ||2
= (Xn(m)} {O(R, log n) + o([p(n)loglog n]*)},

where the last inequality follows from a similar argument as that used in

(5.8)-(5.10).
Finally, the results in the second part (i) can be proved in a similar way O

APPENDIX

By (1.8) we have for all A €[0,27],
I>I-C(e") - C(e™) + C(e)C(e™™)

= [1-¢c(eM][I-Cc(e)].
So IC(e"*) ~ Il < 1, ¥ A €[0,27] Thus, for any complex vector x, [lxil =1,
lx*C(eM)x — 1| < 1, ¥ A [0, 27], Then by the maximum principle we know
that x*C(z)x — 1| < 1,¥ lz] < 1 Consequently, x*C(z)x # 0, V¥ |z| < 1, which

ig tantamount to (1.6).
Integrating both sides of (A1) from A = 0 to 27, we have [[Cy,...,C, ]l < 1.

(A1)
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