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We consider a wavelet thresholding approach to adaptive variance func-
tion estimation in heteroscedastic nonparametric regression. A data-driven
estimator is constructed by applying wavelet thresholding to the squared first-
order differences of the observations. We show that the variance function es-
timator is nearly optimally adaptive to the smoothness of both the mean and
variance functions. The estimator is shown to achieve the optimal adaptive
rate of convergence under the pointwise squared error simultaneously over a
range of smoothness classes. The estimator is also adaptively within a loga-
rithmic factor of the minimax risk under the global mean integrated squared
error over a collection of spatially inhomogeneous function classes. Numeri-
cal implementation and simulation results are also discussed.

1. Introduction. Variance function estimation in heteroscedastic nonpara-
metric regression is important in many contexts. In addition to being of interest
in its own right, variance function estimates are needed, for example, to construct
confidence intervals/bands for the mean function and to compute weighted least
squares estimates of the mean function. Relative to mean function estimation, the
literature on variance function estimation is sparse. Hall and Carroll (1989) consid-
ered kernel estimators of the variance function based on the squared residuals from
a rate optimal estimator of the mean function. Miiller and Stadtmdiiller (1987, 1993)
considered difference based kernel estimators of the variance function. Ruppert et
al. (1997) and Fan and Yao (1998) estimated the variance function by using lo-
cal polynomial smoothing of the squared residuals from an “optimal” estimator of
the mean function. More recently, Wang, Brown, Cai and Levine (2008) derived
the minimax rate of convergence for variance function estimation and constructed
minimax rate optimal kernel estimators. Brown and Levine (2007) proposed a class
of difference-based kernel estimators and established asymptotic normality.

So far the attention has been mainly focused on nonadaptive estimation of the
variance function, that is, the smoothness of the variance function is assumed to
be known and the estimators depend on the smoothness. In practice, however, the
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smoothness of the underlying functions is nearly always unknown. It is thus im-
portant to construct estimators that automatically adapt to the smoothness of the
mean and variance functions. This is the goal of the present paper. Specifically, we
propose a wavelet thresholding approach to adaptive variance function estimation
in the heteroscedastic nonparametric regression model

(1 yi = f)+ V2(0)z, i=1,...,n,

where x; =i/n and z; are independent and identically distributed with zero mean
and unit variance. Here n =27 for some positive integer J. The primary object of
interest is the variance function V (x). The estimation accuracy is measured both
globally by the mean integrated squared error (MISE)

) R(V,V)=EIV -Vl
and locally by the mean squared error (MSE) at a given point x, € (0, 1)
(3) R(V(xa), V() = E(V(xe) =V (x))”.

It is well known that when the mean function is sufficiently smooth, it has no first
order effect on the quality of estimation for the variance function V; that is, one can
estimate V with the same asymptotic risk as if f were known. See, for example,
Ruppert et al. (1997) and Fan and Yao (1998). On the other hand, when f is not
smooth, the difficulty in estimating V can be completely driven by the degree of
smoothness of the mean f. How the smoothness of the unknown mean function
influences the rate of convergence of the variance estimator can be characterized
explicitly. Wang et al. (2008) showed that the minimax rate of convergence under
both the pointwise MSE and global MISE is

4) max{n_4°’, n_zﬂ/(2ﬁ+l)}

if f has « derivatives and V has 8 derivatives.

The goal of the present paper is to estimate the variance function adaptively
without assuming the degree of smoothness for either the mean function f or
variance function V. We introduce a wavelet thresholding procedure which ap-
plies wavelet thresholding to the squared first-order differences of the observations
in (1). The procedure has two main steps. The first step is taking the square of the
first-order differences of the observations y;. This step turns the problem of vari-
ance function estimation under the model (1) into a more conventional regression
problem of estimating the mean function. Another motivation for taking the differ-
ences is to eliminate the effect of the mean function f. The second step is to apply
a wavelet thresholding procedure to the squared differences.

The procedure enjoys a high degree of adaptivity and spatial adaptivity in terms
of the rate of convergence both for global and local estimation. More specifically,
under the global risk measure (2), it adaptively achieves within a logarithmic fac-
tor of the minimax risk over a wide range of function classes which contain spa-
tially inhomogeneous functions that may have, for example, jump discontinuities
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and high frequency oscillations. The estimator also optimally adapts to the local
smoothness of the underlying function. As a special case, it is shown that the vari-
ance function estimator adaptively achieves the rate of convergence

log n\ 26/(1426)
=

(5) max{n_4“, <

under both the pointwise MSE and global MISE, if f has « derivatives and V
has g derivatives. Furthermore, it is shown that the extra logarithmic factor in the
adaptive rate of convergence in (5) is necessary under the pointwise MSE and the
estimator is thus optimally locally adaptive.

The wavelet estimator of the variance function is data-driven and easily imple-
mentable. We implement the procedure in S-Plus and R and carry out a simulation
study to investigate the numerical performance of the estimator. Simulation results
show that the MISE mostly depends on the structure of the underlying variance
function and the effect of the mean function is not significant. In addition, we also
compare the performance of the wavelet estimator with that of a kernel estimator
whose bandwidth is chosen by cross validation. The numerical results show that
the wavelet estimator uniformly outperforms the kernel estimator.

The paper is organized as follows. After Section 2.1 in which basic notation
and definitions are summarized, the wavelet thresholding procedure is introduced
in Sections 2.2 and 2.3. Sections 3 and 4 investigate the theoretical properties of
the estimator. In particular, Section 4.1 derives a rate-sharp lower bound for the
adaptive rate of convergence under the pointwise squared error loss. The lower
and upper bounds together show that the estimator is optimally adaptive under the
pointwise loss. Section 5 discusses implementation of the procedure and presents
the numerical results. The proofs are given in Section 6.

2. Wavelet procedure for variance function estimation. In this section we
introduce a wavelet thresholding procedure for estimating the variance function V
under the heteroscedastic regression model (1). We begin with notation and defini-
tions of wavelets and a brief introduction to wavelet thresholding for estimating the
mean function in the standard Gaussian regression setting and then give a detailed
description of our wavelet procedure for variance function estimation.

2.1. Wavelet thresholding for Gaussian regression. We work with an ortho-
normal wavelet basis generated by dilation and translation of a compactly sup-
ported mother wavelet ¢ and a father wavelet ¢ with [¢ = 1. A wavelet ¥
is called r-regular if i has r vanishing moments and r continuous derivatives.
A special family of compactly supported wavelets is the so-called Coiflets, con-
structed by Daubechies (1992), which can have arbitrary number of vanishing mo-
ments for both ¢ and . Denote by W (D) the collection of Coiflets {¢, ¥} of
order D. So if {¢, ¥} € W(D), then ¢ and i are compactly supported and satisfy
[xi¢p(x)dx =0fori=1,...,D—1;and [x'¢y(x)dx =0fori =0,...,D — 1.
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For simplicity in exposition, in the present paper we use periodized wavelet
bases on [0, 1]. Let

¢r )= D ¢ixlx—D),

I[=—00

Y=Y Y-  forrel0,1],

[=—0

where ¢>] k(x) = 2J/2¢(2Jx — k) and ¥ x(x) = 21/2¢(2Jx — k). The collection
{quo k= 1,...,20; 1// ) =Jjo=0k=1, ., 27} is then an orthonormal ba-
sis of L2[0, 1], provided the primary resolution level jj is large enough to en-
sure that the support of the scaling functions and wavelets at level jjy is not the
whole of [0, 1]. The superscript “p” will be suppressed from the notation for con-
venience. An orthonormal wavelet basis has an associated orthogonal Discrete
Wavelet Transform (DWT) which transforms sampled data into the wavelet co-
efficients. See Daubechies (1992) and Strang (1992) for further details about the
wavelets and discrete wavelet transform. A square-integrable function g on [0, 1]
can be expanded into a wavelet series:

2Jo 0o 2

(6) glx) = Zsm kDo k(X) + D D0 (x),

Jj=Jjok=1

where & = (g, Pj.k), 0.k = (g, ¥j k) are the wavelet coefficients of g.

Wavelet thresholding methods have been well developed for nonparametric
function estimation, especially for estimating the mean function in the setting of
homoscedastic Gaussian noise where one observes

@) )’i:f(l—>+02i, ~“A9' N(0, 1), i=1,...,n.
n

One of the best known wavelet thresholding procedures is Donoho—Johnstone’s
VisuShrink [Donoho and Johnstone (1994) and Donoho et al. (1995)]. A typical
wavelet thresholding procedure has three steps:

1. Transform the noisy data via the discrete wavelet transform.

2. Threshold the empirical wavelet coefficients by “killing” coefficients of small
magnitude and keeping the large coefficients.

3. Estimate function f at the sample points by inverse discrete wavelet transform
of the denoised wavelet coefficients.

Many wavelet procedures are adaptive and easy to implement. We shall develop in
Section 2.2 a wavelet procedure for variance function estimation where the noise
is heteroscedastic and non-Gaussian.
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2.2. Adaptive wavelet procedure for estimating the variance function. 'We now
give a detailed description of our wavelet thresholding procedure for variance func-
tion estimation. The procedure begins with taking squared difference of the obser-
vations and then applies wavelet thresholding to obtain an estimator of the variance
function.

Set D; = %(yzi,l —yy) fori=1,2,...,n/2. Then one can write

1
—(f(xai—1) = fx2) + VY2 (x0i-1)z2i-1 — V2 (x20)221)

D; =
V2

1
5+ V' %,

V2

where &; = f (x2i-1) = £ (20), V2 = \[1(V (@2i-1) + V (x20)) and

®)

9) g =(V(xai_1) + V() AV oDz — VY2 (xa)220)

has zero mean and unit variance. Then Di2 can be written as

(10) D? =V, + 182 + V2V P86 + Vie? — 1).
In the above expression V; is what we wish to estimate, %8,2 is a bias term caused

by the mean function f, and \/i\/il/zéisi + V,-(sl.2 — 1) is viewed as the noise

term. By taking squared differences, we have turned the problem of estimating the
variance function into the problem of estimating the mean function similar to the
conventional Gaussian regression model (7). The differences are of course that the
noise is non-Gaussian and heteroscedastic and that there are additional unknown
deterministic errors. In principle, virtually any good nonparametric regression pro-
cedure for estimating the mean function can then be applied. In this paper we shall
use a wavelet estimator for its spatial adaptivity, asymptotic optimality, and com-
putational efficiency.

We now construct a wavelet thresholding estimator V based on the squared
differences Diz. Although the procedure is more complicated, the basic idea is
similar to the one behind the VisuShrink estimator for homoscedastic Gaussian
regression described at the end of Section 2.1. We first apply the discrete wavelet
transform to D = V2/n(D?, .. /2) Let d = W - D be the empirical wavelet
coefficients, where W is the d1screte wavelet transformation matrix. Then d can be
written as

5 5 /
(11) d= (djo,l’""dj(,,zf()’djoal’""dj(),2j0’“"df—ll’""d1—2,21—2) ,

where d jo.k are the gross structure terms at the lowest resolution level, and d; «
(Jj=jo,...,J — 1,k=1,...,2/) are empirical wavelet coefficients at level j
which represent fine structure at scale 2/ . For convenience, we use ( j, k) to de-
note the number 2/ + k. Then the empirical wavelet coefficients can be written
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as
dik=Tjk+2jk

where z; 1 denotes the transformed noise part, that is,

2 1/2
k= \/;Z W(j,k),,-(\/ivl. / diei + V,(le — 1))
i

and

1
Tk =0jk+ ) Wiin.i %5? + Vjk-
i

Here 0,  is the true wavelet coefficients of V' (x), thatis, 0; x = (V, ¥ ), and y; x
is the difference between 6; ; and the discrete wavelet coefficient of V;,

Vik = Z Wiin,iVi—0j k.
i

We shall see that the approximation error y; i is negligible.
For the gross structure terms at the lowest resolution level, similarly, we can
write

~

djo,k = ?J'oyk + Ejo,k»

where

- /1 ~
(12) Tiok = Z Wjo.k).i %5? +&jok + Vioks
i

B 2
(13) Z ok = \/;Z Wio ki V2V 28180 + Vie? — 1),
i

with &0 v =(V, ¢jo.x) and Vo k. = 2 Wijo.x0,i Vi — &Ejo k-

Note that the squared differences Di2 are independent and the variance aj% ¢ of
the empirical wavelet coefficients d; ; can be calculated as follows:
) n/2
(14) o7 = Var(dj ) = - Y Wi ki Var(D}).
i

We shall use this formula to construct an estimator of o*jz, « and then use it for
choosing the threshold.

For any y and ¢ > 0, define the soft thresholding function n;(y) = sgn(y)(|y| —
t)4+. Let J; be the largest integer satisfying 27! < J 7327, Then the 0 are esti-
mated by

5. _ I ma(djin), if jo<j<Ji,
(15 Ok = 0, otherwise,
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where

(16) Ajk=0jky2log(n/2)

is the threshold level, and 6; x is an estimate of the standard deviation o . We
shall discuss estimation of o7 x in Section 2.3.

In wavelet regression for estimating the mean function, the coefficients of the
father wavelets ¢ j, « at the lowest resolution level are conventionally estimated by
the corresponding empirical coefficients. Since there are only a small fixed num-
ber of coefficients, they would not affect the rate of convergence and the numerical
results show that the wavelet estimators perform well in general. But in the setting
of the present paper for estimating the variance function it turns out that using the
empirical coefficients directly, although not affecting rate of convergence, often
does not yield good numerical performance. We therefore estimate these coeffi-
cients by a shrinkage estimator given in Berger (1976). The estimator depends on
the covariance matrix of the empirical coefficients d o = d osLs o e d 0.2 jo)’ which
is a function of the means and thus unknown. We shall use an estimated covariance
matrix. Specifically, the estimator 3 jo of &j, is given by

. min{d, ¥~'d;,, 270 —2}£ 71 _
Jo
(17) jp = (1— T )djov
dj X7 X7,
where £ jo = (& jo,l,éj(,,z, L E 0.2 jo)' is the estimator and ¥ is the estimated co-

variance matrix of dj,. In our problem, we set

" 2
X = ;WjOV Wi,
where W, is the father wavelets part of the discrete wavelet transform matrix W.
That is, W, is a 2/0 x 5 matrix and in our setting W/, consists of the first 2/0 rows
of W. Vp is a diagonal matrix given by
Vp = Diag{Var(D?), Var(D3), ..., Var(D2 )}

with Var(Dl?) given in equation (20) in Section 2.3.

With & ik givenin (15) and é jo.k in (17), the estimator of the variance function V
is defined by

2J0 Jyo20
(18) Vo) =Y Ejp i@k ) + D Y 0 x(x).
k=1 J=jok=1

So far we have only used half of the differences. Similarly we can apply the

same procedure to the other half of differences, le = %(yzl- — y2i+1), and obtain
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another wavelet estimator Vo (x). The final estimator of the variance function V is
then given by

(19) V(x) = 2(Ve(x) + Vo (x)).

The variance function at the sample points V = {V(%) :i=1,...,n/2} can
be estimated by the inverse transform of the denoised wavelet coefficients: V =
w3128,

REMARK. In principle other thresholding techniques such as BlockJS [Cai
(1999)], NeighBlock [Cai and Silverman (2001)] and EbayesThresh [Johnstone
and Silverman (2005)] can also be adopted for estimating the wavelet coefficients
here. However in the setting of the present paper the empirical coefficients are
non-Gaussian, heteroscedastic and correlated and this makes the analysis of the
properties of the resulting estimators very challenging.

2.3. Estimate of oj% ¢~ Our wavelet estimator (19) of the variance function V
requires an estimate of Xariance aﬁ « of the empirical wavelet coefficients. To make
the wavelet estimator V perform well asymptotically, we need a positively biased
estimate of aj% - That is, the estimate c}i « 1s greater than or equal to o*jz,  With large
probability. This can be seen in the proof of our theoretical results. On the other
hand, the estimate 6% « should be of the same order as crjz’ - Combining the two
requirements together we need an estimate 6*].27 « such that P(; aj% P = 612, 0 =

C OJZ ) — 1 for some constant C > 1. We shall construct such an estimate here.

It is clear from equation (14) that an estimate of the variance of Dl.z, i =
1,2,...,n/2, yields an estimate of aﬁk. It follows from equation (10) that we
need an estimate of E(el.z), where ¢; = «/5\/1-1/25,-& + V,-(z?l-2 — 1). Note that
Dl-2 =V, + %812 + e; where §; is “small” and V; is “smooth.” We shall estimate
Var(Dl?) = E(eiz) by the average squared differences of Dl.2 over an subinterval.
Specifically, we define the estimator of Var(Diz) as follows.

Let A; = D3| — D3 fori =1,2,...,n/4. Fix 0 < r < 1 and divide the
indices 1,2,...,n/2 into nonoverlapping blocks of length [(5)"]. We estimate
Var(Diz) =FE (e,.z) in each block by the same value. Let K be the total number
of blocks and By, be the set of indices in the kth block. For 1 <k < K, let

— 2

2y =62 = 2
(20)  Var(D;)=o0f = (n/2)r(2—1/logn) 2t62133k x

forall i € By.

Lemma 6 in Section 6 shows that this estimate has the desired property for any
0 < r < 1. With this estimator of Var(Diz), we estimate aj% © by
) n/2 o
1) 62 = - Y Wi k. Var(DP).
i
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We shall use 6; ; in the threshold A x in (16) and construct the wavelet estimator
of V asin (18) and (19).

3. Global adaptivity of the wavelet procedure. We consider in this section
the theoretical properties of the variance function estimator V given in (19) under
the global MISE (2). The local adaptivity of the estimator under pointwise MSE (3)
is treated in Section 4. These results show that the variance function estimator (19)
is nearly optimally adaptive and spatially adaptive over a wide range of function
spaces for both the mean and variance functions.

3.1. Inhomogeneous function class €. To demonstrate the global adaptivity
of the variance function estimator V, we consider a family of large function classes
which contain spatially inhomogeneous functions that may have, for example,
jump discontinuities and high frequency oscillations. These function classes are
different from the more traditional smoothness classes. Functions in these classes
can be viewed as the superposition of smooth functions with irregular perturba-
tions. These and other similar function classes have been used in Hall, Kerky-
acharian and Picard (1998, 1999) and Cai (2002) in the study of wavelet block
thresholding estimators.

DEFINITION 1. Let # = H (o1, o, y, M, Ma, M3, D, v), where 0 < o) <
a <D,y >0,and M|, M>, M3, v > 0, denote the class of functions f such that
for any j > jo > O there exists a set of integers A; with card(A;) < M3277 for
which the following are true:

e Foreach k € A}, there exist constants ag = f(2_jk), ai, ...,ap—i such that for
all x € 277k, 277 (k + v)], | £ (x) = X220 ap(x — 27T k)™ | < My27 71,
e Foreach k ¢ A, there exist constants ag = f(2_jk), ai, ...,ap—1 such that for

all x € 277k, 27 (k + )], | £ (x) = X220 am(x —277k)™| < Mp27 7.

A function f € #H (o1, o, y, M1, M2, M3, D, v) can be regarded as the superpo-
sition of a regular function f; and an irregular perturbation t: f = f; + t. The per-
turbation t can be, for example, jump discontinuities or high frequency oscillations
such as chirp and Doppler of the form: 7(x) = Zle ag (x — x3)Px cos(x — xg) .
The smooth function f; belongs to the conventional Besov class BS (M>).
Roughly speaking, a Besov space Bg, 4 contains functions having o bounded deriv-
atives in L” space, the parameter g gives a finer gradation of smoothness. See
Triebel (1983) and Meyer (1992) for more details on Besov spaces.

Intuitively, the intervals with indices in A; are “bad” intervals which contain
less smooth parts of the function. The number of the “bad” intervals is controlled
by M3 and y so that the irregular parts do not overwhelm the fundamental structure
of the function. It is easy to see that #(«, «, y, M1, M>, M3, D, v) contains the
Besov class BS, . (M>) as a subset for any given o, y, M|, M3, D and v. See Hall,
Kerkyacharian and Picard (1999) for further discussions on the function classes F¢.
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3.2. Global adaptivity. The minimax rate of convergence for estimating the
variance function V over the traditional Lipschitz balls was derived in Wang et al.
(2008). Define the Lipschitz ball A%(M) in the usual way as

AM)={g:|e® )| <M, and [¢1D(x) — gD ()| < M|x — y|¥
forall0<x,y<1,k=0,..., o] — 1}

where || is the largest integer less than o and o’ = o — |a]. Wang et al.
(2008) showed that the minimax risks for estimating V over f € A“(My) and
V € AP (My) under both the global MISE and the MSE at a fixed point x, € (0, 1)
satisfy

inf sup Ellf/\ — Vllg
V. feAe(Mp),VeArP(My)

(22) = inf sup E(V(xy) — V(x))*
V. feAx (M), Verf(My)

= max{n_4"‘, n 2B/ (B+D) }.

We now consider the function class # (o1, «, y, M1, M>, M3, D, v) defined in
Section 3.1. Let Hr(a) = H(ay, o, yr, Mg1, M2, My¢3, Dy, vr) and Hy(B) =
H(B1, B, yv. My, My>, My3, Dy,vy). Since H(aj,a,y, My, My, M3, D, v)
contains the Lipschitz ball A%(M>) as a subset for any given «y, y, My, M3, D,
and v, a minimax lower bound for estimating V over f € #y(«) and V € Hy (B)
follows directly from (22):

(23)  inf sup E|IV = V|3 > C -max{n~*, n=2#/0+2P)}
V. fests(@,Vesty()

The following theorem shows that the variance function estimator Vis adaptive
over a range of the function classes #. We shall assume that the error z; in the
regression model (1) satisfies the property that the moment generating function of
zl-z, Gx)=E (e“z‘z), exists when |x| < p for some constant p > 0. This condition
implies that the moment generating function of ¢; in (9), G.(x) = E(e*%), exists
in a neighborhood of 0.

THEOREM 1. Let {y1,...,yn} be given as in (1). Suppose the wavelets
{d, v} € W(D) and the moment generating function of ziz exists in a neighbor-

hood of the origin. Suppose also vy < 1+ 4oy — 4o, and yy < 11:'_22% . Then the

variance function estimator % given in (19) satisfies that for some constant Cy > 0
andall0 < B <D

(24) sup E|V - V||§5C0-max{n—4“,<
n

fedHy(@),Vedty(B)
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REMARK. The use of Coiflets in Theorem 1 is purely for technical reasons.
If the following mild local Lipschitz condition is imposed on functions in # in
regions where the functions are relatively smooth, then the Coiflets are not needed.
Local adaptivity result given in the next section does not require the use of Coiflets
and our simulation shows no particular advantages of using Coiflets in the finite
sample case.

() If @ > 1 >y, then for k ¢ Aj,|f(x) — f(277k)| < My27/, for x €
277k, 277 (k + v)]. ' ' _ 4

(i) If o > a1 > 1, then | f(x) — f(277k)| < M2/, for x € [27 7k, 277 (k +
v)].

Comparing (24) with the minimax lower bound given in (23), the estimator v
is adaptively within a logarithmic factor of the minimax risk under global MISE.
Thus, the variance function estimator V, without knowing the a priori degree or
amount of smoothness of the underlying mean and variance functions, achieves
within a logarithmic factor of the true optimal convergence rate that one could
achieve by knowing the regularity.

For adaptive estimation of V over the traditional Lipschitz balls, the following
is a direct consequence of Theorem 1.

COROLLARY 1. Let {y1,..., yn} be given as in (1). Suppose the wavelet \ is
r-regular and the moment generating function of ziz exists in a neighborhood of
the origin. Then the variance function estimator v given in (19) satisfies that for
some constant Co > Qand all0 < B <r

logn\ 28/(1428)

(25) sup E|V-V|3<Co -max{n_4“, (
feA“(Mf),VeAf‘(Mv)

4. Local adaptivity. For functions of spatial inhomogeneity, the local smooth-
ness of the functions varies significantly from point to point and global risk mea-
sures such as (2) cannot wholly reflect the performance of an estimator locally.
The local risk measure (3) is more appropriate for measuring the spatial adaptiv-
ity, where x, € (0, 1) is any fixed point of interest.

Define the local Lipschitz class A*(M, x,, §) by

AY(M, x,,8) = {g: |81V (x) — 1D (xy)| < M|x — x,|%,
x € (xs — 8, x5+ )}

where |« is the largest integer less than « and &’ = o — |«].

THEOREM 2. Let {y1,..., Yn} be given as in (1). Suppose the wavelet  is
r-regular and the moment generating function of ziz exists in a neighborhood of
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the origin. Then the variance function estimator 1 given in (19) satisfies that for
any fixed x € (0, 1) there exists some constant Co > 0 such that for all « > 0 and
all0<B<r

sup E(V(xy) — V(X*))2
FEANY(My,x4,87),VEAP (My ,x4,8v)
(26)
1Ogn)2ﬂ/(1+2ﬂ)}

< Co-max{n_4“, (
n

Comparing (26) with the minimax rate of convergence given in (22), the esti-
mator V is simultaneously within a logarithmic factor of the minimax risk under
the pointwise risk. We shall show in Section 4.1 that, under the pointwise risk,
this logarithmic factor is unavoidable for adaptive estimation. It is the minimum
penalty for not knowing the smoothness of the variance function V. Therefore the
estimator V is optimally adaptive under the pointwise loss.

4.1. Lower bound for adaptive pointwise estimation. 'We now turn to the lower
bound for adaptive estimation of the variance function V under the pointwise MSE.
The sharp lower bound we derive below demonstrates that the cost of adaptation
for variance function estimation behaves in a more complicated way than that for
mean function estimation.

It is well known in estimating the mean function f that it is possible to achieve
complete adaptation for free under the global MISE in terms of the rate of conver-
gence over a collection of function classes. That is, one can do as well when the
degree of smoothness is unknown as one could do if the degree of smoothness is
known. But for estimation at a point, one must pay a price for adaptation. The opti-
mal rate of convergence for estimating the mean function f at point over A%(M y)
with o completely known is n=2%/(1+2%) I the setting of adaptive estimation of
the mean function, Lepski (1990) and Brown and Low (1996) showed that one has
to pay a price for adaptation of at least a logarithmic factor even when « is known
to be one of two values. It is shown that the best achievable rate is (10%)2“/ (1420)
when the smoothness parameter « is unknown.

Here we consider adaptive estimation of the variance function V at a point. The
following lower bound characterizes the cost of adaptation for such a problem.

THEOREM 3. Let ag,a; > 0, Bo > B1 > 0 and 4ag > 133181' Under the
regression model (1) with z; L. N(, 1), for any estimator V and any fixed
x* € (07 1)’ lf‘

1im min{n4a0, n2ﬂo/(1+2ﬁ0)}
n—oo

27) _ )
X sup E(V(xy) — V(x4)” <00,
fea® M), verlo(My)
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then

n \2B1/(42B)
i (52,
n—o00 logn

(28) _ )
X sup E(V(xx) — V(x)” > 0.
FEAY (M f),VeAPL(My)

The lower bound for adaptive estimation given in Theorem 3 is more compli-
cated than the corresponding lower bound for estimating the mean function given
in Lepski (1990) and Brown and Low (1996). Theorem 3 shows that, if an esti-
mator is rate optimal for f € A (M) and V € APo(My), then one must pay a
price of at least a logarithmic factor for f € A*"(My) and V € APY(My) if the
mean function is smooth, that is, 4« > ligi% . On the other hand, if 4a| < Ii%’
then it is possible to achieve the exact minimax rate simultaneously both over
feA™(My), VeAO(My)and f € A (My), V € AP1(My). In contrast, for
estimating the mean function at a point one must always pay a price of at least a
logarithmic factor for not knowing the exact smoothness of the function.

Comparing the lower bound (28) with the upper bound (26) given in Theorem 2,
it is clear that our wavelet estimator (19) is optimally adaptive under the pointwise
risk. The lower and upper bounds together show the following. When the mean
function is not smooth, that is, 4o < %, the minimax rate of convergence can
be achieved adaptively. On the other hand, when the effect of the mean function is
negligible, that is, 4o > % , the minimax rate of convergence cannot be achieved
adaptively and one has to pay a minimum of a logarithmic factor as in the case of
mean function estimation.

The proof of this theorem can be naturally divided into two parts. The first part

(29) lim n* . sup E(V(x,) — V()c*))2 >0
=00 FEA (Mp),VeAP1(My)

follows directly from the minimax lower bound given in Wang et al. (2008). We
shall use a two-point constrained risk inequality to prove the second part,

n \2A1/+26) _ )
(30) lim ( ) . sup E(V(xs) — V(x0) > 0.
n—o0 IOgI’L fEAal(Mf),VEAﬂl(MV)

A detailed proof is given in Section 6.4.

5. Numerical results. The adaptive procedure for estimating the variance
function introduced in Section 2.2 is easily implementable. We implement the pro-
cedure in S-Plus and R. In this section we will investigate the numerical perfor-
mance of the estimator. The numerical study has three goals. The first is to inves-
tigate the effect of the mean function on the estimation of the variance function.
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Several different combinations of the mean and variance functions are used and
the MSE of each case is given. The second goal is to study the effect of different
choices of r in (20) on the performance of the estimator. The simulation results
indicate that the MISE of the estimator is not sensitive to the choice of r. Finally,
we will make a comparison between the wavelet estimator and a kernel estimator
with the bandwidth chosen by cross validation. For reasons of space, we only re-
port here a summary of the numerical results. See Cai and Wang (2007) for more
detailed and additional simulation results.

Four different variance functions were considered in the simulation study. They
are Bumps and Doppler functions from Donoho and Johnstone (1994) and also the
following two functions:

3 —30x, for 0 <x <0.1,

20x — 1, for 0.1 <x <0.25,
Vilx) =34+ (1 —4x)18/19, for 0.25 < x <0.725,

2.2 4+ 10(x — 0.725), for 0.725 < x <0.89,

3.85-85(x —0.89)/11, for0.89 <x <1,

Vax) =1 +4(e—550(x—0.2)2 +e—200(x—0.8)2 +e—950(x—0.8)2)‘

These test functions are rescaled in the simulations to have the same L, norm.

We begin by considering the effect of the mean function on the estimation
of the variance function. For each variance function V (x), we use five differ-
ent mean functions, the constant function f(x) = 0, the trigonometric function
f =sin(20x), and Bumps, Blocks and Doppler functions from Donoho and John-
stone (1994). Different combinations of wavelets and sample size n yield basically
the same qualitative results. As an illustration, Table 1 reports the average squared
errors over 500 replications with sample size n = 4096 using Daubechies com-
pactly supported wavelet Symmlet 8. In this part, we use r = 0.5 in (21). Figure 1
provides a graphical comparison of the variance function estimators and the true
functions in the case the mean function f = 0.

It can be seen from Table 1 that in all these examples the MISEs mostly depend
on the structure of the variance function. The effect of the mean function f is not
significant. For Bumps and Blocks, the spatial structure of the mean f only affect

TABLE 1
The average squared error over 500 replications with sample size n = 4096

fx)=0 f(x) =sin(20x) Bumps Blocks Doppler
Vix) 0.0817 0.0842 0.0825 0.0860 0.0837
Vo (x) 0.0523 0.0553 0.0557 0.0563 0.0567
Bumps 0.1949 0.2062 0.2146 0.2133 0.2060

Doppler 0.4162 0.5037 0.4817 0.4888 0.4902
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VA(x)
V2(x)
2

0.0 0.2 0.4 0.6 0.8 1.0

Bumps
Doppler

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

FI1G. 1. Wavelet estimates (solid) and true variance functions (dotted).

a small number of wavelet coefficients, and the variance function estimator still
performs well. But still, when f is smooth, the estimator of the variance function
V is slightly more accurate. We can also see that the results here are not as good
as the estimation of mean function under the standard homoscedastic Gaussian
regression model. This is primarily due to the difficulty of the variance function
estimation problem itself.

We now turn to the choice of r in (21). Using the same setting as in the previous
example, we apply our procedure for the four test functions with three different
choices of  in (21), r = 0.2, 0.5 and 0.8, respectively. The mean function is chosen
to be f = 0. The average squared error over 500 replications are given in Table 2.

TABLE 2
The MISE:s for different choices of r

Vix) Va(x) Bumps Doppler
r=0.2 0.0838 0.0581 0.1981 0.4852
r=0.5 0.0817 0.0523 0.1949 0.4162

r=0.8 0.0859 0.0532 0.2065 0.4335
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TABLE 3
Comparison of the MISEs for the wavelet and kernel estimators

Vi(x) Va(x) Bumps Doppler
Wavelet 0.0817 0.0523 0.1949 0.4762
Kernel 0.1208 0.0631 0.2296 0.5463

For each test function the MISEs are nearly identical for different choices of r.
It is thus clear from Table 2 that the performance of the estimator is not sensitive
to the choice of r. We suggest use r = 0.5 in practice.

After taking squared differences, the problem of estimating the variance func-
tion becomes the problem of estimating the mean function and virtually any good
procedure for estimating the mean function can then be applied. We now compare
the performance of our wavelet estimator with a kernel estimator whose band-
width is chosen via cross-validation. Table 3 displays the average squared errors
over 500 replications of the two estimators for the four variance functions with the
mean function f =0.

The wavelet estimator outperforms the kernel estimator for all the variance func-
tions. The MISEs of the kernel estimator are 14% to 47% higher than the corre-
sponding wavelet estimator. Although the bandwidth of the kernel estimator is
chosen adaptive via cross-validation, the spatial inhomogeneity of the variance
functions limits the performance of any kernel method with a single bandwidth.

In summary, the simulation study shows that the effect of the mean function
on the performance of the wavelet estimator is not significant. In this sense our
wavelet procedure is robust against the mean function interference. The procedure
is also not sensitive to the choice of r. In addition, the wavelet estimator uniformly
outperforms the kernel estimator whose bandwidth is chosen by cross-validation.

6. Proofs. We begin by introducing and proving several technical lemmas in
Section 6.1 that will be used in the proof of the main results. Throughout this
section, we use C (as well as Cyp, Cy, etc.) to denote constants that may vary from
place to place.

6.1. Preparatory results. Oracle inequality for the soft thresholding estimator
was given in Donoho and Johnstone (1994) in the case when the noise is i.i.d. nor-
mal. In the present paper we need the following risk bound for the soft thresholding
estimator without the normality assumption. This risk bound is useful in turning
the analysis of the variance function estimator into the bias-variance trade-off cal-
culation which is often used in more standard Gaussian nonparametric regression.

LEMMA 1. Let y =0 + Z, where 6 is an unknown parameter and Z is a
random variable with EZ = 0. Then

E(n(y.2) —0)% <0% A (422) +2E(Z21(1Z] > 1)).
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PROOF. Note that
E(n(y, %) —0)> <2E(n(y, ) — y)* +2E(y — 0)*> < 22> + 2EZ?
<422 +2E(Z%1(1Z) > ).
On the other hand,
E((y.A) =0 =0*P(-r—0<Z<A—0)+E(Z—-1I(Z>x—0))
+E((Z+M1(Z <—1—0))
<O+ E(Z-1V(Z>0M)+E(Z+M1(Z<—1)
<024+ E(Z*1(1Z] > V). O

The following lemma bounds the wavelet coefficients of the functions in #.

LEMMA 2. (i) Let g € #H (a1, a,y, M, My, M3, D, v). Assume the wavelets
{¢., 9} € W(D) with supp(¢) = supp(y) C [0,v]. Let n =27, &5 4 = [ gy i and
Ojx=[8V¥;jk. Then

Erk —n~ g (e/m)| < Millgln™ V20 forallk e Ay
&k —n~2g(k/n)| < Myl @Iy /2T forallk ¢ Ay;
10 k| < M ||y, 27 1724 forallk € Aj;
1071 < Milly (1277024 forallk ¢ A;.
(ii) For all functions g € A*(M), the wavelet coefficients of g satisfy | 0y |<

C2= 117240 yyhere constant C depends only on the wavelets, o and M only.

Lemma 2(ii) is a standard result; see for example, Daubechies (1992). For a
proof of Lemma 2(i), see Hall, Kerkyacharian and Picard (1999) and Cai (2002).
It follows from this lemma that

n k 2
(31) sup Z(g,,k - n_l/zg(—)) < Cn~@AAD,
gEAP(M) =1 n

The next lemma gives a large deviation result, which will be used to control the
tail probability of the empirical wavelet coefficients.

LEMMA 3. Suppose ¢;,i =1,2,..., are independent random variables with
Ee; =0, Var(e;) = v; < vg for all i. Moreover, suppose the moment generating
function M (x) & E(exp(xe;i)) exists when |x| < p for some p > 0 and all i. Let

1 m
Ly =—— Zamif‘?i
VY0 ;5
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with Y/ as. =1 and |awi| < co/s/m for some constant cq, then for A =
o(m~Y*) and sufficiently large m

P(|Zn |>om)\) 23 14

where cr Za ;Vi/vo and C > 0 is a constant.

PROOF. Let S, =m'/*Z,, and M,,(x) = E(exp(xSy,)). Suppose w;x denote
the kth moment of ;. Note that |a,,;| < com™'/? for any m and 1 <i < m, we
have

log(M(x)) _ 1

.m /4
i Amim
mi/2 ) ZlogM’( )

J%
1 ml/242 m¥4a3
— 1 1 Ui 2 )
ml/zlg: 0g( + 2vg o 6v, 3/2 L
1

m /242 5 343

ml

:m1/2 El( 200 xX“+m X -Am(x)>
1=

2
= +m 43 ALx)
20

where A, (x) is uniformly bounded for all m when x < p. This means that M,, (x)
can be written in the form M,,(x) = e’”l/z(xz/zv(’)(l + 0@m=Y*%) for |x| < p. It
then follows from Theorem 1 of Hwang (1996) that for A = o(m~'/4) and suffi-
ciently large m

P(|Zm| > omA) A3 —1/4
WSGX})(CW)(I"’O(’" ). 0

A special case of Lemma 3 is when m > (logn)* for a positive integer n and
some k > 2 and A = /2logn. In this case, we have

P(|Zn| > om/2T0gn) e (c (210gn)3/2)(1 N 0( V2Tlogn ))
20— o 2logn))  — CP\" (logn)krA (logn)k/4 ) )

Since k > 2, exp{(logn)3/>=%/*} = 0(n?) for any a > 0 as n — oo. Therefore

(32) P(|Zm| > omy/2logn) < O(nll—a>

for any a > 0.

The following two lemmas bounds the difference between the mean t; ; of the
empirical wavelet coefficient d; ; and the true wavelet coefficient 0; i, globally
and individually.
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LEMMA 4. Using the notation in Section 2.2, and under the conditions of
Theorem 1, we have

sup {Z(Tjo k— ‘i:jo k) + Z(fj k— j k) }

feHyr(a),Vetty(B)

— O (n~ MA2BA+2B1=1))

PROOF. Note that

2
Y Gk =ik + D Tk — 010> =D (E Wiin, l,/ 8 + vy, k)
k Jsk

Ik N

522<ZW(]]<)!\/> ?) +2Z%k

It follows from the isometry property of the orthogonal wavelet transform that

2
1 1
Wi i —82 54.
Z(Z wvznt) o
Jok N

From the definition of the function class #, if 2i — 1 € Ay then §; < Cn— (1D
for some constant C > 0;if2i —1¢ Ay, §; < Cn~ U2 for some constant C > 0.
This means

l 4 4. 4
n;ai Za Zs

IEAJ Z¢AJ
1 1
< _Mf3n)/fcn—4(1/\ot1) +—(n— Mf3n}/_f)cn—4(1/\a)
n n

— C1n74(1/\05) + Czn}’f*lfﬁl(l/\oq) — O(nf(l/\4a)).
On the other hand,

23 = 22(2 Win.i(Vi— V(@i — 1)
J.k j.k i
Y Wi (VEi—1) - ej,k)z)
i
2
_42(2 Win.i(Vi—V(2i — 1)))
jk\ i

2
+ 42(2 Wik.iV(Q2i—1)— ej,k)

AN
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2
=4> (Vi - V@i - D) +4Z(Z WiV Q2= 1) = 9j,k> :

ok N i
Similarly to the previous calculation, we have

SOV — V@i — 1))? = 07V~ g =208

1

It follows from Lemma 2 that
2
Z(Z Wik VQ2i—1)— ej,k)
Jk N\ i

=3 (k6 — VQi— 1)’
k

= Y Epx—VQ =D+ Y (k- VQi— 1)

keAjp k¢A g
< Cin 4 Con"v 1721,

The lemma is proved by putting these together. [J

LEMMA 5. Using the notation in Section 2.2, for any x, € (0, 1),

sup (Z(?jo,k —&jo. k)P ok (Xs)

€AY (Mf,x4,8),VEAP (My,x:,8) \
f

2
+ ) (tjk — 9j,k)1ﬁj,k(x*))
ik
— O(n—(4om2,3/\1))‘

PROOF. It follows from the property of DWT that,

2
(Z(?,-o,k — £ )Pjok () + > _(Tjk — ej,k)w,-,k(x*>>
k

Ik

= (Z(@(%S? + Vi) - 511,:‘)%1,5()6*))2-

Note that ¢ (x) has compact support, say supp(¢) C [—L, L]. So ¢j—1,i(xx # 0)
only if % ¢ (x4 — ZTL,x* + YL). This means in the previous summation we

only need to consider those i’s for which 2n—’ € (x4 — %, Xy + %). For those

i, supp(¢s—1.i) C (xx — 8, x4 + 8) for all sufficiently large n. On the interval
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(x4 — 8, x4+ 6), both f(x) and V (x) has Lipschitz property and the lemma now
follows from (31). [

—

Lemma 6 below shows that the estimator Var(Dl.z) given in (20) has the desired
property of being slightly positively biased.

LEMMA 6. Suppose V (x) is bounded away from zero and z;’s are i.i.d. ran-
dom variables. Suppose 5,3 is the estimator mentioned in Section 2.3. Then for any
m > 0 there exist constants C,, > 0 such that

P(ﬂ (N (Ee) <67 < 4E(ei2))> >1—Cpn™™.

k ieblock k

PROOF. Let uj denote the kth moment of z;. It is easy to see that
1 BA1 1 2(anl)
EAj=Vy_ | —Vy < 2MV<_) + Mf(—) ,
n n
EA? = (V3,1 — V3)2 4+ E(e3;_1) + E(e3,).

Since E(e2) = V2 (ug — 1) 4 262V; + 232V 5113, we know that

B~ E@) < CO((U ;j|)/3A1 . <|i ;j|>05/\1>

for some constant Coy. Denote by Bj the set of indices in block k. Let wy =
maxieBk{E(el.z)}. Then for any j € By

o — E(e?) < Co(n—(l—r)(ﬂ/\l) +n—(l—r)(oz/\])) < Con—(l—r)(a/\ﬂ/\l)

and hence
A2\ 2 / R /AY 2 2
EO0 = o amaay (VT B E@)

2 2 2

= 2= 1/logn)(n)2)" zgk(E(EZi—l) + E(ey,))
2

Do — 2Con~ 1= @ABAD
= 2 —1/Togn)(n/2) zgk( Wk on )
1/logn 2

=wy + C()I’l_(l_r)(a/\ﬂAl).

e -
2—1/logn 2—1/logn
Since V (x) is bounded away from zero, we know that w; > C for some constant
C > 0. So when n is sufficiently large, there exists some constant C; > O such
that

Vdoan 2 cop(=n@rsah 2 ¢y /logn.

W
2—1/logn 2—1/logn
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Since all the moments of e; exist, all the moments of A; exist. Then for any fixed
positive integer /,
P67 > wyp)

= P(6¢ — E(67) > wx — E(6}))

> P<Ak2 — E@6?) > —( [/logn Wi — 2 Con_(l_r)(“ﬁ/\l)))
2—1/logn 2—1/logn

> P(|6¢ — E(67)| < C1/logn)
E[6F — E@62)™
= (Ci/logn)?

1

21
=1- E AZ _ EAZ .
(C1/logn)?n?(2 —1/logn)? <2§gk( ' z)>

Since A;’s are independent random variables, we know that E (D o Bk(A,2 —
E Atz))ﬂ is of order (n")! for sufficiently large n. This means

n'!

21
(33) P(&,fzwk)zl—o((log”) )

So

1—r I—r
" s log?n\"\\" (logn)?
p(gw,zwk))z(l_a(( =) =1-o( e,

Since [ is an arbitrary positive integer, this means for any m > 0 there exists a
constant C,, > 0 such that

P(ﬂ N 62> E(e?))) >1—Cpyun™ ™.

k ieblock k

Similarly, we know that for any m > 0 there exists a constant Cj, > 0 such
that

P(ﬂ N (6,3<4E(e§))>>1—c,’nn—m.

k ieblock’k

A direct consequence of Lemma 6 is that P((; oﬁk < Ajz’k < Cajz’k) >1-

Cn~™ for any m > 0 and some constant Cy,.
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6.2. Upper bound: Proof of Theorem 1. It is clear that the estimators Ve, Vo,

and thus V have the same rate of convergence. Here we will only prove the con-
vergence rate result for V,. We shall write V for V, in the proof. Note that

2Jo
E\V—=VIi,=EY Gji —&jp.i)
i=1

J1 00
+HE YOk —0i07+ 3 D07k

j=jo k j=h+1 k

(34)

There are a fixed number of terms in the first sum on the RHS of (34). Equa-
tion (13) and Lemma 4 show that the empirical coefficients d, x have variance of
order n~! and sum of squared biases of order O (n~ (N4 2BAI+281=¥v))) Note
that yy — 1 — 281 < % S0

2Jo

sup EZ(é\jo,i _ éjo,i)z — 0(n—(l/\40(/\2/3/\(1+2/31—yv))) + O(n—l)

VeAB(M) i
28/(1428)
:max(O(n4“),0( " ) )
logn

Also, it is easy to see that the third sum on the RHS of (34) is small. Note that for
0k =(V,V¥,k), from Lemma 2,

i > 0= i (Zej%k—i_z@]%k)

j=l+1 k J=Ji+1 \keA; k¢A;

0,0)
< Z (Clzj(VV*I*Qﬂl)_'_CZz*Zjﬂ)
j=J1+1

n O\ —28/(1428)
o) )
logn

We now turn to the main term E 2]11: o 2k (67]-, k—0 j,k)z. Note that

J1 J1 J1
EY S Oix—0i0"<2E Y. Y @k —tj0)* +2E Y Y (tjx — 0;.0%
j=jo k j=Jjo k j=Jjo k
The second term is controlled by Lemma 4. We now focus on the first term.

Note that the thresholds A ; ; are random. We shall denote by E|, () the conditional
expectation given all the thresholds A ; . It follows from Lemma 1 that

E@jk— 10" = E(Ep@k — 7j0)7)
S E(Tjp A4S0 + E(25 I (zjk] > 1j0)).-
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Note that
E(Z5 1 (Izjul > Aj0)
= E( 1 (zjkl > 1)1 (67 = 07))

+E(5 1 (zjkl > 20167, <07))

< E(5 I (Izjkl = 0juy/2l0gn)) + E(3 1 (63, <0?))
28 +5.
Set pj k = 0 x+/2logn. Since the moment generating functions of all ziz existin a

neighborhood of the origin, there exists a constant a > 0 such that E (¢®%ik/ik) <
o0. Let A = Clogn for some constant C > max(1/a, 1), then

S1 = E(Z5 . 1((AoT, Vv p7 ) = 12jkl = pjk))
sz
+aj%kE<f—2’1(|zj,k| > (Aoj%k v ,sz-’k)))
U],k
< (A%}, v p] ) P(Izjkl = 0jky/2logn)

, A2V 4(logn)?

2 2 T NS p o920k
)k atAviiogm L€ )-

Note that, when 2/ < n/(log(n/2))?, each wavelet coefficient at level j is a
linear combination of m > (logn)? of the y;’s. It then follows from Lemma 3

and (32) that
P(le7k| >0jk 210g(}’l/2)) < O(n—(l—a))

for any a > 0. Also,

ea(Av 2logn)  — paClogn — n

2 2 21002 2
A“ Vv 4(logn) - C<log"n <0(10g n)

Combining these together, and since aj% « = 0(/n), we have

logzn)
n? )

51§0<

This means S is negligible as compared to the upper bound given in (25).

Itis easy to see that S» < (E(z} ;) P(67; <07;))!/? Lemma 6 yields P(57; <
aﬁk) = O(n~"™) for any m > 0. So S is also negligible.

We now turn to E(rﬁk A 4)»%’,{). Note that

(35) E(T] AN4XS ) <2(tja — 0407 + 2E (07, A445 ).
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The first part is controlled by Lemma 4. For the second part,
E(07, A435 ) S E(07 A (4 x4p7 )+ E(07,1(67, > 407)
<407 NAPT )+ 07, P67, > 407,

Note that 9% « 18 bounded (see Lemma 2). From Lemma 6, P(&% > 40% ) =
O(n™™) for any m > 0. So QikP(ﬁj%k > 4Gj%k) is negligible as compared to the
upper bound in (25).

(;Ne now turn to 67, A 4p7 ,, note that j > J;éof% ! implies 2/ > (o) /PHY,
an
logn ) J —log, J
2 2 2 : 2
Gj’k/\4,0j’k§4pj’k§C( . ), 1f15Wandk¢Aj,
. J —log, J
O APl 07, S COIMD, iz TP E and kg A
07, N4ps, <07, <C27/UHPD - ifke A;.
This means
/1 .
ZQJZJ{ /\410]2,7]{ < Z C2J< ogn) n Z Cco— /2B
J-k Jj=(J=logy J)/(2+1) " J>(J=logy J)/(2+1)
+Z Z 2~/ (+281)

Jj kGAj

- C(loﬂ)zu—logz DIRB+
B n
+ 228 —logy J)/(2B+1) + Ccavv—1-2h

<C .
n

Putting the above bounds together, one can easily see that

n \—26/(142p)
Y E((1j)? A4AS ) S Min T AMG (n T  AnT ) 4+ c( >

(j.k)
=28/(1+2p)
< Cmax(n_4°‘, <L> )
logn

logn

This proves the global upper bound (25).

6.3. Upper bound: Proof of Theorem 2. We now consider the bound given
in (26) under pointwise MSE. Without loss of generality, we shall assume that f
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and V are in the Lipschitz classes instead of the local Lipschitz classes, that is, we
assume f € A“(My)and V € AP (My). Note that

E(V(x) — V(xa)?

2Jo
=F (Z(éjo,i - Sjo,i)sz’jo,k(x*)
i=1

Jq 2
+ Z Z(é},k — 0510V k(X)) + Z 9j,klﬁj,k(x*)>

j=jo k J>Ji.k

2J0 2 Ji 2
< 3<Z(sj0,,- — éjo,,->2¢j0,k(x*>) +3<Z > O — ej,kwj,k(x*))
i=1

j=jo k
2
+3(Z ZQJ',ij,k(x*))
j>J1 k
2N+ L+

I is bounded in the same way as in the global case. Since we are using wavelets of
compact support, there are at most L basis functions ¥; i at each resolution level j
that are nonvanishing at x,, where L is the length of the support of the wavelet .

Denote K (j, x4) ={k:vj i (xs) # 0}. Then |K (j, x,)| < L. Hence

2 2
13:3(2 > ej,kw,-,k(x*)) 53(2 CL2_j(ﬂ+1/2)2j/2>

J>J1keK(j,xs) =
— 0(2—J1ﬂ) — O(n—2ﬂ/(1+2ﬂ))'

We now turn to /. First,
2
-~ 1/2
L < 3<Z(E(9j,k 00" |¢j,k(x*)|> :
J.k
Note that
E@jk—0j0)* <2E@;k — ;0% +2(tjx — 0;0)*
<A(tjk — 007 +2EOF , A3 ) +2E(5 I (1274 > Aj0)
<4(tjx —0;1)* + 8(012,,{ A 4p},,() + 29ﬁkp(&ﬁk > 4oj%k)

+ 2E(Z§’k1(|2j,k| > 1jk))-
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This means

2
L < 96(2(9},k A 4p,2-,k)‘/2w,~,k<x*))

ik
2
+48 (Z(Tf’k - 9j,k)1ﬁj,k(x*))
ik
+ 24((912,kp(6j2’k > 46j2,k))1/21ﬁj,k(x*))2

The last two terms follow from the proof of the global upper bound and the second
term is controlled by Lemma 5. For the first term, from the discussion in the proof
of global upper bound, we have

Zwik A 41012',k)1/2¢j,k(x*)

ik

- > > (ef,k A 4P,2',k)1/21//j,k(x*)
Jo<j<(J—logy J)/2B+1) k€K (j,xx)

T > Yo 07 AT k()

j>(I—logy J)/2B+1)keK (j.xs)
) 1/2
Jo<i<(J—log, J)/Q2B+1) "

+ Z CL2J/20—i(B+1/2)
Jj>(J—log, J)/(2B+1)

logn\A/(128)
-o(() )
n

Putting these together, one can see that /> < C max(n %%, ( @)zﬂ /(+428)y This
proves the local upper bound (26).

6.4. Lower bound: Proof of Theorem 3. We first outline the main ideas. The
constrained risk inequality of Brown and Low (1996) implies that if an estimator
has a small risk &2 at one parameter value 6y and (0; — 09)2 > gp where p is the
chi-square affinity between the distributions of the data under 8y and 6, then its
risk at 8] must be “large.” Now the assumption (27) means that the estimator V(x*)
has a small risk at 6y = Vp(x,). If we can construct a sequence of functions V,,
such that Vj, is “close” to Vj in the sense that p is small and at the same time A =
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| Vi (x) — Vo(xy)]| is “large,” then it follows from the constrained risk inequality
that \7(x*) must have a “large” risk at 6 = V,,(x,). So the first step of the proof is
a construction for such a sequence of functions V,,.

Set Vo =1 and let g be a compactly supported, infinitely differentiable function
such that g(0) > 0, [g=0and [ g?>=1. Set

Va(x) = Vo) + tPg(t,  (x — x0)),

where 1, = (Ck’%)l/ (1428) and 0 < ¢ < 1 is a constant. It is easy to check that f,,
are in AP (M) if the constant c is chosen sufficiently small.

The chi-square affinity can be bounded same as before. Note that the chi-square
affinity between ® = N(0, 1) and W = N(0, 1 4 y,,) is

(36) p(®, W) =(1—yH) /2

Lety; =V (x;)zi,i =1,...,n, where z; are i.i.d. N(0, 1) variables. Denote by Py
and P, the joint distributions of yy, ..., y, under V = Vg and V = V,,, respectively.
Then it follows from (36) that

pn = p(Po, Pp)

l_[ Zﬂ 2 l(xi _x*))]—l/Z

= exp:—% > log(1 — t2P g%t (xi — x*)))}

i=1

< exp{tnzﬁ Zgz(fn_l(xi - X*))}

i=1

where the last step follows from the fact —5 log(l —z)<zforO0<z< 2 Note that
(nt) ™' 20 &2 (5 (i —x)) = [ g -1, 50 371 8°(z, ! (xi —x4)) < 2n7y for
sufﬁc1ently large n, and hence p, < exp(2nt, 126 ) < n*. Since the zero function
isin A*(My) and V) € APO(My), equation (27) implies that for some constant
C=>0,

E(V(x.) — Vo(x))? < Cn= 2P/ 05260,

280 }_ 2131

for r = min{4ao, 175 5o B> 0. Hence, for sufficiently large n, it follows
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from the constrained risk inequality of Brown and Low (1996) that

2C1/2n/31/(1+2l31)n1’/2n6>

E(VGr) = V() = 2200 (1 - ;
7x 8(0)

n

2C1/2nﬂ1/(1+2ﬂ1)nr/2n6>

2
8 (O)(l a (Clogn/n)ﬂl/(l-i-Z,Bl)g(O)

2B1/(14281)
> Lasasee 2 ). (loﬂ) R
2 n
by choosing the constant ¢ < r/2.
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