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Abstract

We study the performance of a large collection of block thresholding wavelet estimators,
namely the Horizontal Block Thresholding family. In particular, we adopt a maxiset point of
view, i.e. we are asking for the maximal functional space for a given estimator to converge
in the Ly—sense with a chosen rate of convergence. We provide sufficient conditions on
the choices of rates and threshold values to ensure large maxisets. By deriving maxiset
embeddings, we identify the best estimator of such a family, that is the one associated with
the largest maxiset. As a particularity of this paper we propose a refined maxiset approach
that models method-dependent threshold values. By a series of simulation studies, we
confirm the good performance of the best estimator when comparing to the other members
of its family.
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1 Introduction

Nonparametric estimation of functions by non-linear wavelet methods has proven to be a real
success story, in particular for functions showing a high spatial variability. This is due to the fact
that wavelets localize the information of a function in a few large coefficients for a wide range
of function classes, the key property to the good performance of hard and soft thresholding es-
timators. Using empirical wavelet coefficients which are larger than a chosen threshold value,
namely the Universal Threshold (U.T.), Donoho and Johnstone (1994), among others, showed
that these estimators are not only near optimal over Besov spaces but also adaptive for the reg-
ularity parameter. Nevertheless these thresholding methods suffer from some criticisms over the
last decade because of the presence of the suboptimal log-term in their minimax performance as
shown in Cai (1999). Related to this, Autin (2004) emphasizes that such thresholding methods
are elitist: they do not use small - but potentially important - empirical wavelet coeflicients for
reconstructing the function of interest.

In order to remedy the shortcomings of elitist procedures both from a theoretical and practical
point of view, it has been shown in recent literature (Cai (1999), Hall et al. (1998, 1999), and
Autin (2004, 2008), Autin et al. (2011), among others) that one can do better by using informa-
tion from neighboring empirical wavelet coefficients. Cai (1997) proved that wavelet estimators
based on thresholding of empirical wavelet coefficients by blocks (BT-methods) can be minimax
optimal over Besov spaces (i.e. without the suboptimal log-term), such as the Blockshrink es-
timator. This estimator reconstructs functions using blocks of empirical wavelet coefficients for
which the l>-mean is larger than the noise level €, up to a constant. From a different perspective,
Autin (2008) proved that the set of functional spaces well estimated by wavelet estimators using
BT-methods (the so-called maxiset) can be larger than the ones of hard and soft thresholding
estimators. For instance, the Mazimum-block estimator was proved to perform particularly well.
This estimator uses blocks of empirical wavelet coefficients for which the [,,-mean is larger than
the U.T., up to a constant.

Indeed, these BT-estimators provide good visual reconstructions as shown in the Figures 1-4.
This can be explained by the group-structure of the large true wavelet coefficients represented in
the Figure 1 (the darker, the larger the coefficient magnitude). Note in particular the ability of
the Blockshrink estimator to retrieve the local group-structure down to the finest scales where
suggested by the presence of sharp local signal structure.
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Figure 1: True function. Figure 2: Noisy data.
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Figure 3: Blockshrink estimator. Figure 4: Maximum-block estimator.

In this paper we consider a wide range of wavelet estimators relying on BT-methods (BT-
estimators), and we propose to study both their theoretical and numerical performances. We
provide conditions to ensure that all the BT-estimators considered in the sequel perform well
in maxiset sense in particular. These conditions deal with the scores of the blocks of empirical
wavelet coefficients (their £,-mean) and the threshold value they are compared with.

The paper is organized as follows. After recalling in Section 2 the sequential version of the
Gaussian white noise model, we introduce in Section 3 a general family of BT-estimators: the
Horizontal Block Thresholding family. Estimators of such a family are associated with a thresh-
olding rule on non overlapping blocks of coefficients. They are distinguished by the way how to
compare scores of blocks - that are the [,-means of blocks - to a threshold value that depends
on the noise level € > 0 and may depend on the parameter p (2 < p < 00). (We recall the usual



fact that in this more abstract study the noise level € is related to the sample size of the accom-
panying nonparametric curve estimation problem, and that all derived quantities such as rates
of convergence and threshold values depending on € do have the usual interpretation in terms of
sample size.) For the specific case where the threshold value is of order e(log(e‘ﬂ)éf% (using
the convention é = 0), the family under interest contains the Blockshrink and Maximum-block
estimators.

In Section 4 we compute the set of all the functions well estimated by estimators belonging to
the Horizontal Block Thresholding family. Precisely we identify all the functions for which the
quadratic risk of these estimators does not exceed a given rate of convergence (see Theorem 4.1).
We provide sufficient conditions on the possible choices of the rate of convergence and the thresh-
old value to ensure that the maxisets of the estimators of the family contain Besov bodies (see
Proposition 4.1), that is, we ensure that each estimator of the Horizontal Block Thresholding
Family we are interested in performs well.

Further we show in Section 4 that for a wide range of threshold values, the family under study
contains an estimator for which the maxiset at a given rate is the largest one. Hence it corre-
sponds to the most performing estimator within the family according to the maxiset approach.
Moreover, we point out that the best way to give a score to blocks may be different from one
family to the other. Indeed, it depends on the threshold value under consideration (see Corol-
laries 4.1 and 4.2). This result is our most important contribution of this paper and it can be
nicely interpreted through hypothesis testing ideas, in terms of false positives (erroneously active
coefficients) and false negatives (erroneously deleted coefficients). The Corollary 4.1 shows that
when using a conservative threshold value (such as the U.T.) that controls the false positives,
one should apply the method that reduces the most the false negatives in order to get the largest
maxiset. Choosing less conservative threshold values allows to get even larger maxisets but this
choice leads to an important increase in false positives, and therefore, as expressed by the Corol-
lary 4.2, a method that is able to control simultaneously false positives and negatives is required.
Section 5 proposes numerical experiments to confirm the superiority of the best estimator using
as a benchmark the informative results obtained by the keep-or-kill Oracle estimator (defined
in, e.g., (9)). Finally after brief conclusive remarks in Section 6, Section 7 presents the proofs of
our main results.

2 Wavelet setting and model

Let us consider a compactly supported wavelet basis of Ly([0,1]) with V' vanishing moments
(V € N*) which has been previously periodized {¢, ¥, € N,k € {0,...,27 — 1} }. Examples of
such bases are given in Daubechies (1992). Any function f € Ly([0, 1]) can be written as follows:

co 291

F=0a6+> > Ot (1)

=0 k=0

The coefficient @ and the components of 6 = (19]-;<)j,c are respectively the scaling/wavelet co-
efficients of f. They correspond to the La-scalar products between f and the scaling/wavelet
functions ¢ and .

We consider the sequential version of the Gaussian white noise model, i.e., of observations of
f embedded into Gaussian white noise (see also equation (8) and its interpretation). ILe., we



dispose of observations of these coefficients which are assumed to be realizations of independent
random variables:

a = a+é€,
Ok = O+ e, (2)
where &, & are 1.1.d. N(0,1), 0 < € < 1 is supposed to be the noise level, and where the sequence
(ij)j . is sparse, meaning that only a small number of large coefficients contain nearly all the

information about the signal. That motivates the use of keep-or-kill estimators, for which we
recall the hard thresholding estimator:

fs=a+ > O, 3)
(4,k)€S.

where S, = {(j, k)37 € N,j < jn,30 < b < 295 |0
forms an unstructured set of indices associated with large empirical wavelet coefficients (in the
sequel, by large empirical wavelet coefficients, we understand those which belong to S.). Here,

> t. = me 1og(e—1)}. If S, is non empty, it

e 0 <m < o0,

e n. is the integer such that 2-(netl) < (mte)2 < 27", For a general t. < 1, n. is the
finest scale up to which we can consider the empirical wavelet coeflicients to reconstruct
the signal f.

This term by term thresholding does not take into account the information that give us the
clusters of wavelet coefficients that we observed in the Figure 1. This information allows to be
more precise in the choice of the coefficients to keep. Indeed, we would not use in the reconstruc-
tion a large isolated wavelet coefficient because it is not likely to be part of the signal; while a
small coefficient in the neighborhood of large coeflicients would be kept. Under this model and
considering the sequence {ij}j . to be in Besov spaces (see Definition 4.1), several impressive
minimax results were obtained for such estimators (see in particular Cai (1999) and Cai and
Zhou (2009)). Nevertheless, these results do not model the information given by the clusters
of coefficients since the Besov norm is invariant under permutations within scale. Using the
maxiset approach, for which the basics are recalled further down, we introduce a way to model
these clusters of coefficients by introducing new functional spaces related to the methods (see
Definition 4.2). This allows a more precise characterization of the performances of the estimators
under consideration.

Let us consider an estimator f*) with a threshold value A. The maxiset approach consists in
computing the set of all the functions for which the rate of convergence of the quadratic-risk of
the estimator f() is at least as fast as a given rate of convergence p (with p = p. — 0 as € — 0),
ie:

sup p, 'E[fN — [} <00 = feg.

0<e<1

In this setting, the functional space G will be called maxiset of /M for the rate of convergence p..
Obviously, the larger the maxiset, the better the procedure; and the slower the rate, the larger
the maxiset (and conversely). In the existing maxiset literature, A and p are generally chosen to
be about the same order. Autin (2008) already gives results for more flexible choices of the rate
and a given threshold value. In this paper, we go beyond this by further disconnecting the rate
and the threshold value.



3 Horizontal Block Thresholding Estimators

For any 0 < m < oo and any 2 < p < 00, let

o (tep)e and (vcp)e be two sequences of positive real numbers continuously tending to 0 as e
goes to 0;

® j,., be the integer such that 27 Tver < (mwep)? < 28 ver for any 0 < € < 1;

e and let the length of the blocks be fixed in the order of log (¢~') (this choice has been
proven to be pertinent from both a minimax (see Cai (1999)) and a maxiset (see Autin
(2008)) point of view.

In Section 4 we will use the tuning parameter m to link threshold values of the form mt. , and
rates of convergence of the Ly—risk of the form p, = (mve’p)ﬁ. As usual, 0 < 8 < 1 depends on

the regularity of the given function space, e.g. we recall the form of the minimax-rate €Tt over
Besov spaces By, (see Definition 4.1 below), which will amount to choosing v, = € - see also
Example 2 below.

Let us now define a general BT-estimator f,?), 2 < p < oo associated with a block-thresholding
rule, namely the HBT® (p)-estimator.

Definition 3.1. [HBT")(p)-estimator] Let 0 < ¢ < 1 and 2 < p < 0o and a given m > 0. Let

us consider the following wavelet estimator f,ﬁ”

JO=0r = aot Y b
(J,k)EH(t,p)
29 -1

= a3 Y b t{10/ Bir(@llp > mtep |

JEN,j<Jve , k=0
where, for any 0 < € < 1, Bji(€) corresponds to the set of indices which contains k and such that
Bji(e) € {BY, B, ..., B} with
B = {K,0 <K <27, (u—1)[log(e V)] <K < ullog(e )|}, ue{1,2,...,u5. =2/(|log(e })])"*}.
Notations used are the following

1/p

1
6/ Bl = | 357y D 6wl for2 <p < oo,
#Bile) o

max {|0;], k" € Bj(e)}.

1/ Bjr ()l

For any 2 <p < oo, H.(t,p) is the set of empirical wavelet coefficients used in the reconstruction
based on a thresholding rule using the £,-norm and the threshold value mt. .

Moreover, for any scale j < ju, (BJ(“), uwe{l,2,... ,uj,€}> constitutes a set of non overlapping
blocks of indices with size smaller or equal to log(e™1).

From now on, we will study the performances of these BT-estimators to address the following
question: what is the best choice of £,-norm to consider (2 < p < 00)? In the next section we use



the maxiset approach to prove that among the different possibilities of choice of p the best one
depends on the threshold value used. Comparing to Autin (2008) in which rules are based on
the universal threshold value (up to a constant), we shall consider here a wide range of threshold
values to refine existing maxiset results in the literature. Below are listed three examples of
threshold values and rates we are interested in:

Example 1:

vy = tep = ey/log(e7T)

With such a choice, the threshold value corresponds to the universal threshold value (see Donoho
and Johnstone (1994)) and the rate p. with 3 = 4s(1 + 2s)~! corresponds to the minimax rate
over B3 . up to a term (log (e71))'/2.

Example 2:

véi? = (log(efl))%_%tgg = e. With such a choice, the rate p. with 3 = 4s(1 +2s)~! corresponds
to the minimax rate over B3 .

Example 3:

Choose véi} = E‘} = e(log(eil))%_%. With such a choice, the threshold value corresponds to
a lower threshold value than the universal threshold and the rate p. with 8 = 4s(1 + 2s)~!

corresponds to the minimax rate over B3 ., up to a term (log (6_1))1/2_1/p.

11
Remark 3.1. For the case te, = € (log(e™"))* # (with 0 < e < 1 and the convention = = 0),
the estimator f;t) is the BlockShrink estimator proposed by Cai (1999) and can be viewed as an

hybrid version of NeighBlock estimator introduced by Cai and Silverman (2001), whereas féf) 18

the Mazimum Block estimator proposed by Autin (2008).

Define the Horizontal Block Thresholding family, namely (HBTE”), as

BT — {0, 25 < ).

At first glance, as 2 < p < oo is real-valued, this family of estimators (HBTEO) seems to be
uncountable. But it is not for a large choice of threshold value as we shall see in Propositions
7.2 and 7.3.

4 Main results

4.1 Functional spaces: definitions and embeddings

In this paragraph, we characterize the functional spaces which shall appear in the maxiset study
of our estimators. Recall that, for later use of these functional spaces, we shall consider wavelet
bases with V' vanishing moments.



Definition 4.1. Let 0 < v < V. We say that a function f € Ly([0,1]) belongs to the Besov
space By ., if and only if:

271
sup 2277 Z Z 101|* < oc.

JEN 57 =0

Besov spaces naturally appear in estimation problems (see Autin (2004) and Cohen et al. (2001)).
These spaces characterize the functions for which the energy of wavelet coeflicients on scales larger
than J (J € N) is decreasing exponentially in J. For an overview of these spaces, see Hardle
et al. (1998).

We provide here the definition of a new function space which is the key to our results:

Definition 4.2. Letm’ > 0,0<r <2 and 1 < p < co. We say that a function f belongs to the

(t,0)

space W if and only if:

7',m’,p
27 1
sup (o) 2 Y 3 eikl{w / BVl < m'tx,p} <o
o<1 jEN k=0

First, note that the larger r, the larger the functional space. Second, the spaces Wr(tni;,)p
(m' > 0,0 < r < 2) are not invariant under permutations of wavelet coefficients within each
scale. This makes them appear more interesting than weak Besov spaces (see Cohen et al. (2001)
for an explicit definition) which are usually studied to derive maxiset results, in connection with
near minimax rate over Besov spaces and for hard thresholding estimators as defined in equa-
tion (3). Indeed, it is precisely the non-invariance property that allows to distinguish functions
according to the "block-neighborhood properties" of their wavelet coefficients.

Assuming some conditions on the choice of both rate of convergence and threshold value, these
functional spaces are enlargements of classical Besov spaces as suggested by our following Propo-
sition 4.1.

Proposition 4.1. Let 0 < s <V and 2 < p < co. Assume that (te,)e and (vep)e are such that

SUP tep Vep - < 00. (4)
0<e<1
Then, for any m’ >0
By W) 5)

1+2s

Our following Proposition 4.2 shows that, for the same parameters m’ and r (m’ > 0,0 < r < 2),
p > 2) are embedded. The larger p the larger witv)

1 (t,’U)
the functional spaces WH% o/

o €
Proposition 4.2. Let2 < p < g < oo. Assume that for any 0 < e <1, t.,, and vep only depend
on €. Then, for any m' > 0 and any 0 < r < 2, we have the following embeddings of spaces:
W(t,v) C W(tﬂ))

’ ! g
rym-,p — rm',q

The assertion of this proposition changes however, if the scores over blocks {B; ;} appearing in
Definition 4.2 are compared to a "threshold" value which depends in a particular way also on p,
namely by rescaling with the length of the blocks:



1
Proposition 4.3. Lets > 0 and2 < p < q < co. Assume that for any0 < e < 1, (log(e_l)) Ptep
and v.,p only depend on €. Then, for any m' > 0 and any 0 < r < 2, we have the following
embeddings of spaces:
(tv) (tw)
Wiimig © Wemi p-

Further insights into these two crucial results can be found by investigating their proofs, but it is
essential to note that these results prepare the ground to find the "maxiset-optimal" estimator

z(;t), i.e. the best p, according to the more refined specification of both rate (via ve,) and
threshold value (via t. ). For this we refer to Corollaries 4.1 and 4.2 below.

4.2 Maxiset results

In this paragraph we provide the maximal space (maxiset) of any f,Et) € HBTEt) associated
to a large collection of rates, that are (mve’p)% (s > 0) and of threshold values t.,. Some
assumptions are necessary for sequences (Ve p)e and (tep)e (2 < p < 00) to ensure the validity of
our next results. Firstly we suppose that, for any ¢ > 0 there exists m. > 0 - the bigger ¢ the
bigger m, - such that

sup vy P([Z(€)llp > me tep) < oo, (6)
0<e<1

where Z(€) = (Z1,. .., Z[iog(e-1))) is a vector with ii.d. N(0, €2) entries. Secondly, assume that

. 1 —1)\4 te
sup Yew 0, sup M >0, and sup —2 — — > 0. (7)

p
O<e<l € 0<e<1 Ve,p 0<e<1 e(log(e*l))%_%

For any chosen s > 0, the reader can check that assumptions (6) and (7) are satisfied by the
three examples given in the Section 3. We can now state the main theorem.

Theorem 4.1. Let s > 0 and 2 < p < co. We have the following equivalence:

For any m > 2my, sup (muep) 75 E|fO—f|2 <00 « feBIN ﬂ wi
0<e<1 P ’ . oo mP

Note that, if assumption (4) is satisfied, maxisets of estimators in HBTEt) are quite large func-
tional spaces since from (5) of Proposition 4.1 and Besov embedding properties, we deduce that

s

. T¥2s (t,v . s
the functional space By 2" N ((N,r5m, VV1+22 ,m/,p) contains the space B3 .

Remark that we got sufficient conditions (see assumptions (4), (6) and (7)) on choices of (¢ p).
and (vep)e to ensure that all the BT-estimators in our families are good estimators, in the
sense that they outperform hard and soft thresholding estimators. Indeed, in such cases, our
BT-estimators reconstruct sets of functions at least as large as the Besov spaces with a rate of
convergence faster than or in the same order as the ones associated with v, , = €4/log(e~1). Con-
sequently, these methods are better than any diagonal procedures (see Theorem 2 in Cai (2008)).

We now state the following corollaries 4.1 and 4.2 that are a direct consequences of Theorem 4.1
and Propositions 4.2 and 4.3.



Corollary 4.1. Under assumptions (6) and (7), 7Y is the best estimator in the maziset sense

among the HBTgt) family when choosing t., such that, for any 0 < € < 1, t., and v, only
depend on €.

Corollary 4.2. Under assumptions (6) and (7), ~2(t) is the best estimator in the maxiset sense

among the HBTg) family when choosing tc, such that, for any 0 < e < 1, (log(e_l))5 tep and
Vep ONly depend on €.

The two previous corollaries allow to identify the BT-estimators within the family with the largest
maxiset. They clearly indicate that the best way to get large maxisets is to choose threshold
values that are of lower order than the universal threshold. This very interesting fact has a
powerful interpretation in terms of false discoveries for which we refer to the Section 5.

Remark 4.1. In Section 2 we emphasize the importance of taking into account the clusters
among the wavelet coefficient sequences across scales in order to fully capture the behavior of
these estimators. Once done through the maxiset approach, this reveals that the Blockshrink
estimator is able to reconstruct at the optimal minimax rate a set of functions which is larger
than the Besov space B3 .

5 Numerical experiments
We first introduce the notations of the nonparametric model we are dealing with:
Y;=f(/N)+o(, 1<i<N, ¢ areiid. N(0,1). (8)

We refer the reader to the classical literature (e.g., Tsybakov (2008)) for details about the equiva-
lence between this nonparametric regression model and the sequence model given by equation (2).
We only recall that the noise level € is such that e = LN

This section proposes numerical experiments designed to check whether our theoretical conclu-
sions can be observed in a practical setting. The previous theory does not model all the complex-
ity encountered in practice with the choice of the wavelet functions, of the primary resolution
scale, etc. Therefore, we choose a classical setting for numerical experiments, using Daubechies
Extremal Phase wavelets with 8 vanishing moments. To illustrate our theoretical results we

choose to consider two examples of HBTEt) that have already been discussed (see Examples 1 and

2 in Section 4) and respectively correspond to the choice of threshold value ¢, = € (log(e_l)) 2

and t., =€ (log(e’l)) %7%. Let us respectively denote by HBTEt)’1 and HBTEt)’2 these two fam-
ilies of BT-estimators. Following Cai (1997), we set the threshold A = 6(5N~*log (N))z (resp.
A\p = 6(5N~'log (N))%fé) for all BT-methods associated with HBT!""! (resp. HBTgt)’Q). We
follow a standard approach to estimate o by the Median Absolute Deviation (MAD) divided by
0.6745 over the wavelet coefficients at the finest wavelet scale J — 1 (see e.g., Vidakovic (1999)).

We generate the data sets from a large panel of functions often used in wavelet estimation studies
(Antoniadis et al. (2001)) with various Signal to Noise Ratios SNR = {5,10, 15,20} and sample
sizes N = {512,1024,2048}. We define the SNR as the logarithmic decibel scale of the ratio of
the standard deviation of the function values to the standard deviation of the noise. We compute
the Integrated Squared Error of the estimators f;”, p €{2,3,5,10,00} at the ¢-th Monte Carlo

10



replication (1SE® (f,ﬁ“) , 1 <1< M) as follows:

W (70} - LN~ (F0 (2 i\\*
520 (70) = X (3 (%) -+ (5))
=1

We generate 2000 Monte Carlo replications and compute the Mean ISE as follows M ISE ( }St)) =

M
ﬁ Z ISEW (fz(f)). In practice, we compute the ISE over a subinterval of [0, 1] in order to avoid
1=1

that potential boundary effects mask the comparison of our methods.

In fact, there are numerous connections between keep-or-kill estimation and hypothesis testing,
see e.g. Abramovich et al. (2006). In order to emphasize that, we report in the Tables 1 and 2
the number of false positives/negatives (i.e., type I/II errors) obtained by comparing the set of
indices of wavelet coefficients H,(t,p) (as defined in Definition 3.1) kept by each estimators, with
the set of indices of the keep-or-kill Oracle estimator

fO=a0+ > v, (9)

(4,k)€S®

where S = (,k);j €N,j <jo,  50<k <5105 > o

oy
The results suggest similar behavior for different values of N and SNR. To keep clear the pre-
sentation of the results, we only report those for N = 2048 and SNR = 10 in Tables 1 and 2.

The Figures 5 and 6 summarize the MISE results. We observe the optimality of the estimator
féé) € HBTS)’1 ﬂHBTEt)’2 (resp. fQ(t) € HBTEt)’Q) for all the tested functions as it was suggested
by the Corollary 4.1 (resp. Corollary 4.2). In addition, there is a gradual improvement of the
MISE performances when p increases (resp. decreases) reflecting the embeddings of the maxisets
of the BT-estimators considered (see Section 4).

N =2048, SNR =10

o _

<
. HBT 2
+ HBT 3- 10
A HBTeo

o |

@

MISE 1e-04
20
1

10

i

| LRMWMML&

e

step wave blip blocks bumps  heavisine  doppler angles parabolas tss spikes corner

Figure 5: MISFE of the non overlapping BT-estimator in HBTEt)’1 for different values of 2 < p <
oo for estimating various functions with a SNR equal to 10.
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Looking at the number of false positives/negatives for the BT-estimators reported in the Ta-
bles 1 and 2, we can check that the best estimators in each family allow to reduce the percentage
of false negatives with a comparatively small increase in the number of false positives yielding
their good performances in terms of MISE. In the family HBTEt)’l7 the conservative universal
threshold strongly controls the false positives but discards many small coefficients that would
be useful for the reconstruction. Using the structure among the coefficients allows to reduce the
number of false negatives. With such high threshold value, the method that appears to be the
most powerful to reduce the false negatives is the estimator féé)

Nevertheless, comparing Corollaries 4.1 and 4.2, our results point out that the HBTEt)’1 family,
based on a ’large’ threshold, reaches a certain limit of detection of true discoveries that only a
smaller order threshold would allow to overcome. That is confirmed when comparing the MISE
of fé? and fét). The latter have lower MISE for all the tested functions with improvements
ranging from 4 up to nearly 21 percent lower MISE. This emphasizes also that the use of a less
conservative threshold gives rise to false positives, and thus we need a method that is able to
treat simultaneously the false positives and the false negatives to control the overall risk (i.e.,
p < 00). As we observe in the Figure 6, the best results are obtained for p = 2.

N =2048, SNR =10

-
*  HBT2

o +  HBT3-10
4 HBTw

MISE 1e-04
6
1

7

T T T T T T T T T T 1
step wave blip blocks bumps  heavisine  doppler angles parabolas tss spikes corner

Figure 6: MISFE of the non overlapping BT-estimator in HBTEt)’2 for different values of 2 < p <
oo for estimating various functions with a SNR equal to 10.
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threshold BT HBT("2

method ol B T holjo [ o1 /| fo]l Ffo /e
Function: Step

MISE 39.8 25.3 19.2 13.8 9.0 12.0 13.2 13.8 3.4

False + 1.0 2.1 5.1 10.4 17.6 11.7 10.7 10.4 0.0

False — 50.8 42.9 37.9 31.6 24.2 29.2 30.9 31.6 0.0

size 19.2 28.2 36.2 47.7 62.4 51.6 48.8 47.7 69.0
Function: Wave

MISE 3.3 3.3 3.3 3.3 1.2 3.3 3.3 3.3 0.7

False + 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

False — 36.0 36.0 36.0 35.6 9.7 34.9 35.6 35.6 0.0

Size 24.0 24.0 24.0 24.4 50.3 25.1 24.4 24.4 59.0
Function: Blip

MISE 14.0 6.2 5.1 4.3 3.0 4.2 4.3 4.3 0.9

False + 2.1 6.9 8.9 12.8 22.3 13.7 13.0 12.8 0.0

False — 26.9 19.1 17.2 14.6 9.7 14.2 14.5 14.6 0.0

Size 16.3 28.8 32.6 39.2 53.6 40.5 39.5 39.2 41.0
Function: Blocks

MISE 14.3 9.8 8.5 7.3 4.7 6.6 7.2 7.3 1.8

False + 6.0 8.4 10.5 15.1 29.1 17.4 15.6 15.1 0.0

False — 152.3 | 137.6 | 130.4 | 119.8 92.2 114.6 | 118.6 | 119.8 0.0

Size 47.7 64.7 74.1 89.3 130.9 96.8 91.0 89.3 194.0 ]
Function: Bumps

MISE 5.9 3.6 2.6 2.1 1.7 2.0 2.1 2.1 0.7

False + 16.2 21.1 33.0 40.7 54.3 41.3 40.8 40.7 0.0

False — 110.5 92.3 81.4 74.5 62.9 73.9 74.4 74.5 0.0

Size 115.7 | 138.8 | 161.6 | 176.2 | 201.4 | 177.4 | 176.4 176.2 210.0

Function: Heavisine

MISE 5.1 5.1 4.9 3.7 2.4 3.1 3.5 3.7 1

False + 0.0 0.0 0.1 0.7 1.9 0.8 0.7 0.7 0

False — 26.0 26.0 25.3 22.3 18.8 20.9 21.9 22.3 0

Size 8.0 8.0 8.8 12.4 17.2 14.0 12.9 12.4 34

Table 1: MISE (10™*), average number of false positives/negatives and average number of non zero
empirical wavelet coefficients in the estimator.
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threshold HBT ! HBT("):2
method | fo [ f5 | fio | foo | o | f5 | fro | foo | f©
Function: Doppler
MISE 7.0 6.5 5.4 4.2 2.5 4.0 4.2 4.2 1.2
False + 4 4.2 5.3 8.3 11.8 8.9 8.4 8.3 0.0
False — 37 35.5 | 32.0 | 279 175 | 26.7 | 27.6 | 27.9 0.0
Size 42 43.7 | 48.2 | 554 | 69.3 | 57.2 | 55.8 | 55.4 | 75.0
Function: Angles
MISE 5.0 1.8 1.6 1.5 1.5 1.5 1.5 1.5 0.8
False + 0.7 2.8 3.0 3.3 3.6 3.3 3.3 3.3 0.0
False — 14.8 | 10.4 | 10.0 | 9.9 9.8 9.9 9.9 9.9 0.0
Size 20.9 | 27.4 | 28.0 | 28.4 | 28.8 | 28.4 | 284 | 28.4 | 35.0
Function: Parabolas
MISE 10.3 4.7 3.4 2.7 1.3 2.3 2.6 2.7 0.8
False + 0.9 3.5 4.7 5.5 7.0 5.9 5.6 5.5 0.0
False — 12.8 9.5 8.2 6.8 3.0 5.9 6.6 6.8 0.0
Size 14.2 | 20.1 | 22.5 | 24.7 | 30.0 | 26.0 | 25.0 | 24.7 | 26.0
Function: Time Shift sine
MISE 1.7 1.7 1.7 1.6 1.1 1.6 1.6 1.6 0.6
False + 2.0 2.0 2.0 2.2 4.9 2.4 2.2 2.2 0.0
False — 5.0 5.0 5.0 4.9 2.8 4.7 4.8 4.9 0.0
Size 23.0 | 23.0 | 23.0 | 23.3 | 28.1 | 23.7 | 23.4 | 23.3 | 26.0
Function: Spikes
MISE 3.8 1.5 1.2 0.8 0.6 0.7 0.8 0.8 0.3
False + 3.0 14.0 | 16.3 | 20.4 | 23.7 | 20.9 | 20.5 | 20.4 | 0.0
False — 25.0 | 16.0 | 13.3 9.9 8.0 9.4 9.8 9.9 0.0
Size 42.1 | 62.1 | 67.0 | 745 | 79.7 | 75.5 | 74.8 | 74.5 | 64.0
Function: Corner
MISE 3.8 1.5 1.0 0.8 0.5 0.8 0.8 0.8 0.3
False + 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0
False — 174 | 12.7 | 11.1 10.0 7.2 9.5 9.9 10.0 0.0
Size 9.6 14.3 15.9 | 17.1 19.9 | 175 17.1 17.1 | 27.0

Table 2: MISE (10™*), average number of false positives/negatives and average number of non zero
empirical wavelet coefficients in the estimator.

6 Summary of results and conclusion

In this paper we introduced the family of Horizontal Block Thresholding estimators. We studied
the performances of the estimators of this family under the Ly-risk using the maxiset approach.
We remark the good maxiset performances for a wide range of rates and threshold values, and
we identified the best procedure in some cases, that is the one using the l;-norm and a threshold
value of order e. This paper shows the importance of adapting the threshold to the method in
order to enlarge the maxiset.

For a given (fixed) threshold value, there is the following interpretation of this family according
to p: the situation of p = oo corresponds to a methodology that really focuses on the reduction
of false negatives, all the coeflicients in a block where one coeflicient passes over the threshold
are kept. This method, however, has to accommodate with really high threshold values in order
that also the false positives are well controlled. Methods with lower p are meant to control simul-
taneously false positives and negatives. For those, one has to reduce the value of the threshold
if one aims to really improve the estimation. But as a trade-off lowering the threshold calls for
correcting on the side of the chosen method in order to not lose control of the false positives and
to expect a higher potential for the method. Developing these fine tunings for the link between
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chosen threshold method and associated threshold value, is precisely the content of this paper
using the maxiset approach.

Our numerical experiments for fixed threshold (as HBTEt)’l) confirm the best procedure for

p = 00. On the contrary, for methods with a threshold value that depends on p (as HBTEt)’Z),
the best procedure is the one associated with p = 2.

For future research, it would be interesting to model the improvements related to the James Stein
correction used in Cai (2008). Another important point is about overlapping horizontal block
thresholding theory. Indeed, the behavior of overlapping and non overlapping block thresholding
procedures according to p and to the threshold value is similar - as it is shown in the Figures 7
and 8. Comparing non overlapping and overlapping HBT@’2 we discover that the latter reduces
the MISE for almost all the tested functions up to nearly 38 percent for the 'Doppler’ function.
Nevertheless, while the maxisets of the overlapping HBTEt)’1 methods can be easily computed
using a similar approach to ours in that paper, it appears to be non trivial for overlapping

HBT® 2,

N =2048, SNR =10

. . HBT 2

7 + HBT 3- 10
4 HBTeo

w |

«

MISE 1e-04

ot M S

RN e

step wave blip blocks bumps  heavisine doppler angles parabolas tss spikes corner

Figure 7: MISFE of the overlapping HBTE”’1 estimators for different values of 2 < p < oo for

estimating various functions with a SNR equal to 10.
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N =2048, SNR = 10
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Figure 8: MISFE of the overlapping HBT@’2 estimator for different values of 2 < p < oo for

estimating various functions with a SNR equal to 10.

7 Proofs of results

In this Section, C' denotes a constant that does not depend on m and € and that may be different

from one line to an other line. Proofs of many results use the following lemma recalled from Cai
and Silverman (2001).

Lemma 7.1. Let x = (z1,...,74) € RY and 0 < p < q < oo. Then the following inequalities

hold: 1 1 1
d q d D d q
(zw) s(zw) < (Dxm) |
=1 =1 =1

7.1 Proof of Proposition 4.1

Proof. Fix 2 < p < oo and let f € Bj . There exists C' > 0 such that, for any j € N, the
wavelet coefficients of f satisfy:

Bl
Qe

27 -1
>3 <C27¥n
k=0

O) .

(s) vy, < (m/vkp)m <

vy,

Fix m’ > my. For any 0 < A < 1, let j
1,.]'(5)
vy

) be the integer such that 2
2

271
Z Z 932791{”9 / Bjk()‘)llp < m/t/\,p} = Ao+ Ay

JEN k=0

with, using Lemma 7.1
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AOZZ

{ 0/ BrOly < 't |

]<]S) k=0
27 1
< Z >N {le/Bjkmnzsm,p}
J<j1; k=0
wj A
< llog ) (m'tr,)? Z > 1o/ B0l < '}
]<Jv u=1
i
< 2 (m/t)\’p)Q

< C (m'v,,

)THE

The last inequality is obtained using sup i, vA,p_l < oco. Since f € B3 .,

Ay

Hence, for any m’ > my,

sup (
0<A<1

that is to say, f €

m’'>my

IN

IN N

0<A<1

291
> > 932%1{”9 / Bix(W|lp < m’tx,p}

i>58) k=0
P
291
2
> D 0
j25) k=0
—9gi()
C 2 "
/ s
C (m'v, )T+,
291

m’vk_’p)_l%s Z Z 9327@1{”9 / BirN)|lp < m’t>\7p} < 00,

jEN k=0

W(t»’U)

2 ’ M
1125 P

7.2 Proof of Proposition 4.2 and of Proposition 4.3

Forallm >0,0<r<2andall2<p<q< oo, the definitions of W

down.

Lemma 7.2. Assume that, for any 2 < p < 00, te, only depends on e.

rmp

any 2 <p; <py<ooandany 0 <e<1

17

and W(*)
differ by the indicator functions they are associated with. These spaces defined in Deﬁmtlon 4.2
control the energy of the coefficients that are not used in the reconstruction. That is exactly
the complementary set to H(t,m’, p). Therefore, the embeddings given in Propositions 4.2 and
4.3, holding for a wide range of threshold values (t,)., can be deduced from the embedding
properties of the sets of indices H.(t,m’,p) stated in the following lemmas and proved further

Then, for any m > 0,



i Hf(t7m7p1) g Hﬁ(t7m7p2):

o H.(t,m,00) is the set of indices which contains all the empirical wavelet coefficients larger
than the threshold value and their block-neighborhood, i.e. the empirical wavelet coefficients
belonging to the same block.

1
Lemma 7.3. Assume that, for any 2 < p < oo, (log(e_l)) ? tep only depends on €. Then, for
anym >0, any 2 <p; <ps <oo and any 0 <e <1

L4 HG(t7m7p2) g He(t7m7p1)'

The two previous lemmas show that the embedding properties depend on the choice of the thresh-
old ¢ ,. More precisely, for any 0 < € < 1, if ¢, , only depends on ¢ then the larger p the bigger

the set of indices Hc(t,m,p) (m > 0). If the quantity (log(efl))%t@p only depends on € then the
larger p the smaller the set of indices H(t,m,p).

Proof. Let m > 0 and 2 < p; < ps < 0o. Proofs of Lemmas 7.2 and 7.3 are a direct consequence
of Lemma 7.1. Indeed, if for any 0 < € < 1, ¢, only depends on ¢ then, for any (5, k):

16/ Bji(€)llp, > m tep, =116 / Bin(e)llp, > m tep,.

Hence He(ta mapl) g He(tamaPQ)'

1
In the same way, if for any 0 < € < 1, (log(efl)) ? t.p only depends on e then, noting that the
size of blocks is of order log(e™1), for any (3, k):

10/ Bjr(e)llp, >m tep, =110/ Bj(e)llp, >m tep, -
Hence H.(t,m,p2) C Hc(t,m,p1).
O

Remark 7.1. For any 2 < p < oo and any 0 < € < 1, notice that the assumption of Lemma 7.2

is satisfied with the choice t., = € whereas the assumption of Lemma 7.3 is satisfied with the
1

choice t. , = e(log(e_l))%fp.

7.3 Proof of Theorem 4.1

Proof. Notice that the result can be proven by replacing the supremum over e in [0, 1] by the
supremum over € in ]0, €, [, where ¢, is such that for any 0 < € < ¢, and such that 0 < muv, , < 1.

=

Suppose that, for any m > 2my and any 0 < € < €, E||f,5t) - fl3<cC (mve’p)liis?s. Then,

271
> Y 605 < EIfY - fII3
3>jv, , k=0

< C (mwe,) ™%

< C2 TE Hugy,



So, using the continuity of v, with respect to €, f € Bl+25 Let m' > my and put m := 2m/,

(mve,) 5 3 Z 0 kl{ne / Bl < m’te,p}

JEN k=0

(mvep) 75 Z Z 0 k1{||9 / Bjr(e)llp < T;tf’p}

JEN k=0
< Ap+ Az + Ay,
with

—4s

4 = ()T E| Y Z 51 {10/ Bl < m., |

J<jv, ep

mvgp 1+2§ (t) . 2
(F52) " EIFY - 118
C,

IN

IN

g1

L™

=4s A
A3 (%) 1+2s E G?kl{He -0 / ng(E)Hp > %te,p}
J<Jv, » k=0

< o ()T B (120l > 2 )
< C.

The last inequality uses assumption (6) - with ¢ = 2 - and the fact that m > 2my4 > 2mso.

Now

A = (M) g Z {e/Bjk<e>||ps’§te,p}

]>_]U€p k=0
29 -1
< (m’uep)przs Z Z
J2Jve,p k=0
mu 555
< C (J) 12 9~ 1725 2vep
- 2
< C.

The last inequality holds since we have already proved that f € 3“2*. When combining the
bounds of Ay, A3 and A4 and when using the continuity on v, p with respect to €, one deduces

that f € W' e - Following the arbitrary choice of m’ > my, one gets f € N />m4W(t U)

55 M P m/,p’
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Suppose that f € B“"’S N ﬂ wt) , | - For any any m > 2my and any 0 < € < €, the

quadratic risk of the estimator fz(,t) can be decomposed as follows:

271
B0 = E| 3 S {ne/Bjk(e)npSmte,p}
F<Jve.p

29 -1

+ 3 S e[l 0010/ Bl > mia

J<Jve,p k=0
29 -1
+ Z 297k+6
J2dve,, k=0
= A5+ Ag + A7

Since f € B”QS AWy and due to assumption (6)

T¥os ,2m,p
2791
45 = E| > > 9?k1{||0 / Bir()lly < mt}
J<jve,p, k=0
291
< D> 0§k1{|9 / Bjr(e)llp < 2mte,p}
j<jv€)p k=0

+ CP([Z(e)llp > mtep)
< C (mv@p)%.

The last inequality arises from m > ms.

Using the Cauchy-Schwarz inequality and assumption (6)

2791

4 = Y ZE[(éjk—ejml{né /Bjk<e>|,,>mte,,,H
J<jvep k=0
27 1 m
< Y Y& [ b0 21{||9/Bﬂ<<>|p H
J<Jve,p k=0
. 1 m
+C & 2erPE (| Z(0)llp > T te)
_4s 1 m
< C ()™ + P (12 > 5 tep) )
< C’(mv@p)%,

since m > 2my.
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Since f € By 52 and v, satisfies (7)

27 -1
2 Z Z 2
J>dve,p k=0

2s -
2 4 O 2 T

<
< C (mvﬁp)%.

When combining the bounds of A5, Ag and A7 one deduces that

__4s ~
sup (mue,)  TEE| S — fI3 < co.
0<e<1

This ends the proof. O
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