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Abstract

In this paper, considering the nonparametric regression model Y,; = g(t;) + &;

(1 <i<n),whereg; = ZQO « dj€i—j and e, are identically distributed and p-mixing
sequences. This paper obtains the Berry-Esseen bounds of the wavelet estimator of
g(+), the rates of the normal approximation are shown as O(n~'%) under certain
conditions.
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1 Introduction

The Berry-Esseen theorem of probability distribution concerns mainly research of statis-
tics convergence to a certain distribution and the measure of the probability distributions
of the statistics which determines the distribution as regards the absolute distance that
can be controlled as an optimal problem.

In recent years, the Berry-Esseen bounds theorem has got extensive investigation. For
instance, Xue [1] discussed the Berry-Esseen bound of an estimator for the variance in a
semi-parametric regression model under some mild conditions, Liang and Li [2] studied
the asymptotic normality and the Berry-Esseen type bound of the estimator with linear
process error, Li et al. [3] derived the Berry-Esseen bounds of the wavelet estimator for
a nonparametric regression model with linear process errors generated by ¢-mixing se-
quences, Li et al. [4] investigated the Berry-Esseen bounds of the wavelet estimator in a
semi-parametric regression model with linear process errors.

To investigate the estimation of the fixed design nonparametric regression model in-
volves a regression function g(-) which is defined on [0, 1]:

Yi=glt)+e (1<i<n), (1.1)

where {¢;} are known fixed design points, we assume {¢;} and to be ordered 0 < <--- <
t, <1, and {g;} are random errors.

It is well known that a regression function estimation is an important method in data
analysis and has a wide range of applications in filtering and prediction in communica-
tion and control systems, pattern recognition and classification, and econometrics. So the
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model (1.1) has been studied widely. The model (1.1) has been applied in solving many
practical problems and kinds of estimation methods have been used to obtain estimators
of g(-).

For model (1.1), the following wavelet estimator of g(-) will be considered:

n = i Em ) d .
@) ZlyfA (t,5)ds 12)

The wavelet kernel E,,(¢,s) can be considered as follows: E,,(t,s) = 2"Ey(2"¢,2"s) =
2" ez 927t — k)p(2™s — k), where ¢(-) is a scaling function, the smooth parameter
m = m(n) > 0 depending only on #, and A; = [s;_1,s;] being a partition of interval [0,1],
$;i=(1/2)(t; + ti1),and t; € Aj, 1 < i< m.

As we know wavelets have been used widely in many engineering and technological
fields, especially in picture handling by computers. Since the 1990s, in order to meet prac-

tical demands, some authors began to consider using wavelet methods in statistics.

Definition1.1 Let {X;:i=1,2,...} beasequence of random variables. Write the p-mixing

coefficient

(n) [E(X - EX)(Y —EY)|
p\n)=sup sup
keN XeLy(FX),YeLl2(35,) v VarX VarY

where §% := o {{X; : a <i < b}}, Ly(F?) is the set of square integrable random variables on

the condition of 2.

Definition 1.2 A sequence of random variables {X; :i =1,2,...} is p-mixing if p(n) — O,

n— oQ.

Kolmogorov and Rozanov [5] put forward a p-mixing random variables sequence. For
the wide use of p-mixing in science and technology and economics, many scholars have
investigated the p-mixing and got fruitful meaningful results. For instance, the central
limit theorem for p-mixing, the law of large numbers for p-mixing, the strong invari-
ant principle and weak invariant principle for p-mixing, the complete convergence the-
orem of p-mixing, which we can see in Shao’s work [6, 7]. Recently, Jiang [8] discussed
the convergence rates in the law of the logarithm of the p-mixing random variables, ob-
taining a sufficient condition for the law of logarithm of p-mixing and the convergence
rates in the law of the iterated logarithm. Chen and Liu [9] achieved the sufficient and
necessary conditions of complete moment convergence for a sequence of identically dis-
tributed p-mixing random variables. Zhou and Lin [10] investigated the estimation prob-
lems of partially linear models for longitudinal data with p-mixing error structures, and
they studied the strong consistency for the least squares estimator of the parametric com-
ponent; the strong consistency and uniform consistency for the estimator of nonpara-
metric function were studied under some mild conditions. Tan and Wang [11] studied the
complete convergence for weighted sums of non-identically distributed p-mixing random
variables sequence, and they gave the Marcinkiewicz-Zygmund type strong law of large
numbers.
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2 Assumptions and main results
First, we give some basic assumptions as follows:

(Al) {ej}jez has alinear representation &; = Y ke akek—j where {ai} is a sequence of
real numbers with " |ax| < 0o, {e;} are identically distributed, p-mixing
random variables with Ee; = 0, E|ej|” < 0o for some r > 2, and p(n) = O(n™) for
A>2.

(A2) The spectral density function f(w) of {g;} satisfies 0 < ¢; < f(w) < ¢3 < 00 for all
w € (-m,m].

(A3) (1) ¢(-)issaid to be o-regular (¢ € S,, 0 € N) if for any k < o and any integer ¢,

one has |df/dx*| < C;(1+ |x[)7", the C; depending only on ¢;
(i) ¢(-) satisfies the Lipschitz condition with order 1 and [¢(§) — 1| = O(§) as
& — o0, where gﬁ is the Fourier transform of ¢.

(A4) (i) g() satisfies the Lipschitz condition of order 1;

(i) g(-) € H*, u >1/2, A function space H* (i € R) is said to be Sobolev space of
order V, ie., if h € H" then [ 1(W)|2(1 + w*)* dw < 0o, where /1 is the Fourier
transform of 4.

(A5) maxi<j<,|si—si.1—nt =o(n™?).

(A6) Setp:=p(n) and q:= q(n), write k := [3n/(p + q)] such that for p + g < 3n,

qp™ — 0,and ¢, — 0,i=1,2,3,4, where &1, = qp~'2", &, = p2-,
Can = 1(3}jjon |a;1)?, Can = kp(q).

Remark 2.1 (Al) are the general conditions of the p-mixing sequence, such as Shao [6, 7],
(Al) is weaker than Li et al.’s [3], (A2)-(A5) are mild regularity conditions for the wavelet
estimate in the recent literature, such as Li et al. [3, 4, 12], Liang and Qi [13]. In (A6), p, q,
2" can be defined as increasing sequences, and ¢;, — 0, i = 1,2, 3,4, are easily satisfied, if
p, g and 2" are chosen reasonable. See e.g. Liang and Li [2], Li et al. [3, 4, 12].

In order to facilitate the discussion, write 0.2 := 0.2(£) = Var(g,(£)), Sy := Su(£) = 0, {2, (£) -
Eg.(8)}, u(n) = Z,O:1 o(), 1X|lg = (EIX|P)VE,anb = min{a, b}. Next, we give the main results

as follows.

Theorem 2.1 Suppose that (A1)-(A6) hold, then for each t € [0,1], we can get
sup|P(S,(8) < u) = @] = C{e),* + &5, + &7 + 63, + €' + (@)}

Corollary 2.1 Suppose that (A1)-(A6) hold, then for each t € [0,1], we can get
sup|P(S,,(t) < u) - dD(u)| =o(1).

Corollary 2.2 Suppose that (Al)-(A6) hold, assume that

om 6)0+31+30+4

~=0mY and sup(n 267 la;| < 00
n n>1( ) Z ll
= ljl>n
for some 9_21 <0 <1 and for some X > 2, we can get

sup|P(S,(£) < u) — P(w)| < C{ely + 53)% + 43 + et + wl(@)},
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sup|P(S,(£) < u) - W) = O(n™" &+ ).
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Observe, taking 6 ~ 1 as . — oo, that it follows that sup,, |P(S,(t) < u) — ®(u)| = O(n°).

3 Some lemmas
From (1.2), we can see that

n
S,, = O'n_IZSi/ Em(t,S)dS
=1 YA

n n
= an‘l Z[q E,.(t,s)ds Z aje;_
i=1 YA

j=—n

n
+ on‘l Z/ E,.(t,s) dsZa,e,-,/
i=1 YAi

ljl>n

= Sln + SZn-

Write

on min{n,l+n} 2n
Sin= Z crn_l< Z a,-_l/ E,.(t,s) ds) e = Z Wi
) Ai

I=1-n i=max{1,/-n I=1-n

_ 1 1 r _k o _ Nk / "e_ Nt
set SlVl - Sln + Sln + Sln’ where Sln - ZV:lyVlV’ Sln - Zw:lynv’ Sln _ynk+1’

ky+p-1 ly+gq-1 o
’ ’
Vv = E Whis Y = E Wi, Yuks1 = § : Whis
i=ky i=ly, i=k(p+q)-n+1

k=v-)p+q) +1-n, L=v-Dp+q) +p+1-n, w=1,...

then
Sy =8, +S],+S+ S

Next, we give the main lemmas as follows.

Lemma 3.1 Let {X;:i=1,2,...} be a p-mixing sequence, pi1, ps are two integers, let n; :=

Zg:};gi:ﬁi;:{l Xiforl<Il<k.Ifr>1,s>1,and1l/r+1/s=1, then

k

k
Eexp <it Z m) - l—[ Eexp(itn;)
I=1

=1

k

< Cltlp"*(p2) Y lImill-

=1

Proof of Lemma 3.1 We can easily see that

(3.1)
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As exp(ix) = cos(x) + isin(x), sin(x + y) = sin(x) cos(y) + cos(x) sin(y), cos(x + y) = cos(x) x

cos(y) — sin(x) sin(y), we can get

m m-1
I = |[Eexp (i > tlél) —Eexp <i > t@) E exp(it&,,)
=1 I=1
m-1 m-1
< |Cov (cos (Z tlél) , cos(tmf;‘m)) + |Cov (sin (Z tl$l> , sin(tmém)) ‘
I=1 I=1
m-1 m-1
+ |Cov (sin (Z tl§1> , cos(tmém)) + |Cov (cos (Z t@) s sin(tmém)) ‘
I=1 I=1
:IIH +112 +113 +[14,. (32)

It follows from Lemma 3.2 and | sin(x)| < |x| that we have

Ly < Cp"S ) ||sin(tném)]|, < Cp" W)t |[sin(En) |,

(3.3)
Ly < CpB M)\t [sin(n)]) -
Notice that cos(2x) =1 — 2sin2(x). Then one has
m-1
I;; = |Cov (cos (Z t;$l> ,1-2 sinz(tmfm/Z)) ‘
I=1
m-1
= 2|Cov (cos (Z t@), sin2(tmém/2)> < Cp's(1)EY |sin(tm§-‘m/2)|2r
I=1
< CoPWE[sin(tm&n/2)|" < Co W)ltml 1Emll,- (34)
Similarly,
Ly < Cp"* W)t 1Emll - (35)
Therefore, we can obtain
I < Cpl/s(l)“ml”sm”w (3-6)
Thus, as follows from (3.1) and (3.6), we can get
Io = 02,60 (1o tm) = 95, (0) - @5, (8) | < Cp* )t €l + . (37)

For I, in (3.7), using the same decomposition as in (3.1) above, it can be found that

12 = |§0§'1 ,,,,, Em—1 (tlv ) tm) — Qg (tl) c Qg (tm)’
= e oo s bn) = Doyt o (B o b)) @ty (Bt

+ |¢§1 ,,,,, Em—2 (tlr ceey tm—Z) — Qg (tl) Qg (tm—2)| = [3 + 147 (38)
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and similarly to the proof of I;, we can get

I < Cp" ()|t 1 Emaa -
Then, we obtain

L < Co" W)t |Emally + La. 3.9)
Combining (3.7)-(3.9), it suffices to show Lemma 3.1. O

Lemma 3.2 Suppose that (Al)-(A5) hold, then we have

/:4- E,.(t,s)ds

i

a,f(t) >C2"n!  and a;z(t) <C.

Proof of Lemma 3.2 From (A1) and (1.2), we can get

E,.(t,s) ds/ E,.(t,s)ds

A:

n 2
03:022(/ Em(t,s)ds> +2 Z E(si,s,')/
i=1 A

1<i<j<n 4
n 2
ZGZZU Em(t,s)ds> + L.
i=1 A

By Lemma A.1, we obtain

K<10 Y p(f—i)/Em(t,sMs/ Enlt,5)ds| il
1<i<j<n A 4j
n-1 n—-k
- p0 Y| [ Eneds [ Entes)dslledal e
k=1 i=1 1V Ai Aki

n-1 n—k 2 2
=50 p(0) [( Ent, )d) ( Ent, >d) }
o ;p Z Ai S S + Lk+i S S

i=1
n n 2
< 100‘22,0(/()2(/ Em(t,s)ds> :
k=1 =1 A

Therefore, from applying (Al) and Lemma A.5, we obtain

2
E,.(t,s) ds) =C2"n L,

o2 < 02<1 +202n:,0(k)) i(/
k=1

i=1 WA
In addition, the same result as (7) was deduced, see Liang and Qi [13], and by (A2), (A4),
and (A5), we have

af(t) >C2"n! and on_z(t) <C. 0

/ E,(t,s)ds
Aj

Lemma 3.3 Assume that (A1)-(A6) hold, we can get
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(1) E(S},)? < Clun, E(S]2)? < Claw, E(San)? < Claps
(2) P(IS),| = ¢t3) < Cl3, PS> ¢372) < €322, P(1S2nl = ¢323) < Ci3l2.

Proof of Lemma 3.3 Let (A1)-(A6) be satisfied, and applying Lemmas 3.2 and A.3(i) in the
Appendix, we can refer to Li et al.’s [3] Lemma 3.1 of the proof process. d

Lemma 3.4 Assume that (A1)-(A6) hold, let s> = Zl‘le Var(y,,,), we can get
|s _1| < C(Clln/z vl gy u(q)).

Let {n,, : v=1,...,k} be independent random variables and 7,,, gynv, v=1,...,k. Set
T,= Zle - Then we get the following.

Proof of Lemma 3.4 Let Ay = 3oy COV(yuir yy), then s2=E(S;,)? -2A,. By E(S,)? =1,
Lemma 3.3(1), the C,-inequality, and the Cauchy-Schwarz inequality, we have
E(S},)" = E[Su— (Sp, + S1 + San) | = 1+ E(S],, + S} + San)” = 2E[Su(Sy, + St + San) ]
E(SY,+ S+ San)” < 2[E(ST,)* + E(S12)” + E(S2)?] < C(Gun + Can + Lan),

E[S4(Sy, + Sin + San) | < EM*(SZ)EV2(S), +S1 + 52,7) < C(¢2+ 60 + 3.
It has been found that

[E(S5,)" = 1] = [E(S], + Si; + San)” = 2E{Su(S], + ST + Sau) |

<C(a?+o+3)). (3.10)

On the other hand, from the basic definition of p-mixing, Lemmas 3.2, A.5(iv), and (A1),
we can prove that

ki+p-1kj+p=1

|An|§ Z Z Z |COV(Wn51:Wnt1)|

1<i<j<k s1=k; t1=kj

ki+p-1kji+p=1 min{ms;+n}  min{n,t +n}

SR PSP ISP D NG

1<i<j<k si=k; t1=kj u=max{ls;—n}v=max{Lt;-n}

AEm(t,s)ds/ E, (t,s)ds

: |“u—s1 av—tl | |COV(€S1 ) etl ) |

ki+p-1kj+p=1 min{n,s;+n} min{mt +n}

1350 35 D SENND SEN{ JFACETE
1<i<j<k s1=k; t1=k/ u=max{l,s1—n} v=max{1,t; —-n} Au
- p(tr = 51),/ Var(es,) Var(ey, )
k-1 ki+p—1 min{n,s;+n} k kitp-1
ey Yy / En(t,5)ds| a3 z ot -s1)
i=1 s1=k; u=max{l,s;—n} j=i+l =k

min{n,t; +n}

Yo eyl

v=max{1l,t;—n}
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ki+p-1 min{n,sy +n}

k-1 [
=< Z Z Z / E,. (¢t s)ds |au—sl|zp(i)
i=1 s1=k; u=max{l,s;—n} Au j=q
k-1 ki+p-1 n
<@y 3 / E(t,5) ds| ||
i=1 s1=k; u=1
k-1 ki+p-1
(t,5) ds (Z > s1|> < Cu(q). (3.11)
i1 sk

Hence, combining (3.10) with (3.11), we can see that
;N2
|2 1| <|E(S1,)" = 1] + 214, < C{gi? + 32 + 8307 + ul(g) ). O
Lemma 3.5 Assume that (Al)-(A6) hold, and applying this in Lemma 3.4, we can get

sup|P (Ty/sy < u) | < Cg“m.

Proof of Lemma 3.5 It follows from the Berry-Esseen inequality (Petrov [14]) that we have

Zlv(u/:l Elym!”

n

sup|P(T, /s, < u) — P(u)| < C for r> 2. (3.12)

From Definition 1.2, hence Z[logp 0%7(2) = o(log p). Further, exp(C; Z[logp P () =
o(p') for any C; > 0 and ¢ > 0 (for ¢ small enough). According to Lemma A.5(i) and Lem-

ma A.2, we can get

ky+p-1 min{n,j+n} r

Z Z o’lai,jLEm(t,s)dsej

j=ky i=max{l,j-n} i

k
D Byl = ZE
v=1

v=1

k [logp]
<cy p” GXp<C1 > p(2’)>

v=1 J=ky

min{n,j+n}

Z an‘lai_j/ E,.(t,s)dse;
A

- max <E
1<j< .
S/=p i=max{1,/-n} i

logp]
+CZpexp<C1 Z ,02/' 2’ )

Jj=kv

2>r/2

min{n,j+n} r

Z o;lai_/f E,.(t,s)dse;
A

i=max{1,j—n} i

00 Tk r r
2m 2m
< Co‘n_’(z |,,1].|> Z<pr/2+z<7> +P1H<7) >
j=—00 v=1

om r/2 om r/2 om r/2
< Ckp"™** <—) < Cnp''*1 <—> <Cn <p—> =Cn¢,,. (3.13)
n n n

Hence, by Lemma 3.4, and combining (3.12) with (3.13), we can get the result. O

- max E

15/5

Page 8 of 12
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Lemma 3.6 Assume that (A1)-(A6) hold, and applying this in Lemma 3.4, we can get

sup|P(Sy,, < u) - P(T,, < u)| < C{¢32 + ¢12).
u

Proof of Lemma 3.6 Suppose that ¢;(¢) and y(t) are the characteristic functions of S},
and T),. Therefore, it follows from Lemmas 3.1, 3.2, A.5, and (A1) that we can obtain

k k
|¢1(6) = ¥ (8)| = |Eexp (it Zy> - HEeXp(itynv)
v=1 v=1
k
< Cltp™ @ Y llymll2
v=1
k ky+p-1 min{n,i+n} 2y1/2
< cum“(@Z[E( Yool Y f Em(t,s)ds|ei|) ]
v=1 i=ky j=max{L,i-n} 4;

1

}1/2

%) k  kytp—
- cmpwq)(z |al|) [kz 5
l=—00 v=l =k,

< Cltl(kp(@)"? < CltIg)?,

/‘Em(t, s)ds

7

which implies that

I,

Note that

dt < C¢g*T. (3.14)

d1(2) — (1) ‘
t

P(T, <u) =P(T,/s, < ulsy).
Consequently, from Lemma 3.5, it has been found

sup|P(Tn <u+y)-P(T, < M)|
= supP|(Tn/Sn <u+ylsy)—P(T,ls, < u/Sn)|
< sup|P(T,,/s,, <u+yls,) - o(u +y/s,,)| + sup‘CD(u +y/s,) — <I>(u/s,,)|

+sup|P(T, /s, < uls,) — ®(uls,)|

< Zsup}P(T,,/sn <uls,) — CI>(u)| + sup|<I>(u +y/s,) — <I>(u/s,,)|
<&+ lfsa) < Clea? + 191}

Therefore

Tsup/ |P(T,,§u+y)—P(T,,§u)|dy§C{§2‘S,/12+1/T}. (3.15)
lyl<c/T

u
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Thus, combining (3.14) with (3.15) and taking T = ¢, U4 it suffices to prove that

sup|P(S§n <u)-P(T, < u)|
u

T
S\/
-T

< C{§1/2T+ 4.5/2 +1/T} {;8/2 + ;1/4}‘ O

u

$1(8) — Y (2) ‘

dt + Tsup/ !P(Tn§u+y)—P(Ty,§u)|dy
lyl<e/T

4 Proofs of the main results
Proof of Theorem 2.1

sup‘P(Sin < u) - dD(u)’
<sup|P(S;, < u) - P(T, < u)| +sup|P(T, < u) — D(uls,)| +sup|d(uls,) — P(u)|
:=]1n +]2n +]3n' (4'1)

According to Lemma 3.6, Lemma 3.5, and Lemma 3.4, it follows that

Jin < CLea? + cait, (4.2)
Jon = sup|P(T,,/s,, <uls,)— d(uls,) | = sup|P(T /8y < u) — <I>(u)| < C;m (4.3)
3 = Clsy —1] = C{g, + 65, + 53" +u(g)}. (4.4)

Hence, by (4.2)-(4.4) and combining with (4.1), we have
SUP|P(SI,, < M l/l)| < C{;l/z + ;1/2 + ;5/2 + ;1/2 1/4 + M(q)} (45)
Thus, by Lemma A.4, Lemma 3.3(2), and (4.5), it suffices to prove that

sup| D(S, < 1) — D(u)|
< Cqsup|P(S;, < u) — ®(u)| + Z £ 4 D(|S),| = &%)

(‘SW| > §1/3) + P(|SZn| > §1/3)

Clal + ol + ol + o3l + ol + u(q)}. O

Proof of Corollary 2.1 By (Al), since Z ~1 P(j) < 00, we can easily see that u(g) — 0, there-
fore Corollary 2.1 holds. O

Proof of Corollary 2.2 Let p = [n*], q = [n**7']. Taking 7 = § + 2(86‘;17) = <0 <1,7<6.
Consequently,

51143 = 21,/,3 = O(n’%_—r) - O(n*%)
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13 _ A(20-1)+(0-1) 610+30+30+4 2/3 _A(20-1)+(6-1)
L3, =n 6347 =|n 26:+7) Z |0Zj| = O(n 63.+7 ),

lil>n

tat=0(n %):o(mi””a?}"‘“),

u(q) =0 (Zl ) O(p “1) ( -(2r-1)(r- »—O(n’%),

. . 2 89-1)(A-1) _ A(26-1)+(6-1
Fmallgée tﬁk(;nf); & < 0, hence ¢ 6k)+(7 ) ¢ 6;:7( )
O(n~~ &+7 ), therefore, the desired result is completed by Corollary 2.1 immediately.

O

, it has been found that u(g) =

Appendix
Lemma A.1 (Shao [7]) Let {X;:i> 1} be a p-mixing sequence, s,t > 1, and 1/s + 1/t = 1. If
X e Ly(FX), Y e L(FX)), then

k+n’?

(LAl
t

[EXY — EXEY| <10p°¢" 2 (m) | X |5 Y-

Lemma A.2 (Shao [7]) Assume that EX; = 0 and || X;||, for some q > 2. Then there exists a
positive constant K = K(q, p(+)) depending only on q and p(-) such that for any k > 0,n > 1,

[logn]
E max|sk(l){q < Kn?? exp<1< > p(zl’)) max || X;[|4

1<i< k<i<k+n

[log ]
K K 204 (9t X4
+n exp( ; p?( )) (max [1Xillg

Lemma A.3 (Yang [15]) Let {X;:i=1,2,...} be a p-mixing sequence, and there is a X > 0,
make p(n) = O(n™), with EX; = 0, E|X;|" < 0o (r > 1), when any integer m > 1, there exists
a positive constant C(m), then:

(i) forl<r<2,wehave

r

E Xn:Xi

i=1

n
< Clm)n”™ Y "EIXI,

(ii) forr>2,we have

r

E Xn:Xi

i=1

n n r/2
< C(m)nP™ ! D EIX (Z EX?) }
i=1 i=1

In B(m)=(r-1)w" and 0 <w < 1.

Lemma A.4 (Yang [16]) Suppose that {¢,:n > 1}, {n,: n > 1}, and {§, : n > 1} are three
random variable sequences, {y, : n > 1} is a positive constant sequence, and y, — 0. If
sup,, |F,, (u) — ®(u)| < Cy, then for any €, > 0, and &, > 0, then

SUP|Fp,p iy (1) = @) | < Clyw + &1+ &2 + P(Inal = 1) + P(I€4] = &2) }.
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Lemma A.5 (Li et al. [12]) Under assumptions (A2)-(A5), we have
(@) | [y, En(t)ds| = O30), i=1,2,...,m;
(i) Yo7y, Em(t,s)ds)® = o(%);
(i) sup,, fol |E,u(t,s)ds| < C;
(iv) Z;’lefAi E,.(t,s)ds| <C.
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