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WAVELET REGRESSION IN RANDOM DESIGN WITH
HETEROSCEDASTIC DEPENDENT ERRORS
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We investigate function estimation in nonparametric regression models
with random design and heteroscedastic correlated noise. Adaptive properties
of warped wavelet nonlinear approximations are studied over a wide range of
Besov scales, f € B;, ., and for a variety of L? error measures. We consider
error distributions with Long-Range-Dependence parameter o, 0 < o < 1;
heteroscedasticity is modeled with a design dependent function o. We pre-
scribe a tuning paradigm, under which warped wavelet estimation achieves
partial or full adaptivity results with the rates that are shown to be the mini-
max rates of convergence. For p > 2, it is seen that there are three rate phases,
namely the dense, sparse and long range dependence phase, depending on the
relative values of s, p, 7 and «. Furthermore, we show that long range depen-
dence does not come into play for shape estimation f — [ f. The theory is
illustrated with some numerical examples.

1. Introduction.

1.1. Random design regression with LRD errors. Consider the random design
regression model

(l.l) Yizf(Xi)+0(Xi)8i, i=1,...,n,

where X;’s are independent identically distributed (i.i.d.) random variables with
a compactly supported density g, o (-) is a deterministic function and (g;);>1 is
a stationary Gaussian sequence that is independent of the X;’s. The long range
dependence (LRD) of the ¢;’s is described by a linear structure

00
(1.2) & = Zamni—m, ap=1,
m=0

where (1;);cz 1s an i.i.d. Gaussian sequence and lim,,— oo amm©@tD/2 =1 forua €
©, 1),

(1.3) Var(Z a) ~ cqn®™?,

i=1
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where ¢, is a finite and positive constant. In view of (1.3), the limit case & = 1 can
be thought of as similar to weakly dependent errors case.

1.2. Prologue: linear regression. Consider the regression model (1.1) with
f(x) =a + bx and correlated errors (1.2). We refer to Chapter 9 of [1], where
the case o (x) = 1 is treated. The least squares (LS) estimator of b is

b— Y XiY;
===,
i=1 X
the asymptotic properties of b—b depend on }_7_, X;0(X;)¢;. Then,

n
Var(z Xio*(Xi)si) =nE(X302(X1))E(e)
i=1
(1.4) .
+ (E(o(X1)X1))*Y_ Cov(e;, ).
i#l

In this setting, the LS estimator is 4/n-consistent when the latter term is of order
O (n), which occurs if and only if

(1.5) E(o(X1)X1)=0.

For o (-) = 1, this is always true when E(X1) =0, and, if E(X;) # 0, it is enough
to center shift the design variables X; — X, where X = % ! Xi.Wheno()#1,
condition (1.5) is not necessarily fulfilled, even if E(X ) = 0. This is illustrated in
the long range dependence literature. For example, [26] derived \/n-consistency
of a generalized least squares estimator when o (-) = 1. Condition (1.5) appears in
assumption 1 and Theorems 2.1 and 2.2 of [13]. This example suggests that, even
in a simple parametric setting, statistical properties of LS estimators depend on
the behaviour of o (-) with respect to the design distribution. For example, if the
design is uniformly distributed, X; ~ U[—1, 1], then (1.5) is written as,

1
(1.6) / o(w)udu =0,
-1

which holds for any even function o. Note, however, that, in practice, o is not
observable.

1.3. Background: nonparametric regression. The model (1.2) with general er-
ror terms of the form o (X;, ;) was considered in [5]. Asymptotic properties of the
Nadaraya—Watson kernel estimator are found in [8], where ¢;’s are assumed to be
a functional of LRD Gaussian random variables; in [9], with g; as an infinite order
moving average, and in [24], with the X;’s possibly LRD, not necessarily indepen-
dent of the ¢;’s. Local linear estimation using kernel method was studied in [22]
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and [23] and in case of FARIMA—-GARCH errors in [1] and [2]. The corresponding
results for density estimation were obtained in [4, 6, 15] and [28].

A general message from these papers is that the limiting behaviour of nonpara-
metric estimators depends on a delicate balance between the smoothing parameter
(e.g., bandwidth) and the long memory parameter «. To be more specific, we quote
the following result from [29], derived in (1.1) with o = 1:

1.7) Ru2.o(8BS )= - Min(2s/Q2s+1).0)
’ )4 T, r s
where Ry p ¢(Bj ) denotes the minimax weighted LP-risk over a Besov space
B,
(1.8) Rupg(By ) :=inf sup EIlf - I,

f fEB%"r (8)
with

1 1/p
||f—h||mg>=(/0 If(x)—h(x)l”g(x)dx> .

We refer to Section 2.2 for the precise definition of Besov spaces in terms of
wavelet coefficients. Here, s is related to the smoothness of the target function f,
whereas m and r are scale parameters. In (1.7) we see that there is an elbow in
the rate of convergence and, hence, that the best possible rate depends on the rel-
ative value of s and «. For small values of o, LRD has a detrimental effect on the
rates of convergence, whereas, for larger values of «, we obtain the same rate as if
the errors were independent. This is of importance in the development of adaptive
tuning procedures since, in practice, neither s nor « is known (note, however, that
o can be estimated). While, for o = 1, different data-driven methods (e.g., cross-
validation, plug-in) have been implemented for choosing the bandwidth (see, e.g.,
[30]), for o < 1, the effect of LRD may influence such procedures. We refer to [6]
and [15] for detailed studies in the density case. We are not aware about such con-
siderations in the random design regression setting, however, similar phenomena
are anticipated.

Indeed, not many adaptive methods for curve estimation in the presence of long
memory in errors are available. To the best of our knowledge, [12] is one of the
few papers in this direction, where an orthogonal series estimator with adaptive
stopping rule is shown to achieve the minimax rate, similar to that of (1.7), in the
model (1.2) with o (-) = 1. In [12], it was also noticed that the rate of convergence
for shape estimation f* = f — [ f does not involve « and is the same as if the
errors were independent. This observation was later confirmed by the minimax
results of [29].
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1.4. Rates of convergence of wavelet estimators. In this paper, we study adap-
tive function estimation in the model (1.2), performances of estimators are given
with respect to various L?, p > 2, error measures. Introducing the maximal risk

(1.9) Rup.g(fu- By ,) = sup Elf = fulllpq)-

feBz,
we consider nonlinear warped wavelet estimators of the form

@)= > BiallIBjxl = My a(G(x)),

(J,k)en

where G(x) = [ foo g(u)du is the design distribution function and () is a

wavelet family with enough regularity. We show the statistical parameters 8; x and
tuning parameters A, A1 may be constructed independently of s and to achieve near
optimal results. Moreover, the tuning parameter A can be chosen independently of
« as long as, for all j >0, k,

(1.10) E(¥jx(G(X1))o(X1)) =0.

Note that, for o () = 1, the condition (1.10) is always satisfied, since wavelets are
orthogonal to constants (Haar family included). We note the similarity between
condition (1.5) in the parametric setting and condition (1.10) in the nonparametric
scenario.

Introducing rate exponents

2s 2=/ —1/p))

111 - , —
(1.11) ot BT T s~ +1

we will show that

R p.g(fa, By ) < Cn=P/% (logn)*,

where
. p—n
ap, ifoa>apands > (dense phase),
= 1 —
(1L12) as, ifo>agand — <s < P—7 (sparse phase),
T
o, if « < min(ag, ap) (LRD phase),

and « > 0. This shows that convergence rates depends on the relative value of «
with respect to s but also on the relative value of s with respect to p and 7.

We show, also, that our rates are optimal (up to a log term) in the minimax sense.
Consequently, we generalize the result (1.7) to p > 2 and heteroscedastic errors. In
particular, for p = 2 the rates agree with Yang’s optimal rate, with a multiplicative
log penalty, which is usual for adaptation. For p > 2 our results show that there are
two elbows and three phases in the convergence rates, namely the dense phase, the
sparse phase and the long range dependence phase. This is illustrated in Figure 1.
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FIG. 1. [llustration of the three rate phases (1.12) for Besov scales B |. Curve depicts rate expo-
nent boundary, a(s) := min(zsz%, W
|

ats = S5—, for p > 2, this line meets the LRD boundary at o = ijl.

). Vertical line indicates the dense-sparse boundary

Furthermore, we show that, in the case of estimating the shape f — [ f, there is
no LRD phase, which agrees with the previous findings in [12] and [29]. Finally,
we will also show that, in the nonlinear wavelet estimator, we may replace G(-)
with a corresponding empirical distribution function, and the resulting estimator
still achieves the minimax rates.

2. Preliminaries.

2.1. Warped wavelets. Consider an orthonormal wavelet basis on the interval
I =10,1], [¢jr(x), ¥k (x)], where ¢ denotes the scaling function and v de-
notes the wavelet. Here, j >0,k =0,...,2/ — 1 and ¢; x(x) = 2//2¢(2/x — k),
Vijk(x) = 27/ 21&(2f x — k). We refer to Chapter 7.5 of [21] for the construction of
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such a basis. For any function f € L?[0, 1], we have the following representation:

2J0_1 0o 2/—-1
2.1 fx)= Z WjokPjok )+ DD Bixra(x),
Jj=Jjo k=0
where
1
2.2) Bix= fo FOOP () dx

denotes the wavelet coefficients associated to f, with the obvious correspond-
ing definition for the scaling coefficients o, ;. The transformation (2.2) is called
the wavelet transform (WT), and the representation (2.1) is called the inverse
wavelet transform (IWT). In the case where f is observed on a regular grid
i/n,i=1,2,...,n,both the WT and IWT can be computed in O (n(logn)) steps
using Mallat’s pyramid algorithm. In the case where the function f is observed
along a random grid, the implementation of the standard WT (2.2) and IWT (2.1)
requires some extra care.

A warped wavelet basis [19] is a modified wavelet basis representation specif-
ically designed to handle random design regression model (1.2). The modifica-
tion is suited to accommodate the design distribution function G (-). Provided that
f oG~ e L?[0, 1], we have the following representation:

2Jo—1 oo 2/-1
(2.3) fx)= Z @jokPjok (G + Y > Bjjx(G(x))
Jj=Jjo k=0
with
1
(2.4) Bjk= /0 F()g)Y; x(G(x))dx,

where g(x) = G'(x), and «; x is defined as in (2.4), with ¢ in place of . By
analogy with the standard case, we will refer to (2.4) and (2.3) as the warped
wavelet transform (WWT) and the inverse warped wavelet transform (IWWT),
respectively. Note that, by changing the variable in (2.4),

1
2.5) Bix= /O FG )W (x) dox.

This shows that the WWT of f is equivalent to the WT of f o G~!. In the case
where the function f is observed along a random sequence X; with density g, the
WWT and IWWT can be implemented in practice using a modification of Mallat’s
pyramid algorithm. This is further detailed in Section 5.1.
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2.2. Besov scales. Throughout this paper, we will assume that v is a com-
pactly supported wavelet with g, ¢ > s, vanishing moments and € C? (see
Chapter 9 of [21]). We further assume that the corresponding wavelet basis
(V) satisfies the Temlyakov property as stated in [18]. Typical examples in-
clude the Daubechies wavelet family with g vanishing moments. Finally, we con-
sider wavelet basis on the interval [0, 1] with appropriate boundary modifications
(see [7]). In the light of (2.5), it is natural to express smoothness condition, with re-
spect to f o G~ ! rather than f, as in [19]. We assume that f o G~ € B, ([0, 1]),

where s > max{%, %}. The latter condition may be written as f € L ([0, 1]) and

foG =Y Bjxvjk e B, (D)

j.k
0j(s+1/2=1/m)r o r/w
= > > 1Bkl < o0.
Jj=0 0<k<2/

The parameter s can be thought of as being related to the number of derivatives
of f. With different values of m and r, the Besov spaces capture a variety of
smoothness features in a function, including spatially inhomogeneous behaviour.

3. Minimax lower bounds over Besov balls. In this section, we construct
minimax lower bounds for the L” minimax risk, given in (1.8), for both dense and
sparse case. As mentioned in Section 1.3, for the L?-risk, homoscedastic errors
and the dense case, the lower bound was obtained in [29].

To state our result, let us recall (1.11).

THEOREM 3.1. Consider the model (1.2) and assume that f o G~! € By -
Furthermore, assume that inf, o (x) > 0. Then, as n — o0,

Cp(n=Pen/2 y p=pal2), ifs> "2 = i
RH»P,g(‘B}VI,r) =z 1 —pas/2 1 1 4 _
C,,(( ogn> \/n_p“/2>, if———<s<p n’
n T 2 2

where C, is a finite and positive constant. Furthermore, if A = {f :E[f(X1)] =
0}, then

Cp(n=rer/?), if's >

c (<logn>_p°‘5/2) f 11 p—n
, f——=<s< .
P n T 2 2w

The above theorem means that if f € A, then the lower bounds are exactly the
same as in the case of i.i.d. random errors. If this is not the case, then the rates are
influenced by long memory. Furthermore, we can see that the dependence between

Rnpg(By, NA)=
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the predictors and errors have no influence as long as o (-) is bounded from below.
Consequently, the theorem extends findings in [29] in several directions. First, it
deals with p > 2; second, it identifies the elbow in the sparse case; third, it allows
dependence between errors and predictors.

4. Upper bounds for wavelets estimators.
4.1. Partial adaptivity. By partial adaptivity, we mean that our estimator does
not depend on s, but G is known. Let
Avi={(, k), jo=—1<j<ji,k=0,1,...,2/ =1}

be the set of resolution levels. Here, the lowest resolution level jo = —1 corre-
sponds to scaling contributions at resolution level j = 0 (i.e., ¥—_1 x := ¢o.x and
B—1.k =0 k). The fine resolution level jj is set to be

4.1 21~

logn’
which is a classical condition. In practice, for a sample size n, the maximal number
of resolution levels is set to be 2/! ~ n/2; hence, condition (4.1) typically means
that all resolution levels are used in (4.2).
The partially adaptive wavelet estimator we are going to consider is

4.2) o) = > Bia{IBikl = M (G()),
(J.k e
~ 1
(4.3) Biski= =3 Ujx(GX)Y:.
i=1

The theoretical level-dependent threshold parameter is set to be

A= Tohy,j = 700y V ):n,j)
4.4)
logn
=10\ —= vV HE[Y;x(G(X1))o (X1)] # 0}
Jn
where 1 is large enough. Note that, formally, the threshold depends on both j
and k; however, from theoretical point of view, k is irrelevant. Furthermore, in
simulation studies, we will average over all k to get threshold depending on j
only.
The following theorem gives the convergence rates for the nonlinear wavelet
estimator (4.2) according to the LRD index «; recalling elbows location (1.12).

<logn>1/2>

no/2

THEOREM 4.1. Let fn be the wavelet estimator (4.2) with (4.1), (4.3) and
(4.4). Assume that f o G~ € B ([0, 1]), 7 = 1, where s > max{L, 1}, and that
o (+) is bounded. Then,

Ellf = fall} () < Cn™P/ (logn)",
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where
. p—T
ap, ifa>apands > (dense phase),
= 1 — T
Y os, ifa>asand — <s < P (sparse phase),
b4
o, if « <min(ug, @p) (LRD phase),

and k = py in the sparse and dense phase, k = 1 in the LRD phase. If « = 1, the
LRD phase is not relevant.

REMARK 4.2. When « = 1, there is only one elbow on the convergence rate,
provided that p > 2, switching from rate exponent op (dense phase) to rate ex-
ponent «s (sparse phase). This is consistent with results obtained in the case of
independent errors (see, e.g., [19]).

REMARK 4.3. For o < 1 and p > 2, our rate results seems to be new, and we
see that there is an additional elbow in the convergence rate switching from rate
exponent ap or o to & (LRD phase), depending on the relative value of s and «.
This is illustrated in Figure 1. For p = 2, we note that there is only one elbow in
the convergence rate, as we are either in the dense phase when o > ap or in the
LRD phase when o < ap. This is consistent with results of [12] and [29].

REMARK 4.4. Note that if, for all j >0, k =0,...,2/ — I, the condition
(1.10) holds, then the threshold (4.4) does not involve « (i.e., the estimator is con-
structed in the same way as if the errors were independent). The threshold (4.4) is
then similar to the universal used in wavelet shrinkage (see, e.g., [10]). There is an
additional multiplicative (logn)!/? term, which is due to the martingale approxi-
mation of LRD sequences.

To gain some insight into condition (1.10), we note that, in the case of a uniform
design distribution, this condition is written as, for all j, k

/ U)o () du =0,

which typically holds if o (#) is a polynomial function and ¥ has enough vanish-
ing moments. Typically, this condition does not hold if o has some irregularities
(jumps, cusps) or if o is oscillating at medium and high frequencies.

REMARK 4.5. Our definition (4.1) of j; is the same as the definition used in
standard (nonwarped) estimation with independent errors. We note that it is less
restrictive than the definition used in the warped wavelet estimation setting of [19].
Because of such choice of ji, the bias is of smaller order than the bias in [19].
Consequently, in the sparse phase we have the restriction s > 1/, as compared to
s > % + % in Proposition 2 of [19]. See also Remark 4.9.
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REMARK 4.6. A comparison of our results with rate results obtained under a
regular grid design, [17, 20] and [27], shows that randomization of the design im-
proves rate performances. We illustrate this using the fixed design rate exponents,
but similar inequalities hold in the sparse region. In the fixed design scenario, the
dense region rate exponent is «s/(s + «/2), which is always smaller than the ex-
ponent min{(2s/(2s + 1)), «} achievable under a random design.

REMARK 4.7. Using the weighted norm approximation of Theorem 4.1, we
can conclude some results for the usual norm, even when g(xg) = 0 for some xg €
[0, 1]. To see this, let A = {x € [0, 1]: g(x) # 0} and assume that the Lebesgue
measure of [0, 1]\ A is zero. If, now, || - ||, = || - | Lr(1) is the usual L ,-norm, then,
with1/g1 +1/g2=1,q1,9> > 1,1 € R,

)
BIf = fully = [ BLf = fulr = [ BIf - s

< (/OI{EU” — fn|1)}q1g1q1>1/q' (/;\ g_lq2>1/qz
< (A1E|f — fn|Pq1g1q,)l/ql <]A g_lqz)l/qz

1
= (EILf = fullf ()" ( / ‘l‘“) "
= nllpra(g) Ag >

by choosing /g1 = 1. Take, now, as in [19], g(x) = (a + 1)x%, x € [0, 1]. Then, the
latter integral is finite as long as @ < (g2 — 1)™!. On the other hand, we can apply
Theorem 4.1 to conclude that in the dense and LRD phase the rates of convergence
of E|| f — fnllg are the same as of E|| f — fnllip(g), as long as

_pn—m p(I+1/(g2—1) —m)

4.5
(4.5) s 2 2

Note, however, that, if a < (g2 — D l'<Q4+7 - p)/p, then

I pd+1/(qg2—1)—7)
> — > ,
T 2

so that (4.5) becomes void. Consequently, for any a < (2 + 7w — p)/p, we can
obtain the optimal rates. Of course, this approach does not work in the sparse case,
because the resulting upper bound is not optimal (cf. Theorem 2 of [19]).

Furthermore, if 0 <m < g < M < o0, then the norms || - ||, and || - ||Lr(g) are
equivalent.

4.2. Full adaptivity. By full adaptivity, we mean that our estimator does not
depend on s and G is unknown. In this case, the fine resolution level j in (4.1)
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has to be modified thusly:

(4.6) i~ [
logn

In fact, in general (see Remark 7.6), we cannot use the same fine resolution level
asin (4.1).

Assume that we have 2n observations from the model (1.2) coded as follows:
the first n observations are denoted by X/, ..., X,/l, the remaining as X1, ..., X;.
The estimator that achieves the full adaptivity is

(4.7) f) = > BialllBjkl = My a(Gn(x)),

(WRIISVN

where, now, én is the empirical distribution function associated with X7, ..., X ;l
and

~ 1 A
(4.8) Bik:= =2 Vs (Gn(X)Yi.
i=1

THEOREM 4.8. Consider the estimator (4.7) with (4.4), (4.6) and (4.8). As-
sume that f o Gle £;;’r([0, 1] ﬂLipl/z, 7w > 1, where s > max{%, %}, and that
o (+) is bounded. Then, the rates of Theorem 4.1 remain valid with

-7
ap, ifoa >apand s > P (dense phase),
4 os, ifa >as and — + 3 <s§s< P (sparse phase),
T
o, if « <min(ags, @p) (LRD phase).

REMARK 4.9. Note that, in the sparse phase, there is the additional restriction
s > % + %, as compared to Theorem 4.1. This is due to the larger bias, which, in

turn, is due to choosing lower highest resolution level.

4.3. Shape estimation. As first noticed in [12], the effect of LRD is concen-
trated on the zero Fourier frequency component of the target function f and cor-
responds to the scale [ f of f. Keeping this in mind, it is possible to avoid (or
reduce) the curse of LRD by considering the estimation of the shape of the func-
tion: f — [ f. Taking into account the design distribution in (2.4), we set

1
r@i=fw = [ 6T ondy = f —epe.
Note that the wavelet coefficient ,B;'." (of ffo G~ lisequalto g j.k- We set

(4.9) L= > BiadllBikl = Mk

(j.k)eAy,j#—1
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and N*, the corresponding fully adaptive estimator. The trick here is simply to
n P g y p ply

remove the scaling coefficient. This is allowed, since fol (G (y))dy =0. In
this way, there will be no LRD effect on the convergence rates.

THEOREM 4.10. Let fn* be the wavelet estimator (4.9). Under assumptions of
Theorem 4.1,

(4.10) E[lf* = £l < Cn=P/% (logn)P” .

Under the assumptions of Theorem 4.8, the same bound is valid for f,;"

Note that fol (G~ (y))dy =E[ f*(X1)] = 0. Therefore, by comparing (4.10)
with the second part of Theorem 3.1, we see that f* is estimated (up to a log term)
with the optimal rates.

5. Finite sample properties.

5.1. Implementation. In our simulation studies, we focus on LRD effect. For
this purpose, we assume that U1y < U(z) < --- < U(y) denotes the ordered design
sample from the uniform distribution, and Y(y), ..., Y(,) the corresponding obser-
vations of Y;, not necessary ordered. If G, is the empirical distribution function
associated with U(y), ..., Uy, we have

(5.1) —Z%k 2 (Ui))Yay = — Z%wmmn

i=1

As noted in [3], in the case of a uniform design distribution, the ordered sample
Uqy, ..., Up) may be used as a proxy for the regular grid #; =i/(n + 1). Thus,
in this case, (5.1) is computed by a simple application of Mallat’s algorithm using
the Y(;)’s as input variables. This algorithm is implemented in the wavethresh
R-package with various thresholding options, from which it is straightforward to
compute function and shape estimators. This is the software (appropriately modi-
fied) we have used in the examples below.

Data-based threshold. As mentioned in Remark 4.4, if (1.10) holds, then the
threshold is almost like in the usual fixed-design regression, with i.i.d. errors
10logn/\/n; here, with the additional log penalty. The parameter 7 is estimated
by a standard deviation of wavelet coefficients on the finest resolution level (option
by .level=FALSE) or by computing standard deviation on each level separately
(option by . 1level=TRUE).

The LRD part of the threshold may be chosen in the following way. First, note
that E[v/; « (G(X1))o (X1)] is just the wavelet coefficient of o (G~1(")). Therefore,
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we may perform a preliminary estimation and compute residuals, which serve as
proxies for o (X;)¢e;. From this, we can estimate o (-) and then the dependence
index «. If 6 (-) is the estimator of o (-), then we may apply DWT to & (G;l (i/n)).
Extracting the resulting wavelet coefficients on level j, we obtained the estimates
of E[¥; x(G(X1))o (X1)]. Fora given J, the level dependent threshold is obtained
as the average over k =0, ...,27 — 1.

5.2. Examples. We generate Y;’s data according to (1.1) with Lidar, Bumps
and Doppler target

1.05
(5.2) f0 = (1 -x)" Sin(znx Iy os)’

a uniform design distribution X; = U; ~ U0, 1] and the following three o (-)
scenarios: (a) homoscedastic scenario with o(x) = 0.1 (constant noise level);

(b) heteroscedastic with o (x) = 0.1\/% (x 4+ 0.5) (linear noise level); and (c) het-
eroscedastic with o (x) = 0.1(sin(;rx) — sign(x — 0.4)) (irregular noise level). For
calibration and comparison purposes, we quote, for scenario (a) with the Doppler
target, the signal-to-noise ratio (SNR)

2

o

) ~9.34 (dB).

All other target function (Bumps and Lidar) were standardized to obtain
the same SNR. Two different threshold parameters are considered, one given
by (4.4) and the standard Donoho-Johnstone threshold. The noise level is es-
timated either on each level (option by.level=TRUE) or globally (option
by .level=FALSE). For such threshold values, we apply two threshold policies,
Hard and Soft. Finally, Daubechies DB(6) and DB(2) wavelets are considered.
For each of those scenarios we study the effect of the LRD parameter « on the per-
formances of function estimator (4.2) and shape estimator (4.9) for sample sizes
n=1024.

Monte Carlo results for Doppler and Bumps, with N = 1000 replications and
Daubechies DB(6) wavelet are summarized in Tables 1 and 2 on page 3409. No-
tation DJ thr and LTD thr stands for Donoho-Johnstone universal threshold
and the one given in (4.4), respectively.

The mean square error MSE := % Yo (fG/n)— fu(i/n))? is plotted as a func-
tion of the dependence parameter as d = (1 — «)/2 € (0, 1/2) in Figure 2. Here,
d corresponds to the fractional integration parameter as required to simulate LRD
noise using fracdiff R-package.

Analysis of the results.

1. Figure 2 describes MSE, for the homoscedastic scenario (a). We can observe
that the MSE seems to remain stable when the dependence is in the [0, 0.35]
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TABLE 1
Monte Carlo approximations to MSE of function estimator (4.2) of the Doppler target,
with 1000 replications of the model (1.1), in scenario (a), (b) and (c) for some values
of the dependence parameter d

(a) (b) (0)
d DJ thr LRD thr DJ thr LRD thr DJ thr LRD thr
0.000 0.0277 0.0277 0.0276 0.0305 0.0280 0.0329
0.150 0.0276 0.0276 0.02745 0.0288 0.0279 0.0319
0.300 0.0284 0.0284 0.0282 0.0287 0.0289 0.0315
0.325 0.0280 0.0280 0.0278 0.0281 0.0284 0.0316
0.350 0.0282 0.0282 0.0281 0.0282 0.0288 0.0319
0.375 0.0299 0.0299 0.0297 0.0299 0.0306 0.0335
0.400 0.0320 0.0320 0.0317 0.0319 0.0326 0.0350
0.425 0.0350 0.0350 0.0347 0.0347 0.0358 0.0383
0.450 0.0449 0.0449 0.0445 0.0446 0.0466 0.0486

range. Then, a sudden increase occurs after 0.35 suggesting that, for this sim-
ulated example, the LRD phase becomes active for very dependent error terms
and confirming the detrimental effect of LRD in this region. This is also con-
firmed in Table 1. The similar effect is visible in the case of Bumps function,
in Table 2.

2. We compare Donoho—Jonstone classical threshold with the one introduced
in (4.4). Comparing left and right panels in Tables 1 and 2, we can see that
there is completely no difference in case of the heteroscedastic noise. However,

TABLE 2
Monte Carlo approximations to MSE of function estimator (4.2) of the Bumps target,
with 1000 replications of the model (1.1), in scenario (a), (b) and (c) for some values
of the dependence parameter d

(@) (b) (©)
d DJ thr LRD thr DJ thr LRD thr DJ thr LRD thr
0.000 0.1295 0.1295 0.1293 0.1273 0.1297 0.1239
0.150 0.1298 0.1298 0.1297 0.1288 0.1301 0.1256
0.300 0.1297 0.1297 0.1294 0.1295 0.1300 0.1263
0.325 0.1301 0.1301 0.1297 0.1296 0.1308 0.1281
0.350 0.1309 0.1309 0.1306 0.1306 0.1315 0.1289
0.375 0.1328 0.1328 0.1324 0.1324 0.1334 0.1308
0.400 0.1340 0.1340 0.1335 0.1335 0.1349 0.1327
0.425 0.1377 0.1377 0.1372 0.1372 0.1389 0.1367

0.450 0.1462 0.1462 0.1456 0.1456 0.1487 0.1460
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F1G. 2.  Monte Carlo approximation to MSE, n = 1024. Doppler function with o (x) =0.1.

in case of the irregular noise [like scenario (c) above], the picture is not clear.
In Doppler case the classical threshold performs better, on the other hand the
level-dependent threshold (4.4) is preferable in case of Bumps target. This also
applies to Lidar function.

3. There is not too much difference between DB(2) and DB(6), as well as between
Hard and Soft policy. However, the BY . LEVEL noise estimation (i.e., esti-
mation of 79 = 1o, ;) gives worse results in terms of MSE. The reason for this
could be the following: variance estimator in case of LRD has slower rates of
convergence then in the associated i.i.d. sequence. Consequently, on low fre-
quencies (this is where LRD comes into play), the noise level estimates may
not be very precise. The practical message is that, in LRD case, we should use
the noise level estimates based on the highest resolution level.

6. Proofs: lower bounds. To obtain the lower bounds, we follow closely the
ideas of [25]. Let us first introduce some notation. Denote Y = (Y1, ..., Y,), e =
(&1,...,&2),1=(1,...,1), and, for any function f, let

SX) = (X1), ..., f[(Xn))
and f(X)/o(X) and f(X) *x 0 (X) be the coordinatewise division and multiplica-
tion, respectively, of two vectors. Furthermore, E is the covariance matrix of ¢.
With a slight abuse of notation, let & = (§;;); j=1,...., and 21 = (éljl),-,lzl,m,n [of
course, (£;7)”" # EJI, in general].
For two functions f, fo, denote by A, (fo, f) the likelihood ratio

A (fo, [) =dPyp /dPy ),
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where Py (s is the distribution of the process {¥;,i > 1} when f is true.
Note that the model (1.2) can be written as Y = f(X)’ + (o (X) * &)’. Then, we
have, under Py (),

2In An(fo, f)
(SO

() (e

_ _(fo(X;&)f(X))'E_l ((fo(X;(;)f(X)))
o BX Y o,

In what follows, 7o and C1, ..., C4, C, will be fixed and positive numbers.

Sparse case. This is the case when the hardest function to estimate is repre-
sented by one term in the wavelet expansion only. In this case, we use the result of
Korostelev and Tsybakov (see [16], Lemma 10.1).

LEMMA 6.1. Let V be a functional space, and let d(-, -) be a distance on V.
Let V contain the functions fo, f1,..., fx, such that:

@) d(fx, f) <6>0fork=0,1,...,K,k#k,

(b) K = exp(ry) for some A, > 0,

(©) In A, (fo, fr) = Unk — Unk, where vy are constants and u,jy is a random vari-
able such that for some o > 0 we have Py (uyx > 0) > mo,

(d) Supy Upk < Ay.

Then, for an arbitrary estimator f,

sup Py (d(fas £)=8/2) = 70/2.

To use this lemma, let us now choose V = {fj(:0 <k < 2/ — 1}, where
Fik() = Bja¥jk(Gx)) [ie., fix(G™ W) = Bjx¥jx), fo=0]. Since f o

./
Gle B, ., we have B < A27/%, where s'=s+ % — % Furthermore, for any

fiheV,let

d(f,h)y=|f—hllLre
be the weighted L”-norm on V. Then,

d(fik, fix) = Bjx2/ V271D |y, = 6.
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Plugging-in fo =0and f = fj; in (6.1), we obtain
(LK o fieX) FikX)\ S
02— =) e () 2 ) B
Write
In Ay, (fo, ) = {ln A, (fo, fjk) + An} — An = Unk — Unk.

Note, also, that the first component (6.2) is nonnegative, since E (and so 2l is
positive definite.
By the Cauchy—Schwarz inequality and Lemma 6.2 below, we obtain

= ()W ()

Therefore, by (6.2), (6.3), Chebyshev inequality and the aforementioned positivity
of the component in (6.2), we obtain

P(up > 0) = P(lnAn(an > _)\n)

(6.3) E[

(6.4) =1- MTIEB<%>/E_I<%> - 83_1(%)’]
> 1 — M
=TT,

Now, 'E1=Y; &/ = Var(Y}_, &) ~ cqn®~* via (1.3). Also,
A2 'HA'ED) =n?,

so that
(6.5) Vg "1~c,'n"
Furthermore,
(Y = (2]
o (X) o (X)
=E[f}(X)/0*CO1Y_&;" + {ELfi(X) /o CON* Y &7
66) i=1 il

< 11/o 31w 11387 4 trace(B™1) + 277 87 (B~ D)[|1/0|I2,
= 0BT +0Q2 n*)B7 = 0m)p7,.

Summarizing, we obtain that the nominator in (6.4) is bounded by C lnﬂjz. o We
now choose j, according to

n>wm

(6.7) 2 = C2<
logn
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Then,
logn .
4(s+1/2—1/m)

jIn2 (logn —loglogn) +1log C > n-

=+ 1/2—1/7)
Therefore,

P(uy, >0)>1 —4C1C2_2S/(s +1/2—1/7)>m0>0
by the appropriate choice of C> in (6.7). Consequently,

inf  sup Elf = fullls
f" f focil€£7€[,r

(6.8) >inf  sup  P(If — fullerig > 8/2)
Jn f:foGleBy,

10gn>_p/2“5

> Cpmoél = Cpg—jﬂ(s—l/frﬂ/p) — Cp(
n

Dense case. Let n be the vector with components 7y = +1,k=0,...,2/ — 1.
Letln’ be the vector with components n, = (—D)Hi=ky, | Let finx) =y; x
Zi]:f)l MY jk(G(x)). Tohave fj,oG~! € BS ., we must have y; < A27/6F1/2),

Note that fj,; — f;,i = £y;¥;ji. Now, plug-in f = fj, and fo = f;, in (6.1) to
get
Vi (X)

o (X)

—

wji(X))/,__l&

/:*—1 .. . =
)u wooizyj(a(x)

—2In A, (fo. f) = yf(
As in (6.6), we have
Ef,, [1In An(fo. I < Cany} <m0,

if we choose

2] ~ C4nl/(2s+l)
with the appropriate C4. Now, as in [25],

i?fmr?XEfm I fn — Finllngg = C2/2y;,

which, by Cauchy—Schwarz inequality, yields

(6.9) inf sup  Blf = full 5 = Cpn P20,
fa FeB5,0(0)

Therefore, via (6.9) and (6.8), we obtain the i.i.d. lower bounds in Theorem 3.1.
It finishes the proof in case of f € B; . N A.If f ¢ A, then its mean has to be

estimated. The lower bound follows in the very same way as on page 645 of [29].
This finishes the proof of Theorem 3.1.
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LEMMA 6.2. We have
Elle'E7 fXOPP1 <E[fX)'E™ FX)1.
PROOF. Bearing in mind the symmetry of &,

E[le'27 F(X)I%]

=E[Z Zeiené,-fs,:,ﬁf(X»f(le)}

il i,n

=E[f2(X)] Y Bleiei 6,6 +{ELFCON Y Eleje 16,6}

i,y i,liih#l
=E[2C01Y &) Y &g + ELF OO Y &0 Y &g,

i1l i Liy,l1#l i
=E[f2(01Y & BE i +{EIF O Y &, (EBE Dy

i1, Liyh#l
=E[f2(X)trace(E~) + (E[F(X)1* Y &

1,111

=E[fX)E"' f(X)]. O

7. Proofs: upper bounds.

7.1. Decomposition of empirical wavelet coefficients. Here, we establish de-
composition of the form,

B j.k — Bjx =1.1.d. part + martingale part + wavelet LRD part.
From (4.3),

(7.1) E[Bj,k]=E[1/fj,k(X1)f(X1)]=/¢j,k(y)f(G_l()’))dy=/3j,k-

We set U; := G(X;),i =1,...,n, the U;’s are uniformly distributed on [0,1], by
independence

E[v; (U)o (X1)e1] = E[y; k(U)o (X1)]E[e1] =0,
~ 1
Bjk—Bjk = - > (Wi UDY: — B[y« (Un)Y;])
i=1
1 n
= Z(ll’j,k(Ui)f(Xi) —E[y; (U f(X1)])
i=1

(7.2)
1 n
+- > YirUno (X)ei
i=1

=:Ag+ Aj.
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Note that Ag is the sum of i.i.d. random variables, whereas the dependence
structure is included in A; only. The part A; is decomposed further. Let F; =
o(mi, Xi,ni—1, Xi—1,...). Lete; ;1 =&; —n;. Note that ¢; ;_; is F;_;-measurable
and (n;, X;) is independent of ¥;_;. Thus,

E[V; (U)o (Xi)ei|Fi—1] =eii1E[Y¥ k(U)o (X1)].

‘We write
1 n
Al = ;Zlﬁj,k(Ui)U(Xi)é?i
i=1
1 n
= Z(llfj,k(Ui)U(Xi)&‘i —E[yj (U)o (Xi)ei| Fi-1)
(7.3) =!
1 n
+ —E[Yj k(U)o (X1)] > i
i=1
=: A2+ A3
and

Bk — Bjk = Ao+ Az + As
(7.4)
=:1i.i.d. part + martingale part + wavelet LRD part.

Consider, also, the following corresponding decomposition for the scaling coeffi-
cients o r:
@jr—ajx = Bo+ By+ B3

(7.5)
=:1.i.d. part + martingale part 4 scaling LRD part.

An important feature of this decomposition is that the LRD term involves the par-
tial sums of ¢; ;1 only. Furthermore, if (1.10) holds, then A3 = 0 and the LRD part
does not contribute. On the other hand, the scaling LRD part is always present.

As for the shape estimation, let ozjf’ « be the scaling coefficient of f* o G
Clearly,

1 1
@hi=api =[£G 0N dy [ 040 dy = @i = GEIB U]

1 xn

Let ¢ 7, be anestimatorof ¢ 1 ¢ [e.g., ¢ ¢ = ; 2_i—1 f (X;)]. Then, we decompose

A

047,1( - 04;'(,1( = By+ B> + Bj
=1i..d. part + martingale part + ¢ ; GE¢; « (U1) — Cr,GE¢; x (Ur)

1 " 1 "
+ —El$; k(U)o (X1)] Y eiio1— —El[$;£(UD)] > o (Xiei.

i=l i=l
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If o(-) = 1, then the last two terms equal
1 " 1 " 1 -
—E[$,x(UD)] Y o1 — —E[$,x(UD)] D = —~El; k(U] > i
i=1 i=1 i=1

which is the just sum of i.i.d. random variables. Consequently, if (1.10) holds, then
the LRD effect is not present in the scaling coefficient estimation. Otherwise, the
LRD part is present and affects convergence rates. Therefore, by removing the
scaling coefficient ¢ o, we guarantee that LRD does not affect the shape estima-
tion.

7.2. Decomposition of the modified wavelet coefficients. In this section, we
decompose B; i. Let us redefine

Fi=omi, Xi,ni—1, Xi—1,..) Vo (X|, ..., X},).
Note that
E[Vx(Gn(X))o (X)ei|Fio1] = E[Yj 1 (Gn(X1))o (X1)]eii-1

and v/ ;, k(én (X))o (X;)e; is Fi-measurable. [This shows the importance of defin-
ing G (-) based on the first different of the sample, X1, ..., X},.] Similarly to (7.2)
and (7.3), we decompose

- 10 ~
Bik—Bik =~ D (W x(Gu(Xi)Yi — Bjx)
i=1

1< A
=~ 2 Wi k(Ga(XD) f(X0) = k)

i=1

] )
+- > (Wi (Gu(Xi))o (Xi)ei
(7.6) = )
—E[Y; x(Gn(Xi))o (X)ei| Fi—1])

1 N n
+ ;E[Wj,k(Gn(Xl))O'(Xl)] > e

i=1
= Ao + Az + 143.
7.3. Moment bounds.

LEMMA 7.1. Forall j >0andk=0,...,27 —1 and p > 2,
(7.7) EllBjx — Bjkl?1= 0~ P1%) + 0@ IPl2n= 1212
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as long as 2/ < n. The bound also applies to scaling coefficients loj ke —ojil?.
Moreover, if (1.10) holds, then

El|Bjx — Bjxl"1=O0n"P/?).

PROOF. Li.d. part. By using Rosenthal’s inequality, [16], page 132,

n p

1
E|Aol” = pas Y (Wik(GX) f(Xi) —ElY;x(G(X) f(X))])

(7.8) - .
< Cn_p||f||go(n2](p/2_l) +np/2) = 0mr?
as long as 2/ <n.
LRD part. If (1.10), then the LRD part vanishes. Otherwise, note that
(7.9) Ellyjx (U)o (XDIP1 < o121y 152/ @D,

Since Y_7_, €; ;1 is a centered normal random variable with variance

n

(7.10) v% = Var(Z 8,",'_1> ~dun*?,
i=1

we obtain

(7.11) E|A3|P = 027 /P/2p—Pe/2),

Martingale part. In the light of the decomposition (7.4), we see that nAy =:
>-"_,d; is a martingale, where

di =¥ k(U)o (Xi)ei — B[y (U)o (X;)ei | Fi-1]
=¢&i1(Vjx (U)o (X;) —EW;x (UDo(XD]) + nivj k(U)o (X;).

Note that the first and the second term are uncorrelated, both unconditionally and
conditionally on ¥;_;. By (7.9),

E[|d;|P] < 2P~ (El|e;.i—1|PIElYj 4 (Ui)o (Xi) — E[Yj £ (U)o (X)11P]
+ Elln: [PIE[Y ) £ (U)o (X)|7])
< CE[|¢; (U)o (X1)|P]1 = €2/ /27D,
Now,
of :=Eld}|Fi-1]

(7.12) 2 2 2 2
= E[y; (UDo " (XDIElnT] +¢;;_; Var[y x (U)o (X1)].
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Using E[w]%k(Ul)o(Xl)] =0(),

{(gnem)

i=1

n p/2
= E(nE[wf,k<U1>o<X1)1En% + Var[yj «(UDo (XD]Y e,.%,._l)

i=1
n p/2

< Cpn? 2By} (U))P/? + Cp(Var wj,k<U1>>P/2E(Z s?,,-_1>

i=1
< CcnP/?,
Using Rosenthal’s inequality for martingales [14], page 25,
n p/2 n
ElAsl” < Cn—PE<ZE<d,-2|$:-_1)> +Cn P Y Eld;|?
i=1 i=1

(7.13) .
< C(n—p/Z + n—pnzj(p/Z—l)) <Cn P2

as long as 2/ < n.Now, (7.7) follows from (7.8), (7.11) and (7.13). O
7.4. Large deviation estimates.

PROPOSITION 7.2.  Let A, j be as in (4.4). Assume that j is such that 2/ <
(n/logn). For any r > 0, there exist positive constants t and C(r, p, T) such that

(7.14) P(IBjk = Bjx| > Thn,j/2) < C(r, p, OIn~"P.
A similar bound is valid for & — o k.

PROOF. We obtain (7.14) separately for Ag, A3 and A, and apply triangular
inequalities in (7.4) to complete the proof. A similar approach works for (7.5).

Lid. part. For Ag, we have from the Bernstein inequality as long as 2/ <
(n/logn) (see, e.g., [19], Proposition 3)

T |logn 3t%logn
(7.15) Pl|Ao| > = <2exp|—
2y n 8l flloo max{3, T}

for all n. The bound in (7.14) is valid for the i.i.d. part with

(7.16) t > max{ 3| flloorp, /87PIl flloo}-
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LRD part. First, if (1.10) holds, then LRD part vanishes. Otherwise, we recall
(7.9) and that )7, €; ;1 is a centered normal r.v. with variance (7.10). For suffi-
ciently large n,

1 logn2/
P<|A3|>r ﬂ/Z)fCexp(— tnzogn 35 )
n ddyllo |5 1Y llin=—¢

Therefore, for all j such that 2/ > n!=¢,

I 1
(|A3| > 7 [—28 /2) Cex p rogn 2) <cn'P
4d o2 l¥
for all n, if

(7.17) T > 4dgrpllo |21V 113

If, now, 2/ < n'=*, then

P(|A3] > rin,j/2>=P<

" N Ty, j
,.:Zf“‘l i 2|E[¢,-,k<U1)a(X1)J|)

1
4dgllo 15 1Y 11y

for the same choice of t as in (7.17).

Martingale part. For A,, we will use a new Bernstein’s inequality for martin-
gales. We recall the following lemma from [11].

LEMMA 7.3. Let (d;, ¥;),i > 1, be a martingale difference sequence. Denote
oiz = E[di2|?','_1]. Forany x, L,a > 0,

n n n 2
P S APy 2o1)<2 <_x7)
< 2 di| > x > dia)a) + )07 < )— “P\T2L +ax/3)

2 di
i=1 i=1 i=1

We apply this lemma to our martingale sequence d; and al.z defined in (7.12),
with a very precise choice of truncation levels a and L (clearly, they cannot be too
big). Let

n n
Hy = Hy(a) =Y d g =a) + Y _ 07,

i=1 i=l
> x) < P(

Zd
§Zexp<—

n

>d

i=1

(1
P_
n

> x, Hy, <L)—|—P(H >L)

i=1

(7.18) -

2(L +anx/3)) + P(Hy > L).
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We take
(7.19) L:=L,=2n(Alogn+E[y;,(U)o*(X)IE[n7]) =: 2n(Alogn + C1)
with A > 0 to be specified below,

P(X:cri2 > L/2> = P(Var[lﬂj,k(Ul)U(Xl)] Zgiz,i—l
i=1 i=1
+E[y 7, (UDo*(XDIEn;In > L/2>

=P (Var[wj,k(Ul)a(Xl)] > e > Anlog n)

i=1

7:20) B P( {51‘2,'_1 . Alogn })
S0 Var[yr; (U)o (X1)]
5nP<8%0> Alogn >
© o Varly; (U)o (X1)]
Alogn
<Cn exp(— )
2 Var(eq o] Var[yr; x (U)o (X1)]
=Cn P
by the choice
(7.21) A =2(rp + 1) Var[eq o] Var[y; (U)o (X1)].

Further, note that
d? < 4((¥j.e(UNo (Xi) — B4 (UDo (XDN) g2y + n?w? ((UDo?(X)).

Thus, for any a > (A logn)l/z,

P(i d* g =a) > L /2) < P(i d? g |=a) > An logn)
i=1 i=1

<nP(d{ljay>a) > Alogn)

<nP(d} > (Alogn) v a?)
(7.22) <nP(d} > a*)=nP(d} > a®)

<nP((¥;x(U)o(X1)
—E[yj £ (UDo (X)) e}y > a?/2)
+nP (v} (U)o (X1) > a®/2).
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Since
j i n
IWf,k(U1)02(X1)| <22 o3 =: Co2/ < COI ’
ogn
we have
2
a
P(W%l/sz'k(Ul)Uz(Xl)>a2/2)§P(;7i2> )
’ 2C2/
(7.23)
<C < a210gn> o
exp| — n'p,
B P 4Con -

by choosing a = B+/n with
(7.24) B =4Cyrp.

A similar bound applies to the first term in (7.22).
Combining (7.18), (7.20) and (7.23),

1| n?x?

7.25 Pl - d; <2 - Cn™'P,
(7:2) (ng ’ >x>— eXp( 2(L+anx/3)>+ "
where L as in (7.19). Take, now, x = %I:’%" , and note that

n’x? - n(logn)*t?/8

2(L +anx/3) ~ nlogn(A+ Cy)+ Bt/6nlogn’
so that (7.14) follows for the martingale part by taking

T > max{,/8(A + Cy)rp, B’”P%}7

where A, C1 and B were defined in (7.21), (7.19) and (7.24), respectively. [

7.5. Bounds for the modified wavelet coefficients. Let us start with the follow-
ing bound:

LEMMA 7.4. Forall 2/ < /n, we have
(7.26) E[|Yj 4 (Gn(X1))o (XD)|P] < Cpllal|Z, 1y [1527 P2,

where C, is a constant depending only on p.

PROOF. Let ®,(x) be a random element between én (x) and G(x). Then,

E[|(¥j1(Gn(X1)) — ¥ x(G(X;)))o (X1)|?]
<EE[[Y/ (G(X))I?10,(X DIl (X1)|P|X1]

< llo IZE[sup |8, ()17 [ELI W) 1 (GX1)IP) = O (n™ P20 /27,
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In the above computation, we used independence of Gn(+) of X1 and the standard
bound on the supremum norm of the empirical process. Consequently,

E[|¥; 1(Gn(X1))a (X1IP1 < El|Y; 4 (G(X1)o (X1)|P1 4 O (n~=P/2231P/27])
and the bound is of order 2/(?/2=D if and only if 2/ < /n. O

With help of the above lemma, we conclude that the results for 3 j,k can be
rewritten for B; x.

LEMMA 7.5. Assume that || f o G! lLip(1/2) < 0©. The bounds of Lemma 7.1
and Proposition 7.2 remain valid for Bj,k and o j i as long as 2/ < . /n.

PROOF. The bounds for the first part of the decomposition (7.6), Ao, follow
from [19], Proposition 6. To deal with the LRD part, A3z, we simply replace (7.9)
with (7.26) [see (7.11) and the computation leading to (7.17)]. Similarly, note that
the moment bounds and large deviations for the martingale part involve only the
behavior of E[Ig/fj,k(én(Xl))a(Xl)W] instead of E[|y; (G (X1))o (X)IP]. O

7.6. Proof of Theorem 4.1. In what follows, D; = {k,k =0,1,..., 2J — 1},
we split fn — f into three parts,

EILf = full o)

p

D @k — o)k (G()

kEDjO

J1
DN Bik¥ik(G)

j=j()k€Dj

<3r-1 <E

LP(g)

+E

p

J1
=2 2 Bkl g, ) Vik(GOD)

J=jokeD;j LP(g)

p )
LP(g)

Bias term. 'We use standard approximation results (see, e.g., [16], pages 123—
124), introducing

1 1 1 1
(7.27) 8:=s—(———) =s—max<———,0),
T P/+ p

_l’_

3> Biawk(G()

Jj=j1keD;

:= linear term + nonlinear term + bias term.
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if p<m,8=sand By, C B, if v <p,d=s5—(;—)and B}, C B,

Yo ﬂj,kw,-,k(G(-))‘

Jj>j1keD;

:/01
=/O'

<Clf oG, 2771 = O((logn/n)),
p.r

p
LP(g)

p
> > ﬂ_/,ij,k(G(x))‘ g(x)dx

Jj>j1keD;

3 Bikwjiaw)

Jj>j1keD;

(7.28)

p
du

where we have used the definition (4.1) of j; for the last bound.

The linear part. Applying Lemma 7.1, the term E|& j, x — o j, k| is proportional
to n~P%/2_ Therefore,

p

LP(g)

EH Z(aj(),k - &j(),k)¢jo,k(G(‘))
k

<20PR=Dg12 N Elajor — jokl”

kEDjO

< C2j0(p/2_1)2j0E|&jo,k _ Oljo,k|p — O(H—Ptx/z)‘

Nonlinear term. We follow the proof of Theorem 5.1 in [18], incorporating our
moments and large deviations bounds accordingly. We refer to Appendix for the
definition /; ~ spaces. We use Temlyakov’s property and Minkowski’s inequality
repeatedly.

p
E

> Bk GOY = D BGbTyg, mrn ik (GO

(J,k)en Jrken

LP(g)

A p
> Bk = BioLs, 1w n, y Wik (GO)

<or-1 (E
(J.ken

LP(g)

o)
LP(g)

Let us introduce some notation. We define j» to be such that 272 = n'~¢_ Further,
let

+E

Z 'Bj’kH{lﬁj,kISto)»n,j}wj’k(G(.))

(j.kyeA
=: A+ B.

A ={(. k), ja<j<ji.k=0,1,....,2 =1},  Az=A;\A,.
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We start by the A-term. Changing variables u = G (x) we get

p/2
PN ) )
A < E/( Z |,3],k _13],]{| ]I{lléj.k,8_/',](|>T)Ln,j/2}wjvk(u)> du

(J.kyen;

" p/2
+E/( > 1Bjk —ﬂj,k|2]1{|,3j,k|>m,,,,»/2}¢,2,k(u)) du

(J.k)eA

S/{ > [(ElBjx— Bixl*

(J.k)en

3 p/2
X PUBjx = Bial = Thn s/ 2) Pl P

A p/2
+/{ Y- sl /2 ElBjk —ﬁj,klp]z/pwf,k(u)} du

(J.k)en
=: A+ Aj.
Using the bounds of Lemma 7.1 and (A.2) below,

p/2
+Cf{ > H{|ﬁ,—,k|>roxn,,-/2}(n"’/z)z/”t/ff,k(u)} du
GRehs

Jj2
< CnP/2 Y 2P0 IP 2 Dy |
j=0

Ji
+Cl Y WklE Y Tig; a0k /20
J=i kED]'

J1

<Cn PP g4 CclTsup i Y > W klBL g5 1as2)
A>0 j—1keD;
—pa/2 rP—q q
<Cn logn + CAY ”f”lq,oo‘

In the second to last inequality, we used ol < ):Z and the fact that for j > j, we

have A, j = A,.
As for Ay, we split this into 2 parts, according to Az and Az. On Aj, using

Lemma 7.1 and Proposition 7.2, we get (recall that then 4, ; = 4,,)

A A 2 ~ ~
(ElBjx — Bikl?P P(Bjx — Bjkl > t0hn.;/2) > = O((2PRIP)/2) = 327,
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On A3, we have

A A 1/2
(BlBjx — Bis** PUBjx — Bjxl > Torn.; /)"

= 027 /Pn=P (logn)?/?),

so that
Ap Cn~*P(logm)?? Y~ 277yl
(J,k)eAs
(7.29) + CA2P / > Wikl du
(J.k) e,

J1
< Cn~*(logn)P/?272P12 4 CjzP N~ 27211270 = 0 (3D).
J=pn

For the B-term.

A p/2
B[ 5 Tz PUBis = Bial > i s 2278100 | du
(J.k)en,

p/2
+ /{ Z H{Iﬂj,k|<2fo?»n4,j}:3]2',k1ﬁj2',k(u)} du=: B) + B,
(ke

and both terms are treated in the similar way as A| and A,, respectively.
Summarizing, the upper bound for the nonlinear term is

(7.30) OIfIf, M9 +nPlogn).

Rate results. The overall rate of convergence depends on the three main con-
tributing terms, the bias term, the linear term and the nonlinear term,

E”f - fn”Zp(g) = 0(5»%5]7) + O(n_Pa/z)

(7.31) - )
+OUfI], A9+ 00" ?logn).
The dense phase. This is the region where « > ap,§ =sand s > (p —m)/2x.
For « > ap, the linear term is negligible, since n=7%/% = o(n=P*»/2). The bias
term is negligible too since X,%ps = (log n)BPp =P = o(n~P%0/2) for s > 1/2. For

the nonlinear term we note that, for ¢ = gp := 25’%,

ig—q — X%ps/(2s+l) _ ):rzlnaD _ n—Sp/(ZS-H)(logn)Zsp/(Zs—H),
which is the convergence rate under the dense regime. To complete the proof, we

apply the Besov embedding 1 of Theorem A.1, noting that, in the dense region, we
always have m > ¢p.
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The sparse phase. Here,a > a5, § =s —(1/mr —1/p) and s < (p —m)/2m. For
o > ag, the linear term contribution is negligible since n~"%/? = o(n=P*s/2). The
bias term is negligible, too, since, for s > 1/m, we have Xﬁps = o(n_l""S/z). For
the nonlinear term we note that for ¢ = gs = m’b@%}/ﬂ) we have A) 79 = 37 =
n=P%s/2(logn)?P*s/? which is the convergence rate under the sparse regime. To
complete the proof, we apply the Besov embedding 3 of Theorem A.1, noting that,
in the sparse region, we always have = < gp.

The LRD phase. This is the region where o < min(as, @p). In this case, we
have, for s in the dense setting, n—P/2ep — o(n_p/ 2‘)‘) and, for s in the sparse
setting, n~P/2%s = o(n—P/2%),

7.77. Proof of Theorem 4.8. Let us write
fa®) = f(x)
= { S Biata(G) - f(x)}

(J,k)en

+{ Y BikllIBjkl = orn Yk (G — > ﬁj,kw,-,k(ax»}

(J.k)en (J.k)en

+ Y BialllBikl = torn.} — B (Y (Ga (X)) — ¥ k(G (x)))

(Jj,k)eA

+ Y Birl¥in(Ga(x) — ¥k (G(x)}.

(J.kyen;

Now, replacing Lemma 7.1 and Proposition 7.2 with Lemma 7.5, we may pro-
ceed as in the proof of Theorem 4.1 to conclude that the second part of the above
decomposition is bounded with the desired rate. The third part is clearly of the
smaller order than the second one. Furthermore, for the bias term we have

3> Biawii(G ()

Jj>Jj1keD;

)4

1 i
H <CllfoG L, 27
L (g) pr

= O((logn/n)’*/?).

Note that we have a different bound than compared to (7.28), since, here, we
stopped earlier (i.e., 2/! ~ \/n/Togn). Nevertheless, comparing the bias term
with the rate in the dense phase, we see that, with the choice § = s, we have
n—sP/2 < p=sP/@s+D if ¢ > 1/2. Furthermore, in the sparse phase, by choosing
8§=s—(1/7 —1/p), we see that the bias is negligible as long as s > 1 /7 + 1/2.
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Therefore, to finish the proof of Theorem 4.8, it suffices to bound the last part.
We have, by using Holder inequality,

~ p
E| Y Bilvjuk(Gu(x) — ¥ (G (x)))
(J. ke Lr(g)
<EIG, =Gl Y Bx¥j (GO
(ke
=0 P? Z 2](3P/2—1)|13j’k|17
(ke
=0 P? Z 2JpPo—idp <2j17(3+1/21/l7) Z 1B, k|P>
J<it k

— O(nfp/zzllp(lfs))”f o G*l ||§32,oo

n \P1-8)2
_ O<n_p/2<—> )uf G2,
logn p,o0

= O(max{n™"12, 02| f 0 GG,

If p <m,take § = s, so that JB;‘LOO C 31‘700 The above rate is then O (n P/ (2s+1D)

fors > 1/2.If p > m, take § =s — (1/w — 1/p). The above rate is max{n "/,
n~6=/m=1/p)P/2} and is smaller than n=7%5/2 aslong as s > 1/2 + 1 /7.

REMARK 7.6. Let us consider
F={fix=BjxVjk j=1k=0,...,2 -1},
where B = 2~/ (s+1/2=1/) "and we assume that Bj.x are known. We recover the

function f; x by using the estimator B; ;¥ k(én(-)). Its expected weighted mean

square loss, E|| - IIiz(g), is

/kaE[/ k(G (x)) — wj,k(G(X))lzg(x)dx].

By considering the first term in the Taylor expansion, the above expected value is
of the order

] [19]4G)(Ga - 660) et dx
~ [0 Pt = ) d

Ny
_ 2 /{1///(2ju —Yu(l —u)du
n

_ ¥ {W(v)ﬁ(”fk)(l—”f )dv.

T 2 2
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Take k = 2//%. Then, the above expression is of the order 23i/2 /n. Now, if we

choose j ~ @, then the expected weighted mean square loss is of the order
2 ~j/2 2/ “2j(s+1/2-1/m)nj/2 L —2(s+1/4—1/7)
(7.32)  B; W2/ —=~27 2/ —— ~np x log term.
’ n logn

Choose, for simplicity, 7 = 1. Since also p = 2, there is no sparse phase and the
only restriction (in the Theorem 4.1) in the dense phase is s > 1. However, we

note that the rate in (7.32) is of the smaller order than n—2/@s+D if and only
if s < % — % 33 ors > % + % 33 > 1. Consequently, we cannot stop the fully
adaptive estimator at 2/1 ~ ; O’gjn

of the partially adaptive one.

and keep the same restriction on s, as in the case

APPENDIX: BESOV EMBEDDING IN /, o, SPACES

We give a simplified version of Theorem 6.2 [18], when the dimension d = 1
and o; = 1. Let u will denote the measure such that for j e N, k € N,

AD G oY = lyjalh =272 Dy b,

lgoo = {f = Zﬂj,klﬂj,k,
I

(A.2)
11y = S0 1L B2 B > ) < oo}
and
1/q
Iy = {f=2ﬂj,kwj,k eL”. |11, :=( 3 |ﬂj,k|qm<j,k>}) < oo},
Jj.k J.keA;

where A is a set of cardinality proportional to 2/,

THEOREM A.1. Let 0 < p < 00,0 <s < 00 be fixed and let gp = p/
2s+1):

L. If * > qp, then forall r,0 <r <00, By , C By « Clgp.c0-
2. If t =¢qp, then forallr,0 <r <m, 5875” C 35;71 C lz. Moreover for r > m,
we have:

- If p=2then B; , Cly.
- If p>2then forallr > p, B, , C By o, Cly.

3.If2/(2s + 1) <7 < gqp, for all 0 <r < 00, By ., C By, o, C lys.00, Where

_ _ p/2-1
q9s = s¥(12=1/0)"
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