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4.1 Introduction

Many different model selection information criteria can be found in the
literature in various contexts including regression and density estimation.
There is a huge amount of literature concerning this subject and we shall,
in this paper, content ourselves to cite only a few typical references in order
to illustrate our presentation. Let us just mention AIC, C), or Cf, BIC and
MDL criteria proposed by Akaike (1973), Mallows (1973), Schwarz (1978),
and Rissanen (1978) respectively. These methods propose to select among
a given collection of parametric models that model which minimizes an
empirical loss (typically squared error or minus log-likelihood) plus some
penalty term which is proportional to the dimension of the model. From
one criterion to another the penalty functions differ by factors of logn,
where n represents the number of observations.

The reasons for choosing one penalty rather than another come either
from information theory or Bayesian asymptotic computations or approx-
imate evaluations of the risk on specific families of models. Many efforts
were made to understand in what circumstances these criteria allow to
identify the right model asymptotically (see Li (1987) for instance). Much
less is known about the performances of the estimators provided by these
methods from a nonparametric point of view. Let us consider the particular
context of density estimation in L2 for instance. By a nonparametric point
of view, we mean that the unknown density does not necessarily belong
to any of the given models and that the best model should approximately
realize the best trade-off between the risk of estimation within the model
and the distance of the unknown density to the model. When the mod-
els have good approximation properties (following Grenander (1981) these
models will be called sieves), an adequate choice of the penalty can produce
adaptive estimators in the sense that they estimate a density of unknown
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smoothness at the rate which one would get if the degree of smoothness
were known. Notable results in that direction have been obtained by Barron
& Cover (1991) who use the MDL criterion when the models are chosen as
e-nets and by Polyak & Tsybakov (1990) who select the order of a Fourier
expansion via Mallow’s C), for regression. One should also mention the re-
sults on penalized spline smoothing by Wahba and various coauthors (see
Wahba (1990) for an extensive list of references).

This paper is meant to illustrate by a few theorems and applications,
mainly directed towards adaptive estimation in Besov spaces, the power
and versatility of the method of penalized minimum contrast estimation on
sieves. A more general approach to the theory will be given in the compan-
ion paper Barron, Birgé & Massart (1995). We shall here content ourselves
to consider linear sieves and the particular contrast which defines projec-
tion estimators for density estimation. These restrictions will allow us to
make an extensive use of a recent and very powerful exponential inequal-
ity of Talagrand (1994) on the fluctuations of empirical processes which
greatly simplifies the presentation and proofs. The choice of the penalty
derives from the control of the risk on a fixed sieve. From that respect
our approach presents some similarity with the method of structural min-
imization of the risk of Vapnik (1982). Minimum contrast estimators on a
fixed sieve have been studied in great detail in Birgé & Massart (1994).
For projection estimators their results can roughly be summarized as fol-
lows: s is an unknown density in L2(x) to be estimated using a projection
estimator acting on a linear sieve S of dimension D and the loss function
is proportional to the square of the distance induced by the norm. Under
reasonable conditions on the structure of the space S one gets a quadratic
risk of the order of ||s — 7(s)||? + D/n if one denotes by 7(s) the projection
of s on S. This is essentially the classical decomposition between the square
of the bias and the variance. The presence of a D/n term corresponding to
a D-dimensional approximating space is not surprising for those who are
familiar with Le Cam’s developments about the connections between the
dimension (in the metric sense) of a space and the minimax risk on this
space. One should see Le Cam (1973) and (1986, Chapter 16) for further
details.

Our main purpose, in this paper, is to show that if we replace the single
sieve S by a collection of linear sieves S,,,, m € M,,, with respective dimen-
sions D,,, and suitable properties, and introduce a penalty function pen(m)
of the form £(m)D,,/n, one gets a risk which, up to some multiplicative
constant, realizes the best trade-off between ||s — s,,[|?> and £(m)D,,/n.
Here s,, is the best approximant of s in S,, and £(m) is either uniformly
bounded or possibly of order logn when too many of the sieves have the
same dimension D,,,. Note also that pen(m) will be allowed to be random.
We shall show that some more or less recently introduced methods of adap-
tive density estimation like the unbiased cross validation (Rudemo 1982),
or the hard thresholding of wavelet empirical coefficients (Donoho, John-
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stone, Kerkyacharian & Picard 1993) can be viewed as special instances
of penalized projection estimators. In order to emphasize the flexibility
and potential of the methods of penalization we shall play with different
families of sieves and penalties and propose some new adaptive estimators
especially in the context of wavelet expansions in nonhomogeneous Besov
spaces and piecewise polynomials with non equally spaced knots.

4.2 The statistical framework

4.2.1 THE MODEL AND THE ESTIMATORS

We observe n i.i.d. random variables X1, ..., X,, with values on some mea-
surable space X and common density s with respect to some measure .
We assume that s belongs to the Hilbert space L?(x) with norm | - || and
denote by || - ||, the norm in LP(p) for 1 < p < oo and p # 2. We first
consider an N,,-dimensional linear subspace S, of L%(u), then choose a
finite family {S,, |m € M,} of linear subspaces of S,,, each S, being a
D,,-dimensional subspace of IL?(x) and finally for each m € M,, we take
a convex subset S,, C S,,. In most cases, S,, = S,,. The set M,, usually
depends on n and more generally all the elements bearing a subscript (like
m or m') which belong to M,,. In order to keep the notations as simple
as possible we shall systematically omit the subscript n when m is already
present and also when the dependence on n is clear from the context. All
real numbers that we shall introduce and which are not indexed by m or
n are “fixed constants”. We shall also denote by S,, the union of the S,,’s,
by s, and 5, the projections of s onto S,, and S, respectively, by P the
joint distribution of the observations X;’s when s obtains and by E the
corresponding expectation. The centered empirical operator v, on L2 (u) is
defined by

0= 13 Hx) / )s(e)du(z) for all ¢ e L2(u).

=1

Let us consider on X x S, the contrast function ~(z,t) = —2t(z) +
[l£|*> where || - || denotes the norm in L?(p). The empirical version of this
contrast is v, (t) = (1/n) >, v(X;,t). Minimizing ~,,(¢) over S, leads to
the classical projection estimator §,, on .S, and we shall denote by §,, the
projection estimator on S,,. If {©x}xrea,, is an orthonormal basis of S,, one
gets:

= Y Bapa with B =— ZS@/\ and Y (3m) = — > A

AEA, AEA,,

In order to define the penalty function, we associate to each S, a weight
L,, > 1. The use of those weights will become clear later but let us just
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mention here that in the examples, either L,, < 1 or L,, < logn depending
on the number of sieves with the same dimension D,,. For each m € M,
the value of the penalty function pen(m) is defined by

T LmDm
pen(m) = K, (X1,..., X,)

- 1)
where K,, is a positive random variable independent of the unknown s.
Typically one must think of K, as a fixed constant (independent of m and
n) or as a random variable which is, with a large probability and uniformly
with respect to m and n, bounded away from zero and infinity. Then, in
both cases, pen(m) is essentially proportional to Ly, D.,/n.

A penalized projection estimator (PPE for short) is defined as any § €
S C S, such that

vn(8) + pen(m) = mier}\f/tn <té%f;n T (t) + pen(m)) if 5¢e 5. (2)
If such a minimizer does not exist one rather takes an approximate mini-
mizer and chooses § satisfying

Yn(8) + pen(m) < inf ( inf ~,(¢t) eren(m)) + l

mEMp \tESm n
We shall assume in the sequel that (2) holds, the modifications needed to
handle the extra 1/n term being straightforward.
In the sequel we shall distinguish between two different situations cor-
responding to different structures of the family of sieves: nested and non-
nested. The nested situation can be described by the following assumption

N: Nested family of sieves We assume that the integer N, is given sat-
isfying Ny, < nI'=2 for some fized constant I' that m +— D,, is a one-to-one
mapping, and that one of the two equivalent sets of assumptions holds:

(1) llulloo < ®vVDullull for all m € M,, and u € S,, where ® is a fized

constant and D, < N, for all m. Moreover, D,, < D,, implies that
S C Sy and Sy, C Sy ;

(ii) S, is a finite-dimensional subspace of L?(u) with an orthonormal basis
{©r}ren, and the cardinality of A, is |A,| = N,,. A family of subsets
{AYmem,, of A with |Ay,| = Dy, is given, S, is the linear span
of {patren,, and || 5ca,, V3 loo < Dy, ®2. Moreover for all m and
m/, the inequality D,, < D,, implies that S,, C S, and A,, C A,,/.

The equivalence between (i) and (ii) follows from Lemma 6 of Birgé &
Massart (1994). Assumption N will typically be satisfied when {px} ¢z, is
either a bounded basis or a localized basis in natural order. In this case, the
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usual choices for M,, will be either a finite subset of N (and then m +— D,,
is increasing) or a totally ordered family of sets. In some situations, the
basis {¥x}rex, is given (Fourier expansions for instance) from which one
defines S,,. In other cases (piecewise polynomials for instance) one starts
with the family {S,,}mea, which is the natural object to consider.

In the non-nested situation we shall distinguish a particular situation
which is of special interest:
Case S: Non-nested subsets of a basis Let {¢x}\ca, be an orthonor-
mal system in L2 () with |A,| = Ny, and S,, be the linear span of {©x}rex, -
Each m € M,, is a subset of A,, with cardinality D,, and S,, = S, is the
linear span of {pA}rem-

Particular choices of M,, and of the penalty function lead to various clas-
sical estimators. Here are three illustrations.

An analogue of Mallows’ ('

Assuming that N holds we define the penalty by pen(m) = K®2D,,/n.
This gives a sequence of parametric problems with an increasing number
of parameters and a penalty proportional to the number of parameters.
This is an analogue in density estimation of Mallows’ C method for the
regression framework—see for instance Mallows (1973) or Li (1987).

Cross-validation

Assume again that N holds. A particular choice of the penalty function
leads to a well-known method of selecting the order of an expansion:

Proposition 1 Assume that we are in the nested situation described by
Assumption N and that

2 . 2
pen(m) = mz > e (X).

i=1 AEAm

The resulting PPE § is the projection estimator on Sz where m is chosen
by the unbiased cross-validation method.

Proof:  Let us recall that the ideal m (in view of minimizing the quadratic
loss) should minimize [|s — §,,/||* or equivalently [§2, — 2 [ 3,,s with
respect to m’ € M,,. Since this quantity involves the unknown s, it has to
be estimated and the unbiased cross-validation method defines m as the
minimizer with respect to m € M,, of

/ 2 du ﬁ S Y eaEeaX).

i1’ AEAm

/éfndu = %Z Z o (Xi)oa(Xe)

0,1 NEA,

Since
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one finds 7 as the minimizer of

n+1/A2 2 = )
— Srdu+ —— vy (X;)-
n—1 n(n—l);A;:m A

On the other hand the PPE selects m as the minimizer of

n

2
~ ~2 ~
n\Sm = md - - m Xl
nlim) - penm) = [ e =3 4n(X) + penim)
[ iy
~2 2
= = [ Shdnt ey 20 2L A
n(n+1) =&
which implies that / = m and the conclusion follows. O

In this case, assuming that L,, = 1, the estimator K,,(X1,...,X,) is

given by
2 -1 )
n+1ZE Z o3 (Xi).
i=1 """ AeAm

Threshold estimators

We now consider the situation described by Case S, M, being the family
of all (nonempty) subsets of A, and pen(m) = ian/n where L,, is a
(possibly random) variable independent of m, we have to minimize over all
possible subsets m of A,, the quantity

o) 4o == T 205 (- ).

AEM AEM

The solution m is the set of the A’s such that Bf > L, /n which leads to
a threshold estimator introduced, in the context of white noise models, by
Donoho & Johnstone (1994)

5= Bealgzeni, jy-
AEA,

These three examples are indeed typical of the two major types of model
selection for projection estimators: selecting the order of an expansion or
selecting a subset of a basis. We shall later give a formal treatment of these
two problems.

4.2.2 BESOV SPACES AND EXAMPLES OF SIEVES

The target function s, in most of our illustrations, will be assumed to belong
to some classical function spaces that we introduce below. We assume in
this section that p is Lebesgue measure.
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Besov spaces

We shall consider here various forms of Besov spaces By oo (A) with o > 0,
1 < p < o0, and three different types of supporting sets A:

e Some compact interval which, without loss of generality, can be taken
as [0,1] and then A = [0, 1];

e The torus T which we shall identify to the interval [0, 27], then A =
[0, 27r] and we deal with periodic functions;

e Some compact interval [—A, A] (A = [—A, A]) but in this case we
shall consider it as the restriction of the Besov space on the whole
real line to the set of functions which have a compact support in

OiAaA)

Let us first recall some known facts on Besov spaces which can be found in
the books by DeVore & Lorentz (1993) or Meyer (1990). Following DeVore
& Lorentz (1993, page 44) we define the r-th order differences of a function
t defined on A by

T

Ap(t,z) =Y ( ; ) (=1)"*t(z + kh).

k=0

The Besov space Bq poo(A) will be the space of functions ¢ on X such that

supy” “wr(t,y)p < +oo  where w.(t,y), = sup ||[AL(L, )]
y>0 0<h<y

and r = [a] + 1 (DeVore & Lorentz 1993, page 55). As a particular case,
we get the classical Holder spaces when p = oco. One should notice that
since we always work on a compact interval A, LP-norms on A are easy
to compare and w,(t,y), > C(p)wr(t,y)2 for p > 2. This implies that
Bapoo(A) C Ba2oo(A). Therefore, if p > 2 we can restrict ourselves to
considering only the larger space B, 2 (A) since we are looking for upper
bounds for the risk.

Wavelet expansions

Let us consider an orthonormal wavelet basis {¢;x|j > 0,k € Z} of
L2(R,dz) (see Meyer (1990) for details) with the following conventions:
o,k are translates of the father wavelet and for j > 1, the ¢, 1’s are affine
transforms of the mother wavelet. One will also assume that these wavelets
are compactly supported and have regularity r in the following sense: all
their moments up to order r are 0. Let ¢t € L?(R,dz) be some function
with compact support in (—A, A). Changing the indexing of the basis if
necessary we can write the expansion of ¢ on the wavelet basis as:

29 M

t= Z Z Bi k@i 3)

>0 k=1
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where M > 1 is a finite integer depending on A and the lengths of the
wavelet’s supports. For any j € N, we denote by A(j) the set of indices
{(G,B)|1 < k < 22M} and if m C A = 35,50 A(j) we put m(j) =
m N A(j). Let By denote the space of functions ¢ such that ¥ (t) =
>i>0 27/2 supea(j) [8x| < +o0. From Bernstein’s inequality (Meyer 1990,
Chapter 2, Lemma 8)

[1t]oo < PooXoo(t) for all t € By, (4)

where ®,, only depends on the choice of the basis. We also define Vj,
for J € N, to be the linear span of {px|A € A(j),0 < j < J}; then
27M < Dim(Vy) = N < 2771 M and it follows from (4) that there exists a
constant ®, namely ®2 = 2®2_/M, such that

Itloo < ®VN|t|  forall te V. (5)

Let t be given by (3) with @ < r 4 1; if ¢ belongs to the Besov space
B poo([—A, A]) then (Kerkyacharian & Picard 1992)

1/p

sup2/ @272 | N g | = [t < +oc. (6)
=0 AEA(H)

One derives from equation (6) that supyc, ;) [8r] < 27j(°‘+%7%)\||t|” which
proves the inclusion Bg poo([—A4, A]) C By provided that a > 1/p.

Piecewise polynomials

Without loss of generality we shall restrict our attention to piecewise poly-
nomial spaces on [0,1]. A linear space .S, of piecewise polynomials is char-
acterized by m = (r,{bp =0 < by < ... < bp = 1}) where r is the maximal
degree of the polynomials (that we shall essentially keep fixed in the sequel)
and {bp =0 < b; < ... < bp =1} is a nondecreasing sequence which gen-
erates a partition of [0, 1] into D intervals. Such a space has the dimension
D,, = D(r+1). We shall distinguish between regular piecewise polynomials
for which all intervals have the same length and general piecewise polyno-
mials with arbitrary intervals subject to the restriction that their lenghts
are multiples of a fixed value 1/N with N € N. In this case the b;’s are of
the form N;/N where the N;’s are integers and the corresponding set of
m’s will be denoted by Pj;. The reasons for restricting the values of the
b;’s to a grid are given in Birgé & Massart (1994, Section 3) and we shall
not insist on that. When dealing with regular partitions, we shall restrict,
in order to get a nested family of sieves, to dyadic partitions generated by
the grid {j277=,0 < j < 2/} where J,, is an integer. The corresponding
set of m’s for 0 < J,, < J will be denoted by 73’,
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We shall need hereafter some properties of these spaces of polynomials.
Let us first recall (see Whittaker & Watson (1927, pp. 302-305) for de-
tails) that the Legendre polynomials @);,j € N are a family of orthogonal
polynomials in L?([—1, 1], dz) such that Q; has degree j and

2
251

1
0,(@) <1 forall ze[-1,1], Q0)=1, /Q?(t)dt
1

As a consequence, the family of polynomials R;(z) = /25 +1Q;(2z — 1)
is an orthonormal basis for the space of polynomials on [0, 1] and if H is a
polynomial of degree r such that H(x) = Zg:o a; R;(x),

T

H@)P< (D ad | (D 2+1] =(r+1)*> d.
=0 =0

=0

Hence ||H||o < (r + 1)||H||. Therefore any polynomial H of degree r on
an interval [a, b] satisfies |[H||oo < (7 + 1)(b — a)~/?||H|| from which one
deduces that for H € S,

[H oo <

\/E ||H|| where h = 1£?£D{bj — bj—l |b] > bj—l}- (7)
Therefore, if s is a function on [a,b] and Hy its projection on the space of
polynomials of degree < r on [a, b], one gets

r+1 r+1

Hg o < Hs S ——5
11, 17 < s

S o sl < (r+ Dllsllo (8)

and this inequality remains true for the projections on spaces of piecewise
polynomials since it only depends on the degree and not on the support.

4.3 Presentation of some of the results

From now on, we shall have to introduce various constants to set up the
assumptions, describe the penalty function, state the results and produce
the proofs. In order to clarify the situation we shall stick to some fixed
conventions and give to the letters &, C' (or ¢) and K, with various sub- or
supscripts, a special meaning. The constants used to set up the assump-
tions will be denoted by various letters but the three letters above will
be reserved. k1, ... denote universal (numerical) constants which are kept
fixed throughout the paper. K, K’,... are constants to be chosen by the
statistician or to be used as generic constants in some assumptions. Fi-
nally C,c,C’, ... denote constants which come out from the computations
and proofs and depend on the other constants given in the assumptions.
One shall also use C(+, -, --) to indicate more precisely the dependence on
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various quantities and especially those which are related to the unknown
s. The value of K or C' is fixed throughout a proof but, in order to keep
the notations simple, we shall use the same notation for different constants
when one goes from one proof or example to another.

Before giving the formal results let us describe a few typical and illus-
trative examples (more will be given later) of applications of these results
together with a sketch of proof in order to make them more appealing. We
shall distinguish between the two situations described above: nested and
non-nested.

4.3.1 NESTED MODELS

We assume that N holds and S,,, = S,,, and we choose either a deterministic
or a random penalty function of the form

D, K -
pen(m) = K& or - pen(m) = o3 3 GA(X)
i=1 A€An,
where K is a suitably chosen constant. We recall from Section 4.2.1 that
the choice K = 2 corresponds to Mallows’ C, or cross-validated estimators.
We shall prove below that under such assumptions, one gets, as expected
E[|5 —s|*) < C inf [l|sm —s|* + D /n].
meMy,
Assuming that the true s belongs to some unknown Besov space By 2 « With
«a > 0 and choosing a convenient basis with good approximation properties
with respect to such spaces (wavelet basis, dyadic splines or Fourier basis),
we shall get the usual and optimal n~=%/(22+1) rate of convergence for our
penalized estimator (see Example 1 below).
Remarks:  The constant v/K should be larger than some universal con-
stant involved in some suitable exponential inequality. A reasonable conjec-
ture (by analogy with the gaussian case) is that a lower bound for K is one
which means that our results should hold for the classical cross-validated
estimators.

4.3.2 SELECTING A SUBSET OF A WAVELET BASIS

We consider the wavelet basis of regularity 7 and the notations introduced
in Section 4.2.2 and assume that Case S obtains with A, =5, ; A(j)

where J, is given by 2/ = n/(log?n). Then the dimension N,, of S,
satisfies 27» M < N,, < 27»*1M and D,, = |m]|.

Thresholding

M,, is taken to be all the subsets of A,, and the penalty function is given by
K(®5X0o(8n) + K')(logn)|m|/n. As mentioned in Section 4.2.1, the PPE
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is then a threshold estimator. We recall that §,, is the projection estimator
on the largest sieve S,,. It comes from (4) that ® .Y (5,) is an estimator
of an upper bound of ||s||« provided that s belongs to By. In this case we
shall prove that

Proposition 2 Let § be the threshold estimator given by

§=> Bwﬂmiﬁ}, with T = K(®ooYoo(8n) + K')logn/n
AeA,

where K has to be larger than a universal constant and K’ is an arbitrary
positive number. Provided that s belongs to By, the following upper bound
holds for any q > 1,

9 D q/2
E[||s — s]|?] < C inf m — 1 —L 9
5= sl < C_inf |llsm = sl +logn= ©)

Do [Doo(s) — Do (5)] < K. (10)

Either one knows an upper bound for ®,,¥ (s) and one should choose K’
to be this upper bound or (10) will hold only for n large enough. Assum-
ing that s belongs to some unknown Besov space Bypoo, With 7 +1 >
a > 1/p (and therefore s € Bp) the resulting rate of convergence is
(logn/n)®/(2a+1) There is an extra power of logn in the rate but it should
be noticed that (9) holds for a set of densities which is larger than the
Besov spaces. With a different thresholding strategy, the same rates have
been obtained by Donoho et al. (1993).

Special strategy for Besov spaces

We introduce a smaller family of sieves which has the same approximation
properties in the Besov spaces than the previous one. It can be described
as follows. Let us first introduce an auxiliary positive and decreasing func-
tion ! defined on [1,400) with I(1) < 1. For each pair of integers J, j’
with 0 < 7/ < J, let ./\/lf]l be the collection of subsets m of A such that
m(j) = A(j) for 0 < j < j"and [m(j)| = [|A(H)IG = 5] for 5" < j < J,
where [z] denotes the integer part of z. We define M,, = > o, M7
and pen(m) = K(®PxXoo(8,) + K')Lim|/n where K will be larger than
a universal constant, K’ is an arbitrary positive number and L is a fixed
weight depending on [. The resulting penalized estimator § will then satisfy

Proposition 3 Let s belong to By and (10) be satisfied. If the functionl is
such that 2~7' log |/\/l?,n| is bounded by a fived constant then, for any g > 1,

D q/2
E[|5—s]|9 < C inf ||sm —s|*+ —2 .
meM,, n
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We shall see in Example 4 that one can choose [ satisfying the required
conditions and such that the resulting bias leads to the right rate of con-
vergence n~%/ 2o+l for all Besov spaces Bapoo, with m+1 > a > 1/p
simultaneously.

4.3.3 VARIABLE WEIGHTS AND PIECEWISE POLYNOMIALS

Up to know we only considered situations where the weights L., did not
depend on m. The following example is meant to illustrate the advantage
of letting the weights vary with the models in some cases. It deals with
piecewise polynomials. Let us fix some maximal degree r for our polynomi-
als and take 27» =< n/log? n. We consider the family of sieves {S, }mert,
where M,, = PJ, . The Sy’s are the corresponding piecewise polynomi-
als of degree < r described in Section 4.2.2. One should notice that since
75§n C M, this family of sieves includes in particular piecewise polynomi-
als based on regular dyadic partitions. Let us define L,,, = 1 when m € 75}'n
and L,, = logn otherwise. In this situation, it is wiser to choose S,, as the
space of piecewise polynomials based on the finest possible partition gen-
erated by the sequence {j277/» Yo<j<2sm and with degree 2r instead of r;
then N,, = (2r 4+ 1)2”». With such a choice the squares of the elements of
all the sieves will belong to S,,.

Proposition 4 Let us choose pen(m) = K(||3n|lcc + K') LDy /n and
assume that s is bounded, then the PPE s satisfies, for any q > 1,

LmDm a/2
" .

E[5 — 5[ < C inf |[ls = sml® +
meM,,

For an arbitrary s, the method hunts for a partition which provides, up
to a logn factor, the best trade-off between the dimension of the partition
and the bias. But if s belongs to some Besov space By 2o With o < 7+ 1,
then the estimator achieves the optimal rate of convergence n~®/(+1),

4.3.4 SKETCH OF THE PROOFS

In order to prove results of the form
Ells— 3|9 < Co inf [|Is — sm|® + LD /n] "
s =319 < Co_inf [lls = sml* + Lun Do /1]

we always follow the same basic scheme (with various additional tech-
nicalities). m is defined as the minimizer with respect to m’ € M,, of
|8ms — 8||? + Ly Dpr /1. Using a powerful result of Talagrand (1994), we
begin to prove that with probability larger than 1—p,,, exp(—cy/€), for any
m’ € M,, and uniformly for ¢t € S,/

LoDy LDy,
e +

n n n

1
vn(t=sm) < 2 (It = sll* + llsm — s[*) + - (11)
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By assumption, the L,,’s are chosen in such a way that Zm,eM" P < Ch
which implies that the control (11) holds for all m/ simultaneously with
probability larger than 1 — Cy exp(—cy/€). In particular (11) holds with
t = 5 and m’ = m. We then use the following simple lemma:

Lemma 1 Let § = §;5 be the PPE associated with the penalty function
pen(-), m a given element of M,, and s,, the projection of the true under-
lying density s onto Sy,. The following inequality holds:

lls = 3]|> < ||s — sml|? + pen(m) — pen(in) + 2v,, (5 — 5,). (12)

Proof: ~ The conclusion follows from the fact that 7,(8) 4+ pen(m) <
Yn(8m) + pen(m) and the following inequalities:

Y (t) = |It]1? = 2un(t) — 2/tsd,u for all te Sy;

s =t = ls = sl = [ = lsm +2 [ (5~ )

= E(m®) = vn(sm))- O

Using (11) and (12) simultaneously we get
48

s =317 < 3lls — s>+ 2[pen(m) — pen(ii)] + >

LﬁLDﬁL LmDm
+ .
n

+u{
n

If pen(m’) is defined in such a way that for all m’ € M,,

Lo Dy Lo Doy
20— —" <pen(m') < K——"
n n

one gets with probability larger than 1 — C; exp(—c\/€)

LD, 4
X
n

Is = 31> < 3lls — sll* + (4C + 2K) .

One concludes using the following elementary lemma since L,, D,, > 1.

Lemma 2 Let X be a nonnegative random variable satisfying X2 < a +
Kit/n with probability larger than 1 — Ko exp(—K3+/t) for allt > 0. Then
for any number ¢ > 1

)+

E[X9) < 9(a/2-1

w4 i ()]
TLKg

The case of a random penalty requires extra arguments but the basic ideas
are the same.
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4.4 The theorems

4.4.1 TALAGRAND’S THEOREM

All our results rely upon an important theorem of Talagrand (1994) which
can be considered, if stated in a proper form, as an analogue of an inequality
for Gaussian processes by Cirel’son, Ibragimov & Sudakov (1976). Let us
first recall this inequality in the case of a real-valued non-centered process
in order to emphasize the similarity between the two results.

Theorem 1 Let X;,t € T be a real valued gaussian process with bounded
sample paths and v = sup, Var(X;). Then for £ >0

P sup (Xi —E[Xy]) > E [Shtlp (Xe — ]E[Xt])] +¢

2 teo 1&2
-z /(21))d < - )
\/%/5 ¢ = e |: 2w :|

Although Talagrand did not state his theorem?® in such a form one can
actually write it as follows:

Theorem 2 Let X1,...,X, ben i.i.d. random variables, €1,...,&, i.i.d.
random signs (+1 or —1 with probability 1/2) independent of the X!s and
{ft,t € T} a family of functions that are uniformly bounded by some
constant b. Let v = sup,ep Var(fi(X1)). There exists universal constants
ko > 1 and k1 such that for any positive £

1 n
P sup(\/_th E[f:(X )]) > kB ﬁ;ﬂft(Xz)

<o |- (_ ok (13)

In the sequel k1 and ko will always denote the two constants appearing
n (13).

Talagrand’s Theorem has many useful statistical consequences, such as
the following extension of a result from Mason & van Zwet (1987): the con-
trol of x*-type statistics K2 , = Zle(Xj —np;)?/np; with (Xq,...,X;) a
multinomial random vector with distribution M(n,p1,...,pr) and D < k.
If § = infi1<j<ppj, * > 0 and € > 0, the following inequality holds:

P[K2,, > (1+e)r2D + 2] < 2exp [_l’fj <1/\ %)] . (19

+¢

sup
t

3During the final revision of our article we became aware of improvements
by Talagrand (1995) and Ledoux (1995) of Theorem 2 that might lead to more
explicit lower bounds for our penalty functions.
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This inequality implies Mason and van Zwet’s inequality (Mason & van
Zwet 1987, Lemma 3) when < nd and provides more information on the
tail distribution of ICEL, p since it holds without any restriction on x. The
proof is given in Section 4.6.

4.4.2 SELECTING THE ORDER OF AN EXPANSION

In this section, we shall restrict ourselves to the nested case. The first result
deals with the analogue of Mallows’ C,.

Theorem 3 Assume that N holds, choose some positive 8 and define the
penalty function by pen(m) = (k3®2 + 0)D,,,/n. Then for any q > 1

D 2‘1/2
El||5—s|l9] < C ®.T,0) inf |2 m— ) 15
I8 =519 < C(q. 5], 2.T.6) inf | =+ ls — s (15)

In view of Proposition 1, the following theorem applies to cross-validated
projection estimators provided that the conjecture ko = 1 is true, but cross-
validation would also make sense with different values of the constant K,
in (16) below.

Theorem 4 Assume that N is satisfied, that Sy, is the linear span of
{©r}ren,, for all m’s, and that

1 Z
i f _— 2 = N
MIGI}\/In Dm / ( QDA) Sdﬂ “ 07

AEA,

n . 2 . n+1 2
K . — 1
pen(m) = TPy ;:1 XGEA ox(X;) with K, - (k5 +6) (16)

for some positive 8. Then for any g > 1

D 5 q/2
3 _ 5ll9] < i _m — .
ElJs — o] < Cla. sl T, inf, |22 4 s — o] a7)

4.4.3 EXTENSION

In order to analyze some particular types of estimators which were first
proposed by Efroimovich (1985) (see Example 2 below), it is useful to have
some more general version of Theorem 3. S, is a finite-dimensional space
with an orthonormal basis {¢x}yex, and |[A,| = N,. Let M,, be a finite
collection of sets (not necessarily totally ordered by inclusion but having a
maximal element m,,) and m’ — A, be an increasing mapping from M,
into the family of nonvoid subsets of A,,. We define S,,,/ as the linear span
of {¢r}xea,, ; then Dy = |Ayy|. Let M, be a totally ordered subfamily
of M,, containing m,, and for which Assumption N holds. One defines for
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each m’ € M,, an associate 7(m’) € M,, which is the smallest m such that
m D m'. Assuming that the penalty function satisfies the inequality

(k3D 4 0) D (my/n < pen(m’) < KD () /n,

it is easily seen that the bound (15) still holds for the PPE 3 based on the
larger family of sieves { Sy, },,c a1, » Where sy, is defined as before, since the
proof only involves the larger spaces S,/ and the values of the penalty
function. If we assume that for each m’ € M,

Dm’ > 6D'r(m’) (18>

for some fixed positive constant &, the penalty pen(m’) = 5~ !(k3®% +
0) D,y /n will satisfy the above inequality and since |87 — || > |87 (ms) — ||
(m")
the following bound remains valid:
D. . q/2
Efl5 - 59 < 6-92C(q, |s], ®.T.0) inf |27 1 s, — 5|2
rem n

m’'eM,,
4.4.4 SELECTING A SUBSET OF A BASIS
Let us now study the more general situation of a rich and possibly non-

nested family of sieves. We shall use the assumption

B: R, (s) = sup,eg, ||t|| 72 [t?sdu is finite and there exists a family of
weights Ly, > 1, m € M,, and a fixed constant A such that

> exp(~LmDn) < A. (19)
meEM,,

Our first theorem deals with a bounded situation where S, # S .

Theorem 5 Assume that ||t||co < By, for allt € S,, and that B holds with
R, (s) < By, pen(m) being possibly random.Then, for any q > 1,

E[l|5 = 5]|Is)]

< 0@ | inf, [Is = sl -+ Elpen(m))??1g]] + Az, /n)7"]

if Q is defined by
Q = {pen(m) > k7' (34 5V2ky + 4k3) By Ly Dy /0 for all m € M, }.

The boundedness restrictions on S, and R,,(s) being rather unpleasant
we would like to be dispensed with them. A more general situation can be
handled in the following way. We recall that s, is the projection of s on
S,., 4, the projection estimator defined on S,, and t,, the projection of ¢
on S,,.
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Theorem 6 Assume that B holds, p is a finite measure and there exists
some orthonormal basis {ox}ren, of Sn which satisfies ||pxllcc < PV N,

for all X € A, with N,, = |A,,| = n/(0,logn) where ® is a fized constant
and {0y} k>1 a sequence converging to infinity. Suppose that a real function
Y is given on S, such that for allt € S,, and m € My, ||tm|lec < ¥(t) and

[$(5n) = ¥(32)] < ®'V/Nyu sup [vn(02)]. (20)

A€EA,
Let us define the penalty function by

Ly Dy
n

pen(m) = K ((8,)+K"), with K> %(3—%5\@&2—#4/&3) (21)
1

where K' is a positive constant to be chosen by the statistician. Then, for
any q 21,

LD, ]

B[S 5|1 < Clo,K K A,%(s) it {lls 5ol +
+n"92C" (¢, K, K, ®, ¥, {0k}, T(s), Is])
provided that the following conditions are satisfied:

R, (s) <(5,) + K’ and  U(s) = sup ¥(8,) < 4o00. (22)

4.5 Examples

4.5.1 NESTED MODELS

Example 1 We assume here that the true s belongs to some unknown
Besov space Bg2oo(A) and that M, = {0,...,J,}. If A = [—A,A],
let J, = [logn], {¥r}rea be a wavelet basis of regularity r and A, =
EO<j<m A(4), then S, is the linear span of {px}rea,, If A = [0,1], Si
is the space of piecewise polynomials of degree < r based on the dyadic
partition generated by the grid {j27™,0 < j < 2™} and J,, = [logn]. If
A = T, S, is the set of trigonometric polynomials of degree < m and
Jn, = n. Provided that o < r 4+ 1, the approximation properties of s by
sm which are collected in Section 4.7.1 lead, for each of our three cases,
to a bias control of the form ||s — s,,|| < C(s)D,,*. Assumption N (ii) is
satified by the Fourier basis and N (i) by the piecewise polynomials because
of (7) and by the wavelets by (5). Therefore Theorem 3 applies and choos-
ing m in such a way that D,, =< n'/(112%) we get a rate of convergence
of order n=®/(22+1) provided that a < r + 1 except for the trigonometric
polynomials which allow to deal with all values of « simultaneously.

One can also use the cross-validated estimator defined in Theorem 5 if
we assume that (16) is satisfied.
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Example 2 S, is a finite-dimensional space with an orthonormal basis
{©x}rex, and |[A,| = N,. Let M, be the collection of all subsets of
{1,...,J,} and {A(j)}1<j<J, be a partition of A,. For any m’ € M,, we
define A,,,, = ZjEm, A(j) and Sy to be the linear span of {px}aea,,, - Let
M., be the collection of the sets {1, ..., 5} with 1 < j < J,, and assume that
N holds for M,,. Let us choose the penalty function pen(m’) = K|A,,/|/n.
Then the corresponding PPE will minimize

Y- Y Benos

jem’ | XeA®)

with respect to m’ and the solution is clearly to keep only those indices j
for which 37, 1) 3% > |A(j)|K /n. This is the level thresholding estimator
introduced by Efroimovich (1985) for trigonometric expansions and more
recently in Kerkyacharian, Picard & Tribouley (1994) with wavelets expan-
sions. We can deal with this example using the extension of Theorem 3 given
in Section 4.4.3 provided that the dimension of S,/ has the required prop-
erty (18). This property will be clearly satisfied if |A(j)| > (14 p)|A(j —1)|
for all j’s and some p > 0. Comparing these results with those of Example 1
we notice that this method performs exactly as the methods described in
Example 1. This means that in such a case one cannot do better with the
larger family {Sy.},, e x4, than with the simpler one {S,, }me, -

4.5.2 SELECTING A SUBSET OF A WAVELET BASIS

We shall now provide some details and proofs about the results announced
in Section 4.3.2. We follow hereafter the notations and assumptions of that
section. We recall that it follows from (5) that ||pa]ee < ®V/N,, for all
A € A, and that N, has been chosen of order n/(log®n) so that all the
structural assumptions concerning the basis which are required to apply
Theorem 6 are satisfied.

Example 3 (Thresholding) Following the set-up given in Section 4.3.2 we
want to apply Theorem 6, M, being the family of all the subsets of
A, and the penalty function being given by pen(m) = K(®s Yoo (3,) +
K")lognD,,/n.

Proof of Proposition 2:  Note first that R,,(s) < ||s]lecc < 400 since s € By.

The number of models m with a given cardinality |m| = D is bounded
by ( JE" ) < (eN,/D)P. Hence Assumption B holds with our choice

L,, = logn. Following (4), let us choose ¥(t) = ®, Yo (t) for all t € S,.
Then

J’IL
[¥(8n) = ¥(5n)] < PocXoo(Sn — 8n) < Do Slip [vn ()] Z2j/2
i=0
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which implies (20). It remains to check (22) which is immediate from (10)
and Ry (8) < I5]loo < PooBoo(s). O

When applied to Besov spaces, Proposition 2 gives

Corollary 1 Assume that s belongs to some Besov space B, p oo with 4+
1 > a > 1/p. Then the threshold estimator described above satisfies, for
any q > 1,

E[||s — s[|?] = O((log n/n)qa/(1+2a)>
provided that (10) holds.

Proof:  Since s belongs to By, Proposition 2 applies and provides an upper
bound for the risk of the form C[||s,, — s||? +lognD,,/n]%/? for any subset
m of A,. Although Proposition 6 of Section 4.7.2 has been designed for
the smaller family of sieves to be considered in the next example, we can
a fortiori apply it with the larger collection of sieves that we are handling
here. The choices J = .J,, and 27" =< (n/logn)/(1+29) ensure the existence
of some m such that

n 1/(142a) n —2a/(142a)
D, =0 and |[s —sp||? =0
logn logn

which leads to the expected rate. O

Example 4 (Special strategy for Besov spaces) We follow the set-up given
in Section 4.3.2. Let us first give more information about the computation of
the estimator. Since the penalty has the form K L|m/|/n, the estimator will
take a rather simple form, despite the apparent complexity of the family of
sieves. We have to minimize over the values of m in M,, = ZOSJ"SJn M?,ln
the quantity K L|m)|/n— Y orem 32. This optimization can be carried out in

two steps, first with respect to m € Mi for fixed j' and then with respect
to j’. The first step amounts to minimize

> [Emo- Y &

' <i<dn xem(s)

Since for a given j, |m(j)| is fixed, the operation amounts to selecting the
set 77’ () corresponding to the largest [|[A(j)|I(j — j')] coefficients |G| for
each j > j’. This is analogous but different from a thresholding procedure.
Instead of selecting the coefficients which are larger than some threshold,
one merely fixes the number of coefficients one wants to keep equal to |m(5)|
and takes the largest ones. For each j’ the minimization of the criterion
leads to the element 17" of /\/lf;ﬂ . One should notice that all the elements of
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Mf;n have the same cardinality QJ,Q(j’ ). Therefore one selects j' in order
to minimize . o,
- Y B+ KLY Q3)/n
Aemid’
which only requires a few comparisons because the number of j”’s is of the

order of logn. We now want to apply Theorem 6 to the family M,, with
pen(m) = K(® oY () + K')LD,, /n.

Proof of Proposition 3: The proof follows exactly the lines of the pre-
ceding proof with the same function 1, the only difference being the new
choice of the weight L which is now independent of n. Since |m| > M27

for all m € ./\/l{,,n7 we get

Z exp(—r1L|m|) < Zexp(—/ﬁlLMQj/ + log \./\/l{]/n|)
meMy, J’

(19) follows if we choose L > 2M ! supj/(Z’j/ log |M7J/ﬂ\) which achieves
the proof. O

Let us now conclude with an evaluation of the risk of § when the target
function s belongs to some Besov space. From now on, let [ be the function
l(z) = x=327".

Corollary 2 Assume that s belongs to some Besov space By p oo with v+
1>« > 1/p. Then the estimator § satisfies, for any q¢ > 1,

[ — 5[] = O(no/0+2))
provided that (10) holds.

Proof: It follows the lines of the proof of Corollary 1 by applying again
Proposition 6 which is exactly tuned for our needs. One chooses 2/ =
n'/(1422) and one concludes by Proposition 3. O

4.5.3 VARIABLE WEIGHTS AND PIECEWISE POLYNOMIALS

Example 5 We exactly follow the definition of the family of sieves given
in Section 4.3.3. and try to apply Theorem 6.

Proof of Proposition 4: Ry(s) is clearly bounded by ||s|/. Since there
is at most one sieve per dimension when m € 75§n and since the number
of different partitions including D nonvoid intervals (and therefore cor-
responding to a sieve of dimension D(r + 1)) is bounded by (e2”»/D)?,
(19) is satisfied and Assumption B holds. Recalling that whatever m and
t € S, t? € S, we conclude that R, (s) < [|5,]|ec- Let ¥(t) = ||]|oo- Since
by (8) ¥(5n) < (2r 4+ 1)||s]/co, (22) is satisfied. It remains to find a basis of
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S, with the required properties. We take the basis which is the union of
the Legendre polynomials on each elementary intervals. Due to the prop-
erties of these polynomials mentioned in Section 4.2.2; the required bound
on |[¢x]ls holds. Finally, denoting by I; the interval [(j — 1)277», j27/n)
we get by (7)

[¥(5n) = ¥(Sn)lle = sup [[(8n = 5n)Ip; oo
1<j<27n
< sup (20 +1)272)|(8, — 51, |
1<j<27n
< (2r +1)272V2r 11 sup vy ()
€A,

which gives (20) and Theorem 6 applies. O

Following the arguments of Example 1, one can conclude that the esti-
mator will reach the optimal rate of convergence n~®/(22+1) for all Besov
spaces Bu2oo([0,1]) with @ < r + 1 since in this case the best choice of
m corresponds to a regular partition and therefore L,, = 1. For other
densities, the risk comes within a logn factor to the risk obtained by the
estimator build on the best partition if s were known.

Remarks: A similar strategy of introducing variable weights could be ap-
plied in the same way to deal with the situation described in Example 3. It
would lead to similar results and give the right rate of convergence in Besov
spaces By2oo([0,1]) when 1/2 < o < r 4 1. But the resulting estimator
would not be a thresholding estimator anymore since the penalty would
not be proportional to the dimension of the sieve.

4.6 Proofs

4.6.1 INEQUALITIES FOR Y2 STATISTICS

Let ||a|| denote the euclidean norm in RP. Inequality (13) implicitly con-
tains the following bound on y2-type statistics which is of independent
interest.

Proposition 5 Let Xi,---, X, be i.i.d. random variables and Z, = \/nvy,
the corresponding mormalized empirical operator. Let o1,--+,0p be a fi-
nite set of real functions. Let v = sup), <1 E[(Zle ajpi(X1))?] and b* =

I Z?:I @?Hoo. The following inequality holds for all positive t and &:

P iZZ(%)2(1+6)/@§((Dv)/\62)+x §Zexp{1j}§ <%/\@>}
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Proof: ~ We denote by Z/ the symmetrized empirical process defined by
Zh(f) =n"Y2 3" eif(X;), where the ;’s are independent Rademacher
random variables independent from the X;’s. Let

D D
Y = sup |Z, Zajgoj and Y'= sup |Z) Zajcpj
lai<t| -\ i<y | "\
From the well known duality formula sup <1 | ZJD:l a;b;| = ||b|| and the

linearity of Z,, and Z; we derive that
1/2 1/2

D D
i) Y=Y Z¢) and i) Y =1 Z2;)
j=1 j=1

In order to apply Theorem 2 we first control Y’. It comes from (i’) and
Jensen’s inequality that
b 1/2 b 1/2
E(Y) < D E(Z(e)| < [D_E(X1)| <VDunb

Jj=1 Jj=1

and therefore Theorem 2 yields
2
P [Y > ka(VDu AD) —1—5} < 2exp [—/11 (% A _ff)} .
Since for e > 0, (a+3)? < a?(1+e)+6%(1+e 1), we get for z = (1+e71)&2

P[Y? > (1 +e)w3((Dv) Ab?) +a] < 2exp {_% (% . @)]

and the result follows from (i). O

In order to enlight the power of this bound, let us see what it gives for
the standard x? statistics. We want to prove (14). Considering a partition
of [0,1] by intervals (I;)i<j<p such that the length of each I; is equal
to p; and applying Proposition 5 with X; uniformly distributed on [0, 1],
¢; = (1/Pj)l,, v="1and b* = 1/§ > D we get the required bound (14)
for the x? statistics K7, , which has the same distribution as ZjD:1 Zx(pj).

4.6.2 PROOF OF THEOREMS 3 AND 4

Without loss of generality we can assume that the index set M, is chosen
in such a way that m = D,,, and that S,, is the largest of the S,,’s, which
we shall assume throughout the proof. Let m be some element of M,, which
minimizes the sum m/n + ||s — s,,]|?,m’ an arbitrary element in M,, and
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t € Sp. We define w(t) = ||s — t|| + ||s — sm|| and apply Talagrand’s
Theorem to the family of functions f; = (¢ — sp)/w(t) for t € S, Tt
will be convenient to use the following form of Theorem 2 which is more
appropriate for our needs:

J <o [ (505)]
tan(ft)ZHQE—Ff <exp |—nk1 v/\ (23)

b
To control E, we shall distinguish between two cases:
(a) If m < m/ then sy, € Sp. Let {pr}rea,, be an orthonormal basis of

5‘,”/. Then t — Sm = EAGAMI BAQD)\ and

n 2 n 2
(%sttsm)(xz)) < t—sml* Y E (%stmxz«))
i=1 AEA,,/ =1

> ElR (XD = smll.
AEA,/

with

b= sup I filloo; v= sngar(ft(X)); sup |

Zsz.ft

A

Since w(t) > ||t — sm | and Assumption N holds we get
1
E*< — [ ¥2,sd h vl = 3<% 24
<3 [ e 9= 3 g

(b) If m > m/, one uses the decomposition t — s, = (t — S/ ) + (S — Sm)
and the inequalities w(t) > |[s —¢|| > ||s — Sm/|| = [|Sm — Sm || and ||s —¢]| >
n

lsms — t]] to get by similar arguments
t — sm/ — Sm/ (Xz)
Z& Zel el

1 1/2 1 [ (s N2sdu M2
—/\I/fn,sdu + f Sm = Sme)*sdjr) T (25)
n nosm = sn?

One concludes in both cases that E < E,,,, with

1 1/2 [m
En = (E/ nL’SdM) _|'H{m’<m}(I> Z (26)

Let us now fix n > 0, m = m V m’ and for £ > 0 define x,,,v = x, (§) by
nx2, = & + nm. Notice that for any u € S, and t € Sy, ||t — ullee <
|t — u||®+/m from which we get

E

IN

sup

IN

-3 Sm — t)2s _
il < ez omlloo g var(px)) < LEm =070 0/

= sl [t = smll?
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Then (23) implies that

n t— m
P=P| sup M > KoEpy + Ty
teS,,/ w(t)

ol (o)

Since nzfn, > /nm/2(E4+/nm); T V/2n > E4/mm and m’ < m < nl 72,

one gets
)

P < exp|—

5] 2m

¢ en] e o) ()]

Denoting by ¢ the following event

tes,, w(t)

m

Qe = { sup Va(t = 5m) < koBEp + xp (€) forall m' e ./\/ln} (27)

we see that since the m’’s are all different positive integers

- < |67 (7 )] Yo |-vigg (7 07)]

If Q¢ is true, Lemma 1 implies that

Is = 3l* < lIs = sml® + pen(m) — pen(in)
+2(k2 B + 2w (§)(Ils = Sl + s —smll).  (28)
We shall again distinguish between two cases and repetedly use the inequal-
ity 2ab < a?a? 4+ a—2b2.
(a) If m < m one applies (26) and (24) to get

2
(k2B + 2 (©)] < 8k3022 4 = [¢2 4] =

3w

[m (4255 + 1) + €7,
from which (28) becomes

- 1 -
Is =31 < lls = smll* + pen(m) + 5 (s = 3[1* + s = sml|*)

+ % [m(492k3 + n) + €]

and finally

16

s =811 < — [m(4@°53 + 1) + €] +3[|s — sm[|* + 2pen(m).  (29)
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(b) If m > m, one chooses two real numbers a and 5 € (0,1) and applies
the following inequalities

2|5 = sl (k2B + 2 (€)] < 0 (k2 B + 2 ()] + @2 ||s — sy |
2l|s = 3|l ke B + 2 (€)] < B° (k2B + 2 () + 5775 — 5|
k2B + 2 (€)]” < (1+0°) ((2B)? + a2, (6))
together with (28) to derive
A=87)s =37 < (o®+F*)(1+a?) [(k2Bm)* +a 227, ()]
+ (14 a"?)||s — sm||* + pen(m) — pen(in).

Since by (26), nEZ% = [ W2 sdy and nzZ = 2 + niv when i > m, we get

£
A=672)s =3P <1 +a” )<||5—Sm||2 (a® + %)= ]+ pen(m) (30)
provided that the penalty satisfies for all m’ € M,,
2 2)(1 2 /
pen(m’) > (o 4+ 5°)(1+a?) [n%/wfn,sdu+ n;;l } (31)

n

Under the assumptions of Theorem 3 we can apply (24) and (31) will hold
provided that a,n and 1 — 8 are small enough depending on §. One then
derives from (29) and (30) that in both cases with probability greater than

— P[]

2
Is = 5% < Cills — sm 1 + Cz— + 052

Theorem 3 then follows from Lemma 2.
To prove Theorem 4 we first apply (24) and Hoeffding’s inequality to get

P [vn (70)

for any positive ¢, which implies that P(Q¢) < 2nT'~2 exp|—(ne?)/(202)] if
we denote by €2, the event

1 n
—Z Z goi(Xi)f/\I!fn,sdu <em' forall m' eM,
n

i=1 )\EAm’/
( 2 sdu —em )

od +t9am’+0_m’ y e 3nK,
m ST T 3n O(n+1)

—2ne?m'?
4(1)2m/2

’] §2exp{

If Q,, is true

pen(m') >

3

AV
S|
/\-i-




4. From Model Selection to Adaptive Estimation 80

for all m’" € M,, and (31) will then be satisfied provided that we choose
a,n,e and 1 — 8 small enough, depending only on k9,60 and a. In order to
conclude we notice that on €2,

2

. 5 nd

s—Ws2|W+§j@zg<ﬂu(ﬁ)>
AEA,

since S, is one of the S,,’s and therefore |ﬁA| < |leallo < ®V/N,,. Hence

= _ 2 2n n52
EW—W%ﬂsmwﬂm%%ﬂWfﬁmPﬁﬂ.

On the other hand on €, (31) is satisfied and pen(m) is bounded by

K,
n+1

1
pen(m) < (/ U2 sdy + 5m> < E(m% +0)(®%*m + em)

and finally by (30)

2
~ m
Is = 5120, < Cills = sl + o + G

which allows us to conclude by Lemma 2.

4.6.3 PROOF OF THEOREMS 5 AND 6

Let m be some fixed element of M,,, m’ an arbitrary element in M, and
t € Sy . Once again, we want to apply Theorem 2 to the family of functions
fr = (t — sm)/w(t) where w(t) = (||s — t|| + ||s — smll) V 22,y with ¢ €
Sy 22, = 22 ,(&) = Bp(&2 + k7' Dy Lyns ) /1 and € > 1. We get

- m —t)?sd
= smlle & 2Bn oy o)) < Lom =00k

<
[ felloo < Wy 2y = t=—sml2 T

E < /BuDum /4 \/Bn/n < Epy = V22

by the analogues of (24) and (25) since R, (s) < B,, and now D, # m/.
Theorem 2 then implies that

t —
P | sup Vn(t = 5m) > ko Em + Ty (5)] < exp [—

nK1z2, ]
tESm/ 'Ll)(t)

B,
and we use Assumption B with Q¢ defined by (27) to get

1-P[Q¢] < Z exp[—r1€2 + Dy L] < Aexp(—r1€2). (32)
m/eM,,
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Let 2(k2Epy + Tpy) = KZpyy. Lemma 1 implies that, if Qg is true

s = 512 < [1s — smll? + pen(m) — pen(i) + ko (€uw(3).  (33)
Then either w(3) = 2x7(€) and x5 (&)w(3) = 22% (€) or

225 (w(s) = 2zm(§)lls — 5l + 2z (E)lls — sml
< 2 (&) +lls — sl + Kaf (€) + s - 31* /.

In both cases since £ = 2(1 4 kv/2) > 3

2625 (E)w(3) < ills = sm|® + £(1 + K)2F,(6) + IIs — 5
and (33) becomes with x(1 + k) = 2(3 + 5v/2k9 + 4k3)

Is =31 < 2+ K)lls = smll* + 2[pen(m) — pen(m)] + k(1 + k)2, (€).

Therefore on the set ¢ N Q,

ls = 81 < 2 |(2+ k2V2)lls — s> + pen(m) | + (1 + £)Ba&?/n

and Theorem 5 follows from (32) and an analogue of Lemma 2.

Let us now turn to Theorem 6. Let R = (5,) + K/ > R,(s), e =
R/(3®'\/N,) and Q be the event {sup, |vn(¢x)| < €}. From our assump-
tions and Bernstein’s inequality we get

—ne?

2R, (s) + 20/ N,e

since [loalle < ®V/N,, and Var(px(X1)) < [@3sdp < Ry(s). Let B, =
2(1(5,) — R/3+ K') and assume that  is true; then by (20) ¢(5,) — R/3 <
¥(8,) < ¥(5,) + R/3. Since s, and §,, are the projections of s, and §,
respectively on S,,, one derives that

]P’[QC} < 2N, exp (34)

_ !/
] §2Nnexp[ K@nlogn}

20/(99' + D)

R < By; sup ||=§mHoo < ¢(§n) < By; sup ||5m||oo < 1/1(§n) <B,
meM meM

and for all m € M,, simultaneously since K > k(1 + k)/k1

LDy, 4K L., D,,
< < ——
k(1+ K)By oy = pen(m) < 3

(¥(5n) + K').

If §' is the penalized projection estimator defined on the family of sieves
Sl..m € M, with a penalty given by (21) and S}, = {t € Sim | lt]leo <
B, }, it follows from the above inequalities that § = § and that Theorem 5
applies to §'. One can then conclude since L, D,, > 1 that

E[ll5 - /L]

IN

C(a) [lIs = smll? + El(pen(m))*/Ig] + A(By /n)"?|

IN

C(q)

L. D a/2
||s—sm|Q+c’<q,A,w<s>,K7K’>( r m) ]
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On the other hand, if Q does not hold one uses the crude estimate

13llo0 < [[Y(30)lloe < (s) + @'/ Ny sup [vn(Pa)lloc < W(s) + PPN,
J
from which one deduces by (34) since C'2 = [ du < +o0 that

et
E[l|s = §]Ine] < 2No[C'(T(s) + ©'Ny) + [|s]]? exp { e ] ’

20/ (99 + @)

which is bounded by Cn~%/? as required if C' is large enough.

4.7 Some results in approximation theory for
Besov spaces

4.7.1 LINEAR APPROXIMATIONS

We shall collect here some known results of approximation of Besov spaces
Bapoo(A) defined in Section 4.2.2 by classical finite-dimensional linear
spaces. We first assume that p = 2 and consider the following approxi-
mation spaces:

e If A =10,1] let S be the space of piecewise polynomials of degree
bounded by r with r > a— 1 based on the partition generated by the
grid {j/D,0<j < D}

o If A =T let S be the space of trigonometric polynomials of degree
< D;

o If A=[—A,A]let S be the space V; generated by a wavelet basis of
regularity » > o — 1 defined in Section 4.2.2 with D = 27.

Let m(s) be the projection of s onto the approximating space S. Then in
each of the three situations, with different constants C(s) in each case, we
get

[s = m(s)|| < C(s)D™*. (35)

The proof of (35) comes from DeVore & Lorentz (1993) page 359 for piece-
wise polynomials and page 205 for trigonometric polynomials. For the
wavelet expansion we shall prove a more general result than (35) which
holds when p < 2 and o > 1/p — 1/2. From the classical inequality

2/p

ST OB < @Mt ST gy e

AEA(H) AEA(F)
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and (6) we derive that

at+5—= +
s —w()IIP =3 3 187 < llsI? Y 27 ¥t a ) 20 ar) -2,

J>J AeA()) i>J

This implies for p = 2

2
_ 2 2 9—2ja _ IIsll 9—2Ja
Is = w(s)I < WsI? 3 g,

i>J
which gives (35) since D = 2. Moreover for p < 2 and « > 1/p — 1/2,

)2 < a2 S 2ot _ et
ls = (s)I* < IsI* D = sl S (36)
i>J 2 -1

4.7.2 NONLINEAR APPROXIMATIONS

Starting with a wavelet basis {¢)}rea as described in Section 4.2.2, we
follow the framework stated for Proposition 3 of Section 4.3.2 with I(z) =
7327, We want to study the approximation properties of the union of

linear spaces S,, = Span({px | A € m}) when m belongs to Mf,/

Proposition 6 All elements of /\/ljl have the same cardinality bounded by

k' M27 and log |M | is bounded by k" M27". Moreover, if M27" > J3 and
s belongs to Bupoo([—A, A]) with p < 2 and o > 1/p — 1/2 there exists

m € ./\/l?',/ such that
s = sml® < Clls|? (27209 + 2727 (+473)) (37)

Remarks

e From the bounds on the cardinalities of both Mj ' and the elements

of M?], one can derive that U, 'm 18 a metric space with finite

em?
metric dimension (in the sense of Le Cam) bounded by D = C'27'
whatever J.

e Choosing J < aj’ /(o +1/2 — 1/p), this finite dimensional nonlinear
metric space approximates Bg poo([—A, A]) within O(D~%). Hence
(37) provides an analogue of (35), the difference being that a non-
linear finite-dimensional space instead of a linear vector space (both
with dimensions of order D) is needed to get the D~ %-rate of approx-
imation for p < 2.

o As a consequence, the e-entropy of {s € By poo([—A4, A]) | |Is]| < 1} is
of order e=%/® when a > 1/p — 1/2.
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Proof of Proposition 6: The bound on |m| derives from
j/ - -7 J_]/ -/
m| =M [ Y 27427 Y " 2FI(k) | < &/ M2T.
§=0 k=1
The control of \MJJ/ | is clear for j' = J. Otherwise

M| = ﬁ ( [Mgg%jj_ 3] ) = jﬁl( [MAQ/[j%rj;;Zj)] )

i=3'+1

and from the inequality log ([nnx]) < nz(log(1/z) + 1) which holds for
0 < x <1 one gets

log | M7 | < M2 izjl(j) <1og <z(1])) + 1)

j=1

and the series converges from our choice of . If p = 2, the conclusion of
Proposition 6 follows from (35). If p < 2 the bias can always be written as

J
HS*SM‘P:Z Z ﬂiJr Z Z ﬁi

i>J AeA()) J=3'+1 XeA(5)\m(j)

where the second term is 0 when j° = J. We can bound the first term by
(36). In order to control the second term we shall need the following

Lemma 3 Assume that we are given n nonnegative numbers 0 < by <
. < by with Y., b; = B. For any number r > 1 and any integer k with
1<k<n-—1 one has

kl T
ZbT<BT ST Hr,

Proof of the lemma: One can assume without loss of generality that
B =1 and that for ¢ > n — k the b;’s are equal to some b < 1/k. Then
S F b; 4+ kb = 1 which implies that

n—k n—k
Db <Y b =01 — kb),
i=1 =1

and the conclusion follows from a maximization with respect to b. O

We choose m such that for j > j’, m(j) corresponds to the [M271(j —j")]
largest values of the | 35| for A € A(j). Since by assumption M2/ > (J—j')3
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and I < 1,1 < |m(j)] < |A(j)| and we may apply Lemma 3 with » = 2/p
to get

and k = [m(j)|
2/p
oo < cw| X Kl (mG))
AEA()\m(J) AEA())
< Clp, M)|JslP2 ¥+ =5) (29135 — )7

from which we deduce that

J e}
S Y B <O sl Y o (271)

J=3"+1 XEA(H)\m(j) j=1

and the series converges since 271(j) = j 7% and a +1/2 — 1/p > 0. O
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