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Abstract

Performance bounds for criteria for Model Selection are developed using re-
cent theory for sieves. The model selection criteria are based on an empirical
loss or contrast function with an added penalty term motivated by empirical
process theory and roughly proportional to the number of parameters needed to
describe the model divided by the number of observations. Most of our examples
involve regression or density estimation settings and we focus on the problem
of estimating the unknown density or regression function. We show that the
quadratic risk of the penalized minimum contrast estimator is bounded by an
index of the accuracy of the sieve. This accuracy index quantifies the trade-off
among the candidate models between the approximation error and parameter
dimension relative to sample size.

If we choose a list of models which exhibit good approximation properties with
respect to different classes of smoothness, the estimator can be simultaneously
minimax rate optimal in each of those classes. This is what is usually called
adaptation. The type of classes of smoothness in which one gets adaptation
depends heavily on the list of models. If too many models are involved in order
to get accurate approximation of many wide classes of functions simultaneously,
it may happen that the estimator is only approximately adaptive (typically up
to a slowly varying function of the sample size).

We shall provide various illustrations of our methods such as penalized maxi-
mum likelihhood, projection or least squares estimation. The models will involve
commonly used finite dimensional expansions such as piecewise polynomials with
fixed or variable knots, trigonometric polynomials, wavelets, neural nets and re-
lated nonlinear expansions defined by superposition of ridge functions.
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To estimate an unknown function we use a sequence of finite-dimensional models and a
model selection criterion that takes the form of a penalized empirical loss or contrast
function. The function estimate is obtained by minimizing the empirical loss for
each model and then selecting the model that optimizes the criterion. The unknown
function may or may not be in one of the finite-dimensional models. In the latter
case we think of the finite-dimensional models as providing an approximation. The
purpose of the model selection criterion is to make a data adaptive choice of model
that achieves approximately the best trade-off between approximation error (bias)
and additional statistical estimation error (variance) without advance knowledge of
which models achieve the best trade-off. Thus we are led to develop upper and lower
bounds on the total statistical risk of the estimated function in the model selection
context. The aim is to determine suitable forms of criteria and to determine the
extent to which it is possible to achieve the desired objectives of adaptive inference.

We allow a general framework of models characterized by their metric dimension
properties. The examples we study typically involve linear combinations of a family
of basis functions {¢,}, which are parameterized by an index A that is either discrete
or continuous valued. In the discrete index case we have in mind examples of models
based on Fourier series, wavelets, polynomials, and piecewise polynomials with a
discrete set of knot locations. Here the issue is the adaptive selection of the number
of terms including all terms up to some total or the issue may be which subset of terms
provides approximately the best estimate. In the first case there is only one model of
each dimension and in the second there may be exponentially many candidate models
as a function of dimension. The choice of whether subsets are taken has an impact
on what types of trade-offs are possible between bias and variance and on what types
of penalty terms are permitted. In both cases the penalty term will be proportional
to the number of terms in the models, but in the latter case there is an additional
logarithmic penalty factor that is typically necessary to realize approximately the best
subset among exponentially many choices without substantial overfit. In contrast the
use of fixed sets of terms typically allows for a penalty term with no logarithmic
factors, but as we shall quantify (in the absence of subset selection) there can be less
ability to realize a small statististical risk.

In the continuous index case we have in mind flexible nonlinear models including
neural nets, trigonometric models with estimated frequencies, piecewise linear “hinged
hyperplane” models and other piecewise polynomials with continuously parameterized
knot locations. In these cases we write ¢,, instead of ¢, for the terms that are linearly
combined, where w is a continuous vector-valued parameter. Not surprisingly, if the
terms ¢,, depend smoothly on w, the behavior of these nonlinear models is comparable
to what is achieved in the discretized index set case with subset selection. We find
that these nonlinear models have metric dimension properties that we can bound, but
they lack the homogeneity of metric dimension satisfied by linear models with a fixed
set of terms. The effect is that once again logarithmic factors arise in the penalty term
and in the risk bounds. The advantage due to parsimony of the nonlinear models or
the subset selection models is made especially apparent in the case of inference of
functions with a high input dimension. In high dimensions, the exponential number
of terms in linear models without subset selection precludes their practical use.



functions in some given L.? space. The estimator of the unknown function s takes
the form 3, = 3, , where m = argmin, {v,(3mn) + pen,, . }. Here 7,(3,,,) is the
minimum of the empirical loss 7,,(¢) for functions ¢ in 5, based on a sample of size n
and pen,, , is a penalty function. The precise nature of the sampling model and the
penalty function will be discussed later. It suffices for now to think of regression and
density estimation problems in which for each candidate function ¢ the empirical loss
va(t) is, respectively, the empirical average squared error or (1/n) times the minus
logarithm of likelihood. In our examples the models .5, are finitely parameterized and
D,, is the parameter dimension. The penalty term is typically of the form L,,D,,/n.
Here the multiplicative factor L,, takes on one of three typical forms: it is constant (as
permitted for certain linear models with a fixed number of models per dimension),
it is of the order of logn (as permitted for certain nonlinear models), or it is the
logarithm of some characteristic of the model m (such as the number of terms in the
complete model from which m is selected as a subset). As we shall discuss below,
the criteria we analyze bear resemblance to and sometimes include as special cases
other familiar model selection criteria. A difference here is that the penalty term is
motivated solely on the basis of what sorts of statistical risk bounds we can obtain
and not on the basis of other information-theoretic or Bayesian considerations.

An important role is played by an index of the accuracy of the models for approx-
imation of the target function s, relative to sample size n. This accuracy index is

defined by
a,(s) = inf {dz(s, Sm) + penmyn}

where d(s, 5,,) = inf;cg, d(s,t)is an L?-distance from s to the subspace .9, [a related
index of resolvability for estimators based on the minimum description length prin-
ciple is in Barron and Cover (1991) and Barron (1991)]. In the density estimation
case we will regard s and ¢ as square roots of densities so that d becomes a Hellinger
distance between the density s* and its approximation; in the regression case d” is
an integrated squared error of approximation, integrating with respect to an average
distribution of the regression inputs. For a given m, d*(s, 5,,) + D,,/n represents
the order of magnitude of the risk measured by the mean integrated squared error
between s and 5, , [at least for certain linear models, see Birgé and Massart (1994a)],
the terms d*(s, S,,) and D,,/n corresponding to the bias squared and variance com-
ponents, respectively. The penalty pen,, . overestimates D,,/n within a factor L,,
which takes into account the additional noise due to simultaneous estimation in a
possibly very large number of models and, roughly speaking, the larger this number,
the larger the L,,’s.

A special role in the analysis is played by the dimension D,, of models S5, that
minimize the accuracy index. When the penalty term is of order D,,/n (i.e., L, is a
constant) we have that the accuracy index a,(s), the approximation error d*(s, S, ),
and the ratio D, /n of dimension to sample size are asymptotically of the same order.
The choice m,, (depending on s) corresponds to the size of model that minimizes this
risk.

It is desired that the estimator §,, chosen on the basis of the model selection cri-
terion without knowledge of the function s (and without knowledge of its regularity
properties) should achieve a value for E[d?(s, 5,)] that is nearly as good as the the



on the stochastic sampling setting, the candidate models, the contrast function, and
the penalty function such that the statistical risk is bounded by the accuracy index

E[d” (s, 8,)] < Ca,(s)

where 3§, is the minimizer of the penalized empirical contrast criterion, and the con-
stant (' is given in terms of quantities arising in the conditions.

The relationship between the statistical risk and the accuracy index permits the
statistician to reduce the problem of investigation of the performance of the estima-
tor (to within certain constant multipliers) to an investigation of the approximation
capabilities of the models. Here we have in mind a variety of possible function classes
and the accuracy index will be evaluated for each. Since it is not known to which
subsets of functions the target s belongs, it is a merit of the accuracy index and indeed
a merit of the minimum penalized empirical contrast estimator §, in many cases that
the maximum of the accuracy index a,(s) on certain subclasses of functions is within
a constant factor of the minimax optimal value for the risk on these subclasses. That
is, the penalized minimum contrast estimator is said to be simultaneously mininaz
rate optimal or said to be adaptive to such subclasses of functions. See Section 4 for
further discussion of Adaptation via Model Selection.

The present paper is a companion to the paper by two of us (Birgé and Massart
1994b) which explores the role of adaptive estimation for projective estimators of
densities using linear models. There a recent and very powerful empirical process
inequality by Talagrand (1994) is put to use. Applications are given there for wavelet
estimation and connections are established with thresholding of wavelet coeflicients
and cross-validation criteria.

In the case that a sequence of models m,, is preselected according to presumed
properties of the target function, rather than adaptively selected on the basis of data,
what we study would fall under the general heading of analysis of sieves for function
estimation. Sieve methods are forced to lock in at a particular (sometimes subop-
timal) trade-off between bias and variance. Nevertheless, the mathematical analysis
of sequences of finite-dimensional sieve models is at the heart of the techniques that
we put to use in our study of adaptive methods of Model Selection. In particular
we will make frequent use of the results of Birgé and Massart (1994a). There, rate
of convergence results for sieve estimation are presented, building on empirical pro-
cess bounds developed first for minimum contrast estimation in Birgé and Massart
(1993). Other work on rates of convergence for sieves is in Cencov (1982), Vapnik
(1982), Cox (1988), Stone (1990), Barron and Sheu (1991), McGaffrey and Gallant
(1994), Haussler (1992), Shen and Wong (1994), and Van de Geer (1993). The results
we give here for selections from a set of models can be specialized to give rate results
for sieves by considering the degenerate case that there is only one model that the
criterion is permitted to select for each sample size n; for the most part that simply
recreates the results covered in Birgé and Massart (1994a).

Similarities are apparent in the form of the criteria we study here to the familiar
AIC, C,, BIC, and MDL criteria proposed by Akaike (1973), Mallows (1973), Schwarz
(1978), and Rissanen (1978 and 1983), respectively, and the method of structural
minimization of risk due to Vapnik (1982). In some cases our analysis provides
consistency and rate of convergence results for these criteria. However, in general,



in the familiar criteria.

Shibata (1981) and Li (1987) prove asymptotic optimality properties of the mean
squared error for models selected by criteria related to the AIC in the context of linear
least squares regression with a fixed design and subexponential growth restrictions on
the number of candidate models as a function of dimension. In that important, but
restrictive setting, they show that with AIC the choice of a constant value of L,, = 20
in the penalty, where o? is an assumed known or consistently estimated homogeneous
variance of independent errors, the risk of the estimated model is asymptotically op-
timal in the sense that it coincides asymptotically (to within a factor converging to
one) with the mean squared error achievable if the optimal sequence of models m,
were known. Shibata assumed a Gaussian error model. Specialization of our general
results to this setting does not determine the best constant in the penalty and iden-
tifies asymptotic optimality only to within a constant factor. However, our results
permit relaxation of the fixed design setting and also allow other error distributions
with a finite moment generating function. Li’s result allows more general error dis-
tributions (with moments to a prescribed order) and he requires polynomial rather
than merely subexponential bounds on the number of candidate models as a func-
tion of dimension. Both Shibata and Li assume the analog of inf,, d(s, S,,) = 0, but
they require that s not be contained in any of the §5,,’s. Our results also relax that
requirement while showing asymptotic optimality to within a constant factor.

For typical choices of models, the target function s is a cluster point, that is d(s, 9,,)
tends to zero for some subsequence of models, and the accuracy index quantifies the
rate of convergence in a way that is naturally tied to the dimension of the models
and the sample size through the penalty term. As a consequence of the accuracy
index, there exists many situations where Model Selection provides estimators §,
which are (at least approximately) simultaneously minimax over a family of compact
classes of functions, usually classical smoothness classes. Such estimators are then
called (approximately) adaptive. There exists a huge amount of litterature devoted
to adaptive estimation for non-compact classes of functions of known smoothness.
Here adaptation takes place with respect to the radius of the ball in some Sobolev
space via various penalization methods [see Wahba (1990) and the references therein
and Van de Geer (1990) who introduces empirical process techniques]. The first
example we know of adaptation to unknown smoothness via Model Selection is to
be found in Efroimovich and Pinsker (1984). In this paper the authors obtain the
exact asymptotic minimax risk over a class of Sobolev ellipsoids for the white noise
model. Although these results are not presented as a Model Selection method, it
turns out that it may be considered as such [see the discussion in Birgé and Massart
(1994b), Section 5, Example 2]. Following this seminal work, there have been various
extensions to different curve estimation problems in the papers by Efroimovich (1985),
Efroimovich and Pinsker (1986) and Polyak and Tsybakov (1990) (with a different
Model Selection criterion for this last paper).

Approximate adaptation over more complicated classes of functions with inhomoge-
neous smoothness (providing spatial adaptation) and based on wavelet thresholding,
which may be viewed as Model Selection [see Birgé and Massart (1994b), Section 2.1.3]
is to be found in a series of papers by Donoho and Johnstone and Kerkyacharian and
Picard [see Donoho, Johnstone, Kerkyacharian and Picard (1995) and the references



The first attempt providing a global approach to Model Selection in order to de-
rive risk bounds using a class of abstract models is to be found in Barron and Cover
(1991) or Barron (1991). They prove risk bounds for complexity regularization cri-
teria which in some cases include AIC, BIC, and MDL. The work by Barron and
Cover is for criteria that possess a minimum description length interpretation with
discretization of the parameters of the models reducing the choice to a countable set
of candidate functions ¢ with penalty L(¢)/n satisfying >, 27 < 1 as required for
lengths of uniquely decodable codes. There they developed an approximation index
called the index of resolvability that is a precursor to our accuracy index and they
establish comparable risk bounds for Hellinger distance in density estimation and
show that for a number of classes of functions (both parametric and nonparametric)
the criterion provides convergence rates that are either simultaneous minimax rate
optimal or optimal to within logarithmic factors. In particular, discretizations based
on L*™-metric entropy properties of Sobolev classes of log-densities, together with
adaptive selections of the order of smoothness and of the value of the Sobolev norm
are shown there to be simultaneously minimax rate optimal without prior knowledge
of which orders of smoothness and which norm bounds are satisfied by the target
function. (To recover the Barron and Cover result as a special case of our general
density estimation results, set each model here to be a single function in their count-
able list.) Barron (1991) extended the discretized model approach to deal also with
complexity regularization for least squares regression and other bounded loss func-
tions and applied it to artificial neural network models [see Barron (1994)], where the
nonlinear models gave rise to logarithmic factors in the penalty not present in the
idealized models for Sobolev classes. However, the description length method does
necessitate a factor that is ultimately of logarithmic order when the target function
is in one of the finite-dimensional models as demonstrated by the minimax bounds in
Clarke and Barron (1994).

Our work has been inspired by the ideas of Barron and Cover (1991), the main
methods and technical tools being developed in Birgé and Massart (1994a). As in
Vapnik (1982), they heavily rely on empirical process theory. Vapnik’s (1982) method
of structural minimization of empirical risk bares many resemblances with ours. The
major difference between Vapnik’s approach and ours is in the formulation of the
empirical process conditions and techniques. Finally we should mention that Yang
(who is a student of one of us) has recently got some results similar to ours for the
particular case of log-density models [Yang (1995)].

The structure of the paper is as follows: the next section is devoted to the descrip-
tion of the framework underlying the various problems and estimation strategies that
we want to handle. We introduce several types of contrast functions and families
of approximating models (“sieves”). For each situation we also give a formal result
and a simple application of it. Section 3 develops the preceding examples when they
require a more sophisticated treatment and also introduces further ones in order to
illustrate the power and flexibility of our method. In Section 4, we shall discuss the
connections between this technique of Model Selection and Adaptive Estimation. In
Section 5 we state all the main theorems in an abstract framework and develop their
proofs. Finally Section 6 collects a number of technical lemmas, mainly directed
towards approximation theory.



The framework is the one used in Birgé and Massart (1994a). We are given 27 in-
dependent random variables Xy,..., X, and Wy,..., W, with values on measurable
spaces X' and W respectively and we observe the variables 7, = f(X;,W;,s) with
values on the space Z. The unknown function s which is the parameter to be esti-
mated from the observations may also control the distribution of the X,;’s and W;’s.
We denote by P the joint distribution of all the variables (X;, W;, Z;), by E the ex-
pectation with respect to probability P, by P, the empirical distribution of the Z;’s
and by v, = P, — Eo P, the centered empirical measure. s is assumed to belong to
some given space L%y, ) with the distance d,, induced by the norm || || = || -||2. More
generally for 1 < p < oo, the LP-norm is denoted by || - |,

We introduce the family of sieves S, indexed by m € M, as a countable collection
of subsets (the models) of some S, C L*(,). These sieves play the role of approxi-
mating spaces for the true unknown value s of the parameter which might or might
not be included in one of them. Typically, 5, will be a subset of a finite-dimensional
linear space. In order to make the notations simple we shall assume that everything
which depends on m € M,, might depend on n but we omit this second index. We
shall also omit it, from now on, in g, and d, since those quantities will be fixed
(independent of n) in most applications. In order to define our estimator we choose
a function v defined on Z x §,, [generally a contrast function as defined in Birgé and
Massart (1993)] and a penalty function pen(m), which is a positive function on M,,.
We shall see later how to define this penalty function in order to get a sensible esti-
mator. Let ¢ > 0 be given, a penalized minimum contrast estimator will be defined
as follows:

Definition 1 A penalized minimum contrast estimator (relative to the collection of
steves (Sm)mem, ) is any parameter value § in Upep, Sm with § € S, such that

Tn(8) pen(im) < inf - inf 5,(1) + pen(m) + ¢,

where v, (1) = n™t Y0 y(Z;, t).

In order to simplify the presentation we shall assume throughout the paper that
¢ = 0. The choice ¢ = 1/n would lead to similar results.

2.1 Some classical contrast functions

Maximum likelihood density estimation: We observe i.i.d. variables X,..., X,
of density s* with respect to . The W;’s play no role here and Z; = X;. From now on
S will denote the set of nonnegative elements of norm 1 in L*(g) (which means that
their squares are probability densities). We take §,, = § and the choice of the contrast
function y(z,t) = —logt(z) leads to penalized mazimum likelihood estimators.

Projection estimators for density estimation: We assume that p is a probability
measure and that the unknown density of the observations Xy,..., X, (7, = X,)
belongs to L%(p1). It can therefore be written 14+s where s is orthogonal to the constant
function U. The contrast is given by v(z,¢) = [|t]|* — 2¢t(z) and S, is orthogonal to 1.
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S leads to the classical projection estimator 3, on 5, given by

. 5 . 5 J
Sm = Z Brea with By = EZQP,\(X)
i=1

AEA

Classical least squares regression: Observations are pairs (X;,Y;) = Z; with
Y: = s(X;) + W; and the variables X; and W; are all independent with respective
distributions R; and @); (independent of s) but not necessarily i.i.d. since we want
to include the fixed design models in our framework. s is the unknown parameter
which is supposed to belong to the Hilbert space L%(y,, ) where u,, denotes the average
distribution of the X;’s: u,, = n='> ", R;. This distribution actually depends on n
in the fixed design case but not in the case of a random design. We assume that the
errors W; are centered and choose v(z,t) = (y — t(z))? the resulting estimator is a
penalized least squares estimator.

Minimum L' regression We use the same regression framework as before, now
assuming that the W,’s are centered at their median and define v(z,t) = |y — t(2)|.

These models and contrast functions have been described in greater detail in Birgé
and Massart (1993) and Birgé and Massart (1994a). We therefore refer the reader to
these papers for more information.

2.2 Structure of the sieves

The value pen(m) of the penalty function is essentially connected with the number
D, of parameters which are necessary to describe the elements of the sieve 5,,. A
general definition of D, will appear in Section 5 and we shall here content ourselves
with the presentation of two cases which are known to be of practical interest.

2.2.1 Linear models

For each m € M,, we are given a finite-dimensional linear subspace S,, of L%(u) with
an orthonormal basis {¢y ,}aea,, With D, = |A,,| and 5,, is a subset of S. In order
to simplify the notations we shall write in the sequel {¢,}ica,, instead of {@x m}rea,.s
keeping in mind that ¢, may depend on m. We assume that ||¢,]l < 400 for all
A € Ay, and define for § € R, |Gl = supyey, [Ba] and |B]3 = 2" cx B3 Next we
define

- 1 I 2xen,, Brealleo 1 | > xen,, Baealleo
T = sup o and &, = sup e .(2.1)
VD, 50 |1Beo VD, g0 1Bl
It follows from this definition that
®,, < 7 < /D@, (2.2)

and from Lemma 6 of Birgé and Massart (1994a) that

o, \/—mH > Al

AEA,



sieves is not suflicient to guarantee a good behavior of the empirical contrast function
“n, Which is essential for our purpose as we shall see later. More is needed, specifically
some connections between the 1.2- and I.°°-structures of the sieves. A control of the
growth of 7, or ®,, provides such connections.

2.2.2 Nonlinear Models

Here we have in mind a variety of models that include single hidden layer sigmoidal
networks [see Barron (1993), (1994)], sparce trigonometric models, certain multivari-
ate wavelet models as in Hornik et al. (1994), Yukich et al. (1995) and piecewise linear
“hinged hyperplane” models of Breiman (1993) for flexibly fitting a function of several
variables. We take, for simplicity, the domain of the functions to be [—1,1]¢. The
models involve linear combinations of functions ¢, (), continuously parameterized
by a vector w on R?, where the functions ¢, satisfy the Lipschitz property

|00 (2) — @i (2)] < |lw—w']y forall z € [-1,1]7, (2.4)

| -1 denoting the {*-norm on R¢. The models S, are indexed by a triplet of positive
integers m = (D', H, R) and will be suitable modifications (via some clipping and
renormalization) of the basic models

D’ D’
Sm:{Zﬁjqbwj(w) Z|ﬁj|§R and |w;|, < H for 1§j§D'}.
ji=1

ji=1

In such a case we can take D,, = D'(¢'+1), which is the parametric dimension of S,,,.
Here the constraints R and H as well as D’ are included in the model index rather
than fixed in advance, so that the metric entropy of each model can be controlled
without advance knowledge of how large a value of R, H or D’ is needed for the best
model.

Of particular interest are the cases in which the terms in the model are ¢-dimen-
sional ridge functions

(bw(x) = ¢(QT$ - b)

where 1 is a fixed univariate function with Lipschitz constant 1, and w = (a,b) with
a € R, b €R,and ¢ = ¢+ 1. Then the Lipschitz property (2.4) for ¢, holds.
The cases mentioned above are of this ridge expansion form. For the neural net case
1 is a sigmoidal function as in Barron (1993) (popular choices are the logistic, the
hyperbolic tangent, and the linear ramp clipped at magnitude 1); for trigonometric
sums 1 is the cosine function and for the hinged hyperplane model (z) = 2V 0 to
yield piecewise linear functions [see Breiman (1993)]. Hornik et al. (1994) and Yukich
et al. (1995) take the activation function + to be an arbitrary non-zero bounded
function that is zero outside a bounded interval, which includes wavelet functions of
ridge type. The Lipschitz condition used here holds for many (though not all) of
these wavelets. A multivariate version of Proney’s classic model can be developed
with ©(z) = e7%, where z = a”x + b is complex-valued with a € C?, b € C, z € [0, 1]
and all real parts of the coordinates of @ and b taken to be nonnegative.

We are not restricted to ridge expansions here. For instance, radial basis function
models with ¢, (z) = ¥(b|z — al,) are also of the required form when % is a Lipschitz

10



leads to what Donoho calls the bump algebra.) Tensor product expansions of the
form ¢, (2) = Py, (21) - -y, (2,) for € [—1,1]7 satisfy the Lipschitz condition if the
factors are built from a univariate Lipschitz function that is bounded by one (that
is, [tw,(zi)] < 1 and [y, (2;) — Yy (2;)| < |w; — wi]y for z; € [-1,1]). For instance,
piecewise multilinear models correspond to 2¢y,,(z;) = (z; —w;) V0 (with w; taken to
be bounded by 1) as in the multivariate adaptive regression spline model of Friedman
(1989).

Higher order piecewise polynomial ridge expansions and piecewise polynomial ten-
sor products may also be handled with a slight modification of the framework. (In
which the linear combinations in 5, are built not just from one univariate v function,
but from several, such as 1, z, 2% and (2 V 0)? in the cubic spline case.) To simplify
the discussion of the nonlinear models we have focussed attention on the case that
the ¢ is indexed by a continuous parameter rather than both discrete and continuous
parameters. Multivariate piecewise polynomials will be explored as a subset selection
problem using a grid rather than a continuum of possible knot locations in the next
section.

2.3 Examples

In order to keep the presentation of our results simple, we shall now concentrate on
linear models and return to the nonlinear models in Section 3.2.

Uniformly bounded basis: When |[|¢,[|cc < © for all A € A,, and all m, then
®,, < ® by (2.3). Subsets of the trigonometric basis in 1.%([0, 2], dz) provide typical
examples of uniformly bounded bases.

Wavelet expansions: Let us consider an orthonormal wavelet basis {¢; ;|7 > 0,k €
79} of L*(RY, dx) [see Meyer (1990) for details] with the following conventions: g
are translates of the father wavelet and for 7 > 1, the ; ;’s are affine transforms of the
mother wavelet. One will also assume that these wavelets are compactly supported
and have continuous derivatives up to some order r. Let ¢ € L*R? dx) be some
function with compact support in (0, 4)?. Changing the indexation of the basis if
necessary we can write the expansion of ¢ on the wavelet basis as:

279\ f

t= Z Z B k%5 k>

i>0 k=1

where M > 1is a finite integer depending on A and the size of the wavelet’s supports.
For any j € N, we denote by A(j) the set of indices {(j,k)|1 <k < 2/9M}. The rele-
vant A,,’s will be subsets of the larger sets U/_,A(j) for finite values of .J and we shall
denote by J,, the smallest J such that this inclusion is valid. It comes from Bern-
stein’s inequality [see Meyer (1990) Chapter 2, Lemma 8] that 7,, < C(29/=/D,,)'/?
for some constant C'. In particular, when A, = U]J;OA(]'), T 18 uniformly bounded
and so is ®,,. The most relevant applications of such expansions have been studied
extensively in Birgé and Massart (1994b).

We also want to deal with wavelet expansions on the interval [0,1]. Since the
general case involves technicalities which are quite irrelevant to the subject of this
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Then the following expansion holds for any ¢ € 1.%([0, 1]*7 dz):

23
=B 1P+ Z Zﬁj,k%’,ka (2.5)
>0 k=1
where P-11= 11[0,1]7 = 11[0,1/2] - 11]1/2,1] and ‘Pj,k(gg) = 2j/2¢(2j(95 - (k - 1)2_j))- We
set A(—=1) = {(=1,1)} and for j > 0 A(j) = {(J, k)| L <k <27}, If A,y = UTL A(S)
we see from (2.3) that ¢,, = 1. To bound 7, we first notice that for 7 > 0

23
1Y Bikpialleo < 2072 sup |35 k.- (2.6)
k=1
Therefore
" " —1/2
T < D277 (D02 <14V2
j=0 j=0
It will also be useful to choose A, = U;”__lA(j) and then 7,, < 2 4+ /2.

Piecewise polynomials: We restrict our attention to piecewise polynomial spaces
on a bounded rectangle in R? which, without loss of generality, we take to be [0, 1]7.
Hereafter we denote by P; a partition of [0, 1] into D() intervals. A linear space S, of
piecewise polynomials is characterized by m = (r,Py,...,P,) where r is the maximal
degree with respect to each variable of the polynomials involved. The elements ¢
of §,, are the functions on [0, 1] which coincide with a polynomial of degree not
greater than r on each element of the product partition P = @{_,P;. This results in
Dy = (r+ DI, D(0).

Starting with the orthogonal basis of the Legendre polynomials );,7 € I in
L*([~1, 1], dx), we notice that the following properties hold [see Whittaker and Wat-
son (1927) pp. 302-305 for details]

|Q;(z)| <1 forallze[-1,1], Q;(1)=1, and /1 Q; (t)dt =

25+ 1
Let us consider the hyperrectangle R = T]!_,[a;,b;]. For j € J = {0,...,r}! we
define
2]2"'1 22; — a; — b
Or(T1,. .., T, H [ ( — )]lR(xl,...,xq).

The family {¢g;} provides an orthonormal basis for the space of polynomials on R
with degree bounded by r. If H is a polynomial such that H =} .. ; B;¢r;,

1]l < [(r+ Dv2r+ 1] Vol (R)] 7 18]

Then taking A, as the set of those (R, j)’s such that R € P and j € J we get from

(2.1)

(r+1)%(2r + 1)¢

_9 <
"m =D, infrer Vol(R)

=[(r+ 1)(2r + 1)) [gelg) Vol(R)HD(i) . (27
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P < [(r 4+ 1)(2r + 1)]7/2 (2.8)

Polynomials on a sphere and other eigenspaces of the Laplacian: Let S?
be the unit euclidean sphere of R¢*! 1 be the uniform distribution on the sphere
and 0 < 6y < --- < 8; < --- be the eigenvalues of the Laplace-Beltrami operator on
S4. Let, for each j > 0, {¥x, A € A(j)} be an orthonormal system of eigenfunctions
associated with ;. Then {U}U {¢x, A € A} where A = U;50A(7) is an orthonormal
basis of I.*(yt). Defining A,, = U7L,A(j), for any integer m > 0 we get D,,, = |A,,],
for m > 0. Actually these eigenvalues are given by explicit formulas [see for instance
Berger, Gauduchon and Mazet (1971)], the corresponding eigenfunctions are known
to be harmonic zonal polynomials and one has [see Stein and Weiss (1971) p.144]

Y. @) =10

AEAG)

In such a case it follows from (2.3) that @,, = 1 for any integer m.

More generally, we can consider, instead of S, a compact Riemannian manifold M
of dimension ¢ with its uniform distribution p. The eigenfunctions of the Laplace-
Beltrami operator provide an orthonormal basis of 1.%(x) which is a multidimensional
generalization of the Fourier basis. Of course no exact formula is available in this full
generality but some asymptotic evaluation holds which is known as Weyl’s formula
[see Chavel (1984), p.9]. Keeping the same notations for the eigenvalues and eigen-
functions as above and setting D_; = 1, Weyl’s formula ensures that there exists two
positive constants C';(M) and C5(M) such that for any integer m

CL(M)DX® < 6, < Co(M)DX?, < Cy(M) D21, (2.9)

Moreover one can get the following control of the heat kernel [see Chavel (1984),
inequality (55) p.331]:

< Cofty/? (2.10)

for any positive ¢, any « € M and some fixed positive constant C3(M). Applying
(2.10) with t = 6;.! yields

1D @Al < eC(Moi>.

AEA

Combining this inequality with (2.9), we can derive from (2.3) that for any integer
m, ®2, < ®2(M) = eCs(M)Cy(M)?/? which implies that ®,, is uniformly bounded as
in the case of the sphere.

2.4 Some typical results

We now assume that the situation described at the beginning of Section 2.2 holds,
i.e. S, is a subset of a linear space 5,, € L%(u) of dimension D,, with ®,, and 7,

13



In order to make our notations more transparent we shall hereafter systematically
denote by the letter k£ as in x;, &', ... numerical constants, which do not depend on
the various other constants involved in the assumptions. On the other hand, C or ¢
denotes a constant depending on the former ones and the same notation will be used
for different constants from one section to another, the form C(-,---,-) emphasizing
the dependence of C' on the others constants. Finally, the letter K will, most of the
time, denote numerical constants, either to be chosen by the statistician or functions
of such ones.

2.4.1 Maximum likelihood

We observe n i.i.d. variables X, ..., X, of density s? with respect to some probability
measure . The model 5, = S, NS consist of those functions ¢t € 5, for which ¢
is a probability density. To each ¢ € S corresponds a probability P, with density ¢?
with respect to p and d(u,v)/v/2 is the Hellinger distance between the corresponding

probabilities, i.e.
2
dPp, dPp,
dz(u,v):/(,/ L v) dp < 2.
du du

We define analogously K(u,v) to be the Kullback-Leibler information divergence
between P, and P,, i.e.

K(u,v)= /log %dPu if P, <P, and K(u,v) = +00 otherwise.

Theorem 1 Let {L,,}mem, be a family of weights such that

L,>1 foral meM, and Z exp|—L,D,] =% < 400. (2.11)
meM,

Let pen(m) be such that
pen(m) > ki[L, + log(1+ 7)) D /n

where k, is a suitable positive numerical constant and let § be the penalized mazimum
likelihood estimator which is a minimizer with respect to m € M, andt € S, of
—(1/n) >0 log(t(X;)) 4+ pen(m) if t € S,,. Define K(s,S,,) = inf,es, K(s,u) and
assume that 1 < D,, < n for allm € M,,. Then

E[d” (s, 8)] < K} mlel}éln {K(s,5,)+ pen(m)} A1]|. (2.12)

The upper bound in (2.12) involves a bias term K(s,.5,,) where one would prefer
d*(s,5). In many examples a natural way of deriving an approximation of s by
an element s, of S, is to normalize an upper approximation st > s in S,,. More
precisely one will prove in Section 6 the following result:

Proposition 1 Assume that S, is a linear space of functions in L*(u) and S,, is the
set of nonegative elements of norm 1 in S,,. If there exists st > s in S, then

K(s,5,)A1<3d%(s,st)
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K(s,5,) A1 <12 inf ||s —¢]|2,- (2.13)
teES,

Application to adaptive histograms We consider a family of sieves which are sets
of piecewise polynomials on [0, 1] of degree 0, i.e., histograms, and take u to be the
Lebesgue measure. Here m is a partition of [0, 1] which is a union of D,, intervals,
S, is the space of piecewise constant functions on m and S, is the set of nonnegative
elements ¢ of S,, such that ||¢|| = 1. Let R, be the set of all regular partitions with at
most n pieces and G, y be the set of all partitions with at most n pieces and endpoints
belonging to the grid {j/N |0 < j < N}. Then we define M, = R, U(Un»2G, ~)
and choose L,, = 1 when m € R,,, L,, =2+ 3log(N/D,,) when m € G, y. It follows
from our study of piecewise polynomials that 7,, < 1 by (2.8) when m € R,, and is
bounded by \/N/D,, otherwise. Since the number of partitions of G,, y with D pieces
is bounded by (eN/D)” from Lemma 6 and clearly D < N, (2.11) is satisfied and we
can apply Theorem 1 with

pen(m) = K,(14 log2)D,,/n it meR,, (2.14)

N N D
pen(m) = K, [2 + 3log (D—) + log (1 + 4/ D—)] Tm if mgR, (2.15)

and K, > K.

o If s is Holderian of order a, i.e.
|s(z) — s(y)| < H|z —y|* forall z,ye[0,1],

H > 0 and a € (0,1] being unknown, for each m € R,, the L>-distance
between s and 9, is bounded by C'H D;;* and therefore by (2.13) K (s, 5, )Alis
bounded by C"H*D**. In that case (2.12) implies that the quadratic risk of our
estimator is bounded by C"H?/(2a+l)p=2a/(2e+1)  We shall see in Section 3.1.2
that even if H and a were known, one couldn’t do better (from the minimax
point of view), apart from the constant C”.

o If s belongs to some 9, with m € G, y, (2.12) implies that the risk is bounded
by C'log(N/D,,)D,,/n, which is of the usual parametric order 1/n as n — oo
for each such s and, for each given positive integer I, of order (D/n)log(n/D)
uniformly in models with index in the set {m € U%_,G, x| D, = D}. On the
other hand for a given value of D, 9 < D < n/5, if follows from Corollary 1
of Birgé and Massart (1994a) that the minimax risk on this set is of the same
order (D/n)log(n/D). This gives a sense in which the log n factor is a necessary
price to pay when one compares the purely parametric problem of estimating
a piecewise constant density on a known partition with D pieces to the same
problem with a completely unknown partition.

¢ The main advantage of including the families of irregular partitions in our con-
struction is to allow spatial adaptation. With one estimator we achieve simul-
taneously the optimal 1/n rate for s in the parametric subfamilies, the optimal
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this optimal rate for much less homogeneous functions with smoothness a. This
will be illustrated in Section 3.2.1 below for densities with bounded a-variation.

It is worth mentioning here that when s is decreasing on [0, 1], the Grenander
estimator, which is the derivative of the least concave majorant of the empirical
ditribution function, automatically achieves a bound on the L!-risk which is
analogous to (3.31) below with a = 1 but without the logn factor [see Birgé
(1989)].

2.4.2 Projection estimators

Although various adaptive properties of penalized projection estimators have been
enlightened in Birgé and Massart (1994b), we shall develop here some new illustra-
tions. The basic result is similar to Theorem 3 of Birgé and Massart (1994b). We
recall that here p is a probability measure. Since the true unknown density is U + s,
the space S, is chosen to be a linear subspace of .*(yt) orthogonal to I with an or-
thonormal basis {¢, | A € A, } and the family of finite dimensional linear spaces 9, is
generated by a family {A,, },nenm, of finite subsets of A,: for each m € M,,, S, = S,
is the linear span of {¢y | A € A,,,} and D, = |A,,| < n.

Theorem 2 Assume that the family {A,,}mem, is totally ordered by inclusion and
that the ®,,’s are uniformly bounded by ®. Let ko be a suitable numerical constant,
pen(m) > ka®? D, /n and § be the penalized projection estimator which is a minimizer
with respect to m of =3, 3% 4 pen(m), where By = n~ " S0, oa(X;). Then

. 1+ Js])*

S sl <R it (s, S0+ pen(m)} + w4 (2.16)

Application to ellipsoids with unknown coefficients: We consider some or-
thonormal system {¢,}irea of L*(p) where A = U;enA(7), each A(j) being a finite
set. Let us mention here two cases of particular interest to be studied in Section 3.

e 1 is the uniform distribution on the torus [0,27], A(j) ={2j;2j+ 1} for 7 > 0
and @q;(2) = V2 cos((j + 1)), poip1(2) = v/2sin((j + 1)a).

e u is the Lebesgue measure on [0,1], A(j) = {(4,k)|1 < k <2/} for j > 0 and
the ¢; 5 are the elements of the Haar basis described in Section 2.3.

For any non-increasing sequence a = {a; };>o converging to zero we define the ellipsoid

E(a) by

E(a) = {Z Z Brea

i>0 XeA(H)

S ¥ st

j20 AEA(H)

Let us define for each m € N, A, = Z;n:o A(j) and D, = |An|. Then M,, = {m >
0| D,, < n}. For the sake of simplicity, we shall limit ourselves in this section to
the case a;(H,a) = HD;* with H > 0 and a > 0 for the Fourier basis, a € (0, 1]
for the Haar basis. This case is of particular interest since it is well-known that
Ugso€(a(H,a)) is the set of periodic functions orthogonal to I belonging to the
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the Besov space Bs s, in the Haar case.
If s is an element of some ellipsoid &£(a), it is immediate to see that d*(s, 9,,) < a2,.

Therefore from Theorem 2 with ®? = 2, K, > k, and pen(m) = 2K,D,,/n we get
2K5D,, 1 4
E[[|s - 3% < &4 inf {Hzp;;a + ‘27} 1 gLt lsll)
meM,, n "

and finally whatever the true unknown values of H and «,

(E)z/(lﬂa) N (1+ "8"2)4] ‘

s
s = 3 . !

1<K

The discussion about the optimality properties of such a bound will be developed
in Section 3. Related work using ellipsoids built on the Fourier basis are to be
found in Efroimovich and Pinsker (1984) (for the white noise model) and (1986)
(for the spectral density), Efroimovich (1985) (for density estimation) and Polyak
and Tsybakov (1990) (for regression models), all the results, except for the first one,
being restricted to Hilbert-Schmidt ellipsoids (i.e. @ > 1/2 in the above example).

2.4.3 Least squares estimators for smooth regression

We consider a regression model Y; = s(X;)4+ W, where the X,’s are i.i.d. with common
distribution p and the W,;’s are i.i.d. and centered. We assume that ||s||., is bounded
by some known constant £ and that all elements of §,, are bounded by £ as well.

Theorem 3 Assume that Ee™1V/¢€'] < 4 for some & > 0 and let {L,,}mem, be a
family of weights such that

L,>1 foral meM, and Z exp[— L, D] =¥ < 400. (2.17)
meM,

Let k3 be a suitable numerical constant,

pen(m) > ral€ + € L +10g (14 7y /Dou /)| Do

and § be the penalized least squares estimator which is a minimizer with respect to

me M, andt € 5, of n=' 37 (Y; — t(X;))* + pen(m). Then

E[d” (s, 8)] < K mlel}éln {d*(8,5,) + pen(m)} . (2.18)

Handling several bases simultaneously: One of the advantages of Model Se-
lection is to allow competition between various kinds of approximating spaces. In
particular it is possible to use several bases at the same time to construct the pe-
nalized estimator. We now provide an illustration of this idea in the context of
bounded regression. We assume that the regressors X; are uniformly distributed
on [0, 1], that the errors W; satisfy the assumptions of Theorem 3 with a known
constant £'. We consider simultaneously five different types of sieves indexed by
the sets M’ with 1 < ¢ < 5 and take M, = UM’ Let us fix r € N.
We define M! to be the set of regular partitions of [0,1] and M3 to be the set
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M? = Uyns2M3. In both cases, S,, is the linear space of piecewise polynomials
based on the partition m with degree not larger than r. The other sieves in our
collection are built from a basis (¢x)rea of L*([0,1]) with A = U;50A(j). We first
consider the trigonometric basis with A(0) = {0}, A(j) = {2j — 1525} for j > 1
and @y = U, @q;(z) = V2c0s(27j2), w9;_1(7) = v/2sin(27jz). Then M? = IN and
A = Uj<mA(7). Finally we introduce a wavelet basis of regularity r as described
in Section 2.3 with ¢ = A = 1. An element m of M* or M5 is a subset of the set
of indices {(j,k)|1 < k < 2/9M, j € N} and A,, = m. M?* is the set of all subsets
of the form m = U/_;A(j) for J € I and M?® is the collection of subsets which do
not belong to M* of the sets U]JIOA(]') with J € N, i.e. all non-trivial subsets of the
elements of M™.

If we assume that the true regression function s is bounded by L& where L is
known, it is natural to restrict our sieves to sets of functions which are uniformly
bounded by a constant £ = (L + 1)¢& for instance and therefore to choose S, =
S O {t | [tlleo < &} for each m € M,,. In order to describe the penalty function, it
is enough to compute 7, and choose L,, for any m in order that condition (2.17)
should be satisfied. It follows from Section 2.3 that 7, is uniformly bounded if m
belongs to either M! or M*. Tt follows from (2.2) that 7, < /2D, if m € M>.
Finally for m € M?* r,, < C\/N/D,, and for m € M® 7, < C'\/27/D,,. As to
L,, it can be choosen as 1 for m € M?, i = 1,3 or 4 and by Lemma 6 we can take
Ly, =2+ 3log(N/D,,) for m € M? and L,, =2 + 3log(M?27/D,,) for m € M>.

We have shown that Theorem 3 applies to this situation leading to the upper
bound (2.18) for the risk. It is difficult to analyze this bound in general. Moreover
the minimax point of view is especially inadequate since the interest of introducing
such a rich family of sieves is to have more opportunity to approximate well a given
s by a sieve of low dimension rather than consider a uniform approximation over
some large compact class of functions, which always reflect the worst case in the
class. Nevertheless one can still evaluate the maximal risk over some suitable classes
of smooth functions. Let us for instance consider for any positive numbers H and «
with a = a+0b, a € N, 0 < b <1 the class H(H, a) of functions f on [0, 1] with «
derivatives and such that

1) = f )| < Hlz —y" forall z,y€[0,1]. (2.19)

Recalling that H(H,a) is included in the Besov space B, oo o, it follows from
Lemma 13 that for any positive ¢ one can find in each of the three collections
M i = 1,3,4 an m such that d(s,S,,) < ¢ and D,, < Cie='/ (with the addi-
tional assumption that s is periodic when ¢ = 3 or that the support of s is included
in (0,1) when ¢ = 4). Let us denote by 7, the upper bound for r,, computed above

and choose
pen(m) = K3(¢' + ) [Lm + log (1 + P \/M)] D

n

with K3 > k3. It then follows that for ¢ = 1,3, 4 the upper bound for the risk derived
from Theorem3 takes the form
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C!(s) is uniformly bounded over the class H(H, o) if L is given, our estimator clearly
achieves the optimal rate of convergence in the minimax sense but does more than
that since the numbers C](s) can vary substantially from one s to another and one ¢
to another as well. Moreover the introduction of the larger classes M? and M? allows
to get better approximation for functions s of spatially inhomogeneous smoothness
at the modest price of an additional log n factor. One could even go further in this
direction by including in the model a fixed finite number of different wavelet bases.
Related work (for the white noise model) dealing with the selection of one among
a library of orthonormal basis is to be found in Donoho and Johnstone (1994b). It
is also worth mentioning here the work by Golubev and Nussbaum (1992) on spline
adaptive (in a strong sense, see Section 4 below) estimation for Sobolev classes in a
gaussian regression framework.

2.4.4 Least squares estimators for binary images

Let us now turn to a quite different situation essentially motivated by image analysis.
The new framework is a model of the form Y; = s(X;) + W, where s = §; and
|Is|lcc < 1. Typically s = 8; will be the indicator function of a set the boundary of
which is parametrized by the function f belonging to G,. For indicator functions, the
square of the I.2-distance is identical to the IL!-distance which is actually the measure
of the symmetric difference between the corresponding sets. In good cases (when
those sets are epigraphs for instance) this symmetric difference corresponds to the
L!-distance between the functions which parametrize the boundaries. It is therefore
natural in such a situation to consider the following framework: G, is an interval of
some space IL'(¢') equipped with its natural distance d;. More precisely, there exists
two functions F'*, F'~ € LY(y) such that G, = {g € LY(p/)| F~(2) < g(z) < F*(2)
for all }. 6 is a one-to-one mapping from G, onto S, C L*(u,) where p, denotes
the average distribution of the X;’s. 5, is the image of ,, C G, by the mapping 8,
where (4, is included in a linear subspace G,, with dimension D,, of L(p').

Theorem 4 Assume that the following properties are satisfied:
o E[e™il/E) < 4 for some € > 0 and {Ly,}mer, is a family of weights such that

L,>1 foral meM, and Z exp[— L, D] =¥ < 4005
meM,

e 0 is non-decreasing and maps G, into {t| ||t < 1};

o tlhere exists two constants O < O, independent of n such that for all h,g € G,

Oullh—glls <110n = 0,1 and  [|6n = O,]ls < Oof|h —gll1;  (2:20)

o for each m € M,, one can find a constant B, > 1 and a linear basis (¢))aea,,
of G with ||ox|ly = 1 for all X such that

DB B Y Bagall for all (By) € R (2.21)

A€EA N A€EA N
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pen(m) > ka(€ + 1)[Ln + log(1 + 03B, /01)] D/

and f be the penalized least squares estimator which is a minimizer with respect to

mée M, and g € G, of n=1 577 (Y, — 0,(X;))* 4 pen(m). Then

OE[di(f, )] < ki inf {@2di(f, Gin) + pen(m)}. (2.22)

Application to binary images: Here G, is the set of all measurable functions ¢
from [0,1] to [0,1] and for each g € G,, we define for (z,y) € [0,1]%, 0,(z,y) = 1 if
y < g(z) and 0 otherwise. Following Korostelev and Tsybakov (1993b) we consider
the regression model Y; = 6;(X;) + W; and assume that g, is uniform on [0, 1)
and g’ is uniform on [0,1]. f should be understood as the parametrization of a
boundary fragment corresponding to some portion of a binary image in the plane.
Then ||6, — 6,]|* = ||6n — 0,]l1 = ||h — ¢g||, and we may take @; = ©, = 1 in (2.20).
Assuming that the errors W; are either bounded by 1 or gaussian with variance smaller
than 1 then & = 1.

Let R(J) denote the regular partition of [0,1] into J pieces and M, be the set
{(ry R(J))|J > 1, 7 > 0}. Following the definition of Section 2.3, we consider &, to
be the space of piecewise polynomials of degree not larger than r based on the regular
partition R(J) if m = (v, R(J)). Then D,, = (r + 1)J and we can take L,, = 1. Let
us now turn to the verification of (2.21). We consider some orthonormal (with respect
to L%(y')) basis v, ..., 1, of the space of polynomials on [0, 1] with degree < r and
we define ¢; = oyt with a; > 1 by [|¢i]|; = 1. Then for any (5;) € R™*!

r r r 1/2 r
Z|ﬁl| < Z|Oélﬁl| < (T+1)Z|alﬂl|2] :\/7“|‘1H2ﬁ19‘91"2
=0 =0 =0 =0
< 2V + 1Y Bl (2.23)
=0

where we successively used Cauchy-Schwarz inequality and Theorem 2.6 p. 102 of De
Vore and Lorentz (1993) about the relations between norms of polynomials. Starting
from the basis {¢1}o<i<, We build a basis (¢i)aea,, of G, where A, = {(j,0)]1 <
J < J,0 <1< r}such that ||p,|l; = 1 for A € A, given by

7—1

eji(x) = Jo [J (w — T)] .

It then easily follows from (2.23) that (2.21) is satisfied with B/, = 2r\/r + 1. We
now define G,, = G,,NG,. If f € G, belongs to some Besov space B, « o, Where a is
unknown, it follows from Lemma 13 in Section 6 that || f—gm||cc < e = C(f,r)J~* for
some ¢,, € G,,. Changing if necessary g,, into (g,, +¢)/(1+ 2¢) and ¢ into 4¢ we can
assume that g,, € G,,. Choosing pen(m) = 4K,4[1 +log(1+2rv/r 4 1)] with K4 > Ky,
we then derive from Theorem 4 that E[d, ( f, f)] is bounded by C’(f,a)n=/(+),

Remarks:

e The rates may seem unusual as compared to density estimation. It results from
the fact that |6, — 6,]|*> = di(h,g) which leads to a risk expressed as the sum
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bias. It comes from Korostelev and Tsybakov (1993b) that the rates correspond
to the optimal rate (in the minimax sense) when « is known.

e One could consider analogously star-shaped images. In this case we describe a
point of the euclidean unit disk by its polar coordinates p,® with 0 < p < 1
and 1) belongs to the one-dimensional torus T. We then define G, as the set
of functions g from T to [0,1] and set 6,(pcostp, psined) = Ujecyp)(p, V).
Choosing p as the uniform distribution on the disk and ' as Lebesgue measure
on T we can check that (2.20) is satisfied with ©; = ©, = 1/2.

2.4.5 A glimpse of the essentials

The proofs (see Section 5 below) are essentially based on two arguments:

e A control of the fluctuations of a weighted version of the process v,[y(., s,) —
(., u)] when u € S,,; and s, realizes (approximately) the distance between s
and 5,,. More precisely one looks for some exponential control of

Vnh/('vsm) - ’}/(,u)]
d2(57 u) v dZ(Sm7 8) V pen(m) v pen(m’) (224)

uniformly with respect to u € 5,,,, and m’ € M,,. For a given value of m’ such
a control restricted to one sieve may be derived by using various empirical pro-
cesses techniques: suitable modifications of the entropy methods introduced by
Dudley (1978) or recent arguments by Talagrand (1994) based on the concen-
tration of product measures. Such results are collected in Proposition 7 below
which is mainly based on Theorems 1 and 2 of Birgé and Massart (1994a).

It should be noticed that an analogue of Proposition 7 could be easily obtained
for least squares estimation in the white noise model using purely L*metric
conditions which are known to determine completely the behavior of a gaus-
sian process. More than that, one could even for linear models calculate the
constants involved in the exponential inequalities and derive from that explicit
constraints on the penalty function. Most of the technicalities required in our
proofs are due to the fact that we are not working with the white noise model.

In order to get a uniform result over the values of m’ one needs a limitation on
the number of sieves at hand which, in most cases, takes the following form:

S There exists a family of weights {L,,}mem, such that

L,>1 foral meM, and Z exp[— L, D] =% < 400.
meM,

If one wants to restrict to L,, = 1, it is necessary to limit the number of sieves
at hand. In order to work with larger families of sieves, one has to choose bigger
values of L,,. Since, roughly speaking, pen(m) is of order L,, D,,/n, this leads
to larger values of the penalty which will affect the risk.
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0(8,8) < La(s,80) + va[7(e5 8m) — 7(-, w)] + pen(m) — pen(m’)

where (,(s,t) = (1/n) > B[y(Zi,t) — v(Z;, s)]. This inequality can be com-
bined with the previous argument whenever ¢, is connected to d by d*(s,t) x
(,(s,t) uniformly for ¢ € S,.

These arguments yield a final control of the risk of the form
E[d*(s,8)] < C 161}\1;1 {d*(s,5) + pen(m)} .

As a consequence, the price to pay for the use of a large family of sieves which implies
large values of L,, is the effect of these values of L, in the final risk since pen(m) is
roughly proportional to L,,.

As we have already seen, all our theorems are valid for values of pen(m) larger than
KL, D,,/nin order to control (2.24). On the other hand, since pen(m) appears as a
summand of the upper bound on the risk it should be taken as small as possible. The
ideal choice of pen(m) should be the minimal value allowing a good control of (2.24)
but this will not be provided by our theory. One can only notice that a moderate
overestimation of the optimal penalty leads to a moderate overestimation of the risk
but that underestimation of the penalty (think of the extremal case pen(m) = 0) can
lead to inconsistent estimation.

3 Further examples

In order to keep the paper to a reasonable size, we shall only develop a few applications
of our methods in various contexts. These particular examples were chosen because
of their ability to illustrate different approaches to Adaptation and Model Selection
and the necessary compromise between the complexity of the family of sieves and
the desire to get low and (in some sense) optimal rates of convergence if the true
underlying density is not too complicated. Many other examples could be developed
along the same lines but we shall concentrate on a representative selection.

It should be noted that each particular family of sieves will be given for a particular
type of contrast (maximum likelihood, projection or least squares regression) for
the sake of simplicity. For instance it is natural to use sieves with good uniform
approximation properties in the case of maximum likelihood in order to warrant
positivity. Pure L*approximation is more suited for projection. For regression our
choice of bounded sieves derives naturally from the assumptions needed but it is clear
that the examples that we introduce for density estimation could also be used in the
regression framework with an additional restriction of uniform boundedness on the
family of sieves.

3.1 Nested families of sieves and analogues

By this we mean that the family of sieves is a totally ordered family of linear spaces
which implies that all numbers D,, are different or that a similar situation holds: D,,
is an integer and the number of sieves with the same dimension D,, is rather small,
at least small enough to ensure that the series 3 .., exp(—D,,) < +o00.

22



We shall here give a detailed account of the properties of projection estimators when s
belongs to some ellipsoid £(a) with unknown coefficients as described in Section 2.4.2.
The ellipsoids are given by some orthonormal system {p,}yea of L%(p) where A =
UjenA(j), each A(j) being a finite set. Furthermore [ ¢ dp = 0 for all A. We recall
from Section 2.4.2 that for any non-increasing sequence a = {a; };>o converging to zero
&(a) is the set of functions of the form 37, ¢\ Bapa such that 37,503 ) (Br/a;)* <
L, that A, = U7LGA(j), Dy = [A] and (provided that Dy < n) M, = {m €
N|D,, < n}. We also assume that the ®,,’s are uniformly bounded by ® and that

pen(m) = Ky®* Dy, /n with Ky > ky. Then Theorem 2 holds with d*(s, Sp,) < a2,
leading to
. . D,
E[||s — 3(°] < C(ao)mlen/\f/’ln {afn_l_l—l— 7} (3.1)
since at least ||s|| < ag. Defining
. 9 Dm
m(n) =minym > 0|a;, ., < - (3.2)

we see that if na? > D, (which always holds for n large enough) and the ratios
Dyy1 /Dy, are uniformly bounded (which will be the case in all the applications
below) the following inequality holds for some constant K > 1:

Therefore the convergence rate in (3.1) is of the order of /D, /n by Lemma 5 of
Section 6 below.

Let us try to see what would happen if the sequence (a;);»; were known. This
would mean that our parameter space would be restricted to the set £(a) = {u €
E(a)| U4 u > 0}. The following proposition provides a lower bound for the minimax
risk over £(a). We shall then discuss on specific examples (Fourier, Haar and Sobolev
ellipsoids) how far it is from the upper bound (3.1).

Proposition 2 Let assume that for all m > 1 there exists a subset C,, of the cube
{=1, +1}* with |C,,| > 2P~ and

sup || Z Healleo SV (3.4)

€Cm  XeAn

and that \Ilfn(n) <nV. If® =sup,,5, P, any estimator s satisfies

1 A nal D
sup E[|ls — §)%] > k1o su {—m/\afn}. 3.5
s =0l =512 moggpyg e (35)

Moreover if one assumes that a2 > Ky/n we get

Dy,
sup E[|ls — 3] > C(®, ¥, K,) [mlel}éln {afn_l_l + 7} A 1] . (3.6)

seg(a)
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the point of view of the metric dimension) than £(a), there is no hope that our upper
bound (3.1) be optimal since in designing it we essentially pretended that the whole
of £(a) was the parameter space. The role of ¥, is to quantify this effect. If we take
Cpo = {—1,+1}*, ¥, is bounded by r,,/D,,.

Comments about the size of ay: One should first observe that keeping aq bounded
allows to keep C'(ag) in (3.1) under control since it is a nondecreasing function of a,
and therefore under the assumptions of Proposition 2 the bounds (3.1) and (3.6) do
match. Then one notices that if na? is too small one gets into trouble which is not
surprising since this means that the diameter of the ellipsoid, which is measured by «aq
is essentially smaller than 1/4/n and that the simple estimator § = 0 would perform
very well in this situation. This is then a completely degenerate problem where the
optimal rate of convergence for the quadratic risk is smaller than the parametric rate
1/n. In order to avoid unnecessary complications in the treatment of the applications
below we shall assume from now on that n is large enough to ensure that naZ > Dj.

Straightforward applications: We first present two examples for which \Ilfn(n)/n is
easily seen to be bounded and subsequently the rate provided by (3.1) is optimal for
a fixed value of ay. We also assume that the ratios D,,,,/D,, are uniformly bounded.

o If 7, is bounded by R which is the case for the Haar ellipsoid (see Section 2.3),
U2 /1 < RDpny/n < REag by (3.3).

e Since ®,, is bounded by ®, by (2.2) we can always take ¥,,, = ®D,,. If moreover
&(a) is Hilbert-Schmidt, i.e. @ is such that 3=, |A(j)|af = ¥ < +oo, then by
monotonicity Da2, <X for any m. It follows from (3.3) that D,,,) < VAYn
from which one derives that ¥ ) < ®*K¥n.

Fourier ellipsoids: When the ellipsoid is not Hilbert-Schmidt, the preceding argu-
ment breaks. We can still apply Proposition 2 with different sets C,,. Recall that,
in the case of the Fourier basis defined in Section 2.4.2, D,, = 2(m + 1). A clas-
sical result by Salem and Zygmund on random Fourier series [see Kahane (1985)
Theorem 2 p.69] implies that there exists a subset C,, of {—1,+1}*= of cardinal-
ity larger than 2P»~1 such that (3.4) holds with ¥,, = ¥\/D,,log(D,,). If we as-
sume that a;+/log(j 4 2) is bounded (which is clearly a much weaker condition than
> a; < +00), then Dpmylog[2(m(n) + 1)]/n is bounded via (3.3) and so is ¥, /n.
Therefore (3.6) matches (3.1). Note that when a; converges to zero more slowly than
(log j)~*/? the minimax risk, by the preceding arguments is anyway at least of order
1/log n which is dramatically slow. Similar lower bounds under the same restrictions
(sup; aj log(j+2) < +00) were found by Efroimovich and Pinsker (1981, 1982). They
were actually able to compute not only a lower bound for the rate of convergence but
even the exact asymptotic value of the minmax risk for a given ellipsoid built on the
Fourier basis, for the problems of density estimation and spectral density estimation.

Sobolev ellipsoids on compact Riemannian manifolds: We consider some com-
pact Riemannian manifold M with dimension ¢ and uniform distribution g and recall
from Section 2.3 that {6;|j > 0} is the set of eigenvalues of the Laplacian operator
on M and {¢, | A € A(j)} the set of eigenvectors corresponding to ;. We shall say
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g Y /==

A
coeflicients (ﬁ,\),\eA satlsfy

Z Z 0755 = H? < +o0.

JZ0XEA ()
Therefore estimating the function s of unknown smoothness (in the Sobolev sense)
amounts to estimating s € £(a), where a; = HOJ»_Q/z for all 7 > 0, with H and «
unknown. It follows from our computations in Section 2.3 that the corresponding
family {®,, }mem, is uniformly bounded by some constant ®(M) and therefore that
Theorem 2 applies leading to the bound (2.16). In order to measure the effect of
H on the risk we need to derive from (2.16) a sharper bound than (3.1). Choosing
pen(m) = KyD,,/n with Ky > ko ®?(M) we get from Theorem 2

K,D 1 4
|3 — s||!] < &, inf {H 077, + — m} 1 gy S IEDT (3.7)

meM, n n

We wish to know under which conditions this upper bound matches the lower bound
(3.6) up to constants. In order to answer this question it is necessary to control ||s||
when s belongs to the ellipsoid £(a). Such a control is given in the following

Lemma 1 Let U4+s=1U+3;50) seng) Brwa be a probability density on M such that
> Y g
FZ0XEA()

Then, there exists some constant C(M) (independent of o and H ) such that
Isl* < () (Do v H2/Eot0)

Proof: Since 5y = [(1I 4 s)prdp and I + s is a probability density, Jensen’s inequality
implies that 33 < [(1 4 s)@idu and then by (2.3)

N3 HNY Y Bl < 94D, < (D,

J<m AEA() J<m AEA(j)
Since we also know that 3 ;o > 5 eni)) By < H?6..5, it follows that
I|'s H2<1nf{<1> M)D,, + H?*6,¢

m+1

Defining m’ = inf{m € N| H?¢,,%, < ®*(M)D,, }, we get ||s||* < 2®*(M)D,,,. Then,
either m’ = 0 and ||s]|* < 20*(M) Dy, or m’ > 0 which implies by (2.9) that

H?07¢ > ®*(M) D,y > ®*(M)(Cy (M)/Co (M) 2 D,

Using (2.9) again we get

g2 N\ Yot )
Dm’ S (@2(M)) Cl(M)_q/zcz(M)q /(4a+2q)

and the conclusion follows. ]

The next proposition gives a precise evaluation of the quantity inf,,e p, { H?6,,5, +

D,,/n} which appears in both the upper and lower bounds of the risk. It allows to
conclude that if @ > ¢/2 and (3.10) below holds, these bounds coincide up to some
multiplicative constant depending only on the structure of the manifold M.
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. JiE D, Dy CZ(M) vl q/2 H\ 2/ (2atq)
f — <2 |— — — .
mlel}\/ln{O%H 4 } =2t ( C1 (M) ) (n“) (3:8)

and if H* > Dy6$ /n then

H?2 D H? 2/(2a4q) M 4
inf 4 A Pl (—) _ou ) (3.9)
meM, | 03, n ne Cy (M) v 1
Moreover if we assume that o > q/2 and that
o (20+¢)/2
Db v 1 < H*< (Cl(M)) n2ela| A p2em0/CD A g (3.10)

the following inequalities hold for suitable constants C(M) and C'(M) depending only
on the structure of M:

Ha\ 2/ (2at0)
) (3.11)

inf sup & [s - 3°) > €1 (4

s seg(a) ne

for the lower bound on the minimax risk and for our penalized projection estimator §

g\ 2/(2atq)
swp (s -l < o (55) (3.12)

s€€(a) ne

Proof: Let us first observe that it follows from Lemma 5 of Section 6 that

H? D, D H? Doin H?
I= inf o >sup{—’”A—}:#A— (3.13)
meMa | 6%, n m>o0 L 1 02, n O
and
I <2Dy /1 provided that Dy <0 (3.14)

where m(n) defined in (3.2) is given by
m(n) =inf{m € N: H6,%, < D,,/n}. (3.15)

Assuming first that m(n) > 1 and noticing that (2.9) implies that

C (M) (Cl(M))”2
) <#0,—— d D, >D —
m+1 = Ym aln m m+1 CZ(M) 9

we derive from (3.15) that
(M)) m(n) (C'Z(MI))CY Dm(n)
< H6° . 1
(7 o) n m S\C,0n) n (3.16)

Combining this with (2.9) we get

nH? (g;%) < DA < el ().
2

26



o - o ST

(@(M))”““*”Z(01<M>)q and  (C3@n)" < cot o

C3(M) C3(M)
which implies that
a I . S
(nﬂz)q/(z +49) (%) < Dpiny < (nHZ)q/(Z +4¢) (ngMi) ' (3.17)

By (3.16) and (3.17) the lower bound in (3.13) becomes

1> Dmin (Cl(M))Q/Z > (E)Z/(ZQH) ( C1(M) )q.
- on C5(IV) ~\n 22 (v
If H? > Dy6¢ /n which ensures that m(n) > 1 we get the lower bound (3.9).
Turning our attention to (3.8), we see that it follows from (3.14) if m(n) = 0. When
m(n) > 1 we derive from (3.17) that D,,,) < n and therefore m(n) € M, as soon as
H < [Cy(M)/Cy(DD))2e+0/4p2/7 and (3.8) then follows from (3.14) and (3.17).
We can now turn to a precise evaluation of the risk. Combining Lemma 1, (3.8)

and (3.10) we see from (3.7) that the upper bound (3.12) holds for the risk of our
estimator. On the other hand it follows from (2.3) that

sup || Z daealls < @*(M) Dy,

€Cm AEA,

and we can choose V¥, = ®*(M)D},,,. Consequently from (3.17) and (3.10)
U,ny/n is bounded by a constant C”(M). Then (3.6) combined with (3.9) imply
the lower bound (3.11). ]

Proof of Proposition 2: For each m € N such that D, > 6 let us define

1
En = {— Z Orpald € Cm} with N =578V 492 Vv D,,a”.
VN &,

Since N='D,,, < a2, &, C &£(a). Moreover ¥,, < v/N/2 and all elements u of &,
therefore satisfy

<lU+u< (3.18)

N | —
N | o

which a fortiori implies that &, C &(a). It also follows from (3.18) that any pair
(u,v) of elements of &,, satisfies

R, T4 o) < ol < 22

where h denotes the Hellinger distance and therefore the Kullback-Leibler information

numbers between the probabilities corresponding to the elements of &, are uniformly
bounded [see inequality (6.4) of Birgé and Massart (1994a)] by 4.84D,,,/N. A classical
combinatorial argument that we shall prove later for the sake of completeness [see
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- e S - o

(1/2)exp(D,,/3) such that

— |2 > 2
lu = olf” 2 >

2| D, D,,
1- @] —_— > .367T for all w,v€&,. (3.19)
An application of Fano’s Lemma [see Birgé (1986) page 279] shows that any estimator
Gy, with values in &, satisfies sup,eer Pyl # u] > 1/4 provided that

D s < i (Lewp (22) 1)
N 0BS S s 5P Ty

which is true since D,, > 6 and V > 578n. Since

4.84

sup E, [Hu — &mHZ] > sup Py[d, # u] infl ||u — ?JH2
uge! uge! u,veEy,

one concludes with (3.19) that

sup B ([ — 7] > 20 02 > 2
wedr mH =N T e

If D,, <5 we simply choose & = {—¢\/VN,pr/V/N} for some A € Ay with N =
1620 V2092V ay? . Since 1/v/'N < ag, ®/Dy/vV/N < 1/2 (recalling that Dy < 5) and
loalloe < @/ Dy, & C E(a) with 1/2 < U £ ©x/V'N < 3/2. Tt follows that

L/(2N) < (1= or/VN, I+ o2 /VN) < 1/N

and Lemma 7 implies that

sup B, [||u — @ H2]>L 11— n >&
weer Y N )~ BN

since D,,, < 5. If @ is an arbitrary estimator and 1, its projection on &/, one gets
<112 1 -2
sup By [[lu— al[*] > 7 sup Fy [[Ju = @nl|’]
ueél, uesl,
from which one derives in both cases (D,, < 6 or D,, > 6) from the values of N that

- D,
qu ]EU [HU_UHZ] Z 2 2 —2 -2\
wes(a) 4(6358n v 442, v 46092 V 2345 V 11D,,a52)

Choosing m = m(n), (3.5) follows from Lemma 5. (3.6) also follows from Lemma 5
provided that D,,,) < n which implies that m(n) € M,,. The only delicate situation
occurs when D,y > n. If Dyypy—1 > n then a? > 1 and the lower bound given by
(3.5) is a constant otherwise m(n) — 1 € M,, and

D
. 2 m 2
f, o+ S2) <20k

Therefore (3.6) holds in both cases. ]
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Let w be a modulus of continuity i.e. is a subadditive continuous nondecreasing and
nonnegative function defined on [0, 1] with w(0) = 0 [see DeVore and Lorentz (1993)
page 41 for details]. Let F, denote the set of functions s € § such that

|s(z) — s(y)| <w(]z —y|) forall z,y€]0,1].

We assume that the true density s is such that s belongs to F, for some unknown
w. We want to show here that, using a penalized maximum likelihood procedure over
the family of regular histograms, it is possible to estimate s without knowing w as
well (up to multiplicative constants) as if w were known.

Let us choose M,, = {2,...,n} and define 5, to be the set of regular non-negative
histograms with m pieces and IL%(x)-norm equal to one so that an element of 5, may
be written as

ij]l[(j_1)/m,j/m) with 6; >0 for 1 <3< m and sz» = m.

j=1 ji=1

We want to apply Theorem 1. The family of sieves S,,, m > 2 satisfies (2.11) with
L, =1 and 7, < 1. It remains to control the bias term K(s,S5,,) A 1. Let st be
defined as follows:

st =Y b UG 1) mgm) with b; = sup s(x).
P (G-1)/m<e<j/m
Then s} > s and using the fact that w is nondecreasing one can check that d(s, s ) <
w(1/m). It therefore comes from Proposition 1 and Theorem 1 that if pen(m) =
KD, /n with K| > (1 +1log2)k,,

Eld*(5,8)] < w7 in {?wz (3) * Kl%}

meM,, m

where § denotes the penalized maximum likelihood estimator and one can conclude

that
F[d2(s,8)] < 2 A [1(1 inf {w2 (i) + TH (3.20)

m n

since d*(s, §) is always bounded by 2.

Let us now find a lower bound for the minimax risk over F,. The proof will follow
the lines of Birgé (1983) pp. 211-212 with the necessary modifications due to the fact
that we work with square-roots of densities rather than densities.

Proposition 4 The maximal risk of any estimator 3 is bounded from below by
onw?(1/2) 1 m
E, [d*(s, 3 >M['f{2<—) —}/\1]. 3.21
sseufli (45, 5)] 2 1+ nw?(1/2) mern | \m * n (3:21)

Proof: Let m be a positive integer such that w[1/(2m)] < 2, § = 1/(4m) and v be
the triangular function on [0,26] given by v(0) = v(26) = 0 and v(6) = w(26)/2. We
shall define by vy and v, respectively the functions given by

wo(@) = () Vioas () — o — 20)Thasan (o)

vi(@) = —v(@) U 26)(x) + no( — 26) Vs a6)().
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(1+ 77 /06 v*(2)dr = 2(1 — ) /06 v(x)dz.

Then U+ vy and U + v, are nonnegative functions (since v(¢) < 1) of norm 1. For any
¢ € {0;1}™ the function s, defined by

—

6u(@) = 14 S o002 — 4j6) £+ (1 — £541)or (2 — 478)]

=0

[N

is an element of F, because of our choice of v. If all coordinates of ¢ and ¢ match
except for one, a straightforward calculation yields

(s, 5.0) = 2(1 4 n)z/ow v (2)de = 607(26)(1 + n)?/3.

It follows from Assouad’s Lemma [see Birgé (1986) p.280] that for any estimator §
based on n i.i.d. observations

sup [, [d*(s.,3)] > % [1 — \/Qnﬁ] with 3 = 6w2(26)6(1 i 77)2. (3.22)
ce{0;1}™

Let us choose m = m(n) with

m(n):min{le ‘wz (ﬁ) §2<%/\1)}.

Then w?[1/(2m)] < 2 as required and since € (1/2,1) then (3/8)6w?(26) < g <
1/(3n) and therefore one derives from (3.22)

sup E, [d*(s, )] > é—ng <2m1(n)) (1 — 2/3) .

In order to derive (3.21) it is enough to bound the ratio

)+ 5] /o (o)

for a suitable my € M,,. If m(n) = 1 taking mo = 2 gives (3.21). Otherwise if
w(1/(2n)) <2, m(n) < n and m(n) € M,. If m(n) > 2 we choose mg = m(n). It
then follows from the definition of m(n) = mg that

w2< 1 )>2m0—22@
2mg — 2 n n

and from the subadditivity and monotonicity of w [see (6.5) page 41 of DeVore and
Lorentz (1993)] that

“ <2m1(n)) = %w (mio) = %w <2mol— 2)

which together imply (3.21) again. Finally if m(n) > n+1 the same argument shows
that w?(1/(2m(n)) > 1 which concludes the proof. ]

Remarks:
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match except when nw?(1/2) is too small which means that the whole of F,
is so close to the function 1 that a good procedure would be to ignore the
observations and choose § = 1 as the estimator. This would result in a minimax
risk of order w?(1/2) smaller than 1/n. With the number of observations at
hand, the parameter space F, essentially behaves like a single point and the
estimation problem is not really meaningful. Nevertheless it would be easy to
check that a suitable modification of our estimator would solve the problem:
just add the additional sieve §; = {1} with the penalty pen(1) = 0.

One should keep in mind that although our computations were performed for
s € F,, the upper bounds results would make sense for any s and in particular
if for some m,s € 5,,, the rate of convergence of our estimator will be the
parametric one, i.e. 1/n, since then K(s,S5,)=0.

In the Hélderian case considered in Section 2.4.1 the modulus of continuity is
given by w(z) = Hz* resulting in the optimal rate (H/n®)%/(2a+1),

One usually works with smoothness conditions on the densities themselves
rather than the square roots of the densities. For instance, if the densities
satisfy a Holder condition of the type

[f(x) = f(y)| < Hle —y[*,  forall z,y€[0,1], (3.23)

the resulting optimal rate of convergence when the loss is the square of the
Hellinger distance will be n=2%/(22+1) provided that the family of densities that
we consider is uniformly bounded away from zero, as proved in Birgé (1986).
But under such a restriction, the modulus of continuity of v/f has the same
form (3.23) with a different value of H, and the rate n=2¢/(2¢+1) also derives
from our results. On the other hand, let us assume that I is large enough to
allow f to be zero on some interval. Then the modulus of continuity of y/f still
takes the form (3.23) with a replaced by a/2 and H by +/H. The resulting
rate is therefore n=%/(®*+1) which is the optimal one in this situation as shown in
Birgé (1986). If one uses Hellinger distance (which is the L*-distance between
the square roots of the densities) as the loss function, it is absolutely natural to
put the smoothness restrictions on the set of square roots of densities since one
knows that the optimal rate of convergence will be determined by the entropy
properties of this set with respect to the L2distance.

3.1.3 Holderian densities with unknown anisotropic smoothness

For the sake of simplicity we only considered in the preceding section the classes F,
but one could show, with some additional efforts, that a similar result holds if one
replaces them by the more general classes:

Fow = {5 € S|]s(2) = sy)| < w(lz - y])}

with @ € N, a < ag and w as before. Qur penalized maximum likelihood estimator
reaches again the optimal rate of convergence over the whole family if one replaces
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guments.

We again consider the problem of estimating an unknown element s € § by a penal-
ized maximum likelihood estimator method and we want to address the multidimen-
sional case and show that a prior upper bound on the smoothness of s is unnecessary
although such a restriction is usually assumed in similar works [see Lepskii (1991),
Donoho, Johnstone, Kerkyacharian and Picard (1993 and 1995) or Goldenshluger and
Nemirovski (1994)]. For the sake of simplicity we shall only consider densities with
respect to Lebesgue measure p on [0, 1]? and Hélderian moduli of continuity. For any
a=(ay,...,o,) and H = (H,,..., H,) belonging to R? with positive coordinates we
define F(a, H) to be the subset of those s € S such that the univariate functions
Yy s(x1, .. %1, Y, Tip1,. .., 2,) belong to H(H;, o;) for all 2 and ¢ where H(H, a)
has been defined by (2.19).

Following the notations of Section 2.3 a space of piecewise polynomials is char-
acterized by its maximal degree r and a partition of [0,1]?. Let R(N) denote
the regular partition of [0,1] with N pieces. We define M, as the set of all
m = (r,R(Ni1),...,R(N,)) with r € N, N = (Ny,...,N,) € [N—{0}]? such that
the dimension D,, = (r 4 1)7]]{_, N; of the corresponding space S,, of piecewise
polynomials is bounded by n. Then S,, = 5,, N'S.

Proposition 5 Let § be the penalized maximum likelihood estimator defined by a
penalty function pen(m) = Ki[1 + log(1 + (2r + 1)9)]D,,/n with Ky > k. Given
Fla, H) let us define a and H by

q 1 q ) alq
_ _ _ 1/aq
E_Za' and H_Ll:[lHZ ]

=1 °
and assume that for any 1

n®H?*t > HY. (3.24)
Then there exists a constant C(q,sup; a;) such that for all s € F(a, H)

H1 2/(2a+q)
E[d*(s,5)] < Clq,supa;) (n_a) :

Proof: We want to apply Theorem 1 to our model. Clearly (2.11) is satisfied with
L, =1 and

q

Y= Zexp [— H[(r + 1)N/]

i=1

< 40

since [TiZ [(r+1)N;] > 7+ (301, N;)/q. It also follows from (2.8) that r,,, < (2r+1)?
which justifies our choice for pen(m).

In order to bound K (s, S,,) we shall provide a control of the L*°-distance between
s and S, and apply (2.13). Let us begin with a bound on the uniform approximation
on a fixed hyperrectangle T1?_,[y:, y; + 6;] of a function f € F(a, H) by a polynomial
of degree < r = suplgsq(ai) where a; is the largest integer smaller than a;. It follows
from Dahmen, DeVore and Scherer (1980) Corollary 3.1 and Schumaker (1981) [see
inequality (13.62) p.517] that there exists a polynomial P with degree < r such that

If = Pllee < C'(q,7)> 65 wi(é;)

i=1
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wildi) = sup sup | St 1) = g B
This implies from the definition of F(a, fI) that
g
If = Plleo < C'(q,r) > Hi (3.25)
i=1

Let us define

H(] 1/(2O‘+‘J) 1/051
n= <—) ) b = (i)
n« Hz

and N; to be the integer such that §7' < N; < &' 4+ 1. It follows from (3.24) that
N; < 2/6;. Let m = (r,R(Ny),...,R(N,)) and S, be the corresponding space of
piecewise polynomials. (3.25) implies that there exists an element 5,, € 5, such that

q
HS - gm”oo S Cl(qu)ZHiéqu = qu(q,T)T]

i=1
Therefore Theorem 1 and (2.13) imply (since N; < 2/6;) that

q
E[d2(s,8)] < &) | K [1+1og (1+ (2r + 1)) @ II 63 +12¢°C" (g,
=1 i

and the conclusion follows from our choice of the §;’s and 7. 0]

It follows from Ibragimov and Khas'minskii (1981) or Birgé (1986) that the rate
n~2e/(22+4) i5 the optimal rate of convergence for functions of anisotropic smoothness.

Remark: One should notice that our result holds without any restriction on a. Even
in the one-dimensional case with o = «, the assumptions to be found in most papers
dealing with adaptation are usually more restrictive, of the type o > 1/2 or a <
aq. Apart from the special situation of Fourier expansions in the white noise model
[Efroimovich and Pinsker (1984)], we do not know of any other result of this type
valid for any value of a.

3.1.4 Estimation of the support of a distribution

We observe n i.i.d. random variables Zy,..., Z, of unknown distribution g which is
absolutely continuous with respect to the uniform distribution on the unit disk D of
R? with a density bounded by some known constant ¥ and we want to estimate the
indicator function s of the support £, of u. Some results in this direction, but from
a non-adaptive point of view, can be found in Korostelev and Tsybakov (1993a). We
define §,, as the set of indicator functions of measurable sets in the unit disk D and
the contrast function by v(z,%) = —t(z). It satisfies

By (1) = y(o o)) = [t = slly = [t = s[|*. (3.26)

In order to define our sieves we restrict ourselves to starshaped subsets of the disk with
a boundary parametrized in polar coordinates. More precisely, given a function ¢ from

33



—_—d NI AT

The reader should notice here that we introduce an unusual parametrization of the
boundary of the form p* = g(¢)). We define i’ to be the uniform distribution on T.
Since the density of p is bounded by W, one can easily check that

v N
104, — 8.1l < 5”91 — a1 < 5“91 — o] (3.27)

Let G,, be the set of measurable functions g from T to R. Then 6 maps G, into S,,. Let
G, be alinear subspace with dimension D,, of L}(¢') and G,,, C {g € G, | ||lg|l: < 2}.
S is defined as the image of G,, C G,, by the mapping 6. Then the following theorem
to be proved in Section 5 holds

Theorem 5 Let {L,,}mem, be a family of weights satisfying Assumption S. Assume
that for each m € M,, one can find a constant B, > 1 and a linear basis (¢»)ren,,

of G, with ||px||y = 1 for all X and

STIBISBLI DD Bapalli for all (8y) € B (3.28)

A€EA N A€EA N

Let ks be a suitable positive numerical constant,
pen(m) > ks[Ly, +1og(1 + 0B Y/D,,)]|D,./n

and § be the penalized minimum contrast estimator which is a minimizer with respect
tom e M, and t € Sy, of pen(m) —n~t 31 H(X;). If Q is starshaped with s = 6;
and 0 < f <1 then

B (s,8)) < k5 inf [¥y(f, Gom) + pen(m)]

meM,,

where d; denotes the 1.*(y) distance.

Remark: Assuming without loss of generality that 0 € G, we see that d,(f,G,,) <
I flli <1 which shows that G\, C {g]|lg|l: < 2} is a natural restriction.

A natural basis to be considered in this framework is the Fourier basis (cor-
rectly normalized in order to have ||p,|l; = 1) defined by ¢q = 1, ¢oj_1(z) =
(m/2) cos(jx), paj(xz) = (w/2)sin(jz) for j > 1. Defining A(0) = {0}, A(j) =
{2/ = 1525} for j > 1 and A,, = 372, A(j) we choose (., to be the linear span
of {¥r}rea,, and G, C {g € G |llgll1 < 2}. Then D,, = 2m + 1 and we take
L,, = 1. We can check (3.28) exactly as we did for (2.23), now using inequality (2.15)
p.102 of De Vore and Lorentz (1993). We get

ST < Dl D Bl

A€EA N A€EA N

and therefore (3.28) is satisfied with B;, = D,,. This leads to the choice pen(m) =
K5[1 4 log(1 + n¥)](2m 4 1)/n with K5 > k5. If g belongs to some Besov space
By 1 (see the precise definition in Lemma 13 below) of functions on T, it follows
from Lemma 13 that d,(f,G,,) < C(f)m~% and therefore m = (n/log n)/(1+%) gives
a rate of convergence of order (logn/n)*/(1+%). By standard perturbation arguments
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minimax sense up to the logn factor when « is known.

Remark: We considered here the Fourier basis for the sake of simplicity but one could
use periodic wavelets as well [periodic wavelets are defined for instance in Daubechies
(1992) Section 9.3]. Such a localized basis would lead to a bounded family { B/, }.em,, -

3.2 “Rich” families of sieves

By this we mean families for which the number of models of a given dimension D is
so large that the summability condition S requires unbounded values of L,,. These
families are much bigger than the preceding ones but we shall see from the examples
that a modest increase of L,, can provide much better approximation properties. A
typical example is given by histograms with arbitrary binwidths compared to the his-
tograms with equal binwidths considered above. The price to pay for this potentially
better adequation of some of our models to the true value of s is to be found in the
requirement that the series 3° .., exp[—L,, Dp,] should converge. This is not possi-
ble anymore if the L,,’s are bounded and we shall have to take some of the L,,’s of
order log n which will result in the presence of an extra logn factor in the quadratic
risk.

3.2.1 Histograms with variable binwidths and spatial adaptation

Let’s go back to maximum likelihood estimation with n i.i.d. observations from an
unknown density s on [0, 1]. We choose for our family 5,,, m € M,, of approximating
spaces the very rich family described in Section 2.4.1 with M,, = R, U(Un»2G, v)-
It has been mentioned already that the corresponding penalized maximum likelihood
estimator had the right rate of convergence if the true s was a-Holderian with index
a € (0,1]. Let us now assume that s has a bounded a-variation with 0 < & < 1 which
means that
k

sup  sup D [s(25_1) — s(2)|V* = Jals) < +o0 (3.29)

k22 o1<<an STy
where the supremum is taken over all increasing sequence xz; < --- < z;, of points in
[0,1]. Tt follows from Lemma 12 and Proposition 1 that if N > 2 and 1 < L < N
there exists some m € G, y such that D,, <2(N/L)Y/(+2% 4 1 and

I ) (20)/(22041)

K(s,5,) N1 <9J2%s) (W

Since one can only assume that L,, < 24 3log(N/D,,) < 24 3logN and 7, <
V/N/D,,, Theorem 1 implies that if pen(m) is chosen as in (2.15),

E[d*(s,8)] <
L 2&/(2&4—1) 10gN N 1/(20z-|—1)
B : 2a
K legfugnngN{J“ (s) (F) +— (f) AL, (3.30)

Assuming that J2%(s) > 4/n we evaluate the bound at N = [nJ2%(s)]. Then L =
J72%(s)N log N/n satisfies 1 < L < N since N > 4 and we get from (3.30) a risk
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1 2a/(2a+1)
(M) Al (3.31)

n
Remarks
e One should always keep in mind that whatever the true function s the right-
hand side of (2.12) provides the best compromise, among all the histograms at
hand, between K(s,.S5,,) and D,,(logn)/n even when s does not belong to the
particular smoothness classes considered above. But unless one makes precise
assumptions on s it is not possible to compute the resulting rate of convergence.

¢ In order to get better approximation properties for smoother densities, one could
replace histograms by piecewise polynomials of degree < r. This is possible and
would lead to various rates of convergence for various smoothness classes (not
necessarily homogeneous) at the price of many technicalities and for the sake
of simplicity we shall not insist on this here.

3.2.2 Neural nets and related nonlinear models

We assume now the situation described in Section 2.2.2. Risk bounds for mini-
mum penalized contrast estimators are stated for the models derived from S§,, =
{Z]D:Ilﬁjqbw](x)} where Z]D:Il 18;| < R, |w;|; < H, and the index m = (D', H, R) is
taken as a triplet of positive integers.

In keeping with the general framework of Section 2.1, we consider the case of
penalized likelihood density estimation with densities of the form ¢*(z) for ¢ in S,,.
Here the densities are taken with respect to a given probability measure p on [—1, 1]¢
and s? is the true probability density. The set S, is taken to be those functions in
S, the positive part of which has a norm at least 1/2, clipped from below to be not
smaller than 1/n, with each divided by its norm in L*(x). We also consider the case
of penalized least squares regression with data of the form Y; = s(X;) + W, where
the W,’s are i.i.d. centered errors and with target function s bounded by a known
constant £&. We take advantage of this knowledge by taking the least squares estimates
in S,,, where 9, consists of the functions in S,,, clipped to the range [—¢,£]. Such
clipping is done to satisfy a boundedness condition without adversely affecting the
approximation and metric entropy properties of the models.

In addition to the Lipschitz condition (2.4) we require that |¢,(2)] < 1V |w]|; for
x in [—1,1]%. This condition is verified in the examples by noting either that ¢, is
bounded by one (which handles most of the cases of interest) or that in some cases
¢o is identically 0 so that then |¢, ()| < |w|; by the Lipschitz condition.

Theorem 6 Let {¢, : w € }qu} be a parameterized family of functions that satisfies
the Lipschitz condition ||¢y, — ¢u|loe < |w — w'|; and suppose that ||¢y]|e < 1V |wl];.

o For mazimum likelihood density estimation we define

S = {t\/n

_ 1
te S, and ||tV O] > =
Y 1"‘ < and || H_Q}

and take

i

q [1 + log (RH (1 + e ))] (3.32)
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respect tvo positive integers D', H, and R which sat;sfy D'(¢+1)<mnandte€ S,
of ~(1/n) S0, og(H(X)) + pen(m), then

F[d*(s,8)] < & D;,I}L;R{I((& Sm) + pen(m)} A 1] (3.33)
< wYoinf {[d*(s,Sm) vV n7 ][l + log(n||s||e )] + pen(m)}. (3.34)

D' H,R

o For the regression case Y; = s(X;)+ W, we assume that s is bounded by a known
constant & and that F[V11€] < 4. We define S,, = {[tV(=E)]AE|t € S,,) and
choose

) 2D/q/ n
pen(m) > k(€4 ¢') — l+log( RH |1+ Do (3.35)

where k7 is a suitable numerical constant. We take § to be a minimizer with
respect to positive integers D', H, and R andt € S,, of (1/n) > (Y;—t(X;))*+
pen(m), then

2 N / . 2 I
B (5. )] < 1 inf {d%(s 5) + pen(m)}.

Statistical rate bounds using multivariate nonlinear additive ridge models:
We now restrict to the case where the function ¢, is a ridge function on R?: ¢, (z) =
Y(a’z 4 b) where w = (a,b) with @ € R? and b € R. We first state bounds on
nonlinear approximation and estimation using linear combinations of functions of

ridge type using Fourier conditions on the target function [building on the work of
Jones (1992), Barron (1993), Breiman (1993), Hornik et al. (1994) and Yukich et al.
(1995)]. The proof will be given in Section 6.

Proposition 6 Let s(z) be a real-valued function on [—1,1]? with a Fourier repre-
sentation

s(z) = /exp{iaTx}F(da)

with respect to a complex-valued measure I for frequency vectors a in RY. For any v >
0, we denote by ¢, = [|al]F(da) the v-absolute moment of the Fourier magnitude
distribution F = |F| We assume that for certain o > 0, ¢, o + ¢, o 15 finite and that
a and the ridge function 1 satisfy the following constraints:

o Trigonometric approzimation: () = cosx and o > 0;

e Sigmoidal approzimation: (x) — 1 and approaches its limits at least polyno-
mially fast as v — £o0o and a = 1;

o Wavelet ridge approzimation: ¥ (x) is a bounded function with compact support
and o > 1;

o Hinged hyperplanes: (z) =z V0 and a = 2.
Then in each case, provided that m is such that R > R(s) and H > H,
d(8,5m) < o ubm + R(s)/VD' (3.36)

where 6 does not depend on s and decreases at least polynomially fast with respect
to H as H goes to infinity.
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Proposition 6 and bounded by 1 so that we can combine the conclusions of Theorem 6
with a value of pen(m) of the order of the lower bound given by (3.32) or (3.35)
and Proposition 6. Let § be the minimum penalized contrast estimator, taking the
minimum over D', H,and R as in Theorem 6. To bound the accuracy index, under the
conditions of Proposition 6, note that when H is a convenient power of D', d(s,S,,)
is of order 1/+/D’. Then optimizing over D', we conclude that the risk E[d?(s, )] is
of order logn//n or y/logn/n in each of the two cases respectively.

Though we are building on previous approximation results, as far as we are aware
these are the first statistical rate bounds of this sort stated for the trigonometric,
ridge wavelet, and hinged hyperplane cases. Comparable rate results for the neural
network regression case are in Barron (1994) (under the more stringent assumption
that the response Y is bounded and that optimization is taken over a discretized grid
of parameter values).

The regularity conditions on s needed for the approximation controls are given
in terms of integrability conditions on its Fourier transform. Since larger values of
a correspond to more stringent conditions, the assumptions above are more general
for the trigonometric model than for the others, which is natural given that the
conditions are imposed on the Fourier spectrum. The point in considering the other
models is to give some risk bounds for these popular models under reasonably well
understood conditions. We note that for the classes of functions considered here, the
approximation and estimation rates as exponents of 1/D’ and 1/n are independent
of the dimension ¢. The principle dependence on the dimension is indirectly through
the spectral norms ¢, ,. Conditions under which these norm are not excessively large
are discussed in Barron (1993).

The key to achieving these advantageous rates for these functions is the adaptation
of the nonlinear parameters w; to fit the target. In contrast linear approximation
would be forced to specify a fixed basis without adaptation to the target function.
Indeed, it is also shown in Barron (1993) that for the class of functions with a bound
on ¢, 1+ |s(0)|, the best Lo-approximation by a fixed D term basis is not uniformly
smaller than order (1/D)Y?. Thus, without adaptation, we approximate functions
in this class no better than for the much larger class with a bound on the gradient.
Whereas, with adaptation, we approximate functions in this class at rate \/1/D,
comparable to the approximation rate of the much smaller subclass of functions that
have bounds on all derivatives up to a certain high order.

3.2.3 Model selection with a bounded basis

We want to do density estimation using projection estimation as described in Sec-
tion 2.4.2 and assuming that the basis {¢| A € A,,} is a finite subset of cardinality n'
(I being some fixed positive integer) of the Fourier basis on the torus T with uniform
distribution p. With such a basis (which is bonded by v/2), assuming that we have
a precise idea of an upper bound &’ for 1 + s, we can apply Theorem 7 (with the
Assumptions LBB) to be stated below. We shall look for a representation of s with
a small number of parameters (compared to the number of observations). This looks
rather attractive if one thinks of the Model Selection point of view. Let us therefore
define our family {5,,}nem, as follows. Assuming that n > 4 we define M,, to be the
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K, is the smallest integer > \/n(logn)~?. The reason for bounding the cardinality
of m in such a way is that Theorem 7 involves in this case a summability condition

of the type 3 ca. €xp[—C(Lyp Dy Ay/n)] which is more restrictive than S. We take
!

A,, = mand L,, = llogn®’/k. Since ( 7”; ) < n'"/i! we can bound the first term of

(5.18) below by
< pl , =1
ZZ:; ; exp(—lilogn) < ZZ:; T

and the second term by

Koy 1
n K/ K K1
_ < n _

which is bounded from our choice of K,. With the choice pen(m) = Ke¢lL,,Dpn/n
for a large enough constant K, our penalized projection estimator provides (up to a
log n factor due to our choice of L,,) a risk which realizes the best trade-off between

bias and variance among our family of sieves. Moreover it has the simple expression
D oreh ﬁ}cpk where A is the set of indices corresponding to the at most K, largest
empirical coefficients (3, which are also larger than some threshold C(logn/n)"/2.
This type of procedure could be useful to estimate a density which is known to have
a small number of non-zero Fourier coefficients. It leads (up to a logn factor) to the
right rate of estimation although one ignores what are the coefficients to be estimated.
A much more detailed treatment of selection of subsets of a basis and its relationship

to threshold estimators is to be found in Birgé and Massart (1994b).

4 Adaptation versus Model Selection

Although this terminology is widely used, we do not know of any general definition of
adaptation. Usually one has to deal with a problem involving an unknown parameter
¢ (an index of regularity for instance) and a family of estimators §,, depending on
a tuning parameter m (kernel density estimators with bandwidth m for instance)
which should ideally be chosen as m(n,#) when 6 obtains. Since the true value of 8 is
unknown, one tries to find an estimator 7 of m(n, 8) based on the observations such
that estimation based on 7 will be as good or almost as good as estimation based on
the knowledge of the true m(n,#). This is the general situation for cross-validation
in kernel estimation when one wants to adjust the bandwidth.

To be more formal, let us say that one approach to adaptation would be as follows.
We observe X (") | the distribution of which depends on an unknown function s. We
have here in mind examples such as X = (X;,..., X,,) is a sample of the density s
(or s?) or X = {Xin}o<i<1 is given by the white noise model

dXt,n - S(t) dt ‘I‘ l th
n

among other models (regression function, spectral density estimation,...). Given a
loss function ¢ and an estimator 3,(X() depending on the observation, the risk
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R,(S) over S are respectively defined by

R,(5,,5)= su;S)Eu [l(u, 5,)] and R,(S)=1inf R,(5,,9).
u€ Sn
Let us now assume that we are given a family {Sy}sce of parameter spaces. One shall
speak of adaptation if there exists some sequence §, of estimators independent of 4
such that the ratios
R,(5,,S0)
R,.(Sy)

are bounded independently of n by C'(#). One could as well require stronger properties
of the sequence 3, such as C'() being independent of 8 or lim,,_ ., C,,(6) = 1 [see
for instance among others Efroimovitch (1985), Efroimovich and Pinsker (1984) and
(1986), Golubev (1992), Polyak and Tsybakov (1990) or Lepskii (1991)]. One could
also weaken this condition to approximate adaptation when C,(8) is a slowly varying
function. See for instance, Lepskii (1992), Donoho, Johnstone, Kerkyacharian and
Picard (1995), Goldenshluger and Nemirovski (1994) and the references therein. This
means that, in a more or less strong sense, one can do as well not knowing to which
Sy s belongs that knowing it. A very classical example could be the following : S, is
the set of all densities f on [0, 1] (with respect to Lebesgue measure) which satisfy a
Lipschitz condition :

= CnL(0)

|f(z)— f(y)] < H|z — y|*, forall z,y € [0,1]

and § = (H,a),H > 0,0 < a < 1. One wants to estimate f using a kernel estimator
of a given form but with bandwidth m to be chosen from the data.

One can also describe the preceding situation in a slightly different but equivalent
way. One assumes that the true parameter s (density for instance) belongs to some
non compact parameter space S on which the minimax risk is irrelevant (because it
is too large or even infinite) but S can be viewed as a union of smaller compact sets
Sp for which the minimax risk can be controlled. One will look for estimators §,, such
that E[{(3,,s)] < C(0)R,(Ss) whenever s belongs to Ss. This presentation clearly
leads to various questions:

— What happens if the true s does not belong to S = UzceSy?

— How should one choose the family {S,} if only S is given [think of S = C(]0, 1])]?
Clearly there is not only one choice.

— What type of property is required on the family {S;}4ce in order to get adap-
tation? Not all families will do as shown by the following example: the observations
Xi,..., X, are i.i.d. with unknown density s belonging to S = C([0,1]) and Sy is
any regular (in the usual sense) parametric submodel with parameter space [0, 1] and
Fisher information bounded away from zero. If the loss function is the square of the
Hellinger distance between densities, the minimax risk over Sy will be of order 1/n.
The set of Sy’s, which is the set of all such parametric submodels, will cover S and
there is clearly no hope to get an adaptive estimator in such a situation since the
family {Sg}scq is obviously too large.

A natural approach to solve the problem of adaptation is to consider a family of es-
timators {8, , }mem, » 33 m(n,9) being tuned for estimation in Sy. One then introduces
a data-driven choice 72 of m in order to get the final estimator §, ;. For instance one
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chooses a convenient contrast function and for each 6 an approximating space 9, ¢
(the sieve). Setting {5y, tmem, = {Sn.6}tsco we assume that the tuning m = m(n, )
implies that the minimum contrast estimator on 5, which is defined by performing
the minimization, over the space 5, o, of the empirical expectation of the contrast
function achieves approximately (up to constants...) the minimax risk on Sy. The
main problem is then again to define 7h.

One should also keep in mind that, since the “true” parameter value s is definitely
unknown, there is no reason that any of the “potentially true” models Sy should be
more accurate that the best approximating one in the family {5, s}sco. Moreover,
due to the classical trade-off between the bias and the random component of the
error, it is often true that better performance is obtained using a smaller set S, as
the parameter set for the estimation procedure rather than the true one, Sy/, which
contains s but is much too big. Therefore, our approach is simply to forget about the
true parameter space S and the “potentially true” models Sy, but rather start with a
nice family {5, }mem, of approximate models. We do not postulate that the true s
belongs to any of them, not even that they are good approximations to the truth. We
can only hope that this will be the case, just as we would hope in a Bayesian setting
that our chosen prior will be a good prior. Assuming that our approximating spaces
S are finite-dimensional with respective dimensions D, and that we use a quadratic
loss based on some convenient distance d, the minimax risk R, (5,,) is usually of order
D, /n [this can be checked in many specific situations going from the classical regular
parametric model to the finite-dimensional models, in the metric sense, introduced
by Le Cam (1973), see also Le Cam (1986) and Le Cam and Yang (1990)]. In such
a case, the best we can hope when estimating s with the approximate model 5, is
to get a risk of order d*(s,S5,,) + D,,/n. This is actually what is achieved by the
minimum contrast estimators on 5, (with possibly some extra logn factor in some
cases) as proved in Birgé and Massart (1994a). In such a framework, an Ideal Model
Selection Procedure would choose m = m,(s) as a minimizer of d*(s,9,,) + D, /n.
This is, roughly speaking, what our penalized estimators tend to do (up to some
extra logn factor in some situations), provided that the family {5, }mem, has been
well-chosen. Note that even if s belongs to some 5,,,, the index m,(s) of the Ideal
Model might very well be different from mg. This merely means that the additional
bias d*(s, S, (s)) is smaller than the variance reduction (D,,, — Dy, (s))/n. This is,
from a practical point of view, much more realistic than trying to guess to which
Sm the true s belongs. This is even more obvious if s does not belong to any of the
models in the list.

On the other hand, if M,, (and therefore the family of 5,,’s) is independent of n,
if Assumption S holds with L,, = 1 and s belongs to some 5,,, one gets the usual
1/n (parametric) rate of convergence of the quadratic risk. If s is very close to a
model 5, of low dimension D,,, the same 1/n-rate remains true for moderate values
of n. Furthermore, as seen from the examples, a convenient choice of the collection of
models also provides adaptation over large nonparametric sets of smooth functions.
This means that the same method can perform simultaneously a selection among a
family of parametric models and adaptation for nonparametric smoothness classes. It
therefore provides a smooth and flexible link between parametric and nonparametric
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As shown by our examples, a good choice of the family {5, }mem, (With respect to
the family {Sy}sco) leads to Adaptation or Approzimate Adaptation in the above sense,
but Model Selection provides more flexibility since s is never assumed to belong to
one of the 5,,’s and Assumption S provides a criterion for the existence of an optimal
(if the L,,’s are uniformly bounded) or nearly optimal (if they are bounded by some
power of logn) selection procedure. On the other hand, the choice of the family
{Sm tmem, is not more arbitrary than the choice of a family {Ss}sce of potentially
true models. In both cases, the choice of the family ({S¢}sco or {Sm }mem,, ), although
it has a different meaning in each case, reflects our “a priori” information about s or
our “belief” about the true state of nature, to put it in a Bayesian language.

To illustrate this point of view let us assume that we have at our disposal a “very
large” family of models {S,,}menm, in the sense that 3~  exp(—D,,) = +oo but the
number of m’s with D,, < j is finite for any integer j. It is clear that there exists
many choices of weights I, satisfying S. In particular, it is always possible, in a list
of models with a given dimension D,, = D, to take L, = 1 for a bounded number of
them. It follows from our evaluations of the risk of the penalized minimum contrast
estimators that the smaller L, (., the better this risk which means that L,, ) should
ideally be 1. Since m,(s) is unknown, for each given dimension D we tend to put
small values of L,, on the models of dimension D,, = D which we believe to be more
accurate and large values of L,, for those that we consider as unlikely. This is very
similar to the choice of a prior distribution on the family of models. Such a strategy
has been illustrated by the example of adaptive histograms in Section 2.4.1.

This particular example gives us the opportunity to develop some connections
between Model Selection and what is now called Spatial Adaptation [see for instance
Donoho and Johnstone (1994a and 1995)]. Further illustrations are given in Birgé
and Massart (1994b). A typical function with spatially homogeneous regularity is an
element of some Holder space H(H,a) as defined by (2.19). In order to approximate
such functions, piecewise polynomials based on a regular partition are particularly
well suited. The simplest case occurs when 0 < @ < 1 and one uses histograms. Let
S be the space of regular histograms with m pieces, then for any p with 1 < p < o0
the following holds:

sup inf ||t —u|l, < C,(H)m™".
teH(H, o) YESm

For our problem, the only relevant case is p = 2. Under such a restriction, the class
of functions that can be approximated at the same rate by functions in 5, is actually
larger than H(H,a). It can actually be proved that this saturation class of the family
of regular histograms is the Besov space B, 5 o as proved in De Vore and Lorentz
(1993) Theorem 2.4 page 358. It is important to notice that this saturation class
depends in a crucial way on the norm (L%norm in our case) used for the approxi-
mation. This means that H(H,«a) is well-approximated by the family {5,,},>: for
any LP-norm, while the same L2%rate of approximation will still hold for functions of
the larger space B, s o, which have a moderately inhomogeneous regularity. If the
regularity of s is too spatially inhomogeneous, for instance if s € B, , o \ Ba 2 o for
p < 2, the family {5, },,>1 will not have the desired L*approximation properties but
the larger class of histograms with D pieces based on irregular partition will do the
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data is called Spatial Adaptation. If our list of sieves includes enough irregular parti-
tions, one could recover the right bias (rate of approximation) d*(s, S,,) < C(H)m~
for some well-chosen m € M,,. The price to pay is a much longer list M,, which leads
to L, = logn, at least for most of the values of m instead of L,, = 1. This introduces
an extra logn factor in the risk.

Finally, another advantage of the flexibility of the weights in Model Selection is the
following: assume that we have at hand several lists of models M,, ; for j € J, each
one corresponding to a particular family {Ss}sco, of potentially true models i.e. to
some assumption on the “true state of nature”. Rather than choosing one particular
0; or some family M,, ; one could just mix all the models in a larger list by a suitable
modification of the weights. If the initial number of choices J is finite, one could even
use the previous weights without change, or with minor changes that would not affect
the rates of convergence.

5 General framework and main results

5.1 The assumptions

We shall now set up the general assumptions that are used in the proofs. They
actually lead to more general versions of the theorems which were stated in Section 2.
The presentation mainly follows Birgé and Massart (1994a) with a set of assumptions
relative to a modified contrast function ¥,,, possibly depending on the sieve and which
is related to v and d by mean of assumption C below. The family of sieves and the
functions %, might depend on n but, in order to get asymptotic results, we assume
that all the constants involved in the following assumptions (unless otherwise stated)
are independent of n. The dependence with respect to the sieves will be marked by
subscripts m or m/'.

The first assumption is essentially needed to get the final conclusion by an analogue
of Lemma 1 of Birgé and Massart (1994b).

C (Closing argument) There exists constants k > 0,k; > 0 and for each m € M,
a distinguished point s,, € 5, and a random variable U, with finite expectation
(depending on s, s,, and D.,/n but not on t) such that for all m,m' € M,, and all
t € Sy with v,(t) + pen(m') < v,(s,,) + pen(m) then

V[Fm (s 8m) = Y (o, 1)] > 2k (d* (s, 1) — U2 — ky Dy /1) — pen(m) + pen(m’). (5.1)

In most situations, if s € §,, checking C amounts to check the following simpler

assumption which implies C with k = ¥'/2, k; = 0 and U2 = (k" /K )d*(s, s,):

C’ The function 7,, = 7 is zndependent of m and there exists functions ¥ and -
such that 3(z,t) = v(z,t) + (1) + ¥2(z) and constants k', k" such that

K d*(s,t) —Z (Zi 1) — v(Zi, )] < K"d*(s,t)  for all t€S,.
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—ZE (Zit) = Y(Ziy )] > K d*(s,1) — K'd*(3, 5,n).

The conclusion follows in this case since

Vnﬁ/m('vsm) = Ym! '7t)]
= Yalsm) + ¥ilsm) =7 ( )— $1(t) = Eyn(sm) + ¥1(sm) — ¥a(t) — (1]

> pen(m') — pen(m) + — ZE (Ziyt) = v(Zi, 8m)]- ]

~~

The second set of assumptions will take different forms according to the structure
of the contrast and sieves. In the standard situation the assumptions have a purely
metric form which is the following

Liwp (Lipschitz) There exists measurable functions A, /(.. u,v) defined on X for
each pair (u,v) € S, X S, and M(.) defined on W such that if z = (w, ),

| (2, 0) — A (2, 0)| < M(w)A,, (2,0, v)

and the moments of ¥ can be bounded in one of the two following ways:
One can find positive constants A, B, F such that for all j > 2,u in S,,,v in S,
either

i)

|M (W) < A forall v=1,...,n; (5.2)
D,V Dy,
- ZE o (X u,0)] < B] | (u,0)+ E T]l{m;ém/} . (5.3)
or
E[MY (W;)] < ‘%AJ forall i=1,...,n; (5.4)
—ZE o (Xisu, 0)] < dP(u,0); [|Api|lw < B and E=0. (5.5)
Remarks :

i) We get (5.4) if we assume that Elexp(M(W;)/A)] < 3/2 4+ EM(W;)/A] for ¢ =
1,....n.
ii) As we already noticed in Birgé and Massart (1994a) (5.3) can be deduced from L.?

and L™ controls on A.
ili) If m = m' (5.3) is merely (2.4) of Birgé and Massart (1994a).

The Assumption M (Metric) will take one of the two following forms correspond-
ing to controls of covering numbers either related to .2 and L°°-norms or to L' with
bracketing.
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M (Metric) For each m € M, one can find constants B/, > 1 and D,, > 1 such
that for each & > 0 and each ball B with radius o > 56 V (D, /n)'? there exists a
finite set T = T(m,6,B) C B with

7| < (B),0/6)"" (5.6)

and a mapping © = w(m, 6, B) from B to T such that one of the two following set of
properties is satisfied:

o M, ., (L?/L> metric): Assumption Lip (i) or (i) holds, d(u,wu) < § for
all w in B and there exists r, independent of 6 and B such that

sup || Am (o, )] <15,6 forallteT. (5.7)

uer~1(t)

o M, (L' metric with bracketing): Assumption Lip (i) holds and for all
t € T one can find a measurable function V, such that for allt € T and all
reX

u€r—1(t)

1 n
sup Ay, (2, u,t) < Vi(z) and - ZE[Vt(XZ)] < 6% (5.8)
i=1

In the linear situation, i.e. the case of a linear contrast acting on linear sieves,
one can substantially simplify these assumptions. This situation essentially occurs
when one deals with projection estimators and a detailed study of some more specific
examples involving Besov spaces is to be found in Birgé and Massart (1994b). The
first assumption describes the general linear set up.

L (Linear) The space S, is a linear subspace of L.*(u) with an algebraic basis
{oa| A € A} and the family of finite dimensional linear spaces S,, is generated by
a family {Ap Y merm, of subsets of A,: for each m € M,, S,, is the linear span of
{pra| A € ALY and S, some subset of S,,. We denote by D, = |A,,| the cardinality
of A, which is the dimension of S,, and assume that there exists a positive constant
I' such that 3,(z,u) = —Tu(z).

Let us define the (possibly infinite) constants ®,(s) and ®..(s) by

B,(s) = sup EJu(Xy) — o(X1)]] : B.o(s) = sup E[u?(X,)]

wvES, lu — v wes,  |lul?

Remark: If s is the common density of the X;’s, ®5(s) and ®,(s) are merely bounded
by the L% and LL*°-norms of s respectively.

Under this framework, we shall only consider two different situations: either all
the elements ¢, of the basis are uniformly bounded or the family of sieves §,, is
nested. More involved applications of the linear framework are to be found in Birgé
and Massart (1994b). This leads to the following sets of assumptions:
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LBB (Linear with a bounded basis) L holds, ®.,(s) < ®', sup,cx. [|@r]le <
for some positive constants ®' and ®" and

OB <A DY Bl

AEA, AEAL
for some positive constant A and all (j3,).

An immediate consequence of LBB via Cauchy-Schwarz is that for all subsets A
of A,
13" Baeallee S APD . Brgall  with @ = A", (5.9)

AEA AEA

LN (Nested and linear) L holds, the set {A,,}mem, is totally ordered by inclusion
and when {Ap,} C {A} then S, C Sn. Moreover ®5(s) < +o0o and there exists a
positive constant ¢ such that ®,, < ® for all m where ®,, is defined in (2.1).

5.2 The Main Theorem

JFrom Assumptions M, LBB and LN, one wants to derive various probability bounds
for the fluctuations of the empirical process v, [3(., 5,n) — (., u)]. They rely on similar
results obtained in Birgé and Massart (1994a) for the case of a single sieve, i.e., when
u is assumed to belong to S5,,. For the sake of simplicity we shall not try, hereafter,
to optimize the constants but rather present the results in a simplified form. The
conclusions of Theorems 1 and 2 of Birgé and Massart (1994a) and similar arguments
(for dealing with Assumption M, 1) imply the following

Proposition 7 Under each set of assumptions (M, LBB or LN) the following ex-
ponential inequality is satisfied for all t € 5, and any x > 0, and 7 > 0

l/nﬁ/('vt) — :)/(,U)]
P useusl,)n (0, u) o > 7| < 3.1exp[—nhy,(2)] (5.10)
where
o under M:
D 2\ 20
2 _ 2 Pm _(Z ~ 2 _ 2V 2
oo, = [CLL V1V E] . and  hy(z)= <C) with (* = 972 [324% 4+ 6 ABT|
and

L =25log [12B;n (1 + rin\/Dm/n)]

whenever Assumption M, o, holds or

L =2log [B;n (@v 4y/AJ(37T)V 5)]

whenever My 1 holds;
e under LBB or LN:

we [ Dn and hm(x):/i(

T! n

Oy =

21" x N 22
&\/D,, " ®.(s) A 0Bs(s)v/ D,

where ® = A®" under LBB, k < 1/4 and k' are positive constants and 7" = 7/T.
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L d -

the ball of radlus o and center t whatever ¢t € .5,,

3no? ]
10p%(7)

provided that no? > D,,[L(7)p*(T) V 1] where p(7) and L(7) are defined by

P lsup v [3(., 1) — (., u)] > 7'02] < 2exp [— (5.11)

ueB

164 4AB A
pi(r) = 0 + and  L(7)=5log(B,,0) with § =V BV2/—Vb5.
V7

72 T
Let us set p = p(7), L = L(7),6 = ¢/8 and f, = F(.,1) — (., u). Since o* >

D, /n by (5.6) and M, [} we can assume the existence of T with cardinality e, H <
D, log(B,,0) and for each v € T there exists a random variable V, with

sup Ay, (2, u,v) <V (2) and ZE ] < 8% (5.12)

uer—1(v)

Since by (5.5) [|Am m|lee < B we can assume without loss of generality that ||V, || <
B. If v =n(u), |fu — fu] < MV, and we get

<
SO ELOWV, (X)) 4 1y () + 1MV, € 246% 4 0, (£,) 4 1, (MV,) (5.13)

by the independence of W; and X;, (5.12), (5.4) and Cauchy-Schwarz inequality.

Control of v,(f,): From the independence of W; and X, (5.4) and (5.5) with
d*(t,v) < o? we get

E|3(Zi,t) = 3(Zi, 0)l'] < EIMT (W) JE[A (Xy, 1, 0)] < ‘%!Aij_ZE[AZ(Xiatvv)]

and

. ! .
—ZE (Zist) = 3(Zi, 0)] € S A% (ABY ™

Therefore Bernstein’s Inequality [see Lemma 5 of Birgé and Massart (1994a)] implies
that, if n = ov22 + Bz

Plvn(fy) > Ay < exp(—nz). (5.14)

Control of v,(MV,): We use again the independence between W; and X; and (5.12)
to get since ||V, || < B

—ZE M (W) V(X)) < A2B62(AB)

Therefore, since Bé? < ¢? Bernstein’s Inequality implies that

Ply,(MV,) > An] < exp(—nz). (5.15)
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Plsupv,(fu) > 2A4(n+ 6%)] < 2exp[H — na].

ueB

Since no? > p*[bD,,log(B! 0)] > 5p?H, choosing @ = 0?/(2p?) we get H < 2na/5
and therefore

Blsuprn(f) > 2407 + %)) < 2exp[~3n0”/(107)].
ueB
In order to get (5.11) it remains to check that 24(n 4 ¢*) < ro?. This follows from
our choices of § and p which imply that é* < 70?/(4A4) and n < 60?/(4A). Since
L > 8 which implies that no?/p? > 8 we can derive from (5.11) that if no? >
[Lp*(37/4) VvV 1]D,,,

P | sup Vnﬁ/('vt) — :7(7 u)]

5.16
wes,  A*(t,u)Vo? (5-16)

2no?
> 7| < 3exp

5p2(37/4)

exactly as (2.9) is derived from (2.7) in Birgé and Massart (1994a), following the last
lines of the proof of their Theorem 1.

We now want to derive (5.10) with the corresponding values of o,,,, £/, and . For
Assumption M we use either (5.16) (under M, [}) or (2.9) of Theorem 1 of Birgé
and Massart (1994a), following their notations (under M, ). In both cases one can

choose D 5 5 )
2250 (F)) o) v
om =T [(2” (4 L) vl

since one can always increase the value of o,,. We therefore choose (? as an upper
bound for (5/2)p*(37/4) and L., as an upper bound for 2£/5. In the case of M, .,
we use the upper bound for £ given in Theorem 1 of Birgé and Massart (1994a) with

A = 757 to get
£<6.13 [log B (1 + r;n,/Dm/n)] + 15.14.

To deal with the linear case one should first notice that [since LBB implies that
¢, < & = Ad” by (5.9)] both assumptions LBB and LN imply LU of Birgé and
Massart (1994a). Therefore their Theorem 2 (which involves two universal constants
k1 and Ky) applies. Taking k = k,/4 and &' = 2k,, we get the conclusions for LBB

and LNN. 0]

JFrom those results and our various sets of assumptions one can derive the main
theorem of this paper which is at the origin of all our developments and examples.

Theorem 7 (Main Theorem) Let m be a given element of M,,, 7 = k/8 and
L > 1 be a weight defined for any m' € M,,. Assuming that one of the assumptions
(M, LBB or LN) holds and that 0,, is given by Proposition 7, one defines &, for
any m' € M,, by na?, = 60+ n(c2 Vo2 )V NLynDy V L,D,,) where § > 1 and
A >0 and the set Q) by

Q) = { sup  sup Ynl3s $m) = (s 0)] > k} :

m'eM, ues,, A*(s,u)V d*(s,,,s)V x5,
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5(32A% + 6ABT)
972 ’

e If LBB holds, 7 = 7/T, A =772, n > I"?D,,, for all m' € M,, and some
I'" >0 and

P[Q(0)] < 4.1% exp(—0/))  with )\ =

(5.17)

LD, Vn
exp [—H - ] + | M, | exp [—H - ] =Y <+ (5.18)
m%; o AD"\/2
then -
-
B8] < 4 exp [ N (M)Hf A @/)] . (5.19)

o If LN holds, 7/ =7/T, A =2/7"? and n > T"?D,,, for all m' € M,,, then

PIQ6)] < dexp l_m’\/@ (F’/\ V2 )]

®v/2 by(s)
VIV Dy ( /9 1 )
r — . 2

X Zexp [ - A B(s) (5.20)
Moreover, if Assumption C holds together with the following lower bound on pen(m’),

Lt Do D,
pen(m') > k (Ufn, VAT 42k — ) for all m' € M, (5.21)

n

for any integer > 1 the risk of the penalized minimum contrast estimator s is bounded
by

E[d'(s,8)] < 2202V inf {E[UMJF[ZM]”: [M]’/z}

meM,, k 2

+ Cn7'2, (5.22)

Under M or LBB, the constant C' only depends on | and the various constants in-
volved in the upper bounds (5.17) or (5.19) but not on s. Under LN, C' can be
written as C'[®(Py(s) Vv 1)]"7? and therefore depends on s through ®4(s) and on the
other constants appearing in (5.20) through C".

If C’ holds together with (5.21) with k = k' /2 and ky = 0 then for all > 1

P |d*(s,3) > %mlel}\gn {4pen(m) + (K + 2k")\d*(s,8m)} + % < PO  (5.23)

where P[Q(0)] is bounded by (5.17), (5.19) or (5.20) according to the type of assump-
tions we use.

Proof: The first step in the proof is to show that whatever m,m’ € M, and = >
Om V 0, the following exponential inequality is valid:

pl Pl sm) = (o)

>k

sup

D e u) v (s 53 v a2 < 4.lexp[—nhp, m(2)] (5.24)
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function h,, ,,» will take different forms, to be specified below, according to our set
of assumptions. Let us consider some point ¢ in .5,,, and denote by d the quantity
d(Sm,t). One can apply Proposition 7 with m replaced by m’ and 5, by 9,,,. On the
other hand if Assumption Lip holds, Bernstein’s inequality [see Birgé and Massart
(1994a) Lemma 5] leads to a bound of the form

. [un[ﬁ(-,sm) ~ 300 ] < exp (—émz(dz v ))

d?V z? v? 4 er(d? V 2?)

provided that for all integers j > 2
. gl
—ZE (Ziysm) —(Zi, O] < gvzc]_z.

We only have to identify v? and ¢. From (5.2) and (5.3) or (5.4) and (5.5) it can be
seen that v? = A*[d*4+ E(D,,VD,,.)/n] and ¢ = AB. Since 2* > FE(D,,VD,.)/n, v* <
2A%(d*V 2?) and finally

Va3 8m) = 30, 1] ] [—m?(dz Y, xz)]
< SIS
p[ PRV S S VT ey

In order to handle the linear cases we first notice from L that if 7/ = 7/T

o [talitn) 3] ] [t = sn]

d?V z?

and Bernstein’s Inequality implies, since d* V 2? > dx, that
nN-m_N-t 1/2d22
p[V[v(,S) 7(,)]>T]§exp T ‘
El(sm = 1))+ 5ll8m — U] 7d2

We first notice that in both cases LBB and LN ||s,, — t||cc < ®d\/D,, V D,,,. This
follows from (5.9) with & = A®” in the first case and the fact that &, vV ®,,, < ¢ in
the nested case.

LBB: Now we use E[(s,, — )] < d*®,(s) < d*®’ and bound (5.25) by

TR (5.25)

——nT’2d2 2 [—n (T x N 31’z )]
“P\154yD,, s ee | S T\ Csvn o))
LN: Since E[(s,, —t)?] < d®5(5)||s,n—1t||o the right-hand side of (5.25) can be bounded
g
by

—tnr?d?z? [ (T z? A3 )]
P | Bdy/ DoV Do [d0s(s) + 1rda]| = &P 4<I>«/D VD, \&y(s) )]

Putting these bounds together with inequality (5.10) and using the facts that k < 1/4
and 7 = k/8 we get

wes ., E(t,u)V 22V d(s;,1)

b l Unl3ssm) =50l < 1 exp [ ()] (5.26)
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,,,,,, o o

M:  hp(2)=2"/C (5.27)

LBB:  hy() [T%z A 272 ] (5.28)
: mm (T) = K . .
’ T " TAG"\/D,, V D,

LN :  hyyp(2) =

T X 27’96] : (5.29)

A
<I>\/D vV Dy [qu) (s) r
Now, for any ¢ > 0, since & > 0, one can always choose t in such a way that
d(s,1) < [(1 o) inf d(s,u)] Va
ueS,

and get for any u € .5,/

A, )V d(smst) < d(s, )+ [d(1,5) V (5, )]
< (U e)d(u, s)]V e+ [d(u, s) V (s, 5]
< (24 ¢)d(u,s)Vd(s,sy,)V zl.
Substitution in (5.26) leads to (5.24), since ¢ is arbitrary.
Let us now prove (5.17), (5.19) and (5.20). Since z,,,, > 0, V 0,y We can use (5.24)

under each of our three sets of assumptions. In the first case, since A\ = (? we get
from (5.27)

PIQO)] < 4.1 exp[-nal, /A < 4.1 exp[—(ALy Dy +6)/A]

< 4.1exp[—0//\]Zexp[—Lm,Dm/] = 4.1X¥ exp[—6/]]

which is (5.17). In order to deal with the linear cases it will be useful to notice that

V200 > ML D V Ly D) + V8 (5.30)
and
2022, > AL Don V' Lt Do) + 20/20M Ly Doy V L D). (5.31)

Under the second set of assumptions, setting 7/ = 7/I' we get from (5.28)

0) <4.1 Zex [—Hn (T’fon, A T om )]
= . - p @/ A@// /Dm \/ Dm/
and from (5.30) since n > I"?D,,,; and L,,» > 1 for all m’ € M,

NT S NI VL]
VDoV Dy — V2 '

(5.32)

Then since A = 7/~2

/20 /2/\L /D , /F/ 0 1./ /\
4.1Zexp —K Tt m /\T Vet Vi
~ P’ AD\/2

Vor'T 6 Ly Dy NG
4.1exp [—H (Aq)“\/_ )] ;exp [—H ( Y A Aq)”\/i)]
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0)] < 4.1;exp [ Q\/W (T’%(C?) A T'xm/)] .

We modify the linear term as before with (5.32) and use the following relation

2
\/% /\\/D VD, +v20A

derived from (5.31) to deal with the quadratic term. Since n > I"*(D,, V D,,/) we get
P[8(0)]

e
\/_ I /2\/_
< 4.1exp[ D (\/5/\ () )]
X ZeXp l—’“ qu)v Do (TF\/;\E A 2;529))] : (5.33)

Since under LN, all D, are different integers, the series converges and we get (5.20)
from our choice of A.

If C holds and Q°(#) is true, for any m’ and u € 5,,,, such that v, (u) + pen(m) <
Yn(Sm ) + pen(m), we have

dz(s, u)+ dz(sm, s)+ z2, E 1y, [Ym( 2, Sm) — Y (2, )]

> 2 (dz(s,U) —Up = ks Dm’) _ pen(m) ;pen(m )
n

v

Therefore any penalized minimum contrast estimator § € 9, satisfies
pen(m) — pen(in)
? .

Since by (5.21) a2, 42k, Dy, /n < k™ [pen(m) + pen(m )] +8/n the following inequality
holds:

]lﬂc(g)d (s,8) < d2(5 Sm) + x + 2U2 + Qk oy

Ugeeyd’(s,58) < 2k~ 'pen(m) + 2U7 + d*(s, s,,) + 8/n. (5.34)
Let us now define
V = [d*(s,8) — 2k~ 'pen(m) — 2U? — d*(s, $,,)] V 0;
then for any m € M,, and any positive integer [
Hd' (s, 8)] < 4027V [PPE[OL ] + (26 pen(m)] " + d (s, 5,) + FV)]

It follows from (5.34) that if § > 1, P[V > 0/n] < P[2(#)]. Since we have proved that
under each of our sets of assumptions P[Q(6)] < ¢; exp(—c,V/8) for suitable constants
¢ and ¢4, it follows that

BV = V) = Ry > gy
0

nl/? [1 +/ crexp (—eay'!") dy] < TP ey
1

IN
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on the constants introduced in the assumptions but not on s except under LN. In
this latter case, 1/cs can be written as c3®(®5(s) vV 1) and comparing the series in
(5.20) with an integral one easily checks that ¢; < ¢4(®(®Po(s) V 1))? which gives the
structure of C' in this case.

Finally (5.23) follows from (5.34) and the fact that C’implies C with k = k'/2, k; =
0 and U2 = (K" /K)d*(s,57). ]

5.3 Application to maximum likelihood estimation

We now want to show how one can apply Theorem 7 to maximum likelihood estima-
tion. In order to apply the general theory to specific situations, M will often follow
from the simpler Assumption M’ ..:

'y 0o For each m € M,, one can find constants B, > 1, D,, > 1 and r,, such that
for each § > 0 and each ball B with radius o > 56 V (D,,/n)'/? there exists a finite
set T ="1T(m,6,B) C B with

|T| < (B.,a/6)P. (5.35)

and a mapping T = w(m,8,B) from B to T such that d(u,7u) < é for all uw in B and

sup |lu = t||oo < 1md forall tinT. (5.36)

u€r—1(t)

The following is a generalized version of Theorem 1.

Theorem 8 Assume that p is a probability, that M’ o, holds with D,, < n for
each m and that the family {S,,,m € M,} satisfies Assumption S. Define n,, by
[(s*Vnyn)dp =1+ Dy, /n and pen(m) > ks( Ly, + L) Dy /0 where

L, =log [B;n (1—|—7‘m1/&)] +1
Annm,

and kg is a suitable positive numerical constant. Let § be a minimizer with respect to

m € M, andt € S, of =57 log[t(X;)] + npen(m’). Then

N = D/ and  E[d*(s,3)] < K§ 161}\1/’[ {K(s,5)+ pen(m)}. (5.37)

Remark: One could of course get similar results under the slightly more general
assumption that D, < Kn. We shall only deal with the case K = 1 for the sake of
simplicity .

Proof: Since it follows rather closely the lines of the proof of Theorem 4 of Birgé
and Massart (1994a) we shall omit some details. Let us first notice that, since p is
a probability measure, 7, is well-defined and larger than D,,/n and introduce the
auxiliary density §2, = (s V 1,,)/(1 4 D,,,/n). Then

S

<14+ —<2 and inf 82, (x) > % > — (5.38)
n xr

Smoo

53



Dy,
d*(s,5,) < =2 (5.39)

n

In order to apply Theorem 7 we define for any m € M, and t € 5, the function
2 2
+1
@)

Ym(z,t) = —log [Sm
We want to show that these functions satisfy Assumptions M and C. In order to
check M we shall use the following Lemmas, recalling that the Hellinger distance

h(g1,9>) between densities is given by 2h*(g1,92) = [(\/g1 — \/92)dp.

Lemma 2 Let f,g,q91,92 be densities with respect to some measure p then for all

j>2 |
el PR P

=72
Proof : The bound involving || f/¢||o. has been proved in Birgé and Massart (1994a),
Proposition 2. For the other part we use (6.15) of Birgé and Massart (1994a) to show
that when ¢g; > ¢,

J J
i(lbgg+gﬁ < 1(}bg@> < [91 1_1g< m)
J'\2 Tg+g J g2 g2
1(/&_ wﬁ
7 9> a1

1 (VI VEY  _ AE - VR
B ?(\/E_@)( V9192 ) . 7 GiNg

A symetric result holds when ¢, > ¢; and integration with respect to fu gives the
result. 0

f

E
d g1\ g2

‘11 g+ o
2 g+ 9

IN

Lemma 3 Assume that f, g1, 9o, 7 and s2 are densities with respect to the probability
measure p and that || f/s?]|. < 2 for i =1,2. For any integer j > 2 one has

‘llog st+ g !

E
114 2+ g

-T2

] 13 h2(g1, g2) + AR* (s, 2]

Proof: Successive applications of Lemma 2 give

2 j 2 J
E‘lbg%+gl < 1z ‘llg%+gl R ‘llg%+gl
47 s+ g 2 2 TS+ 2 2 Tstg

147! f f

< 579 [ 51, 53) STl + (g1, 92) 2 Oo]
and the result follows since || f/s?||., < 2. M
According to the definition of 4,, we can choose
2 2

A (2, u,0) = A7 |log % nd M=A
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hz(~2 32,) < 4h*(s?,32) V 4R*(s?,52)) = 2d*(8,5,) V 2d*(8, 31 );

m7m

hence by (5.39)

D,vD,
R*(32,,82.) < 2= M otnry -
n
An application of Lemma 3, which is valid because of (5.38), leads to
4N\ 4411 D,V D,
J . — — < _ 2 —m ' m '
[Am m,(XZ,u,v)] = (A) =55 [d (u,v)+ 16 - Ufmzm }] .

The choice A = 4\/2/7 gives (5.3) with B = /7/2 and I = 16. (5.6) holds by
assumption and the lower bound on 3, in (5.38) together with Lemma 3 of Birgé and
Massart (1994a) imply that whenever ||t — u||o < 7,0 for t and u in 5,,, then

A2t W)]|eo < 2471 7,84/2/ 00
: Ui

Therefore (5.7) holds with 7/, = 7,,\/7/(41,) < 1u\/(Tn)/(4D,,) by (5.38). The

value of £, follows from the value of £/ given in Proposition 7 after a suitable
modification of the multiplicative constant which can be included in xg. It remains
to check Assumption C. We proceed as in Birgé and Massart (1994a). If ¢t € 5,/ is
such that v, (t) + pen(m’) < v,(s,) 4+ pen(m) by convexity

n n

> log ) 2 3 gl (X0 + loglin (X001 + pen(n) — penim)

i=1

and since by (5.38) log 8,y > logs — (1/2)log(1 + Dy, /n) > logs — Dy /(2n),
Vﬂ[ﬁ/m('vsm) - ’ym’(yt)]
~2 . ~2 )
> P, [log ﬂ] _E [log Sm’(X) +1 (X) — log Sm(X) + Sm(X)]

32+ 52 25%(X) 25%(X)
D,
= Dot pen(m') = pen(m)
252 1 52 D, 32 4 g2
> P, |1 — —P, |log —| — — K m m
”[OgggnJrs;n] 2”[Og ;n] o ( 2 )

32 , 12
+ K (5, S ¥ ) + pen(m’) — pen(m).

Since for any positive

2 tz /~2[ tz 2 tz tz

and recalling the correspondence d*(u,v) = 2h*(P,, P,), one derives from (6.1) and
(6.3) of Lemma 4 of Birgé and Massart (1994a), that

22 2 2 2 2 2 22 2
£ . S+t > 1 £ . s+t —ldz S —I—t7 Soo+1
2 140 2 0 2 2

0.29*
1446

5, 0) — = (s, ).
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K (5, S 2+ > 3 297 d*(s,t) — d*(8, Emr)-

It follows from the concavity of the logarithm that

32 2
2K (5, ,/@) < K (5,5m) 4 K (8,5m) < (24 log2) d*(s, 5 ) + K (s, 5,,)

since (5.38) implies by (6.2) that K(s,3,,) < (2 + log2)d*(s,3,,). Putting all these
bounds together with (5.39) we get

Va[Fm (o 8m) = Fmo (-, 1)]
> % 292 d*(s,t) + pen(m’) — pen(m) — 3D _ (1 + log 2) Dom
n

2n 2

1. 1 52 252
_§]X(8,8m)—pn §logg—logm]
Since .29%/3 > .028 and
1 s? 252 1 .
E |5 log E(Xi) — log m(&)] < 5B (s, 5m)

we finally see that C holds with k = .028, k; = 3/(4k) and

log 2
2

M2 ] < (1 + ) K (5 80).

The application of Theorem 7 leads to inequality (5.37) since d*(s, s,,) < K($,$m)
and d*(s,8) <2. ]

Proof of Theorem 1 We can now derive Theorem 1 from Theorem 8. It is enough
to check the properties (5.35) and (5.36) on S, rather than S, since it is a larger
set and they immediately follow from Lemma 9 with B’ = 5 and r,, = 7,. One
can therefore bound £,, by K[l + log(1 + 7,,,)] and the result follows from a suitable
modification of the constants since L, > 1.

5.4 Other contrast functions
5.4.1 Projection estimators

We shall content ourselves to prove Theorem 2. A complete treatment of penalized
projection estimators is contained in Birgé and Massart (1994b) and we shall merely
recall that one should choose 7,,(z,t) = —2t(z) which implies C’ with &' = k" = 1.
Moreover the assumptions of Theorem 2 imply LN since in this case ®,(s) = ||s||*
Theorem 7 applies with I' = 2, I" = 1 and the result follows.
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We recall that one observes pairs (X;,Y;) = Z; with Y; = s(X;) + W; where the
variables X; and W; are all independent with respective distributions R; and (J; inde-
pendent of s and the X;’s are defined on a compact set X'. The unknown parameter
s is supposed to belong to the Hilbert space L*(p,) where p, denotes the average
distribution of the X;’s, g, = n=* Y7, R; and we always assume that s € S,. We
shall assume hereafter [although these assumptions could be weakened as in Birgé and
Massart (1993) Section 3.C] that the W;’s are i.i.d. with common distribution ¢ and
that the X;’s are either i.i.d. with common distribution p (which is the random design
model) or that the X;’s are given numbers x; (which is the fixed design model). In
the latter case, p,, is the empirical measure of the z;’s but we shall omit the subscript
n for the sake of simplicity, keeping in mind that in this case both the underlying
space IL?(1) and the distance d depend on n and that the results, as in Van de Geer
(1990), are given in the form of controls of d*(s,§) = n=' 31 [s(;) — 8(;)]?. Given
a penalty function pen(m) to be chosen later, we shall consider either the penalized
least squares estimator which is a minimizer with respect to m € M, and t € 5,,
of n=t 30 [Y: — ¢(X,))* + pen(m) or the penalized minimum L' estimator which is
a minimizer with respect to m € M,, and t € 5, of n™* 31" | |Y; — t(X;)| + pen(m).
Then the following result holds.

Theorem 9 Assume that M’ ., holds, that the family {S,,,m € M, } satisfies As-
sumption S and that both s and all the elements of S,, are uniformly bounded by some
known constant £. Assume moreover that the distribution () has one of the following
properties:

o the errors W; are centered at their expectation and E[e™1/€] < 4 for some
& > 0 in the case of least squares estimation;

o the errors W; are centered at their median and have a distribution ) with a
positive and continuous density around the median in the case of minimum 1!
estimation.

Define the penalty function as pen(m) > rkgC (&, Q)(Lm + L) Dy /1 where

L,, =log [B;n (1 + rm\/Dm/n)] +1,

Ko is a numerical constant and C (£, Q) is a suitable constant which takes two different
forms in the two cases considered above. Let § be the penalized minimum contrast
estimator. Then in both cases

B (5,8)] < K, inf {d(s.50) + C'(E. Q)pen(m)}. (5.40)

In the case of least squares estimation one can choose C'(£,Q) =1 and C(£,Q) =
(€ +¢)

Proof: We shall actually prove a more general result. Following the framework given
in Birgé and Massart (1993) Section 3.C we shall assume that the contrast function is
given by v(z,t) = F(y — t(z)) where I is a convex function with suitable properties
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the sieves are uniformly bounded, which is our assumption. The required conditions
on F' are given by Assumptions Ca, Ce, Cd and Ce of Birgé and Massart (1993) and
it is also proved there that the two contrast functions (y —t(2))* and |y —t(x)| satisfy
these assumptions under the conditions of Theorem 9. Then, Proposition 1 of Birgé
and Massart (1993) implies that (5.2) and (5.3) are satisfied with A, /(2. ¢, u) =
|t(z) — u(x)|, £ = 0 and suitable constants A, B depending on @ and £. In the
particular case of F(z) = 2%, one has

[7(2, 1) =7(z,w)| = [t(z) — w(@)] 2w+ 2s(2) = (1) + u(2))] < 2/t(2) —u(x)] [|w] + £].

We can therefore take B = 2¢ and M (w) = 2(|w|+£). Our moment condition on the
W;’s implies that

, , i .
m [2I(1W] 4 €] < S5 [2€ +

and one can choose A = 4(2¢ 4 §). If the metric assumption (5.36) holds then (5.6)
and (5.7) are fulfilled with ], = 7, since here A, (2, t,u) = |t(z) — u(z)| and
therefore M, ., is satisfied. In order to apply Theorem 7 it only remains to check C’.
But, according to the notations and arguments of Birgé and Massart (1993) Section
3.C, there exists a function G such that

E[y(Zi, 1) = 7(Zi; s)] = E[G(W;, s(Xi) — 1(X;))]
and that for suitable positive constants C'; and ('
Cih? <EG(W;, k)] < Cyh® for  |h] < 2€.

In view of the independence between X; and W;, these relations imply C’. In the
quadratic case (F(z) = 2?), G(xz,h) = h* and therefore ¢, = Cy = 1 and C’ is
satisfied with &/ = k" = 1. The choice of C' and " is justified by Theorem 7 and our
computations of A, B,k and k”. 0

Proof of Theorem 3: By Lemma 9 assumptions (5.6) and (5.7) are satisfied with
B! =b5andr, = r, and therefore Theorem 9 implies Theorem 3 via some elementary
computations since L,, > 1. 0]

Proof of Theorem J We want to derive it from Theorem 7. As we already checked in
the proof of Theorem 9 the Assumption Lip i) is satisfied for the contrast function
1) = (5 — Ha))? with Ay, t,u) = i) — ula)], M(w) = 2(]u] + €), B =
0, A =428+ ¢) and B = 2§ where now £ = 1. Moreover C’ is also satisfied with
with &' = k£ = 1. There only remains to check the Assumption M, j. Let us consider
some ball B of radius ¢ in 5, and some § < ¢/5. From inequality (2.20) B is included
in the image via 6 of some L'(y')-ball of radius R = 0%/0,. Applying Lemma 11
with ¢ = 6?/©, we can cover this ball by a family 7 of intervals of L'(x')-diameter
< ¢ with cardinality bounded by

(3e¢B) 0,/0,)P(a%/6%)Pm. (5.41)

Truncating the intervals if necessary, we can assume, without loss of generality that
these intervals are included in G,. Therefore the images of the elements of 7 via 6
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[0(g7),0(g")] and by (2.20) the L,(p)-diameter of [#(¢g~),8(¢g")] is bounded by &
Choosing t as any point in [#(¢~),8(¢g")] N B and defining V; = 6(g*) — 0(g~) we
take for T' the set of all those t’s when [g~,gT] varies in Z. We then define 7 to
be the projection mapping [#(¢g~),68(g*)] N B on the point ¢t € T N [#(g7),0(g")].
Since A, (2, t,u) = [tH(z) — u(2)| (5.8) is fulfilled and (5.41) implies (5.6) with D,,
replaced by 2D,, and B/, = (3¢B”0,/0,)'/2. We can therefore apply Theorem 7
and get via elementary transformations of the constants (since @, > 0)

B (5,0,)] < ry inf | d%(s, ) + (€ + 1) (L + log(1 + 0,87 /0,)] 2

meM, n

Using (2.20) and the fact that §, < 1 we derive (2.22). ]

5.4.3 Estimating the support of a density

Proof of Theorem 5: The proof is based on the version of Theorem 7 involving the
Assumption M; }. Let us check the relevant assumptions: first Lip ii) is satisfied
with A, o (2,tu) = [Hz) —uw(z)], M = A =1 and B = 1. Moreover C’ is also
satisfied with &' = k” = 1 by (3.26). In order to check M, [} we consider some ball
B of radius ¢ > \/D,,/n in S,, and some § < ¢/5. Let ¢ = §*/W¥. Assume first that
e < 1 and apply Lemma 11 with R = 2. We get a covering of G, by a family 7 of
intervals of L'(y')-diameter < ¢ with

|Z| < (3eBl, /). (5.42)

The images of the elements of 7 via 6 are therefore covering .5, and a fortiori B. Since
6 is non-decreasing, for each interval [¢g~,¢%] € Z, 8 maps [¢g~, ¢™] into [0(g7),0(¢™)]
and by (3.27) the L,(u)-diameter of [#(g~),0(g")] is bounded by 6%. Choosing t as
any point in [6(g~),8(¢™)|NB and defining V; = 6(¢g*)—6(¢g~) we take for 7' the set of
all those t’s when [¢g~, gT] varies in Z. We then define 7 to be the projection mapping
[0(g™),8(g")]NB on the point t € TN[O(g™),0(gT)]. Since A, i (z,t,u) = |t(z)—u(z)|
(5.8) is fulfilled. From (5.42) we deduce, since 0 > D,,/n A 1, that

n Do r g2\ P
< " e — . .
1< e ()] (2) o

If ¢ > 1, noticing that ¥ > 1 since p and p’ are two probability measures, we now
take T = {lp} and Vy, = Up. Then (5.8) is satisfied since 62 > ¥ > 1 and (5.43) still
holds. (5.6) follows with D,, replaced by 2D,, and B!, = (3eB" ¥n/D,,)"? v 1. We
can therefore apply Theorem 7 and get the result via elementary transformations of
the constants. 0]

5.5 Analysis of nonlinear sieves

Here we use Theorems 8 and 9 to prove the risk bounds for nonlinear models stated in
Theorem 6. Unlike linear models, the models treated here do not have homogeneous
control of their L, local metric entropy properties of the sort that condition M or
M’; o is designed to handle best. In these inhomogeneous cases we will be content to
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a global entropy condition implies the presence of a logarithmic factor in the penalty
term and therefore in the risk bounds because of the resulting large value of B/ . A
similar phenomenon occurs when one covers the unit ball in R? by balls of radius
6. The logarithm of the number of balls that are needed is, for small 4, of order
—qlogé + C instead of glog A + C whichis needed for the covering of a ball of radius
Ad. This makes a serious difference when A is not large.

M?” For each m € M, one can find constants ¢,, > 1 and D,, > 1 and for each
6 > 0 there is a finite set T'= T(m,6) C 9, with

7] < [en(1v 67"

such that for every uw in Sy, there is at in T with ||u — t]|. < 4.

Remark: Recalling that p is a probability (and therefore ||u — ]| < |Ju — t]|o), We
see that M” implies M’; ., with r,, = 1 and B’ = ¢,[(1/5) V (n/D,,)*?. With
the constraint D,, < n (which we always assume for maximum likelihood estimation)
this simplifies to B!, = ¢,,(n/D,,)">.

Proof of Theorem 6: Let us first notice that (3.33) implies (3.34). Indeed, we can

restrict ourselves to the case d(s, S,,) < 1/2. Choose s,, € S,, with d(s,s,,) < 1/2
then §,, = (s, V1) /(]|sm V n™t]) belongs to 5, and by (6.1) below

Is = Sl < 2[ls = (s V07Ol < 2([|s = sl +07).

Since ||s/3mllce < 1|8, (6.2) implies that K(s,3,) < 2[1 + log(n||s||e)]d*(s, $m),
hence the result.

We can now apply either Theorem 8 or Theorem 9 to get our conclusion provided
that we are able to check the assumptions S and M’, ... We first choose L,, =
14+ 2log(RH). Then D,,L,, > D"+ 2log H + 2log R which implies S. We shall now
content ourselves to check M” in order to derive M’; ... Let us first notice that it is
enough to check M” for S,, instead of 5,,,. This is clear in the regression case since the
clipping operation is a contraction which can only decrease the global entropy. For the
maximum likelihood case, it follows from (6.1) that ||(u/||u]]) — (v/||v]])]] < 2||u — v||
when |Ju|| and ||v|| > 1/2; therefore the entropy of 9, follows from the entropy of .,
that we shall now evaluate.

Because of the Lipschitz condition on {¢,}, an L.-covering of {¢, | |w|; < H}
follows from a covering of the I;-ball {w| |w|; < H}. In R? the number of disjoint
cubes spaced at width e, /¢ that cover this ball is bounded by [2e(H /e, + 1)]¢ (see
Lemma 10 below). Then for each w with |w|;, < H there is a w’ in the grid with
6w — uwillos < |w —w'|; < ;. In the same way in RP" we cover {f| Z]D:Il 18;| < R}
using not more than [2¢(R/ey + 1)]P" cubes spaced at width e5/D’. Our aim is to
obtain a é-net in the L.-norm for the family §,, = {ZjDzll B ®w, }» With Z]D:Il 15;] <
R and |w;|; < H. We set ¢; = §/2R and ¢, = §/2H and use the cubical grids
intersecting the /'-balls as indicated above. Restricting vectors wh, j=1,...,D" and

G to these grids provides a finite set 7'(§) of functions Z]D:Il ﬁj’qbwg of cardinality not
more than [2e(2RH /6 + 1))@+, Then for each u = Z]D:Il Bj¢w, in S, there is a
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uniformly for @ in [—1,1]?. Consequently, assumption M” holds with dimension
D,, = D'(¢ + 1) equal to the parameter dimension and ¢,, = 8¢RH, and hence
M’, ., holds with B! = 8eRH[(n/D,,)*/?V 1/5]. It follows that we can apply either
Theorem 8 or Theorem 9 and that in both cases

(L 4 £,) D/ < #i11 [1+ log(RH ) + log[1 + n/(D'¢ )] D'/ /n

which gives the results. ]

Remarks: The metric entropy calculations in the Proof of Theorem 6 are similar
to those used in Barron (1993) in the special case of the sigmoids. But the risk
bounds given there were for penalized least squares restricted to discretizations of the
parameters and with less general error distributions than we permit here.

6 Appendix

We shall first give a proof for Proposition 1. It derives easily from the following

Lemma 4 Let s be a probability density with respect to u and t be a function in
L2(w). Then if t' =t/||t||

[ls = < ls =2l + (L= {1l v 0 < 2|s = ¢]I; (6.1)

if t? is a density then

d*(s,t) < K(s,t) < 2[1 + log(||s/t||le)]d*(s, 1), (6.2)
consequently if sT is such that st > s, s' = st /||sT|| and ¢ = ||s — sT|| then
K(s,8) <21+ 1log(1 +¢)]e*. (6.3)

Proof: 1If ||t]] > 1, then

s = el = fls = ¢ = el = 1) (el + 1= 2 [ st/
and Cauchy-Schwarz inequality yields ||s — ¢|| < ||s —¢||. If [|t]] < 1, then
[ls =l < lls =l + 1" = 2l = [ls = 2l + [/ (12l = 1)

which gives (6.1). (6.2) follows from (6.5) of Lemma 4 of Birgé and Massart (1994a)
since d/+/2 is the Hellinger distance. Noticing that [|s*|| > 1 and ||s/s'||c < ||st|| <
1 4 ¢, one concludes that (6.1) and (6.2) imply (6.3). 0
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considering separately the cases ¢ < .6 and ¢ > .6. In order to derive (2.13) one
notices that if § is such that ||§ — s||.c = € and p is a probability one can define
st =(54¢) > s and apply the preceding recipe since [|st — s|| < 2e. ]

The next lemma is elementary but very useful to deal with ellipsoids:

Lemma 5 Let (aj);50 and (b;);>0 two sequences of nonnegative numbers such that
the first sequence is nonincreasing, the second is nondecreasing and a; < b; for j large
enough. Then defining m = inf{j > 0|a;;; < b;} < +oo one gets sup;{a; Ab;} =
a, Nb, and

sup{a; Ab;} <inffajp + 0,3 < inf {ajp0 + 653 < 2(1V bo/ao) sup{a; Ab;}.
j>0 Jj20 0<j<m i>0

Proof: Notice first that when 0 < j < m one has a; > a,, > b,,_1 > b; which implies
that a; Ab; < a,, Ab,, and that a similar result holds for j > m. Considering separately
the cases 7 < k and j > k + 1 one checks that a; A b; < apyy + by and the left-hand
side inequality follows. If m > 1, a1 + b, < 20, and a,, + b1 < 2a,,, therefore
infocjem{ajr1+b;} < 2(anAby,). If m = 0 one gets a;+by < 2by < 2(bo/agV1)(agNby)
and the result follows in both cases. 0]

Combinatorial and covering lemmas: The following inequality appears without
proof in Haussler (1991). It is very similar but not identical to Proposition 9.1.5 of
Dudley (1984). Since we did not find a proof in the literature we include it for the
sake of completeness.

Lemma 6 The following inequality holds for alln > 1 and 1 < D < n:

>(1)<(5)"

j=0

Proof: Since the bound is larger than 2" if D > n/2 we can assume that 2 = D/n €
(0,1/2). Let us denote by ¥ the sum to be bounded. Since ¥ = 2"P[N < D] where
N is a binomial random variable with parameter 1/2, the Cramér-Chernoff inequality
for the binomial implies that

log® < nlogn — (n— D)log(n — D) — Dlog D = Dllog(n/D) + (1 — 2~ ")log(1 — z)]
and it follows from elementary calculus that (1 — 27 !)log(1l —z) < 1. ]

Lemma 7 Let S¢ be a finite set of densities with respect to p indexed by C = {0,1}7
and such that

D
h(5p,8,) =0 Uz,
i=1

Let 8 be an estimator with values in S¢ based on n i.i.d. observations with density s.

Then

sup [, [h*(s, 8)] > %0 [1 — 2n0] .

seSe
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The following lemma is similar to what is usually called the Varshamov-Gilbert
bound in information theory [see Gallager (1968)].

Lemma 8 LetC be a subset of cardinality 2P of the cube {0,1}F. For any n € (0,1)
one can find a subset C' of C with cardinality larger than 8 exp(Dn?/2) such that for
any two distinct points x, y € C’

D 1 _ n
S, > DT,
i=1

Proof: Let D(1 —1)/2 = d and ' a maximal subset of C such that 3202 Uy 4, > d
for any pair z,y € C’. The number of points z such that lezl Up,2., < kis bounded

by Ef:o ( ? ) It follows from a covering argument that |C’| Zgﬂo ( ? ) > 920,

Let Bp be a binomial random variable with parameters D and 1/2, then
/ 1 - n -
20|80 < D"
and the result follows from Hoeffding’s inequality. 0]

Lemma 9 Let {p,}rca be an orthonormal system in the metric space (IL*(u), d) with
|A| = D and S be the linear span of {p,}. Let

1 co
e 1D el
D g0 |ﬁ|oo

For any positive § one can find a countable set T C S and a mapping © from S to T
with the following properties:

o for any ball B with radius o > 56

ITNB| < (B'a/6)’  with B <b5. (6.4)

o d(u,mu) <6 for all u in S and

sup  JJu — t|jeo <76 foralltinT. (6.5)

u€r—1(t)

Proof: Using the natural isometry between S and the euclidean space R” correspond-
ing to the basis {¢,} one defines 7' as the image of T = [(6/v/D)Z]”. Considering
the partition of R” into cubes of vertices with length 6 /v/D centered on the points of
T we define the mapping # from R” onto T' such that #(u) and u belong to the same
cube. Then 7 is the image of 7 by the natural isometry and clearly d(u,7u) < §. The
definition of 7 implies (6.5). It follows from Lemma 1 of Birgé and Massart (1994a)
that (6.4) holds with B’ = 1.2y/27e. M
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I1-ball of radius R is bounded by
[2e(R/c + 1)]".

Proof: An elementary computation shows that the volume of a D-dimensional /'-ball
of radius p is equal to 2°p” /(D!). Since all the cubes of vertices ¢/D that intersect
an [!-ball of radius R are included in an ['-ball of radius R + ¢, the required number

is bounded by (2D)”(R /e + 1)” /D! and the result follows easily. ]

Lemma 11 Let us consider a D-dimensional linear subspace V of LY(w). We assume
that there exists some basis (¢x)rea of V with ||¢x|l1 =1 for all X € A and

I < B Baenalh

AEA AEA

for some constant B" > 1. Given ¢, R with ¢ < R/2, any ball B € V of radius R
may be covered by N intervals [f~, f*] C L' with diameter ||fT — f~|l, < ¢ and
N < (3eB"P(R/e)P.

Proof: Without loss of generality we take A = {1,..., D} and consider some ball B
in V centered at the origin and defined by

5= {Zﬁ,\%\ [ Zﬁ,\%\\h < R}-

AEA AEA

Using the standard linear isomorphism between V and RY we may identify (35)xea
with 37, . Bapa. Since the coefficients 3y of any point in this ball satisfy

Y IB < BYIY. Bapallh < B'R

AEA AEA

B can be identified to a subset B’ of the [;-ball with radius RB” centered at the origin
of RP. By Lemma 10 we can cover this ball by N cubes with vertices of length ¢/D
with N < (3eB”Re™")P. Let C be the set of the N centers of these cubes. For each
¢ = (8,) € C we consider the interval

1. = LZE;\ (ﬁx% - %VPH) > (ﬁx% + %VPH)

AEA

For any (a,) € B’ there exists some ¢ = (f5,) € C such that |a) — 55| < ¢/(2D) for
all A. It follows that

Z ar@x — Z Bapa

AEA AEA

<D lan=Billeal </(2D) ) lenl.

AEA AEA

Therefore ), ) axpa € I. and the intervals (I.).ec cover B. Moreover the L'
diameter of each I, is bounded by

£
EZH%Hl:g- []

AEA
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Lemma 12 Let s be a function of bounded a-variation on [0, 1] with 0 < a < 1 which
means that
k

sup sup > |s(aj1) = s(a;)|Y = Jals) < +oo

k22 z1<<on oo
where the supremum is taken over all increasing sequence x, < --- < z;, of points in
[0,1]. Let L be any number between 1 and some positive integer N. There exists a
partition P of [0,1] into D intervals with endpoints belonging to the grid {i/N |0 <
i < N} and a function st > s which is constant on the elements of P such that:

N ) 1/(1-|—20z)

(2a)/(2c041)
D<? (_ L) L ] .
L

1 d t_gl]? < J3e 2(— —_
+1 and |ls su_m)[ - 5

Proof: Let J = J,(s) and for any interval I define J(I) by

[JJ(I)]* = sup s(y) — inf s(y).
yel yel
Consider a partition P of [0,1]into D intervals Iy, ..., Ip. If s¥(2) = sup,¢,. s(y) for
x € I;, one can check that

s = sl = 3 [ st (@) = s@)de < S ILIIU) (6.6)

Let us now build by induction a partition P from an increasing sequence x, = 0 <
-+ < xzp = 1 in the following way. Starting with z, = 0, define Na;; = sup{i <
N|L > (i— Nz;)J**([z;,i/N))} and stop the process when z;,; = 1. Then I; =
[z;_1,2;) is always nonvoid since L > 1 and J(I) <1 and by construction

|77 (1;) < for 1<j<D.

=] =

Let If = [z;_1,2; + 1/N). Then for j < D, |I[f|J**([;}) > L/N. Moreover
Z]D:_ll If] < 2 and Z]D:_ll J(I;7) < 2, it then follows from Lemma 2.2 of Birman
and Solomjak (1967) that 2=+ [ /N < (D — 1)=(22+D_ Therefore it follows from
(6.6) that

L L N 1/(20z-|—1)
H5+ _5H2 < DJZQF < JZQF lg (f) +1]. []

Lemma 13 Let A be either the interval [0, 1] or the one-dimensional torus T. Let s
belong to the Besov space By, oo(A) with o > 0,1 < p < oo and let D be a positive
integer.

o [fA=10,1] and r € N > a —1, let 51 be the space of piecewise polynomials of
degree bounded by r based on the regular partition with D pieces;

o if A =T, let Sy be the space of trigonometric polynomials on T with degree < D;
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linear épdnJ of the set {c,o:\ |\ € [JLgA(])} and D = 27 where {c,o,\} is a wavelet
basis of regularity r.

Then, there exists constants C(s),Cs(s) and C3(s) such that
dy(s,5;) < Ci(s)D™* for 1 =1,2,3
where d, denotes the ILP-distance with respect to the uniform distribution on A.

Remark: We recall that H(H,a) C By oo([0,1]) with equality when o is not an
integer.

Proof: We recall, following DeVore and Lorentz (1993), that a function s belongs to
the Besov space B, ,o(A)if r = [a] 4+ 1 and its 1-th order difference given by

Al(s,z) = Zi: ( l: ) (=1)"*s(z + kh)

satisfy

supy~“w,(s,y), < +00, where w,(s,y), = sup ||A%L(s, )],
y>0 0<h<y

The required approximation properties are proved in DeVore and Lorentz (1993) page
359 for piecewise polynomials and page 205 for trigonometric polynomials; this gives
the result for i = 1 or 2. If 7 = 3, it follows from Meyer (1990) Chapter 6, Section 10
that s belongs to the Besov space B, ,.(A) if and only if

1/p
sup 2/(*+57%) ( > Iﬂxl”) = |Isll, < +oc.

jz0 AEA(G)

Let s; be the orthogonal projection of s onto 53. It follows from Bernstein’s inequality
[see Meyer (1990) Chapter 2, Lemma 8] that

s = sl <G D5 Y0 2WEVBI < Clsll Y27

J>J XeA(F) i>J

hence the result. 0]

Next we recall a simple approximation property of convex combinations of functions
in .%(p) which may be proved either by a random sampling or a greedy selection
method [see Jones (1992), Barron (1993)]. For convenience we restate it here with a
slight modification obtained by application of the triangle inequality.

Lemma 14 Suppose s and t are given functions in 1.*(p) with t/R in the closure
of the convex hull of a class of functions {£¢,} in L*(u) bounded by one, for some
constant R depending on t. Then there exists an approzimation sp equal to R times
the convex combination of D functions in the class such that

Is = spll < R/VD +|Is — 4|
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erties in some interesting contexts, especially in multivariate settings where it gives
conditions for approximation at a dimension independent rate [see Jones (1992), Bar-
ron (1993), Breiman (1993), Girosi and Anzellotti (1992), Hornik et al. (1994), Yukich
et al. (1995) for approximation based on Fourier analysis in the ridge function case
and Girosi and Anzellotti (1992) for similar conclusions for approximation using radial
basis functions]. However, more is needed to ensure that accurate approximations can
be achieved using a control // on the parameters w; that is bounded by a polynomial
in D or n. Such a control is needed to prove Proposition 6.

Proof of Proposition 6: Qur strategy is to give conditions for the existence of a
function sy that is close to s and such that for some R(s) the function sg/R(s) is
in co{t¢, | lw|; < H} where co( ) denotes the closure of the convex hull. Then
Lemma 14 with ¢ = sy provides some s,, = S(p g Rr(s)) i S, with

s = sl < lls = sull + R(s)/ VD’ (6.7)

Let F(da) = e’ I'(da) denote the phase and magnitude factorization of the complex-
valued measure I’ with phase |b,| < 7. We recall that s(z) = [exp{ia’z}F(da),
hence since s is real valued

s(x) = /cos(aTx + b,)F(da). (6.8)

For trigonometric approximation we assume that H > 27 and consider sy(z) =
Jcos(a®x 4 by)1yja),<pr/2y F(da) for which the error is bounded by |s(z) — sg(a)] <
S Ljaps a1 F(da) < ¢ o(2/H)® by Markov’s inequality. We recognize sy as an
element of co{cos(a”z + b)||al, < H/2,|b] < H/2} multiplied by a constant not
greater than ¢ o, so that we get from (6.7) d(s, Sm) < ¢;(2/H)* + csyo/\/ﬁ with
m = (D', H,¢;,) and (3.36) holds.

In the neural net case the Fourier components are related to convex combinations
of sigmoids as shown in Barron (1993). The approximation bounds stated in the
proposition are given there.

In the case of ridge wavelets the assumption is that [[1]|.. = ¥ < +00 and 1 is zero
outside a finite interval. For simplicity we take here the interval to be [—1,1]. We use
an integral representation in Hornik et al. (1994) and Yukich et al. (1995) to show that
we may control H. First we pick any scalar value h for which ¥ (h) = [, e="*4(2)dz
is nonzero. Multiplying and dividing by &(h) in the definition of s and making a
change in variables we get the integral representation

s(z) = —— F(hda)/ Y(a’x + b)e " db.
) a€lRa |o+aTz|<1

Here we assume that H > 4 and let sy(2) be the real part of the same quantity with
integration with respect to the vector a restricted to |a|, < H' = H/2 — 1. Since
laTz| < la|; the value of |b] in the integral is bounded by < H/2 and |a|, + |b| < H.
By assumption H’ > 1 and the error |s(z) — sy ()| is bounded by

1 o~
s(x)—sy(z)] = |=—— alz 4+ b)e "™ F(hda)db
|s(2) — s ()] ‘ - /||H /w%m@b( + by F(hda)
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|U/|1},L \Ioww} |U/|11 \Ioww}

=) s =[] e
4¥ 4¥e¢

= ||, F(da') < ————2—
(A ()] s ||| ()| H

IN

by the change of variable a’ = ha and Markov’s inequality since a > 1. In a similar
manner we see that sg(z) is in co{¢)(a’z + b)| |al; + |b] < H} multiplied by a
constant not greater than [2/¢(h)][c,0 + ¢,.1/|h]]. Tt then follows from (6.7) that
d(s,Sm) < Cyles o/ H* + (50 + csyl)/\/ﬁ] and then (3.36) holds.

For the hinged hyperplanes of Breiman (1993) approximation bounds similar to
what we need are in his paper. Here we give an integral representation that makes
explicit that the approximation bound holds with H as small as 2. We use Tay-
lor’s theorem with remainder to characterize each Fourier component cos(a”z + b,).
Recalling that |a”z| < |a], we have

cos(b+a’z) = cos(b)— a’wsin(b) + / cos(t + b)(a’z — t) dt
0

lalx
cos(b) — a’z sin(b) + /0 cos(t + b)[(a”x — t) v 0] dt

+ /—|a|1 cos(t + b)[(t — aTx) v 0] dt

|als -

> [ _alz
+lali | cos(|alyu+b) || u VOl du
-1 |a|1

where we have written separately the contributions from t positive and ¢ negative
and then changed variables from ¢t to u = t/|a];. Note that the functions in the
last two integrals are in the closure of the convex hull of the functions of plus or

! a’w
= cos(b) — a’xsin(b) + |a|f/ cos(layu+b) || ———u ] VO| du
0

minus bounded multiples of hinge functions. Integrating over the frequency vector
a according to F(da) with b = b, equal to the phase, we get from (6.8) that s(z) is
equal to s(0) + (7s(0))7 'z plus a function in co{£[(a’z + b) v 0]| |al; < 1,]b] < 1}
times a constant which is not greater than 2¢, ,. We note that trivially the constant
1 is a particular hinged hyperplane and that

1 1
a’y =2 §aTx vV O+ 3 [—(=a"2) Vv 0]]|.

It follows that s/R(s) is in co{£[(a’z +b) Vv 0] |a], < 1,]0] < 1} for R(s) < |s(0)| +
2|| 7 s(0)|| + 2¢5 2. The approximation bound (3.36) then follows from (6.7) for all
H > 2 with ég = 0. This completes the proof of Proposition 6. 0
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