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Abstract. For the problem of nonparametric regression of smooth functions, we reconsider and analyze a constrained variational
approach, which we call the MultIscale Nemirovski—Dantzig (MIND) estimator. This can be viewed as a multiscale extension of
the Dantzig selector (Ann. Statist. 35 (2009) 2313-2351) based on early ideas of Nemirovski (J. Comput. System Sci. 23 (1986) 1—
11). MIND minimizes a homogeneous Sobolev norm under the constraint that the multiresolution norm of the residual is bounded
by a universal threshold. The main contribution of this paper is the derivation of convergence rates of MIND with respect to L9-
loss, 1 < g < oo, both almost surely and in expectation. To this end, we introduce the method of approximate source conditions.
For a one-dimensional signal, these can be translated into approximation properties of B-splines. A remarkable consequence is
that MIND attains almost minimax optimal rates simultaneously for a large range of Sobolev and Besov classes, which provides
certain adaptation. Complimentary to the asymptotic analysis, we examine the finite sample performance of MIND by numerical
simulations. A MATLAB package is available online.

Résumé. Dans le cadre du probleme de la régression paramétrique de fonctions lisses, nous revisitons et analysons une approche
variationnelle contrainte, que nous appelons I’estimateur de Nemirovski—Dantzig multi-échelle (MIND). Il peut étre vu comme
une extension multi-échelle du sélecteur de Dantzig (Ann. Statist. 35 (2009) 2313-2351), reposant sur des idées antérieures de
Nemirovski (J. Comput. System Sci. 23 (1986) 1-11). MIND minimise une norme de Sobolev homogene sous la contrainte que la
norme multi-résolution du terme résiduel est bornée par un seuil universel. La contribution principale de cet article est d’obtenir
des vitesses de convergence de MIND pour une norme L4, 1 < ¢ < oo, a la fois p.s. et en moyenne. A cette fin, nous introduisons
la méthode des conditions de sources approximées. Dans le cas d’un signal unidimensionnel, on peut exprimer ces dernieres en
termes de propriétés d’approximation de B-splines. Une conséquence remarquable est que MIND atteint presque des taux minimax
optimaux simultanément pour un large ensemble d’espaces de Sobolev et Besov, ce qui montre une adaptabilité certaine. En plus
de I’analyse asymptotique, nous étudions la performance de MIND pour un échantillon fini a I’aide de simulations numériques. Un
package MATLAB est disponible en ligne.
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1. Introduction

In this paper, we will consider the nonparametric regression problem to estimate a (Sobolev or Besov) smooth function
f:10, 11 — R from n measurements

(X)) = f(x)+8u(x) forxel,, (1)

where

I 1
Toi= (o 4 g s~ b === )i =0,..on/ = 1, fori=1,....d @
Ld T o,17d Ld T o,d

is the regular grid in (0, 1)¢ containing n equidistant points, and {£,(x) : x € I',} a set of independent, identically
distributed (i.i.d.) centered sub-Gaussian random variables with scale parameter o, i.e., the common distribution
function & satisfies

/e”@(dt) <eT/2 for every T € R. 3)

For simplicity, we assume that the truth f can be extended periodically to R to avoid boundary effects, and that the
noise level o is known (otherwise it can be estimated 1/./n consistently, see [70,85]). The discrepancy between an
estimate and the truth will be measured via L9-loss with 1 < g < co.

1.1. Variational statistical estimation

Since the fundamental work of [71,86] and many others, the literature on nonparametric regression techniques has
become enormously rich and diverse, and has found its way into many textbooks, see [41,50,52,64,91] for example.
A prodigious amount of these estimation methods can be cast in a variational framework, which can be roughly
categorized into three different formulations: penalized estimation, smoothness-constrained estimation, and data-
fidelity-constrained estimation, see Figure 1.

Penalized estimation is a solution of the Lagrangian variational problem (also known as generalized Tikhonov
regularization)

m}nﬁ(f, o) +AS(f). 4

The regularization term S( f) accounts for a-priori assumptions of the truth f, such as smoothness, sparsity, etc. The
data fidelity term L(f, y,) measures the deviation from the data y,. If L(-, y,) is the log-likelihood function of the
model, this amounts to penalized maximum-likelihood regression (see e.g., [38,92], for general exposition). Prominent
examples include smoothing splines [95], local polynomial estimators [41], and locally adaptive splines [69]. It is
known that the choice of the balancing parameter A is in general subtle, although there are nowadays many data
driven strategies, such as (generalized) cross validation [94], or Lepskii’s balancing principle [68], to mention a few.
The latter even provides adaptation over a range of generalized Sobolev scales, see e.g. [48,67].

( N . i
Smoothness-constrained estimation

m}nﬂ(f,yn) s.t. S(f) <n

Penalized estimation

A~

min £(f,yn) + AS(f) ] 4
! \ (Datafﬁdelityfconstmined estimation

m}nS(f) s.t. L(f_,yn) <x

\ J

Fig. 1. Variational statistical estimation.
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Smoothness-constrained estimation is to minimize the data fidelity term £ under the regularization constraint S,

m}nﬁ(f, yn) subjectto S(f) <n. )

It includes the well-known lasso [87] for £ = || - —y,ll,2 and S = || - [|,1 as a special case. Another example is
Nemirovski’s (1985) estimator f), , defined by

fp.y €argmin||S, f — yullp  subjectto | DX f]|,, <n. ©6)
f

where S,, denotes the sampling operator on the grid I',,, and the multiresolution norm || - |3 measures the maximum
of normalized local averages, defined as follows.
Definition 1.1.

(a) A cube is defined as a subset of [0, 1]‘1 of the form B = I—[?zl[a,-,a,’ + h), where aq; e R, i =1,...,d, and
0 < h < 1, and its d-dimensional volume k¢ is denoted by |B|.
(b) The multiresolution norm | - |5 on R with respect to a non-empty system of cubes 3 is defined by

> oy

xel[,NB

fory = (y(x)) cr, € R™. (7

1
yll5 = sup
BeB V1 (B)

Here
n(B) :=#I",, N B.

Moreover, in the case of n(B) =0, thatis, I', N B = &, we set | err,mB y(x)|/+/n(B) :=0.

The estimator f[,,,] in (6) is known to be minimax optimal (up to at most a log-factor) over Sobolev ellipsoids
{f; | DX fllLr <1} C WK-P see [74,75]. This indicates one drawback of this type of estimator: the choice of the
threshold n determines a priori the smoothness information (measured by S) of the truth f, which is often unavailable
in reality.

Data-fidelity-constrained estimation results from the “reverse” formulation of (5), given by

m}nS(f) subject to L(f, y,) <y. 3

Many basis (or dictionary) based thresholding-type methods, such as soft-thresholding [29], and block thresholding [9,
10,12,19,54], can be written this way. Here y = y,, can be chosen as a universal threshold, not depending on the data.
For example, proper wavelet thresholding provides spatial adaptivity, and is known to be minimax optimal for smooth
functions, see [32-34,56], while at the same time computationally fast as the thresholding is applied to each empirical
wavelet coefficient, separately. Such adaptivity of wavelet based methods is also known for more general settings,
such as linear inverse problems, see e.g. [15,20,30,58]. The Dantzig selector [14] is also a particular data-fidelity-
constrained estimator, originally introduced for linear models. In the nonparametric setting (1), it has the form

min ||l subjectto || f — ynlle <. )
feRln

Many other ¢£!-minimization approaches for recovering sparse signals also take the form of (8), see [11,31] for exam-
ple.

From a convex analysis point of view, all three estimation methods in Figure 1 can be viewed as equivalent, as under
weak assumptions [62] each estimator in (4), (5), (8) can be obtained as a solution of the other optimization problems
via Fenchel duality (cf. [5], for this in the case of the lasso and the Dantzig selector). The correspondence between the
parameters A, 1, ¥, however, is not given explicitly, and depends on the data y,. It is exactly the lack of this explicit
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correspondence that makes the different statistical nature of these estimations. From this perspective, the data-fidelity-
constrained estimation (8) has a certain appeal, since its threshold parameter can be chosen universally, i.e. only
determined by the noise characteristics and the sample size 7, and still allows for a sound statistical interpretation.
For instance, it can often be chosen in such a way that the truth f satisfies the constraint on the r.h.s. of (8) with
probability at least 1 — o, which immediately leads to the so called smoothness guarantee of the estimate f in (8),

infP{S(H =S}z 1-a.

1.2. MIND estimator

In the literature, multiscale data-fidelity-constrained methods which do not explicitly rely on a specific basis or dic-
tionary and hence do not allow for component or blockwise thresholding have also been around for some while. For
example, [74] briefly discussed the “reverse” of his estimator (6) as well, which is given by

min| DYf [, subject o 1S,f = yulls <. (10)

These estimators all combine variational minimization (L.h.s. of (10)) with so called multiscale testing statistics
(r.h.s. of (10)). Empirically, they have been found to perform very well and even outperform those explicit methods
based on wavelets or dictionaries (cf. [13,28,45]), see also Section 5.1. In fact, the latter methods, as signal-to-noise
ratio decreases, often show visually disturbing artifacts because of missing band pass information [13]. Nevertheless,
the computation of such multiscale data-fidelity-constrained estimators, in general, leads to a high dimensional non-
smooth convex optimization problem, remaining a burden for a long time. However, recently certain progress has been
made in the development of algorithms for this type of problems (see [2,16,44] for example). In the one dimensional
case, fast algorithmic computation is particularly feasible for specific functionals S (e.g. [22,23,35,46]). In contrast to
these computational achievements, the underlying statistical theory for these methods is currently not well understood,
in particular with regard to their asymptotic convergence behavior. In fact, there is only a small number of results in
this direction we are aware of: for fixed k € N and p € [1, oo], and under the somewhat artificial assumption that the
truth f lies in the constraint on the r.h.s. of (10), [74] derived the convergence rate of (10) (i.e. S := || DX - ||.») which
coincides with the minimax rate over Sobolev ellipsoids in W*? up to a log-factor. Special cases of this result have
also appeared in [24] for k = p =2, and in [23] for k = 2, p = oco. In particular, adaptation of this type of estimators
has not been provided so far, to the best of our knowledge. Intending to fill such gap, we focus on the “reverse”
Nemirovski estimator (10) with p = 2, that is,

A

1 2 .
fn = argmin | D*f||;2  subjectto IS, f = yullB < V- (11)
f

We call f)," given by (11) the Multlscale Nemirovski—-Dantzig estimator (MIND). The choice of the name credits the
fact that it is a particular “reverse” Nemirovski’s estimator (10), and the r.h.s. is a (multiscale) extension of the Dantzig
estimator (9), cf. [44]. Note, moreover, that such a “reverse” modification of the Nemirovski estimator as in (10)
and (11) was originally suggested by S. V. Shil’man according to a personal communication with Nemirovski [74].

The main contribution of this work is trifold. First, we introduce the approximate source conditions [59,61] from
regularization theory and inverse problems into the statistical analysis of nonparametric regression. By combining
them with an improved interpolation inequality of the multiresolution norm and Sobolev norms, we are able to trans-
late the statistical analysis into a deterministic approximation problem. The approximate source condition is essen-
tially equivalent to smoothness concepts in terms of (approximate) variational inequalities (cf. [43,60,80]) via Fenchel
duality, see [42]; and conditions of this kind are fundamental for convergence analysis in inverse problems (see e.g.
[39, Section 3.2]).

Second, we present both the L4 -risk convergence rate (1 < g < oo) and the almost sure convergence rate for MIND,
provided that an estimate of the approximate source condition is known. It is worth noting that the derivation of the
L9-risk convergence rate is more involved, for which one has to bound the size of MIND, when the truth does not
lie in the multiscale constraint, which notably extends [74]’s technique. Our analysis for such situation is built on the
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observation that the MIND estimator is always close to the data, which leads us to an upper bound on its L?-loss in
terms of the multiresolution norm of the noise. The latter can be easily controlled because it has a sub-Gaussian tail.

Third, we show a partial adaptation property of MIND in one dimension, in the sense that for a fixed k € N, it
attains minimax optimality (up to a log-factor) simultaneously over Sobolev ellipsoids in W*:? and Besov ellipsoids
in B;’p/ for all (s, p) € [1,k] x {o0} U [k + 1,2k] x [2,00] and p’ € [1, oo]. These results explain to some extent
the remarkably good multiscale reconstruction properties of MIND empirically found in various signal recovery and
imaging applications, see Section 5 and [13,23,45].

1.3. Organization of the paper

The rest of the paper is organized as follows: In Section 2, we present the multiresolution norm together with its
deterministic and stochastic properties. Section 3 is devoted to approximate source conditions and so called distance
functions, which provide methods for analyzing the L7-loss (1 < g < co) of MIND. Combining such general results
and an estimate of the distance functions, we obtain explicit convergence rates for smooth functions, in the one
dimensional case, in Section 4. These rates are further shown to be minimax optimal up to a log-factor simultaneously
over a large range of Besov and Sobolev classes. In addition to the asymptotic results, the finite sample behavior, as
well as choices of the tuning parameter, of MIND is examined empirically on simulated examples in Section 5. The
paper ends with discussions and open questions in Section 6. Technical proofs are given in the Appendix.

An implementation of MIND is provided in the MATLAB package “Multiscale OPtimization (MOP)”, available
at http://stochastik.math.uni-goettingen.de/mop/.

2. Properties of the multiresolution norm

Our main tool for the analysis of MIND will be estimates both for ||&, ||z and for ||S, f| 5 that hold for sufficiently
rich systems of cubes (cf. Definition 1.1). Here and in the following S, denotes the sampling operator on the set ',
in (2), provided that f is continuous.

Definition 2.1 ([74]). A system B of distinct cgbes is calleg normal, if there exists ¢ > 1 such that for every cube
B C [0, 1]¢ there exists a cube B € B such that B C B and |B| > |B|/c.

In order to estimate the convergence rate of MIND for functions that are smoother than imposed by the regulariza-
tion term, it is necessary to impose an additional regularity condition on the system B.

Definition 2.2. The system of cubes B is called regular (or m—regulqr) for some m e N, m > 2, if it contains at least
the m-partition system, which is defined as all sets of the form [¢m™7, (¢ + 1)m~/) forall £ e N¢, j e N.

Remark 2.3. Formally, a normal or regular system 53 is independent of the grid I',,. Given a grid Iy, the value of the
multiresolution norm, however, depends on the intersection of the cubes in B with I';,. In particular, it is the (effective)
cardinality of distinct cubes of B on Iy, that is, the number #{B N I",;; B € B}, that determines the computational
complexity of the evaluation of the multiresolution norm. In order to obtain numerically feasible algorithms, one
therefore would like to choose this effective cardinality as small as possible while still ensuring normality or regularity
of B.

(a) The system of all distinct cubes is clearly normal and regular. Its corresponding multiresolution norm also appears
as a particular scan statistics (maximum likelihood ratio statistic in the Gaussian setting), which examines the
signal at every scale and location. This is a standard tool for detecting a deterministic signal with unknown
spatial extent against a noisy background, see e.g. [36,47,84]. However, the cardinality of all the cubes on I'; is
O(n?), making it computationally impractical for large scale problems. In practice, sparser normal systems, while
retaining multiresolution nature, are therefore preferable. Some examples are given below.

(b) The system of cubes with dyadic edge lengths is normal, and of effective cardinality O(nlogn) on I',. It is easy
to see that this system is 2-regular.
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(c) Sparse system with optimal detection power. In one dimension, a normal system of O (n) intervals can be con-
structed from the system introduced in [78], by including some intervals of small scales (i.e. length < log(n)/n).
This system is still sufficiently rich to be statistically optimal, in the setting of bump detection in the intensity of
a Poisson process or in a density, but it is not regular. The heuristics behind is that after considering one inter-
val, not much is gained by looking at intervals of similar scales and similar locations (see also [17]). For higher
dimensions, such system can be constructed similarly, see [83,96].

(d) The m-partition system has effective cardinality O(n) on Iy, and is normal and obviously m-regular. As will
be shown in Section 4, it is rich enough for nearly optimal estimation of smooth functions (see Section 5 for its
practical performance). In particular, for m = 2, it corresponds to the support set of the wavelet multiresolution
scheme.

It is clear that every regular system of cubes is necessarily normal. The converse, however, need not hold. That is,
there exist normal systems of cubes that are not m-regular for any m € N (cf. the second example above).

Finally, we note that the multiresolution norm is, actually, not necessarily a norm but always a semi-norm. That
is, it can happen that ||y||g = O although the vector y € R is different from zero. Obviously this is the case if
BNT, = forall B € B, in which case || - || is identically zero. If the system 5 is normal, however, this situation
cannot occur for n sufficiently large: the normality of BB implies in particular that I3 contains a cube of volume at least
1/c, which, for n > ¢ necessarily has a non-empty intersection with the grid I[',,. Still it is possible that || y||z = O for
some non-zero y. On the other hand, if B is normal and f: [0, l]d — R is continuous and non-zero, then there exists
some ng € N such that || S, f| |5 # O for all n > ng, which means that the multiresolution norm of the point evaluation
of a continuous non-zero function will eventually become non-zero. For simplicity, we will consider only systems 13,
s.t. || - g is a norm, which allows us later to define its dual norm. Moreover, in the important case of the m-partition
system, it is easy to see that || - || 3 is indeed a norm, and that it can be bounded below by the maximum norm on RIn,

The main property of the multiresolution norm is that it allows to distinguish between random noise and smooth
functions. As the number n of sampling points increases, the multiresolution norm of a smooth function increases
with a rate of n'/2. In contrast, the multiresolution norm of i.i.d. Gaussian noise can be expected to grow only with a
rate of 4/log n. More precisely, the multiresolution norm has the following properties:

Proposition 2.4. Let 0 > 0, B be a system of cubes and &, := {&,(x) : x € ')} a set of i.i.d. sub-Gaussian random
variables (3) with parameter o > 0. Then there exists a constant Cy such that

2
P{lg, I3 > 1} < min{1,2n% 27},

E[”En”%] < Cy(o/logn)?  foreveryn > 1.

Remark 2.5. The first result follows from a simple union bound [74], and the second from the first using

E[nsn%]:/ 019 'P{l|E |l = t} dr.
0

The simple bounds here, as we will see, are sufficient as our major concern is the order of convergence rates. Improve-
ments on such bounds are possible, for instance, by standard chaining arguments [93], which only affects the constant
factors in later derived rates (as well as constant C in (19), the asymptotic choice of the threshold). Note, further, that
even the asymptotic distribution of ||, | g is available, which obeys, under general assumptions, a Gumbel law (after
proper rescaling), see [55,63]. For instance, if 3 consists of all the cubes and &, is standard Gaussian, then

d
% log(dlogn) + log (M)Tld +1

b
/2dlogn

where J; € (0, 00) is a constant. For simplicity, we do not pursue this further, and refer to [55,63,84] for more details.

lim IP’{ Il <+/2dlogn +
n—oo

} =e¢ ¢ forteR, (12)
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The next result provides an interpolation inequality for the L7-norm of a function in terms of its multiresolution
norm and the norm of its kth order derivative. For k > d /2, k,d e Nand 1 < g < o0, let

k 4k+2d
' ifg <
9 =0k,d,q) = {,f"_;“z y (13)
% ifg > 4k+2d

Proposition 2.6. Let B be a normal system of cubes, k,d € N, k > d /2 and 1 < q < 00. Then there exist constants C
and ng, both depending only on k and d, such that for every f and for n > ng,

1—20 1SafllB ||D"f||Lz}

||f||LqSCma{” Sif 1 1D Al =5~ (14)

where ¥ =9 (k,d, q) is given by (13) and ¥’ := 2k /d.

Remark 2.7. The inequality (14) actually holds for general || DX f|.» (1 < p < 00) in place of | D* f| 2, provided
that k > d/p or k > d and p = 1, and proper choices of ©#, . This is a generalization of the interpolation inequality
by [74]. The original version holds only for normal systems with ¢ = 6 (cf. Definition 2.1) and p > d. In fact, one can
prove the general inequality (14) similarly as [74,75], while replacing the use of Taylor polynomials and Vitali cover
by that of averaged Taylor polynomials [8, Chapter 4] and Besicovitch cover [3,4]. Thus, the proof is omitted here.

Note, that k > d/p or k > d and p =1 is the weakest condition to ensure the continuity of f, which guarantees
that the evaluation §,, and the multiresolution norm || - || g are well-defined. In this sense, Proposition 2.6 is already in
its most general form.

3. Approximate source conditions

We make the following assumption (see, however, Remark 3.1), which will simplify and streamline the technicality
of our theoretical analysis, while not altering the statistical difficulty of problem (1).

Assumption 1. Every function f is defined on the d-dimensional torus T¢ ~ R¢/Z¢ (or equivalently periodic), and
has mean zero, i.e.

/ f(x)dx =0.
Td

We stress, however, that all subsequent results carry over to nonperiodic functions with arbitrary mean as indicated in
the following remark.

Remark 3.1. Of course, the computation of the estimator MIND is by no means subject to the restrictions in As-
sumption 1, and the convergence analysis (see this section and Section 4) easily carries over to general functions.

(a) Removability of periodicity. Note that for f € H*([0, 1]1¢) with k > d /2 there exist a sequence of periodic func-
tions f; € € (T9) indexed by ¢ € (0, 1/2) such that

ID*Cfe = D)2 = 0. Nfe—flliee >0, and || Su(fe — f)]je — 0 ase— 0.
One possible choice of f; is

felx) = /{O » FWhe(x —y)dy forx [0, 117,
where /. : TY — R is the standard periodic mollifier (see e.g. [40, Appendix C.5]) given by

2 .
) {g%exp(lxlf—_gz) ifx e[—1/2,1/219, x| <&
& o
0

with constant C s.t. / he(x)dx =1.
ifxe[—1/2,1/2)4, |x| > ¢ T4
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Then the convergence analysis for non-periodic functions can be readily obtained by applying that for periodic
ones (to-be-presented) to f; and letting ¢ tend to O sufficiently fast.
(b) Removability of mean zero. This is also possible, if, for instance, one uses instead the estimator fugl + ¥, where

f}gl is the MIND (11) applied to (y, — y»), and y, the average of y,. The convergence analysis (to-be-presented)
extends to such an estimator, since y, converges to the mean of the truth, f[o 1 f(x)dx, at a parametric rate,

Op(1//n).

We denote by Lg (T?) with 1 < p < oo the space of all L”-functions with zero mean. We note that Lg (T?) is a
closed subspace of L” (T?) for all p. Similarly, we will denote by Hé‘ (T9) := H*(T9) N L%(Td) the space of all kth
order Sobolev functions with zero mean. We define the homogeneous Sobolev norm || D* - | 2=l Hé‘) as the norm
in HY(T9).

In order to derive convergence rates for MIND, we will now introduce more recent techniques from regularization
theory and inverse problems, which have not been applied in a statistical context so far, to the best of our knowledge. To
that end we interpret the problem of nonparametric regression as the inverse problem of solving the equation S,, f = y,
for f, where we see S, as a mapping from H('f (T9) to R, see also [6]. If k > d /2, which we always assume, it follows
from the Sobolev embedding theorem (see e.g. [1, Theorem 4.12]) that Hé‘ (Td) is continuously embedded in the space
of all continuous functions, which in turn implies that the mapping S,, is bounded. Typical conditions in regularization
theory that allow the derivation of estimates of the quality of the reconstruction in dependence of the actually realized
noise level on y,, are so called source conditions. In this setting, they would usually be formulated as the condition that
f = S}o for some source element w € R, where S¥: Rl — Hé‘ (T?) denotes the adjoint of the sampling operator
S, with respect to the norm on H(])‘ (T?) (see [39,51]).

Such an assumption, however, is quite restrictive in this setting; for instance, for d = 1, it basically implies that the
function f is a spline. Therefore we use a different, but related, approach based on approximate source conditions (see
[59,61]). Here, the idea is to measure how well the function f can be approximated by functions of the form Sw for
approximate source elements w of given norm ¢ > 0; we thus obtain a function d: R>o — Rx>(, which measures for
each ¢ > 0 the distance between f and the image of the ball of radius ¢# under S;. In [61], this function d has been
called distance function. Its asymptotic properties, as the deterministic “noise level” goes to zero, have been used to
obtain convergence rates for the solution of inverse problem.

In order to apply this approach to nonparametric regression using the multiresolution norm, we have to consider
two refinements. First, we are interested in the asymptotics as n — oo, which means that the operator S, we are
considering changes as well. Therefore, we will have to regard instead of a single distance function a whole family
of distance functions d, : R>o — Rxq, one for each possible grid size. Second, since we are measuring the defect
of the solution not with respect to the usual Euclidean norm but rather with respect to the multiresolution norm, we
have to measure the approximation quality of an approximate source element in terms of the dual multiresolution
norm (see [57], for a similar argumentation in the case of Banach space regularization). This complicates the theory
considerably, since the (dual) multiresolution norm is neither uniformly smooth nor uniformly convex.

3.1. Distance function for multiscale regression

We start by considering the dual || - ||z« of the multiresolution norm on R with respect to the set of cubes 3. This
norm is defined as

lwll B :max{ Z o@)v(x):veRM™, lvlig < 1}.

xel’,

From the definition of the multiresolution norm in (7) it readily follows that for proper real numbers (cp) s

lowll g :min{ > leslvn(B):w(x) =) cpforallx € rn}. (15)

BeB B>x
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Next note that, since S, : Hé‘(’]I‘d ) — R is bounded linear, it has an adjoint S : R — Hé‘ (T9), which is defined
by the equation

Z f@o@) =(f, Sj,‘w)H(,; = (D' f, DrSiw),, = /Td D* fD*S*wdx.

xel’y
Definition 3.2. The multiscale distance function for f is defined as

dp(t):= min_|D*Siw—D'f] o= min_[Siw— f]

lellgx=<t loligx=<t

Thus the function d, (#) measures the distance between f and the image of the ball of radius ¢ with respect to || - || g+
under the mapping S;'. Put differently, it describes how well the function f can be approximated (with respect to the
homogeneous kth order Sobolev norm, || DX - || =11 H(/;) by functions in the range of S;.

In the following we will provide some description of the mapping S;. To that end we denote for every x € ', by
ey € R the standard basis vector at x defined by

1 ifz=x,
eX(Z)_{O else.

Moreover we define
P *
@x =S, ex.

Then we have for every f € Hé‘ (T¢) the equality
f)= / D*uD*¢. dy.
Td
Now let f € H*(T?) be arbitrary. Then f — fw fdze Hé‘ (T?) and therefore,
F) - / fdz= / DF f D¥ gy dz = (~1)F / f Ak dz = (1, (~ 1 akg,),
Td Td Td

for every f € H*(T?). Since f(x) = (f, 8,), we obtain that ¢, = S¥ey is the unique weak solution in Hé‘(']l’d) of the
equation’
(—-D¥Akp, =8, — 1.
Moreover we have for general w € R'", w = >, er, @xex, the representation
Srw= Z Wy P
xel’y
Then the definition of d, (¢) implies that

‘f_ Z CxPx

|
xely, H(])C

dn(t) = min{ ‘ (Cx)xel"n

B §t}. (16)

3There is a solution of series form:

ex@= Y (@rlal) H*FTRED = N a2 af) * cos(2mh - (2 — ).
2€74\{0} reNd\(0)
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Because of the definition of the dual multiresolution norm, we can further rewrite this by introducing the functions

¢p = Z ¢y forBeB.
xeBNly
We then obtain the representation

‘f— Y caos

d,(t) = min{
BeB

> leslyn(B) < r}. 17

.
Hy BeB
3.2. Abstract convergence rates

We consider now the MIND estimator fyn, which is defined as the solution of the optimization problem given in (11).
Our first result provides an estimate of the accuracy of MIND, measured in terms of an L4-norm, under the assumption
that the multiresolution norm of the error is bounded by y,,. While the result is purely deterministic, it immediately
allows for the derivation of almost sure convergence rates by adapting the parameter y, to the number of measure-
ments.

Theorem 3.3. Letk,d e N,k >d/2 and 1 < q < 00. Assume that B is normal and the inequality

1§nllB =11Snf = yullB < ¥va
is satisfied, and denote by .an the MIND estimator (11). In addition, define

en = min(dy (1) + (yat)/?).
>

Then there exist constants C > 0 and ng € N, both depending only on k and d, such that

29 . 1-29
yn cn Vn Cn

||fyn — flle = Cmax{ 5 , m7 W} Sforn > no, (18)

n

where 0 =9 (k,d, q) is given by (13) and ¥ .= 2kv¥/d.
Proof. See Appendix A. (]

As a direct consequence of the previous result and the fact that the multiresolution norm of independent sub-
Gaussian noise with high probability increases at most logarithmically, we obtain an asymptotic convergence rate
almost surely for MIND with properly chosen y;,, i.e.

1 0 ifr >4,
¥u = C(logn)” for some r > ~ and C > — . ? (19)

We emphasize that such choice of y;, is universal, in the sense that it is independent of the smoothness of the truth f,
and the system of cubes B. In particular, when r > 1/2, y,, depends on n only.

Corollary 3.4. Assume that B is normal, that y, is chosen as in (19), and that

mig(dn(t) + (logn)?t'2) = O(n™")
=

for some 0 < u < 1/2. Then there exists a constant C such that the MIND estimator an satisfies the estimate

limsup (n 2% (logn) = 7|| . — flia) <C  as. (20)

n—0o0

with ¥ given in (13).
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Proof. With the given choice of y,,, Proposition 2.4 implies that
P{I& B8 > yn} —> 0 asn— oo.

As a consequence, the probability that the estimate in Theorem 3.3 applies tends to 1 as n — oo. Noting that, for n
sufficiently large and 0 < p < 1/2, the first term on the right hand side of (18) is always dominant, we obtain (20). [J

Moreover, we obtain under the same assumptions also the same convergence rate in expectation. The proof of this
result, however, is more involved, because it requires an estimate for the error || f, — f|lL« in the high noise case
I€:11B > ¥, in which case the estimate from Theorem 3.3 does not apply. Thus it is relegated to the Appendix.

Theorem 3.5. Assume the setting of Theorem 3.3 and Corollary 3.4. Then the MIND estimator fyn satisfies
A 1/2 —u(1=29)—
E[ll £y, = f174]"% = O(n=1727" (log n)"?) @n
as n — oo, with ¥ given in (13).
Proof. See Appendix B. (]

Remark 3.6. In particular, the case ¢ = 2 corresponds to the classical mean integrated squared error. We note that
the power 2 inside the expectation is not crucial. In fact, the same rate can be established for E[|| f;,, — f1I7,] /s with
s > 1, provided that the threshold y,, satisfies

0 if r >

1
w = C(logn)” forsomer > — and C >
Y g 2 o,/4+2s+2d—ks ifr =

This can easily be seen by following the proof of Theorem 3.5, and the above choice of y,, comes from the requirement

(cf. (31))

’

Nl—= =

2
2k+d 42

n2d S1T2y8

)’,‘16_2%2 =o(n"3) asn— 0.

Remark 3.7. We note that the inequality
¢ =min(d, (1) + (logm)'*1'/2) =, (0) = [ D" || .»

always holds. Under the assumption that
fe W(I;’P(Td) for some p € [2, 00],

we therefore always obtain with the parameter choice given in Corollary 3.4 and Theorem 3.5, respectively, for MIND
Ifys = flize = O™ dogm)*™),

almost surely and in expectation.

We conclude this section by emphasizing that the introduced multiscale distance functions d,(¢) transform the
convergence analysis of MIND into the study of approximation property of the bases (¢x)xer, , or the frames (¢g) pes,
with the size of coefficients controlled in certain sense, see (16) and (17). In one dimension, we are able to derive sharp
error bounds for such approximation problem (see Section 4), using the well-developed theory of B-splines, see the
next section. However, in higher dimensions, this approximation problem (16) or (17) remains still open. Note that
there exist some results on the approximation error of bases (¢y)xer, (see [37,72,73]), but we are not aware of any
results about the size of the coefficients.
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4. Convergence rates for d =1

The derivation of convergence rates in the one-dimensional setting is based on the fact that the range of the adjoint S}
of the sampling operator consists basically of splines. As a consequence, it is possible to apply approximation results
for splines in order to obtain estimates for the distance function. The main difficulty lies in obtaining bounds for the
coefficients of these splines with respect to the dual multiresolution norm.

In the following, we will present the main results of this paper, where we prove convergence rates in the one-

dimensional case for f contained in various Sobolev spaces WS "P(T) and Besov spaces B’’ 4 o (T). A definition of
these spaces is given below in Appendix C.1. Also, we refer the 1nterested readers to [1, 88 90] for further details. In
particular, we mention here that the Sobolev space WO "P(T) equals the Besov space B’ » 0('11‘) for every non-integer

s € (0, 00), but WP (T) # BZS(’JI‘) for k € N.
4.1. Convergence rates

Our first main result in the one-dimensional setting is concerned with the high regularity situation, where the function
f actually is of higher smoothness than assumed by the regularization term || DX f ||iz. In this case, it turns out that
indeed a higher order convergence rate is obtained than the one discussed in Remark 3.7. For this to hold, however, we
have to assume that the system of intervals 5 is regular (see Definition 2.2), which implies its normality. The proof
of this result, mainly postponed to the Appendix, relies on estimates for the multiscale distance function d,,, which in
turn follow from various approximation results with splines.

Proposition 4.1. Assume thatd =1, r > 1/2, that B is regular, and that
feBE M)
forsome 1 <s <kand1 < p, p' <oo.Then

mi(r)l(dn (t) + (logn)?t'/2) = O(n*(log n)*"*)
>

with
s—(-Dy
(22)
2s+2k+1—2(———)+
The same result holds for f € Wgﬂ’p(T) withl <s <kand1<p <oo.
Proof. See Appendix C. O

Theorem 4.2. Assume that d = 1, that B is regular, and that
f Bk-H N (T)

for some 1 <s <k and 1 < p, p’ < co. Then the MIND estimator an satisfies, with a parameter choice y, given
by (19),

1 fyn — I3 = O(n~ 20720720 (1og ) 4ri(1=200+4r0) gy s o0,

a.s. and in expectation, with ¥ in (13) and w in (22). The same result holds for f € Wgﬂ’p(’ﬂ') with 1 <s <k and
1 <p=oo.

Proof. This is a direct consequence of Proposition 4.1, Corollary 3.4, and Theorem 3.5. (|
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Remark 4.3. Note that the rate obtained in the previous result greatly simplifies in the case where p > 2 and ¢ <
4k 4+ 2. Then, a short computation shows that it can be written as

~ _ 2k+42s 4k+4s
Il fyw — f||%q - O(n %425+ (log n) 2k+2s+lr) as 1 — oo,

In the one-dimensional case, it is also possible to obtain convergence rates in the case where the regularity of
the function f is overestimated by the regularization term. In this case, the approach based on the multiscale distance
function does not readily apply, because it is inherently based on the assumption that f € Hé‘ (T). Instead, it is possible
to approximate f by a sufficiently regular function, for which then the higher order results can be applied. The final
convergence rate then follows from a combination of these higher order rates and the approximation error.

Theorem 4.4 (Over-smoothing). Let B be normal,d =1,k €N, 1 <g <4k +2 and
fFewy™M or B;’O{’(’)(T) with s € [1,k] and p’ € [1, 00].

Let also fyn be the MIND estimator by (11) with the homogeneous Sobolev norm of order k, ||Dk - |lz2, and the
threshold vy, in (19). Then it holds that,

||fyn _ f”%q — O(n—ZS/(2S+1)(10gn)8+2S/(2S+1)) asn — 0o,

a.s. and in expectation, for any & > 2](2(1%7;_11) with r in (19).

Proof. See Appendix D. O

Remark 4.5. For simplicity, the convergence rates results of Theorems 4.2 and 4.4 were only given in O notation.
However, it is worth pointing out that the proofs, if followed closely, actually also provide the constants in these
rates. Most importantly, one can show that the constant only depends on the norm of f in the corresponding Besov
or Sobolev space. More precisely, it can be shown that the constant can, in the Besov space case, be written in the
2(1-29)
form C|| f| ks p!
B p.0 '
space case. As we will see in the next subsection, this observation leads to the partial adaptation property of the MIND

estimator, in minimax sense.

with C > 0 only depending on k, s, p, p’, and ¢, and the analogous result holds for the Sobolev

4.2. Comparison with minimax rates
Given a class F of continuous functions, we define the minimax L9 -risk of nonparametric regression (1) over F by

Ry(n; F) = inf[ sup ]E[||f— f||%q]1/2 : fisan estimator}.
feF

In other words, we measure for each estimator, the maximal expected error over all functions f € F, and then compute
the infimum of this maximal error over the class of all estimators.

In the case of F consisting of Sobolev or Besov functions of a certain regularity, it is possible to derive explicit
lower bounds for the minimax risk R, . To that end, we introduce, for s > 0, 1 < p < 00, and L > 0 the Sobolev ball

Sy = {f eWg (M N fllyer < L} (23)
and fors > 0,1 < p, p’ <00, and L > 0 the Besov ball

By ={fe B;’yg (T): ||f||Bk,g’ <L} -
P,
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In [74] it has been shown that, for s € N, and n sufficiently large, there exists a constant C > 0 depending only on s
such that

2 1-2 :
Ry(n: S7) = C ()P L= ifg <@2s+ Dp, 25
qg\""» 0L ) = ollogn\gr1-28 -
(—=—)L ifg>@2s+1)p,
where
g = —ZW} " ifg <@2s+ Dp,
: s—1/p+1/q

Following the proof in [74], one can show that this result still holds for non-integer s > 1/ p, and also for all the Besov
balls B;”"” with s > 1/p. Even more, in the case of g = (25 + 1) p, the lower bound can be tightened to include the
logarithmic factor (logn)(!=7/ min{p.p')+/4 see [34, Theorem 1] for details.

4.2.1. Partial adaptation

Comparing these minimax L9-risks with the convergence rates of MIND in Theorems 4.2 and 4.4, and Remark 3.7,
we see that, for 1 < g < 4k + 2, the polynomial part of our rates coincides with the polynomial part of the minimax
risk in case either the function f is contained in the Sobolev space WOS P (T) witheither ] <s <kand p=o00,5s =k
and 2 < p <oo,ork+1<s <2k and p > 2 (see Figure 2). In other words, in all of these cases, the convergence
rates we obtain with MIND are optimal up to a logarithmic factor.

We want to stress here that our convergence rates do not rely on a precise knowledge of the smoothness class of
the function f. In contrast, the regularization parameter y;,, does only depend on the sample size, and the smoothing
order of the regularization term need only be a rough guess of the actual smoothness of f. Neither in the case where
the smoothness of f is overestimated nor in the case where it is slightly underestimated do we obtain results that are,
asymptotically, far from being optimal. The method MIND automatically adapts to the smoothness of the function f
independent of our prior guess.

Note that the adaptation range of MIND scales with the smoothness order of regularization k. This suggests that we
should choose k as large as possible. The minimization problem in (11) becomes, however, more numerically unstable
as k increases. Thus, the choice of k should balance the performance and the numerical stability. In practice, we found
that it works fine for k =1, 2, 3 (cf. Section 5.3).

q€ 1,4k +2] s k+1,2k U {k}

p p
o0 o a
S
'l ]
]
I' !
’ 1
g !
. 1
e !
. 1
. 1
7’ !
2 2 I '
]
| .
1 1r = Eememmmeee——- 4
0 i i i i 0 i i i i
0 1 k k+1 2k s 0 1 2 4k + 2 S q

(a) (b)

Fig. 2. Adaptive minimax optimality over balls in W(“;’p (T) or B;’yg/ (T). (a) For g € [1, 4k + 2], the MIND estimator with homogeneous Sobolev
norm of order k attains minimax optimal rates in terms of L9-risk up to a log-factor, simultaneously in all spaces Wg’p (T) with smoothness
parameters s, p within the red region (“partial adaptation”). By contrast, the Nemirovski’s estimator f2 ; in (6) is minimax optimal up to a
log-factor only for Wé( ’2('11'), marked by a green asterisk. (b) For s € [k + 1, 2k] U {k}, MIND is optimal up to a log-factor in terms of L9 -risk over

/
Si‘p or Bz' PP with parameters p, ¢ within the red region. Note that no linear estimator is optimal for parameters p, g in the blue region.
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5. Numerical examples

The MIND estimator defined by (11) is the solution to a high dimensional non-smooth convex optimization problem,
due to the multiresolution norm. As mentioned in the introduction, there are several efficient algorithms nowadays
that are able to tackle such a problem. In this paper, we have chosen the alternating direction method of multipliers
(ADMM). It decomposes the original problem (11) into two sub-problems, the first being the smoothing penalization
problem, and the other the projection onto the multiresolution ball. The latter one can be solved by the Dykstra
algorithm as introduced in [7]. We refer to [44] for further details. It can be shown that the ADMM for this problem
converges linearly (cf. [26,44]), although the theoretical rate might be very pessimistic for large k, the smoothing
order of the regularization. We note that the problem (11) can also be formulated as a quadratic programming problem
and solved, for instance, by the interior point method (cf. [76], for example), which has polynomial computation
complexity.

There are two practical concerns: The first is the choice of the system of cubes B. The general convergence rate
results (cf. Theorem 3.3) only require that the system should be normal, see Remark 2.3 for some examples. In the
case of d = 1, the concrete rates impose an additional (but very weak) condition, namely that it should contain an
m-partition system for some m, i.e., m-regularity of B, see Theorem 4.2. For the examples in our numerical simu-
lations, we found that the system of all cubes, the system of all cubes with dyadic edge lengths, and the 2-partition
system perform comparably. Therefore we display the results for the 2-partition system in the following numerical
experiments for the sake of computational efficiency. Also, we note that as a consequence of this choice of the sys-
tem B, the number of constraints to be satisfied is of order n, and the total number of operations required to evaluate
all the constraints is of order n logn, which is not significantly larger than in the case of £°° constraints.

The other concern is the choice of the threshold y,,. The asymptotic theory only requires that y,, satisfies the
condition (19), which is independent of the interval system 5, and the smoothness of the truth. In the finite sample
situation, we recommend a refined choice, which has a direct statistical interpretation, cf. Section 1.1. It selects y,, as
the a-quantile of the multiscale statistic, i.e.,

yu(a) :=infly : P{l|&,llp > v} <a}. (26)

This ensures that f lies in the confidence set defined by the multiscale constraint in (11) with probability at least
1 — «. Thus we have

P{[D"C|[ < [ D" 2} 21— 27

that is, the MIND estimator is smoother than the truth with probability at least 1 — «. The computation of y, () to
satisfy (27) can be done by Monte—Carlo simulations and is needed only once for a fixed size of measurements and
a fixed system of cubes. The number of Monte—Carlo simulations is chosen as 10° in all the examples. It follows
from (12) that

log(dlogn) +1log J; — 2loglog(l/a)
2\/2dlogn

with J; being a positive constant. Although this violates the condition (19) when d = 1, the asymptotic analysis in
this paper still holds for y;, () if o, — O sufficiently fast, which might even possibly improve the rates, in terms of
the log-factor and the constant.

In the following simulations, we assume that the noise is i.i.d. Gaussian with a known variance 2. In practice,
one can easily pre-estimate o2, seee. g.[27,53,70,77,85] among other references. The implementation of our method
is provided in the MATLAB package “Multiscale OPtimization (MOP)”, which is available at http://stochastik.math.
uni-goettingen.de/mop/.

Yn(a) ~+/2dlogn + as n — 00,

5.1. Comparison study

We now investigate the performance of MIND f},n () on both smooth and, although not covered by our theory, non-
smooth signals (to evaluate robustness for this case), and compare it with the wavelet soft-thresholding (ST) [33],
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the SureBlock (SB) estimator [12], the Nemirovski’s estimator (Nem) fZ,n in (6) with p = 2, and the estimator
(MTV) [65] by minimizing the total variation subject to multiresolution conditions. The SB is a block thresholding
approach, which empirically selects individual block size and threshold level at each resolution level by minimizing
Stein’s unbiased risk estimate. Similar to MIND, the MTV is also a multiscale data-fidelity-constrained method,
while it still lacks of convergence analyses, and is restricted to d = 1 (see [44] for extension to general d, but the
implementation is not yet available). Both ST and SB are implemented based on the MATLAB package “WaveLab”,
available at http://www-stat.stanford.edu/~wavelab/, Nem is computed by an ADMM algorithm in our MATLAB
package “MOP”, and MTYV is by the function mintvmon in the R package “ftnonpar”, available on CRAN https:
/[cran.r-project.org/. We choose the parameters that are recommended in the R package “ftnonpar” for MTV. The error
level a in MIND (see (27)) is set to 0.1, and n in Nem is chosen as the oracle || Df||;2(=: no), which is numerically
estimated using the discrete Fourier transform. Note, that no data driven procedure can outperform this oracle choice.
We choose k = 1 for both MIND and Nem. As for ST and SB, since different choices of wavelets yield basically the
same results, we only report here a particular case using Daubechies’ wavelet Symmlet 8 [21].

The smooth test signal is constructed by the convolution of the Blocks signal [32] and a Gaussian kernel
o exp(—25¢2/2). The simulation result is summarized in Figure 3 and Table 1. It shows that MIND outperforms
the other estimators in both the detection of features and the removal of noise. MTV performs comparably well, and
includes only small perturbations on the constant parts. Moreover, MIND and MTYV identify the correct number of

25 Data 25 —Truth 25 —Truth
2 —Truth 2 —ST 2 —SB

0 0.2 04 0.6 08 1 0 0.2 04 0.6 08 1 0 0.2 04 0.6 0.8 1

0 0.2 04 0.6 08 1 0 0.2 04 0.6 08 1 0 0.2 0.4 0.6 08 1

Fig. 3. Comparison of ST [33], SB [12], Nem in (6), MTV [65], and the MIND in (11) on the convolved Blocks signal (number of samples n = 211
noise level o = 0.25( f | 2)-

Table 1
Average performance of different methods on the example in Figure 3, with respect to L 1 -loss, L2—loss, L*-loss, number of modes, and run time,
over 500 repetitions. The time is recorded on a laptop with two 2.5 GHz processors and 4 GB memory

ST SB Nem MTV MIND
L!-loss 0.1327 0.0462 0.0657 0.0670 0.1021
L2%-loss 0.1696 0.0589 0.0867 0.0886 0.1377
L°-loss 0.5635 0.2029 0.352 0.4563 0.423
# modes 15.578 24.486 21.126 5.012 5.088

Time (sec.) 0.0032 0.0087 15.0172 0.1434 1.2742
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modes, 5, in almost all cases. By contrast, SB, ST, and Nem oscillate disturbingly on the smoother region of the signal,
and largely overestimate the number of modes, although SB is the best in terms of global losses, including L'-, L?-,
and L*°-losses.

Finally, we consider such comparison on spatially variable functions, Blocks, Bumps, HeaviSine, and Doppler [32],
which are non-smooth signals, and hence fall not into the domain of our estimator. The simulation results are given
in Figure 4 and Table 2. One can see that MIND detects a large number of features at various scales of smoothness,
and performs amongst the best on each of the test signals. MTV shows a comparably good performance for Blocks
and Bumps, while it presents staircasing artifacts (a notorious issue for total variation, see e.g. [18]) for HeaviSine
and Doppler. In terms of mode detection, MIND and MTV are superior to others for Blocks, Bumps, and HeaviSine,
while being slightly worse than ST for Doppler. In the latter case, SB and Nem display even more modes but including
many artificial ones as well (cf. Figure 4). ST works rather well for HeaviSine and Doppler, but introduces oscillating
artifacts for Blocks and Bumps. SB performs better than ST in recovering the shape of features, however, at the
expense of magnifying irregularity, and oscillating patterns. The Nem with oracle 1 (= ng) is still very noisy on each
test signal, but is better than MIND with respect to L4-losses (e.g. ¢ = 1,2, or 0o). Concerning such global losses,
MTYV is the best for Blocks, a piece-wise constant signal, and Nem and SB are overall more preferable for Bumps,
HeaviSine, and Doppler.

Note, further, that the discrepancy between practical performance and the evaluation by global losses indicates
the blindness of the global losses to local spikes mainly due to an averaging effect. This suggests to consider more
informative evaluation criteria, such as the number of modes (used in Tables 1 and 2). As an indication of computation
complexity, we report the run time in Tables 1 and 2, although we are aware that this depends on the particular
implementation, programming language, and many other factors.

5.2. Robustness and stability

We next examine the robustness of MIND with respect to the choice of error level. Exemplarily, we choose Bumps as
the test signal for different noise levels. In Figure 5, it shows that MIND with various choices of error levels performs
almost identically well in the cases of low noise level (¢ = 0.1) and medium noise level (¢ = 0.5). However, in the
high noise level (o = 1.2) case, MIND with larger « tends to detect more bumps. For example, MIND (a = 0.9)
recovers 6 more bumps than MIND (« = 0.1), four out of which are actually correct (marked by vertical blue lines),
while 2 false bumps are detected (marked by vertical red dashed lines, in the top panel of Figure 5). Recall that
the error level o can be interpreted as an error control in the sense of (27). Thus, the additional detection power
by an increased error level comes at the expense of a lower confidence about the smoothness guarantee in (27). Note
additionally that all the test signals considered so far are not strictly periodic, so the simulations also reveal that MIND
is not too sensitive to the periodicity assumption.

5.3. Choice of smoothness order

Now we explore the influence of the degree smoothness k in the regularization term for the MIND estimator in (11).
The Doppler with symmetric extension (see Figure 6) is chosen as the test signal. The error level for MIND is set to
o = 0.1. Figure 6 shows that MIND detects more features of different smoothness scales as k increases, namely 24
peaks for k = 1, 26 for k = 2, and 27 for k = 3. Meanwhile, the height of the peaks gets more accurate for larger k. This
is in accordance with our theoretical finding that the adaptation range increases with &, see Section 4.2.1. As already
mentioned, one should, however, notice that the optimization problem becomes numerically more ill-conditioned as k
increases.

5.4. A two dimensional example

As the general theory in Section 3 is developed for signals on [0, 1]¢, we consider below the performance of MIND
for d > 1. As an example, we choose the two dimensional smooth surface given by the MATLAB built-in function
peaks as the test signal. From Figure 7, we find that MIND recovers the truth quite well even for a relatively low
signal-to-noise ratio. As a comparison, we also include the reconstruction by wavelet soft-thresholding (ST) estimator
with Symmlet 8 wavelet, which reveals major features but also oscillations on smoother regions. The run time on a
computer with two 2.6 GHz processors and 8 GB memory is around 0.1 second for ST, and around 60 seconds for
MIND. See e.g. [44] for further two dimensional examples for multiscale type estimators.
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—Truth
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Fig. 4. Comparison of ST [33], SB [12], Nem in (6), MTV [65], and the MIND in (11) on Donoho-Johnstone signals (number of samples n = 2Ll
noise level o = 0.25|| f |, 2).
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Average performance of different methods on the example in Figure 4, with respect to L -loss, L2—loss, L*°-loss, number of modes, and run time,
over 500 repetitions. The time is recorded on a laptop with two 2.5 GHz processors and 4 GB memory

Blocks (with 5 modes)

Bumps (with 11 modes)

ST SB Nem MTV MIND ST SB Nem MTV MIND
L'-loss 0.1579 0.0692 0.0944 0.0598 0.1172 0.1455 0.073 0.0946 0.1079 0.1311
L2-loss 0.2252 0.1145 0.1292 0.0759 0.1794 0.2499 0.1146 0.1288 0.1753 0.1917
L°-loss 1.1832 1.0643 0.7426 0.5947 1.1523 2.3667 1.1854 0.7086 1.3467 1.3616
# modes 36.9 68.792 200.266 5.02 5.096 25.202 30.084 97.138 11.002 11.006
Time (sec.) 0.0031 0.0176 8.0898 0.109 1.3454 0.003 0.0248 8.7095 0.2437 1.4313
HeaviSine (with 3 modes) Doppler (with co modes)
ST SB Nem MTV MIND ST SB Nem MTV MIND
Ll-loss 0.0662 0.0321 0.0631 0.0649 0.0714 0.1149 0.0431 0.082 0.1029 0.1163
L2-loss 0.0902 0.0494 0.0843 0.0813 0.0904 0.1531 0.069 0.1093 0.1426 0.1601
L°-loss 0.4149 0.3841 0.455 0.3507 0.3814 0.666 0.5315 0.519 0.6591 0.7386
# modes 2.752 4.372 40.394 2.96 2.864 14.26 20.58 65.63 12.83 11.292
Time (sec.) 0.0032 0.0062 13.3626 0.2332 1.3542 0.0031 0.0135 11.1452 0.2329 1.3912
12 T T T
0w o0=12 i

=)

S N N ]

I N R N S S -

Data ||
—Truth
—a =0.1
—a =03
—a=0.5
—a =0.9]]

0 0.1 0.2 0.3 04

0.5

0.6

0.7

0.8 0.9 1

Fig. 5. Stability of MIND in error level « and noise level o. The reconstructions by MIND an with y, = yu (@) for a range of «’s are shown,
together with the truth and noisy data, in cases of various noise levels (number of samples n = 210,
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2+ ‘Data aﬁd truth e

09 092 094 096 098 1

09 092 094 096 098 1

09 092 094 096 098

25k ‘ ‘ 2

09 092 094 096 098 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Fig. 6. Various choices of k for MIND in (11) (number of samples n = 213, noise level o = 0.3]| £l 2).

6. Discussion

In this paper, we have introduced a constrained variational estimator, MIND, which minimizes the L?-norm of the
kth order derivatives, k being the anticipated smoothness of the function to be recovered, subject to the constraint
that the multiresolution norm of the residual is bounded by some parameter y,, depending on the sample size n. The
idea behind this approach is that this norm effectively allows to differentiate between smooth functions and noise,
as the multiresolution norm of a continuous function is of the order of /n, while the expected multiresolution norm
of a sample of independent sub-Gaussian noise is of the order of /logn. If we therefore use a threshold parameter
vn ~ (logn)” with r > 1/2 we can expect that, for a sufficiently large sample size, our estimator, MIND, will be close
to the true function, while the residuals consist mostly of noise.

The main contribution of this paper was to underpin the already known empirically good performance of MIND
in several special cases by some theoretical evidence. For general dimension d, from an interpolation inequality for
the multiresolution norm and Sobolev norms (Proposition 2.6), we derive asymptotic convergence rates provided that
fe Hé‘ (T4) and one applies regularization with the homogeneous H*-norm (see Remark 3.7). Moreover, these rates
turn out to be minimax optimal up to a logarithmic factor. In order to derive convergence rates for different smoothness
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Data Truth ST MIND

Truth ST MIND

S/ J 60 / A \{ 6

/ /
g RN, / w0 N / e \
= O\ \ C — \
) P O \
( \_ ( )
o . /

Fig. 7. Comparison of ST [33], and the MIND in (11) on a smooth surface (number of samples n = 128 x 128, noise level o = 0.8]| 1l 2).

classes, we have adapted the concept of approximate source conditions, to our statistical setting. These are known to
be a useful tool for the derivation of rates for deterministic inverse problems. However, these conditions are quite
abstract, and it is not immediately clear how they relate to more tangible properties of f.

In the one-dimensional setting, a much more detailed analysis is possible. Here the abstract conditions for conver-
gence rates can be related to approximation properties of splines. Mainly we have shown that the rates depend on how
well the kth derivative of the function f can be approximated by B-splines with coefficients that are small with respect
to the dual multiresolution norm. Using results from approximation theory, we were able to translate the approximate
source conditions into very general smoothness conditions for the function f. Mainly this gives us optimal conver-
gence rates for a function f € Hj(T) with k + 1 <s < 2k. More general, we have obtained with this argumentation
convergence rates for functions f contained in the fractional order Sobolev space Wg’p (T) with k +1 < s <2k, and
the rates are again optimal as long as p > 2. Moreover, the same results hold for comparable Besov spaces. While
these results are only concerned with functions f that are of higher regularity than assumed a-priori, it is also possible
to derive rates for the case where f is of lower regularity, that is, where the prior assumption that f € H(’)C (T) fails.
The idea here is to approximate f by a spline of higher regularity and then to apply the higher order convergence
rate results to this spline. The final rate then results from a trade-off between the approximation power of the spline
and the higher order convergence rate. With this technique, one obtains optimal convergence rate for the lower order
setting f € Wy ™ (T) with 1 <s <k.

It is important to note here that the choice of the parameter y;, is independent of the actual smoothness of f. This is
why MIND yields (up to a logarithmic factor) simultaneously minimax convergence rates for a range of smoothness
classes (with smoothness order s € [1, k]U[k+ 1, 2k]), making it truly an adaptive method. Additionally, the numerical
results indicate that MIND appears to be fairly robust with respect to the actual choice of the parameter y,, for a given
sample size n, further enhancing its practical applicability.

There are several questions still open concerning MIND for nonparametric regression. First of all, almost all con-
crete results concerning convergence rates in this paper were derived for a one-dimensional setting. In higher dimen-
sions we only have the (somehow generic) result mentioned in Remark 3.7 that gives us an optimal convergence rate
if our guess for the smoothness class of f is correct. It is, however, not at all obvious how to obtain rates for higher
order smoothness classes. In the one-dimensional case, the method we used relied both on approximation results
using B-splines and on estimates for the dual multiresolution norm of the coefficients of these B-splines. In higher
dimensions, we expect that similar results for polyharmonic splines would be required, but it is not clear which basis
splines have to be used (cf. (16) and (17)). Moreover, in the literature, there is few results on the size of approximation
coefficients, which are necessary for our analysis. Similarly, the method we have used for the derivation of the lower
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order convergence rates relies intrinsically on spline approximation, which, again, makes the generalization to higher
dimensions difficult.

Also in the one-dimensional case there are several interesting open questions. For instance, we are concerned with
the gap between H(’)‘(’]I‘) and Hé‘“ (T). It seems reasonable to assume that MIND is asymptotically optimal also for
functions in H(T) with k < s < k + 1, but the methods we have used for the derivation of the different rates appear
not to be applicable to this case. Also, while we do obtain convergence rates for functions f € Wg’p (T) with p <2,
these rates are not optimal. Here we suspect that this is due to the fact that we use the L2-norm of the kth order
derivative for regularization and that better rates could be obtained by using the L'-norm instead.

In our future work, we will try to extend our results to the cases mentioned above, in particular to higher dimen-
sional and non-periodic settings. Additionally, we plan to consider a generalization to the solution of ill-posed operator
equations. In particular for deconvolution problems we expect that very similar results can be obtained as in this paper,
as long as the convolution kernel has sufficiently slowly decreasing Fourier coefficients.

Appendix A: Proof of Theorem 3.3

The assumption || S, f — ynllB < ¥, implies that f is admissible for the minimization problem (11), which in turn
implies that

1
PR L e

1 k A
EHD fyn =5

As a consequence, we obtain the estimate

1 A 1 A 1 A
S 108 Fy = D F e = 5108 F e = 510 22 = (= P

< —{(fofon = Ny

=min min ((S,’fcu - f, fyn - f)H(l)f - <S;:w, an - f)Hé‘)

U lollgs=t

<min_ min (| DrSFw — DkaL2 I Dkfy,, - DkaLz + lwliB ||Snfyn —SufB)

I |oligx<t
< min(dy ()| D* fy, = D*f || 2 + 110 fr, = Su f I )
Thus we have for every ¢ > 0 the inequality
1 A o N
S 1D o = D £l < du@) | D* fy, = DX £ 2 41180 Fy = Suf s

Since

ISu Fyw — Su FllB < 2,

we obtain the inequality

[D* £y = DA £ 2 < da(®) 4 a2 + 2100 fy — Su flls
<2d, (1) + COV2USu fy = Suf 147
< 24, (1) + 2(yut) "/ (28)

for every r > 0. We now recall the interpolation inequality (see Proposition 2.6)

Su(fyy = DIZ R Lo 18y, — DX(f, —
150, = PV fynﬂf”B IIDk<fyn—f)||‘Lzz”,” (fZ”l/zf)”?” (fy,';ﬁ/ mLz} (29)

I fy — fllze < Cmax{
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for n sufficiently large, with some C > 0 and ¢’ = 2k¥/d.
If the maximum in (29) is attained at the first term, the estimate (28) implies that

R 1Su fyw — SuFIZ 4 120
I fyw — fllLe < C”n—gMHDkan - Dkf”L2

)219

<C )1—219

Cyn
n

5 min(2d, (1) +2(vu1) /2

29
<2C ’:ﬁ min(d, (1) + (at)/2)172.

On the other hand, if the maximum in (29) is attained at the second term, we have

» 182 (fyy — Dl Va
”fJ/n — flle = CT §2Cn1/2.

Finally, if the maximum in (29) is attained at the third term, we have

3 DX (fy, - 2d, (1) + 2(y1) /2
1y = Pz < V2 = Dlaz i 200+ 2000)
n t n
L i 1/2
< ZCnl?, mtm(dn(t) + ()" ).

Appendix B: Proof of Theorem 3.5

Denote in the following

p@) =P{l& 5 <t}

Using Theorem 3.3, we see that we can estimate, for n sufficiently large,

E[ll fy, — f1I34] < P{lIEalls < ) Cn 20720720 (100 )0

+/ sup{ll fy,, — flI74 < I&nlls =1t} dp (). (30)
Vi

n

In the following, we will show that the second term on the right hand side of (30) tends to zero faster as n — oo.
To that end, we observe first that the Sobolev embedding theorem [1, Theorem 4.12] and the Poincaré inequality [97,
Theorem 4.4.2] imply that

I fys = fllze <1 fylle +11 £ e < C[ D"y,
for some constant C depending only on ¢, d and k. Moreover, by construction, we have
|0 fy,

Now let i € HF(R?) be such that ~(0) = 1, f]Rd h(x)dx =0, and supph C [—1/2, 1/2]¢. Define moreover, for
n e Nand x € T, the function 4, , : T¢ — R by

By (9) = h(n"4(y — x)).

2 T ISl

2 < || Dkg“Lz for all g satisfying ||Sng — Suf — & llB < Vn-

Let now n and &, € R be fixed and define

gi=Y (fX)+&@)hn.x.

xel’,
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Since the functions %, x, x € I';,, have pairwise disjoint supports, it follows that

1D 2= 3£ @) + & Do hue | 2 = D | £ ) + &) |n ™5 | DFR| 2

xely xely
2k—d 2k+d
— 0 T Su f +Eallg | DER]| o <075 (I f e + 1Ealle) | D*R -
From the inequality ||&,||¢> < ||, |3 We thus obtain that, for some constant C only depending on ¢, d, k,

2k+d
7

suplll fy — Fll3q : lEalip=1} <Cn~@ (I fl300 +1%).

As a consequence, we can estimate the last term in (30) by
OO 7 2
/ sup{ll fy, = fllze : I€allz =1} dp(0)
o0 2ked
< [T st 2 ap

= Cn (I 13 + vD) (1 = pOr) = 20" /oo(pm —)rdr.
Vn

From Proposition 2.4 we obtain that
_2
(1 — p(t)) < 2n2e” 27

for sufficiently large n. Thus we see that

f sup{ll fy, — flli : I€alls =1} dp(e)

2
2k+3d 2 2%+3d o _ Y

2 o0
2k+3d _Yn N
<2Cn" @ (I fl7e +v7)e 2% +4Cn"d / te 262 dt <C'n" @ yle 22
Yn

for sufficiently large n. Now the choice of y,, implies that

2
2k+3d _Yn_ _
nod yle 22 =o(n ) asn— oo. 31)

This shows that the second term in (30) tends to zero faster, which concludes the proof of Theorem 3.5.

Appendix C: Proof of Proposition 4.1

The main idea of the proof of Proposition 4.1 is to approximate the function f with splines, the coefficients of which
are (relatively) small with respect to the dual multiresolution norm. As a preparation, we will first need to introduce
all the necessary notation, including results on Besov spaces, a more thorough analysis of the operator S}, and its
connection to splines, and several results concerning approximation properties of splines, most of which are well
known in approximation theory. Additionally, we will need a rather technical result that allows us to bound the dual
multiresolution norm of coefficients of a spline function.

C.1. Notation

We denote the forward and backward differences of a function f: T — R by

Dpyf(O)=f(+h)—f(), and Dp_f()=fC)—f(—h) withheR,
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and that of a sequence {a; }o<i<n—1 by
(Dya)i =ajy1 —a;, and (D_a); =a; —a;i_1.

Here we define (Dya),—1 = ap — ay—1 and (D_a)o = ap — a,—1. We note that the adjoints of these mappings are
given, respectively, by

D ,=-Dy- and Dy =-D_.

In the following, we will give a brief introduction to Besov spaces, as it is required here, and refer the interested
readers to [1,88-90] for further details. First we define the rth modulus of smoothness of f in LP(T), 1 < p < o0, as

@ (f;Dp 1=0<S‘121|’<t D f

Based on it, we define the Besov norm || - ”B“””’ with s > 0,1 < p, p’ <00, as
r.0

IIfIIB.ag/ =WSFllee + 1S ls.p,prrs
p,
where s < r,r € N, and

] N UrtS e (fi0 )P VP i1 < pl < o0,
Sl esssup,.ot @ (f;1)p if p’ = o0.

The Besov space B;"g (T) is then defined as the Banach space consisting of functions with bounded Besov norm, that
is,

By (D= {f € LETR: 11y < 00}

An equivalent definition of Besov spaces is based on interpolation theory of Banach spaces, for instance using the K-
method, see e.g. [90]. Note that the Sobolev space W;'” (T?) equals the Besov space B;’,’O’(']I‘d ) for every non-integer

s € (0,00), but Wy (T%) # By 5 (T9) for k € N.
Given m € N, denote by P, the space of polynomials of order m (i.e. of degree <m — 1), that is,

P = iaix"q a;€Ri=1,...,m
i=l

Now assume that I' C T is a discrete subset. The space of piecewise polynomials of order m on T with knots in I is
defined by

PP,(T;T):= {p: T — R:forall (x,y) C T\T there exists g € Py, s.t. p(t) =q(¢t) forall t € (x, y)}.
Then we define the space of m-order splines on T with simple knots in I" as

Sn(T;T) :=PPu(I; T) NC" ().
Let Q¢ € S (Ty; T) be given by

_ m -\ m—1
Ol (x) 1= % ;(—1)1' (’:’) (x - %>+ for x € [0, 1),

where (x)4 := max{x, 0}. Then {Q}" (x) := Qf(x —i/n):i =0,...,n — 1} forms a basis of S, (I'y; T), which is
called the basis of normalized B-splines. More details can be found in [81,95] for example.
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C.2. Dual operator and splines

Foreachi =0, 1, 1, we denote by ¢; , the unique weak solution of the differential equation

(—DfgP =5 (%—)—L @in € HE(T). (32)

As demonstrated in Section 3.1, it follows that S'e; /n = @i.n. We will show in the following that the span of the
functions ¢; ,, in particular contains the space of all splines of order 2k on I';, with zero mean
To that end, let us first define x,, € LZ(T) by

_)1ifyefoh,
Kn(y) = {o, ityell,1).

By integrating both sides of (32) and respecting the zero mean we obtain
i1 i
_ —L45, if0< L
(Dl =P T P2 HO=ES
’ ITwT2
Therefore

2k—1 i 1
(—1¥D1 ¢ V(@) = xs (z - —) -
n’ ’ n n

Repeating this procedure m times (with m < 2k), we see that

7 — —
n

k (2k—m) _1 i 1
(—1) D’" P @)= (¥ xn)< ) o
As a consequence, it follows that

m m m— . 1 m 1
Yin@ = =Dt @M @) =0 ( # xn)<z - %) —— =0l - (33)

is the L--projection of the normalized B-spline Q%" onto L%(T). We do note here that the functions /" are not
linearly independent, their sum being zero
Now assume that

for some coefficients ¢; € R. Noting that

k k 1 k k
Dujn-d @ =0 — o (2= 1 ) =0 — 6 0
we see that

n—1
1 2k— k 1 1 (2k— 1 (2k
_( l)k " ZCDm (pt(n - ( 1) n"" Z Dm l(n - Dm (pz(—Hnm))
i=0
n—1

i=0
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Repeating this argumentation m times, we obtain

n—1

_( 1)]{ m— IZCle l(znk m)_( 1)/( m— IZ Dm (2k m)

i=0

(Zk—m) , and that the

change of coefficients with respect to the different spanning sets is given by the linear mapping ¢ — (— 1)" n"=1pme,

This shows that, indeed, the span of the functions 1/;’” is contained in the span of the functions ¢;";

Remark C.1. It is still interesting to know that

Gin(x) = (=D "By (x — l—)
n

with By the Bernoulli polynomial (see e.g. [66, Section 9.4]),

| o= cos(2mlx)
Boi(x) i= 2(~ )} S0 ST
P Q2rl)%*

although this fact is not needed in this paper. One can easily see this by means of Fourier series.
C.3. Approximation properties of splines

Proposition C.2 (Condition number of B-splines). Assume {Q!'(x),i =0,...,n — 1} is the family of normalized
B-splines in S, (T'yy; T). Then for any ¢; e R,i =0, ...,n — 1,

ch Qm

i=0

“ ©); 1” <m2"nl/P for1 < p <oo. (34)

Lp

Proof. Let us first consider 1 < p < co. By {Q;"}é"z__lm 41 We denote the normalized B-splines on the real line with
equally spaced knots {(—m + 1)/n, (—m +2)/n,...,(In+m —1)/n}.Let ¢; :=cimodn fori =—m—+1,...,In—1.
It is known from [79, Theorem 1] that

In—1
||(c, frl lm+1|| <m2"n'/P Z E,-le for any [ € N.
i=—m+1 Lp
It implies
n—1 p n—1 p
l” (ci)y ”p + || (ci)iz,— —m+1 ”p = "(mzm)p<l Zci o Z Q;nl[o,'"T*l)u[%,l) )
i=0 LP i=n—m+1 LP
or
1 n—1 p
lenizoly, + —||< )iZpmr [, =n(m2") ( Qm +l D QMg me e )
Lp i=n—m+1 LP
By letting I — oo, we obtain (34) for 1 < p < co. Then, the case p = oo follows by taking p — oco. (]

Remark C.3. This result is a generalization of a known result for splines on R (see [79]) to periodic splines.
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Proposition C.4 (Boundedness of L2-projector). Let Ps be the orthogonal projector onto S,,(Tyy; T) in the topology
of L2(T). Then there is a constant C depending only on m such that

|Psullpr <Cllullr foranyue LP(T)and 1< p < oo.
Proof. By [1, Theorem 2.11] and [81, Theorem 6.30], it is sufficient to prove this assertion only for p = 1 and p = co.

Consider first the case p = co. Let Q" € S, (I';; T) be the normalized B-splines, and R}" :=n Q" implying that
IR 1= 1.1f Ps f =Y~ a; Q" then

Zaj m Rm <f Rm>
that is, we have an equation of the form Ga = b with a : (al)l 0. b= R")) "_01 and G := ((R" Q;',’)),-,j. Note
that

1Blloo = max|(f, R)| < max | fllo | R o = 11f Iz

This implies that

n—1

Zai or

i=0

<llallo < |G| MBlloo < G| N FllLox-
L()o

1Ps fliLee =

It follows from [25] that
167 s = Cm
for some constant C,, depending only on m. Thus, || PSf”Loo <Cp ||f||Loo.

Next consider p = 1. Let Psf=>"1" Olal then ZJ 0“1 oM = (f. 0", e, G'a= b, where (-)! de-
notes transpose, @ := (a;);_ and b:=(f, o"N;IZ, ! 1t follows from > 0" =1and Q" >0 that

||15||1=Z}<f, Q?’)|§Z(If| 0l')= <|f| ZQ >—||f||L1.

Then
n—1 ~
IPs fllr =Y @Ry <lali< |G|, Iblh
i=0 L!
=G LBl < |Gl £l < Cnll £l
That is, we obtain the assertion for p = 1. O

Remark C.5. The above result (of periodic splines with equally spaced knots) is probably proven in 1970s, but we are
not aware of the reference. The proof we give here also shows the result for periodic splines with non-equally spaced
knots, since [25] proved the boundedness of the inverse Gram matrix of B-splines for any knots. Similar results for
non-periodic splines with arbitrary knots are originally proven in [82], and recently shortened in [49].
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Proposition C.6 (Approximation property). Let 1 < p, p’,q < oo. There exists a linear operator A : L(l)(’ﬂ') —
S (T T) such that for every u € L(l)(']T)

||M ”Bx,p’
0 .
u— Aulyra <C; ——2— ithl<s<m,0<r<|s—1
= Aullyo < Cr =l with 1 =5 <m. 0= =[5 — 1],

Nl s,
B;‘(’)

I Aullyre < Co withl <s<[s]<r<m-—1,
n

s—r—=(1/p=1/q)+

where C1, Ca depend only on m, p. Moreover, both inequalities also hold for the Sobolev norm || - || WP when p=p’
and s € N.

Remark C.7. In the case of Sobolev norm || - || wyrsS € N, the assertions follow from [81, Theorem 8.12]. Following
the idea of the proof of [81, Theorem 6.31], such results can be extended to Besov norms using [81, Theorem 6.30].

Proposition C.8 (Finite differences and W!-7?(T)). Leth > 0and 1 < p < co. Then
1D+ fllLr =1 Dp— fliLe <hIDfllLr  for f € WHP(T). (35)
Proof. The case of p = oo is obviously true. Now consider 1 < p < oo. Since || Dy + fllLr = |Dn,— fllLr, it is

sufficient to prove (35) only for Dy, 1. Note that for each f € WLP(T) there is a sequence of smooth functions f;,,
such that | Dy + fullLr = |Dp,+fllLr and | Dfyllr — |IDf|lLr as n — oo. Therefore, we assume without loss of

generality that f is a smooth function. It follows from f(x +h) — f(x) =h fol f'(x +th)dt that

1 1 1 P
/!f(x+h)—f(x)y”dx5h1’/ (/ |f’(x+zh)}dz> dx
0 0 0
1 1
Shp/ / | f'(x+th)|” dt dx
0 JO

1 pl
=h”/ / |f/(x +th)|" dx dt
0 Jo
_ /| P
=h"[ ][5
That s | Dy + fll» < hIIDf 0. 0
C.4. Regular systems
Next we state two technical lemmas, which allow us to estimate the dual multiresolution norm of piecewise constant
vectors in case the system B is m-regular. These piecewise constant vectors will appear as spline coefficients for

certain approximation splines needed for the proof of Proposition 4.1.

Lemma C.9. Assume thatm € N, m > 2, and that n € N is written as

,
n:Zdjmj withd; € {0, ..., m — 1}
j=0
and r = |log,, n]. Then

> dimi? < (Vm+ 1)/

j=0
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Proof. We prove this claim by induction over r. For r = 0 it is trivial.
Now assume that the claim holds for r and let n be such that [log,, n] =r + 1. Then

r+1 2 r 2 r
j=0 j=0

J=0

r - 1/2
< (Wm+1)? Zdjmj +dim™ 4 2d ym T2 (4 1) (Z djmj>

j=0 Jj=0

r
< (Wm+ DY dim! +d}m™ 4 2d, m T2 4 m D2
=0

= (Vm+ 1Y djm! + (dr1 +2(Sm + D)dppm™

j=0
Since dyy 1 <m —1and m — 1 +2(/m + 1) = (/m + 1), this proves the assertion. O
Lemma C.10. Assume that the family B is m-regular for some fixed m > 2. Let now I = {ip,ip+ 1,...,i0+ p —

1}/n C T, and define c e R" by c¢; =1 ifi € I and c; =0ifi ¢ 1. Then
el < (Wm + 1)y/2mp.

Proof. Let r = [log,, n]. Let £_ € N be maximal such that £_m~™" < ip/n, and let £ € N be minimal such that
£im™ > (io+ p—1)/n. Then

r

-t < p—D+2<mp.
n
Now write
r r
— —J — +
=Y d;m/ and =) dm/.
j=0 j=0
Let moreover 0 < s <r — 1 be maximal such that d;” < d;" and denote by ¢ the minimal number of the form
r
L=dsm’ + Z d]'."m]
Jj=s+1

such that £_ < l.
Next we denote by ] the collection of intervals of the form
,
[em* =", (¢ + )m*™") whereO<k<s—1, and (= Y  dim/+dm" with0<d<df.
j=k+1

Similarly, we denote by B; the collection of intervals of the form

[EmS—r7 0+ l)ms—r) where ¢ = E—}— dm® with 0 <d< ds+ - dAs'

~

Then the intervals contained in B; U B, form a disjoint cover of [¢m ™", ¢, m™").
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Next we write
s—1
P 0 N i
i e__Zdjm
j=0

and denote by B3 the collection of intervals of the form

s—1

em™ — (em*", (¢ 4+ Hm* ] where0<k<s—1, and (= Z c?j—mf +dm* with0<d <d; .
j=k+1

Then the intervals contained in B3 form a disjoint cover of [{_m ™", ém”).

Note in addition that by construction all of these intervals are also contained in 5. Now denote B=B 1UBy U B;
and define cp :=1ifB€l§andBﬁI;é®anch :=OifBeB\éorBeBandBﬂI:@.Thenci =ZBBiCB
for all i and therefore

lellg <> lesly/n(B) < Y v/n(B).

BeB BEB

Now note that

Jn((em=r . (€ + Dm<=r).n) <m*? forall 0 <k <r.

Therefore Lemma C.9 and the definition of imply that
s—1 s—1

lellgs <Y difm* 2+ (aF —d)m* >+ " dem*?
k=0 k=0

1 12 ey 12
< (Vm+ 1)(((dj —d)m® + Zd,jm"> + (Z c?k—m"> )
k=0 k=0

— (W D=0+l

<(VWmA+1)y2(8s —L2)

< (Vm+1)y/2mp. O
Remark C.11. Note that the estimate in the previous lemma can be improved to ||c||g+ < (/m + 1)4/2p if n is some

power of m, because in this case, with the notation of the lemma, we have £t — £~ = p. Also we have the obvious
estimate ||c||g+ < ,/p in case the family B contains all intervals.

C.5. Main part of the proof

In order to estimate the multiscale distance function d,, we need to approximate D* f by a function of the form
Dk S¥w, where w € R is small with respect to the dual multiresolution norm. We will perform this approximation
in two steps: First, we will show that a spline of order k + 1 defined on a coarser grid than I';, can be approximated
well by a function of the form D¥ S*w in such a way that the dual multiresolution norm of  increases sufficiently
slowly with the decreasing grid size (see Lemma C.12). In the second step, we then approximate DX f by a spline
g of order k + 1. Balancing the grid on which g is defined with n, then gives us the behavior of d, claimed in
Proposition 4.1.
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Lemma C.12. Let " C T be a finite set and g € Sg+1(I'; T) with fT gdx = 0. Assume moreover that

2k +2

Tmin := min{dist(x, y) :x #y €'} >
and that B is regular, denote

Tmax := max{dist(x, y) : (x, y) CT\T}
and let 1 < q < 00. Then there exist c € R and constants Cy, Cy > 0 only depending on k, q, B, such that

g™l 2
k

le (5500 = 01

3

lelige < Ca]|g® | o IT1' Y40 471 (e /2710

Proof. Let /1 be the best approximation of g in span{l//i]fn :i=0,...,n— 1} in the L? sense, see (33). Then we can
write
n—1
h= Z Ci 1pilfn
i=0

for some coefficients ¢; € R. Because the functions I/Iikn are not linearly independent, the coefficients ¢; are not unique.
It is, however, possible to choose them in such a way that

n—1
> =0
i=0
Then
n—1 n—1
h=Y &yl =) a0 (36)
i=0 i=0

Now note that the fact that f'[r g dx =0 implies that 4 is at the same time the best approximation of g in S (I',; T).
Thus (36) shows that, actually, the coefficients ¢; are the coefficients of the kth order spline that approximates g best
in the L2-sense. Thus it follows from Proposition C.6 that

Ih =gl =Ci (37

g™ 1,2
nk
Now let
i = (=D 1(DRE),, fori=0,....n—1,

which implies that

n—1
=Yl = (50"
i=0

We will next derive an upper bound for ||c|| 5.
Since 4 is the best approximation of g within S (I",; T), it follows that

(h. 0f).> =g Of).»
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for all j. Applying rth order finite differences to these vectors, we obtain that

D”(((n, 05),2);) = D-(({s. ©%),2)))

for all r. From this, we obtain that
k k
<h’ D;,+Q/>L2 = (g’ D;,+Q.I')L2

for all j. Since (D'} +)”‘ = (=1)"D’, _, this further implies that

<D;’_h» Q];>L2 = (D;’_ga Q];)LZ (38)

for all j and all r. Next we note that

n—1 n—1
DY h =Y (DEe), 0f = (=" (Do) 0f. (39)
" i=0 i=0

Now let j/n e I', be such that j/n ¢ I' + (—k/n, (k+1)/n) and let x € supp(Q];.) =[j/n, (j +k)/n]. Then the fact
that g is a polynomial of degree k outside of I" implies that

(P g) ) =0.

As a consequence, we obtain from (38) with r =k + 1 and (39) that

n—1
0=(Di"g. 0f) 2 = (= D*n'* Y (D_c)i{QF. 0F).
" i=0
Since this holds for every j/n € ', with j/n ¢ ' 4+ (—k/n, (k + 1)/n), it follows from the properties of B-splines
that

(D_c); =0

for all j suchthat j/n ¢TI + (—k/n, (k+1)/n).

Now denote by I C I', the set of all points i /n for which i/n ¢ I" + (—k/n, (k + 1)/n). Then the set I consists
of |T'| disjoint sets /; C T, j =1,...,|I'|, of subsequent grid points. The considerations above imply that for each of
these sets I there exists w; € R such that ¢; = w; fori/n € I;. Therefore Lemma C.10 implies that

Tl

lelise <3 Claojl\/n(Lj.n) + > leil (40)

Jj=1 i¢l

for some constant C > 0 only depending on B. Now define

1 ifi/né¢l,
= C\/II—) ifi/n € I for some j.
n(lj,n
Then the right hand side term in (40) can also be written as a sum over all products #;|c;|, i =0, ...,n — 1. There-
fore

n—1
lelise < tileil.
i=0
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Applying Holder’s inequality gives

T 1/qx
leligs < liclglitllg, = ||c||q<|rn \ 1| +C Zn(l,-,n>1—q*/2>

j=1
IT| 1/gx
< ||c||q<2k|F| +C% Zn(lj,n)l_q*/2>
j=1
forany 1 <g <ocand g« =q/(g —1). Since 1 <n(lj, n) < ntmux forall j, this further implies that
_ 1/g«
el < llelly (2kIT] + C9* 1| (1) 794/ 2+) 14
< Cllellg D14 (ntmax) V42 = Cleflg |14 (rtma) V2710 @1

Now note that (38) implies that Dk _h is the best approximating spline in the L?-sense of D1 n,—8& Thus the
definition of ¢ and Propositions C.2, C 4 and C.8 imply that

lely =n*~t| DEE], < Cat =19 DY, |y < CAt T DY, gy = Cnm T .
Together with (41) this shows that
lellge < C”g(k) ”Lq|F|l—l/qnl/q—l(nfmax)(l/2—l/q)+
for some constant C > 0. 0

Proof of Proposition 4.1. Assume first that p > 2. Proposition C.6 applied with u = f®) ¢ B;”g/ (T),m =k+1,and
g = p implies for every A € N the existence of a spline g € Sx1(I'x; T) such that

‘ ”f” k+vp
”f()_g”L2<C )Ls ’
||f||Bk+s,p/
”g(k)”m ECTZS

Next we obtain from Lemma C.12 the existence of a vector ¢ € R such that

g™l
& = (87e) ] 2 < €=
el < C|lg® | 21 2n~ 12,

provided that A is sufficiently large (here we use that, in the notation of the lemma, |I'| = A and 7jp,x = 1/A). Com-
bining these estimates, it follows that, for

02 ClLF N ™21/ 4
p,0
we have
dn(t) < CIIfIIBkH,p/?»_S(l +A"n"‘).
p.0

Choosing

A~ V@S HUAD) (1 g gy =20/ ke 25D),



1092 M. Grasmair, H. Li and A. Munk

we obtain that

N

in(d-() + 12,112\ — O (n k(1 2 ithp=_—7F7—
min(d, (1) + (logn)"’*t'/%) = O(n ™" (logm)™™) * with p = 57—

as n — 0o.
Now let p < 2. Again applying Proposition C.6 withu = f ® e B;’,I(]) (T) and m = k + 1, but now with ¢ = 2 yields
g € Sk+1(T; T) such that

L1 e
”f(k) _g”Lz EC)\S—I/iliﬁl/T
LA e
l1.2 = ==

and we obtain, for A sufficiently large, from Lemma C.12 the existence of ¢ € R with

g™ 12

e~ (530, = 15

k]

el < €| g® | 21 2n =12
This shows that, for

—1/24,1/p—
12 Cllfll oo™ PAVPOHE,
p.0

we have

(@) < CIf Il sy 2P0 (14 250 7H).

p.0
Choosing

ho~ nl/CRA2H2=2/D) (166 ) =20/ k4 2k45-2/p)

we obtain that

s—1/p+1/2
2s +k+1—=1/p)’

mi(r)l(dn (t) + (logn)"?t'/?) = O(n*(logn)**)  with =
t=>

which proves the assertion.
The above argument holds also for f € Wngs’p(’JI‘) if we replace || - ”B"H"’/ by || - IIWH;,,;. O
p.0 0

Appendix D: Proof of Theorem 4.4
Lemma D.1. Let B be a family of intervals, f € C'(T), and F(t) := fot f(x)dx. Then,

I1Sn fllB - I Df|| Lo
n 2 '

| Flly1/2.00 +

Proof. Denote in the following

B, :={li/n, j/n]: thereexists B € Bsuchthat BNT, ={i/n,..., j/n}}.
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Then

IS fllB
max
\/ﬁ [l/nj/nEB «/]—l—i‘

()

(j+D/n Jn 11 k (k+1)/n
(x)dx| + ——— - <—) —/ (x)dx
[t/n//nEB!«/]—l-i- ',/; f \/]—z—i—l;nf n k/n f
|F(1) = F(s)| /<k+1>/" (k)
<sup ————+ ma — )= f(x)|dx
s#eT I —S [i/n, //n]eB NI —I— k/ n
Jrnoooj—i+1
<|IF 00 max D o0
< 1 Fllwr e Ty e s B W I1Df Iz
D 0o
<Py + 21 .

Proof of Theorem 4.4. Let & > 0 be fixed and set

A= {(—) (logn)gJ.
logn

Let G, (t) € Sk42(I; T) be the approximation spline of F(t) := fot f(x)dx as in Proposition C.6, and g, (t) :=
G/ (1). It follows that g, € HY(T), and

ﬁ —s&
) (logn) |1 f lws.o0,

F s ,00 1
If = galls = | F = G, < c Mo lwetre c( ogn

AS
k k—s n 35T (k—5)%
| D g |2 < CA T IF Iysiie < € ogn ) (ogm T Nl

|- =[P""G

The second relation implies that
du(t) = min_|D"S;w — D> <dn@ = [ D¥ea

k—s

2541 -
C< & ) (logn) *=%|| £ ws.c0 (42)
logn

IA

for every ¢ > 0. By Proposition C.6 and Lemma D.1, we have
IS f = Sugills < VnllF — Gallyi2.00 +0(1)

| f 1l ws.co 1 (el
< CVn=is = Clogm) 227 f s

for sufficiently large n. Consequently
I1Sngn — yullB < 1Sngr — Su fllB + ISn f — yullB
1_ Lz
< Clogn)2~C* 2% fllwsoe + 16l 3)

Set y, := Co~/logn < y, with some Cy > o+/5+ 2k/d. Then ||§,||g < ¥, together with (43), implies that ||S, g —
YnllB < yu for large enough n. In such case we can apply Theorem 3.3, but with f replaced by its approximation g,
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and obtain the estimate

20
A y . ~
I fyn = 82llze < Cmax{ " min(d, (1) + (ya1)'/?
n >0

- w1
) 7 mm(dn(r>+(ynt)”2)}

with 9 = k/(2k + 1), ¥’ =2k*/(2k + 1). By (42), this further implies that, for sufficiently large n,

Il fy, — &xllza
= k—s
(ogmZ¥1*3 . (logn)" (logm)* %251
S Cm —”f”WY,OO’ 1/2 ’ s Aks—1 ||f||W?’oo
n+l n PR A

1
M £ 5 AT
< C(ogn)=F+tan™ =5 | £l 1hik.

with & = 25(1‘7%,:%];(2’71) > 2k2(,%rll). Note that lim,_, o P{||€,1l5 > 7} = 0 by Proposition 2.4. Thus we obtain that

I fyw = Fllze <\l fy, — 8allza + llgs — fllLa

#4,2 — S 2[{1_*_1 S S8 —n2
< C(logn) LI T2 25+ ||f||Wx,oo + C(logn) 25+1 n- 2+l ||f||WS~°°

< C(logn) TEn i B s £ 2k+‘

almost surely as n — oo.
If p(t) :=P{||&,llg < t}, it follows that for n sufficiently large,

E[ll fy, — fll74]
o0
<P{l& B < yn}caogn)zm“n ||f||§§t‘oo / sup{ll fy, — fl3e : IEnllz =1} dp(t)
* r 2
< C(logn) ™41~ 541 ||f||5¢?'oo / sup{ll fy, — fllie : I€nllz =1} dp(2).
Yn

As in the proof of Theorem 3.5, we see that

> ; 2kt3d 72 7
sup{llfy, = flig s lalls =1} dp@) < Cn™ 0 7 exp 552 )’

which tends to zero faster than (logn)2$/@s+D+e,=25/Cs+1) 4 n— oo.
It is easy to see that the above argument also holds for f € B ('IF) with 1 < p’ < co. This completes the proof. [
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