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New Approach to Variable Selection for Nonparametric Nonlinear
Systems*

Xiaotao Ren!, Wenxiao Zhao! and Jinwu Gao?

Abstract—Let the observation {ur,yr} be generated by
Yk+1 = f(yk7 oty Yk4+1—py Ukt 7uk+17q)+5k+1, where (p7 q)
are the system orders, ¢ is the system noise, and f(-) is
an unknown nonlinear function. A new method for variable
selection of f(-) at any interested points is introduced. In
contrast to most of the existing results, the new method is
not based on optimizing a certain criterion, and estimates from
the variable selection algorithm given in this paper are easy
to update computationally in comparison with the criterion-
optimization-based methods when new data arrive. Under
reasonable conditions the estimates are proved to converge to
the true contributing variables with probability one.

[. INTRODUCTION

Due to the complexity of practical systems in nature, iden-
tification of nonlinear systems has received much attention
in recent years [1][2][3][4][5][6]. A classical approach for
nonlinear system identification is known as the model on
demand approach, for which the values of the nonlinear
function within the system at interested points are to be
estimated[1][3][6]. Other types of nonparametric identifica-
tion methods include the Gaussian random field approach [2],
the reproducing kernel Hilbert spaces (RKHSs) method [7],
etc. In this paper, following the idea of the model on demand
approach, we consider the nonparametric identification of
the nonlinear autoregressive system with exogenous inputs
(NARX),

(1)

where ug, Yy, and € are the system input, output and driven
noise, respectively.

Note that almost all of the model on demand approaches
for nonparametric identification, c.f.,[1][3][6], are in some
form of weighted local average. That is, weights are assigned
to the observed data according to their distances to the
fixed point and only those data that are near to the fixed
point take effective roles. This often leads to the problem
of curse of dimensionality if the system dimension (p,q)
is high[8][9]. Thus, for nonparametric identification, it is of
importance to have an estimate not only for the dimension of

Yrt1 = f(Yr, -~ y Yk+1—p, Uk, "+ ° ,uk+17q) + Ek41
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[Yks s Ykt 1—ps Uk~ , Ukt+1—g) " but also the contributing
variables among [Yk, ** , Yk+1—ps Uk, » Ukt1—q) " at the
point of interest ©* € RPTY, since this will lead to a
more concise model which suffers less from the dimension
problem.

In fact, the variable selection of nonparametric nonlinear
systems has been investigated in systems and control litera-
ture, for example, the averaging derivative method in [10],
the kernel-based Lasso-type convex optimization algorithm
in [11][20], the linearisation sub-region division procedure in
[12], the additive nonparametric model in [13], the inverse
and contour regression approach in [14], etc. There are
also concerns from areas of statistics and machine learning,
see, e.g., [15][16]. To the authors’ knowledge, although the
algorithm design in the above literature is different from
each other, a common feature lies in that, after collecting
a number N of data, these algorithms find a set of possible
contributing variables by optimization or computation of a
certain objective function, and when data length N changes,
one has to re-optimize the objective function to obtain new
estimates. This is time-consuming for dynamic systems and
online estimation.

The contributions of the paper are summarized as follows.
First, based on the idea of local linear approximation and
the kernel-based local linear estimator (LLE) [6][8], we
propose a new method for variable selection of system (1)
at the point of interest, which is not based on optimizing a
certain criterion, and estimates from the variable selection
algorithm are easy to update computationally in comparison
with the criterion-optimization-based methods when new
data arrive. Second, we prove that estimates generated from
the proposed algorithm correctly identify the contributing
variables with probability one. As a byproduct, the strong
consistency of LLE as well as the convergence rate are
established in the paper by using the Bernsteins inequality
for -mixing processes [17] and the estimation theorem for
double array martingales [18]. To the authors’ knowledge,
only convergence in probability or in mean square sense of
LLE is established in existing literature, see, e.g., [6][8][19].

The rest of the paper is organized as follows. The problem
formulation and the variable selection algorithm are given in
nSection II. The theoretical results are presented in Section
III. A numerical example is given in section IV, and some
conclusion remarks are provided in section V.
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II. VARIABLE SELECTION ALGORITHM FOR
NONLINEAR NONPARAMETRIC SYSTEMS

Denote o = [Yky s Ykt1-p Uk -, Uky1—q)" €
RPT2 and the observed data set by {¢x, Yx+1 -, Denote by
o =[yi, - ,ypui, - ,ui] € RPTY the point of interest.

Definition 1: ([20][11]) Assume that f(-) is differentiable

at the given point ¢*. If some partial differentials af* or

) .
6uf*’Z:17. apm?_l
ym,i and ugy1—; are said to be the contributing variables

of system (1) at ©*.

- ,q, are nonzero at (*, then

Algorithm 1 Nonparametric Variable Selection Algorithm

Initialization: Observations {¢y, yx+1}5_,, constants o €
(0,1) and > 1, a positive sequence {by}2_, tending to
zero as N — oo and a probability density function (pdf)
w(-) : RPT? — R.

Step 1. Local linear estimator of f(-) at ¢*

Define the kernel function wy n(¢™*)

1
+
K

wPE—2 Y k=1,---,N. (@

wi, N (p*) = .

Compute the local linear estimates of f(-) at ¢*

= 00,541,607 na]”
N

£ argmin Y wen(9") Wk — 00 — 0 (or — 7))
00€ER,01 cRpr+a k=1
(3)

On+1

Step 2. Variable selection of f ( ) at ©*

Denote 01, n+1 = [01,n11(1), -, 01 n41(p + @)]"
the decision numbers

a 101 n 1))+ 0%

Qj,N-'rl = b )
N

and compute the estimates for variable selection

frxar() 2 O1,n+1(7), if Qjng1 =1,
A 0, if Qjv1 < 7.

, define

:15"'7p+qa (4)

®)

Remark 1: Denote the gradient of f(-) at ¢* by V f(¢*),
if it exists. The estimates 6y ny+1 € R and 61 n41 € RPHY
generated from (3) serve as the estimate of f(¢*) and
V f(¢*), respectively. In the following we will prove that
101,841 — Vf(¢*)|| = O(bn) almost surely and hence
Qj n+1 will diverge to oo if the j-th entry of Vf(p*)
is nonzero and will converge 1 otherwise, by noting that
by — 0as N — oo and a € (0,1). Then 0y y11(j),7 =
1,--- ,p+q by (5) generate consistent estimates for variable
selection of f(-) at ¢* as well as values of the nonzero entries
in V f(*). In contrast to the existing nonparametric variable
selection algorithm, see, e.g., the penalized convex optimiza-
tion algorithm in [20] and [11], algorithm (4)—(5) is not based
on optimizing a certain criterion, and estimates from (4)—(5)
are easy to update computationally in comparison with the
criterion-optimization-based methods when new data arrive.

Remark 2: The estimate 641 by (3) can be formulated
by

Oni1= (Z wie,n ( <Pk90k> (Z Wi, ( sDkyk+1>
(6)

provided that the matrix Zszl wi, N ()Rl is invert-
ible. The local linear estimator (LLE) (2)-(3) is a classi-
cal nonparametric identification algorithm widely studied in
statistics as well as systems and control. To the authors’
knowledge, for LLE only convergence in probability or in
mean square sense is reported in literature, see, e.g., [6][8]
and references therein. However, such kinds of results are
insufficient for almost sure convergence of algorithm (4)—(5)
and the strong consistency of LLE will be investigated in
this paper.

III. THEORETICAL PROPERTIES OF ALGORITHM

Set ©* £ Vf(p*) = [0*(1),---,0*(p + ¢)]. Without
losing generality, we assume that there are d(< p + q)
contributing variables of f(-) at ¢* and ©*(i) # 0,i =

,d,0%(j) =0,j=d+1,--- ,p+q.

We first introduce assumptions to be used in the paper.

Al) The pdf w(:) in (2) satisfies w(z) = O(pl®l) for
some 0 < p < 1 as ||z||] — oo and the integral
Jgpio w(@)zaTdz > 0. The bandwidth by satisfies
by — 0 and Nb%pﬂw) > ¢1N? — oo for some
cp>0and 0 <o <1

A2) The noise sequence {ej}r>o is iid with Feg, =
0, Elex|? < oo and with a pdf, denoted by f.(-), which
is positive and uniformly continuous on R. epy1 is
independent of ¢y, for each k& > 0.

A3) The observation sequence {@}r>0 is ¢-mixing and
stationary with mixing coefficients {¢y, }r>0 satisfying
¢ < cap® k > 0 for some ¢ > 0and 0 < p < 1.
Further, {¢ }r>0 is with a pdf p(-) which is bounded
on RP*4 and continuous and positive at *.

A4) The function f(-) in (1) is measurable, continuous at

©* and |f(s)| < c3(||s]|™ + 1),Vs € RPT? for some

constant c3 > 0 and m > 0.

f(-) and p(-) have second order derivatives which are

continuous at p*.

Denote the Hessian matrices of f(-) and p(-) at ¢* by
ad *f > and d L., respectively.

Remark 3 For w(-) applied in the kernel function, Al)
includes the Gaussian pdf, the uniformly distributed pdf
as special cases. In A3), the mixing property of {¢k}r>0
indicates that ¢y, and ¢y p, are asymptotically independent as
the time interval h increases. If {¢ }x>0 is an iid sequence,
then the mixing property of {¢y}r>0 follows directly.

There have been many studies on the asymptotical prop-
erties of the kernel function wy n(¢*), most of which are
given with convergence in probability or in mean square
sense, see [6][8] and references therein. For the almost sure
convergence of the kernel, we have the following lemmas
and theorem.

A5)
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Lemma 1: Assume that A1)-AS5) hold. Then

Buwg n (") = p(e*) + O(b%), (7
Ewg, N (") (o — ¢7)
0 [ wlossds - Vale') + o). ®)
Rp+a
Buwg,n(¢*) ok — ) (or — )"
= b%p(") / w(s)ss’ds + o(b%), )
Rpr+a
Ewk,N(so*)[f(sok) — f(¢*) = V(@) (pr — ¢")]
2p(p )/ w(s)s? 0°f sds + o(b%) (10)
Rp+a 880*2 NI
Euwy, N( ok — @)f (r) — (%) = V(") (o — ©*)]
3p(p *)/ w(s)ss” 0°f sds + o(b%;) (11)
Rp+a a(P*z NI
and
1Y 1
N Z wi, N (¢") = p(p*) + o (W) +O(by) as.,
k=1 N 1)

NZWN

(o — ") = B / w(s)ssTds - Vp(g®)
Rp+a

1
+o <]VW+(II)> +O(b?\7) a.s., (13)
* *\T
Zwkzv )0 — %)k — %)
* 1
= b?vp(@ )/Rerq ’lU(S)SSTdS + o0 <]\mb;€v(p+q_2)>
+o(b%) as., (14)
1 N
N 2 W (@)f (k) = fl7) VT (") (er — %))
k=1
1 0% f
= —bp */ w(s)sT =—2% sds
5N (¢*) oo D"
1

15)

NZWN
2

= §b‘;’vp(go*) /]qu w(s)ssT 8890*]2 sds

1 3
+ [0} (]\WM) + O(bN) a.s.

for any K € §3+q+3,§

Proof: Due to space limitation, here we only prove
(15) and the others can be treated similarly. The proofs are
based on the Bernstein’s inequality for ¢-mixing processes
[17, Lemma 1] and the Borel-Cantelli Lemma. The details
are given in Appendix. [ ]

(16)

)=o) (er) = F() = VT (") (or =] 5

Lemma 2: Assume that A1)-AS5) hold. Then
! gN (p")ep+1 = (1 > a.s
Wk, N\P k+1 =0 T T .S.,
P N 1 sbp q

al 1
kg Pk — wk N((ID )5k+1 =0 (W) a.s.
(18)

a7

=|

for any ¢ € (0, 7).

Proof: By applying the estimation theorem for double
array martingales [18, Theorem 2.9], we can obtain the
results. The detailed proofs are given in Appendix. [ ]

The strong consistency of LLE as well as the convergence
rate can be derived immediately by the following theorem.

Theorem 1: Assume that Al1)-A5) hold. Then for
LLE, 6n41 converges almost surely to the true value
[f(¢*), VT (p*)]T with the convergence rate

o] - [4500] = 6] s

with by specified in Al).

19)

Proof: Set 6° = [f(¢*), VfT(»*)]T. Then from (6)
we have
Onsr —0° = {bg ﬂ A3 By, (20)
where
A — An(1,1) An(1,2) B Bn(1)
NTAN(2, 1) An(2,2)]0 PN T BN (2)]
1 N
AN(]., ].) = N Zwk N(SD*);
k=1 ) N
An(1,2) = An(2,1)" = Now Zwk,N(W*)(% — 97,
) N k=1
An(2,2) = Ni& D wen () (ok — o) ek — )7,
k=1
and
1 N
By(1) = Now > wi v (@) f(er) — F(97)
k=1
- VfT( )k — %) + errls
sz ZwkN )k — @) [f(er) = f(e")
- VfT( Nk — ¢*) + epg)-

Noting Al) that Nb%ﬁqﬁ) >N, for0<e< g we
have

1
b Zwk N 5k+1 =0 <W> = O(bN) a.s.

2n
and

)(or — 90*>5k+1

Nb2 Zw”

N k=1
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1
O(Aﬁ-%ﬁqH) o(by) as (22)
Combining (21)—(22) with Lemma 1, we obtain that

o 1 0
An o (™) [0 Joria w(s)ssTds] >0 as. (23)

Br(1) = Sbap( *)/ w(9)57 2L s+ olbn) s
N =35 NDP(P epta 80 N -S.,
(24)
and
2
Bn(2) = lep(ga*)/ w(s)ssT 0 fzsd5+0(bN) a.s.
2 Rp+a 84,0*
(25)
Based on (20)—(25), we have
o |b~ O O(bn)] _[O(b%)
||0N+1_0 ”— [ 0 I] '0(1) ' [O(bN)] - |:O(bx):| .
(26)
|

For consistency of the variable selection algorithm, we
have the following result.

Theorem 2: Assume that A1)-A5) hold. Then for
{9~N+1(j),j =1,---,p+ q} generated by (5), there exists
an w-set g with Pr(Qy) = 1 such that for any w € Qy,
there exists an integer Ny(w) such that

Oni1(d+1) = =0Ons1(p+q) =0 N > No(w), (27)
and

v+ (1), Ona (D)) === [62(1), -+, 61 (d)]. (28)
Proof: Since the results in Lemmas 1, 2 and Theorem 1
hold almost surely, there exists an w-set {2y with Pr(y) =1
such that Lemmas 1, 2 and Theorem 1 hold for any w € €.
In the following, we consider a fixed sample path w € €.
By Theorem 1 and noting that the parameter a in Algo-
rithm 1 is chosen as « € (0, 1), we have W#m =
o(1), j =1,---,p+ ¢. This combining with the definition
of Qj n+1 in (4) leads to

1 i = 29
W Qv {1, oG =0
fOI‘j: 1a 7p+q

By noting that ©* = Vf(¢*), %) # 0,i =

1,---,d, ©(j) =0,j =d+1,--- ,p+ ¢ and the value
of 7 being bigger than 1, from (29) we know that there
exists a positive integer Ny such that for all N > Nj,
Qj,N+1 > n, jg =1, ,d and QJ;,NJrl < n Jj =
d+1,---,p+ g. By the definition of Oy1(j) in (5), we
have Oy41(j) =0, j =d+1,--- ,p+qforall N > Ny and
On11(5) e 01(j), j=1,---,d. This finishes the proof.

|

IV. SIMULATION

Consider the following nonlinear system ([11]):

. 2
Y1 = a1 sin(uq guz k) + @2(ug x — 0.5)
2
+ 3Ua  + Qs i+ QsUGEUT K + QU7 ),

+ a7 cos(ug rug k) + ag exp{—|ug |} + ext1,
(30)

with a1 = a5 =ag = a7 =ag =0, ax = 2, a3 = 1 and
oy =01if usp <0, while ag =1 if us 3, > 0.

The test point ¢* is chosen as * =[00000.5000]%. It
can be directly verified that, U3k, U4,k and us j, are contribut-

ing variables at ©* since 77— !u L0 — % 731(1{& s =0
e lug = el k=
1, and of

Bust lus k=0 = 1. In simulation, the input {ug}r>1
is chosen as iid variables uniformly distributed over[-1,1],
and {ey }r>1 is a sequence of iid Gaussian random variables
with distribution A/(0,0.1%). The simulation is performed on
a Lenovo desktop with an Intel 1.30GHz i7-CPU.

For Algorithm 1, we choose by = N~%0% o = 1,
and 7 = 2 and perform 100 simulations. Table 1 shows
the estimates for values of the contributing variables from
one of the simulations. It can be found that as the number
of data N increases, the estimates converge to the true
values. To further testify the performance of the algorithm,
we compare the performance of Algorithm 1 with the Lasso-
type optimization-based variable selection algorithm in [20]
through their correct rates and computation time. To be
specific, Fig.1 shows the rates of the 100 simulations that the
contributing variables are correctly identified as a function of
the data length NV and Table 2 lists the computation time of
100 simulations as data length N increases. It can be found
that as N increases, both the correct rates of Algorithm 1
and the algorithm in [20] converge to 100%. On the other
hand, as data length N increases, algorithm in [20] requires
much more computation time to obtain the estimates.

TABLE I
ESTIMATES FOR VALUES OF CONTRIBUTING VARIABLES

True values  -2.0000 1.0000  1.0000
N=200 -1.8381  0.8485  0.8839
N=1000 -1.9781 09755 1.0312
N=2000 -1.9824  1.0301  1.0297
N=3000 -2.0110 09937  1.0226

100 ® T
—E&— Algorithm in this paper
—~ 90 ——%—— Algorithm in paper [20] | -
S
T gol
7 80
8 70
8
60
50— . ‘ . . ‘
0 500 1000 1500 2000 2500 3000
Data Length
Fig. 1. Rates that Contributing Variables Being Correctly Identified
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TABLE II
COMPUTATION TIME OF ALGORITHM 1 AND ALGORITHM IN [20] (UNIT:
SECOND)

Algorithm 1 algorithm in [20]

N=200 0.4178 3.2171

N=1000 1.4382 20.8815
N=2000 3.2841 69.1936
N=3000 5.5861 187.7395

V. CONCLUSION

In this paper, variable selection of the nonparametric
nonlinear systems is considered and the strongly consistent
estimates for variable selection as well as values of contribut-
ing variables are established. Compared with the criterion-
optimization-based algorithms, the algorithms proposed in
this paper is easy to update when new observed data are
available. As a byproduct, the almost sure convergence
and the convergence rate of the local linear estimator are
established, which, to the authors’ knowledge, have been not
reported in literature.

For future research, it is of interest to consider the global
variable selection for nonlinear systems. It is also of interest
to combine the compressive sensing technology with the
variable selection of dynamic systems.

APPENDIX

We first introduce the result on the estimation of double
array martingales.

Lemma 3: [18, Theorem 2.9] Let {w:, % }i>0 be an
m-dimensional martingale difference sequence satisfying
lws || = o(p(t)), where p(x) is a positive, deterministic and
nondecreasing function that satisfiessup,, p(e**1)/p(e*) <
0o. Consider the p x m-dimensional double array random
matrix sequence {f:(k), k=1,2,---}, t > 1 and suppose
that { f+(k), k=1,2,---,} is F;-measurable and for some
A > 0,lfe(k)|| < A < oo as. forallt, k. Then for
hn, = O([log n]*) with o > 0, as n — oo it holds

max max

W41
1<k<h, 1<i<n It

> filk)
j=1

max
1<k<hy,

Z 15 (k

+ o(p(n)loglogn) a.s.
(3D
provided thatsup; E(|wj+1]* [.Z;) < 0o a.s. Besides, if h,

is only assumed to satisfy h,, = O(n®) with a > 0, then
(31) with “loglogn” replaced by “logn” still holds.

A. Proof of Lemma 1
Denote

Ap N (")

= zv%v (wk,N(so*nf(sok) = F(") = V(") (o — 9]

- Blunn(e)lfo0) = 1) = V1 (o) o - 7)) )

(32)
where ry = W with any fixed k € (p+7¢11+3’ 1).
We first show that
Z Apn (") =22 0. (33)
N—)oo
It is direct to verlfy that
EApn(p™) =0 34)

and by assumption A4)
Hwk,N(w*) {f(wk) — (") = V(@) er — w*)} H
1 Pk — ¢
: R ( by )
x 1@l + 1@+ IV 5@ - llew = &1l
c o — "
< bﬁfqu)( bN )
x (lerll™ + ™| +
¢ or — ¢"
S bjjov+qw< bN >

mm *||m @k_gp*
B+ g+ | 2
N

H@k—-@*

b ’bN-i-l]

bN—i-l}

(35)

for some ¢ > 0 which may change among different inequali-
ties, where for the last inequality the assumption w(s) = pllsl
as ||s|| — oo is applied.
From (35) and (10) we obtain that for some ¢ > 0
c

< 4
185 < 557w+ o S g 240
(36)
and
F||A £ 5(N). 37
Ak, (0 )H*NTN (N) (37)

We now consider E || Ay n(¢*)]|°. It follows that
Ew n (") [f(r) = F(97) = VT (") (n — )]

1 T— .
= oo ot RN = 16

bn
= V(@)@ = ¢")Pp(x)dz

- /]Rqu () by +0%) — (o) -

bp-i—q va(
N

©* )by s]?
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x p(bys + ¢*)dx
c
< (38)
N
where for the last inequality assumption Al) is applied and
hence

N c
E A n ()] < N 2 D(N).  (39)

By the Bernstein’s inequality for ¢-mixing processes [17,
Lemma 1], for any fixed € > 0 it holds that

< 016 ae+a?NC,

> (40)

where C7,C5, and « are positive constants depending on N
such that

Cy = 263\/EN¢MN/7YLN7
Co = 6[D(N) + 46(N)d(N) b ],

s N}, {ér >0 is the sequence
SN ¢k and a

(4D
(42)
my is any number in {1,---

of mixing coefficients of {¢g x>0, Pmy =
can be any positive number such that

a-my-d(N) < (43)

=

ptg
Set my = [N%b;ﬁq]. By the definition of ry (see
the definition below (32)), it can be directly verified that
2 p+q
On ,NerbN—>ooandTN—>0asN—>oo
MNTN mpy 1o,

By noticing (36)— (39) and assumptlon A3) that the mixing
coefficients {¢y }r>o satisfy ¢ < cp¥,0 < p < 1, we have
Cy = O(1) and for some constant ¢ > 0

1 b3 1 c

Cy<c -
? Nry  NrybiH

- 2,.2 pptq—2
N2ribyy

(44)
Let € > 0 be such that £c < 1/4 where c¢ is the constant

in (36) and set o = 5NT’;'L; . It follows that
Nrpybhta c 1
. Cd(N) < e— NN ¢ <
a-my-dN)<e e N Nt <7
(45)
from which and by (44),
—ae + a®?NCs
2 Nrybh N o (NrybR )2 c
- my mi N272,phfa—?
i Nrybha r NbRT by
- my mn myn
+
_ 82N?"Nb?\, q(l by )
my mNTrN
1 N bp+q
< €2u7 (46)
my

<
= A72,.2 pPpF+a—2"
N2 by

NrNbﬁ,+q
mpy log N

Hence by setting Sy
N — oo, we have

which goes to +oo as

N _1 2 Nry bRt 1.2
ZA’“N(@ N >e| <ce ? mN = cN728 PN
k=1
47)
and
oo (oo}
ZPr >5] SCZN_%€2BN<OO.
N=1 N=1
(48)

By using the Borel-Cantelli Lemma, we know that (33)
takes place and

N
% [Zwk,w(so*)[f(m) — F(@*) = V(") (or — )]
k=1

N
—EY win(@")f(0r) = F(©") = VI (") (or — 0]

k=1
B 1
=0 W a.s.

Combining (49) and (10), we know that (15) holds. W

B. Proof of Lemma 2

Define (k) £ k39 k > 1 with fixed &' € (0,3)
and fi,(N) = ‘f\f‘l“’ w(Eh—2 € )k =1,---,N. It is direct
to check that {p(k )}k>1 is a posmve and nondecreasmg

sequence satisfying sup, ¢(eF1)/p(eF) = ez < oo,
From assumption A1), we know that ||s||w(s) = O(1) and

hence L
=0 ().

By assumption A2) and Chebyshev inequality, we have
E<? < Sup; Ee¢?

w(k)Q - kl+25’

(49)

(50)

Pr{lex| > (k)} <

and hence -
> Pr{llerll > ¢(k)} < oo. (51
k=1
By using the Borel-Cantelli Lemma, we have
ekl = o(p(k)) as. (52)

Define the sequence of o-algebras % =

o{ui,e1, -, ug, €k}, k > 1. We know that {eg, Fi}r>1 a
martingale difference sequence and for any fixed N > 1,

fe(N),k=1,---,N are .Z)-measurable. Then by Lemma
3, we have for any ¢’ > 0,
| X
N > (or — ¢ )wi N (97 )ert
k=1
_ 1 ﬁ: 1 wk—w*w(w—w*)g
NI | = N by by
1 N
= 7B ptq—1 ka(N)5k+1
N ™ i
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< > fe(N)ersr
1

max
el 1<i<N
Niby SIsSN o

N

1 1 ’ ’
= e |0 | 2 RN | +o(varHe)

40N k=1

1 1 ’ ’

— 3 +6'+e
N%bi)v-&-q—l [O ( 2) + O(NQ ):|
1

—_—_— 53
N%_gbgi\;rqfl (53)

where 0 < ¢ £ §' + ¢’ < % can be arbitrarily small. This
finishes the proof of (18) and (17) can be proved similarly.
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