hal-00347691, version 1 - 16 Dec 2008

Model selection for density
estimation with [Lo-loss

Lucien Birgé

Université Paris VI
Laboratoire de Probabilités et Modeles Aléatoires
U.M.R. C.N.R.S. 7599

20/10/2008

Abstract

We consider here estimation of an unknown probability density s belonging
to Lo(p) where p is a probability measure. We have at hand n i.i.d. observations
with density s and use the squared Lo-norm as our loss function. The purpose of
this paper is to provide an abstract but completely general method for estimating
s by model selection, allowing to handle arbitrary families of finite-dimensional
(possibly non-linear) models and any s € Ly (). We shall, in particular, consider
the cases of unbounded densities and bounded densities with unknown IL,,-norm
and investigate how the L..-norm of s may influence the risk. We shall also
provide applications to adaptive estimation and aggregation of preliminary es-
timators. Although of a purely theoretical nature, our method leads to results
that cannot presently be reached by more concrete ones.

1 Introduction

1.1 Histograms and partition selection

Suppose we have at hand n i.i.d. observations Xi,...,X,, with values in the mea-
surable space (X,)) and they have an unknown density s with respect to some
probability measure y on X. The simplest method for finding an estimator of s is to
build an histogram. Given a finite partition Z = {I1, ..., I} of X with u(f;) =1; >0
for 1 < j <k, the histogram $7 based on this partition is defined by

k n
. 1 .
SI(Xl, ... ,Xn) = H E Nj]l[j, with Nj = E ]ljj (Xz) (1.1)
J j=1 i=1
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Let

k k
pj:/jsd,u, _I:Z]l)—;]l[j and Stz = Zﬁj]lfj BieRfor1<j<k
j j=1 j=1

If s € La(p), then Sz is the orthogonal projection of s onto the k-dimensional linear
space S7 spanned by the functions 1;;. Choosing the squared Ly-distance induced
by the norm || - || of La(u) as our loss function leads to the following quadratic risk
for the estimator §7:

1 pi(1—py)
E[H§1—3H2]:H§I—SH2+EZ J 3 2y (1.2)
j=1 /

Hence, if s € Loo(t), with norm ||s|/~, the quadratic risk of 7 can be bounded by

. _ k—1)|s]leo
E 6z — s17] < 15z - s + B ollee (1.3

and, as we shall see below, this bound is essentially unimprovable without additional
assumptions.

The histogram estimator Sz is probably the simplest example of a model-based
estimator with model Sz, i.e. an estimator of s with values in S7. It may acually be
viewed as the empirical counterpart of the projection 37 of s onto S7.

Suppose now that we are given a finite (although possibly very large) family
{Zn,m € M} of finite partitions of X with respective cardinalities |Z,,|, hence the
corresponding families of models {S7, ,m € M} and histogram estimators {3z, ,m €
M}. Tt is natural to try to find one estimator in the family which leads, at least ap-
proximately, to the minimal risk inf,,ea E [||37,, — s/|*]. But one cannot select such
an estimator from (1.2) or (1.3) since the risk depends on the unknown density s via
517,,- Methods of model or estimator selection base the choice of a suitable partition
Ly with m = m(Xq,...,X,) on the observations. When s € L (p) one would like
to know whether it is possible to design a selection procedure m(X1, ..., X,) leading
(at least approximately), in view of (1.3), to a risk bound of the form

E [llsz,, —sI] <€ inf {5z, — sl + 0 lsllolZul}
for some universal constant C, even when ||s||s is unknown.

1.2 What is presently known

There exists a considerable amount of litterature dealing with problems of model or
estimator selection. Most of it is actually devoted to the analysis of Gaussian prob-
lems, or regression problems, or density estimation with either Hellinger or Kullback
loss and it is not our aim here to review this litterature. Only a few papers are
actually devoted to our subject, namely model or estimator selection for estimating
densities with Lo-loss, and we shall therefore concentrate on these only. These papers
can roughly be divided into three groups: the ones dealing with penalized projection
estimators, the ones that study aggregation by selection of preliminary estimators
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and the ones which use methods based on the thresholding of empirical coefficients
within a given basis. The last ones are typically not advertised as dealing with model
selection but, as explained for instance in Section 5.1.2 of Birgé and Massart (2001),
they can be viewed as special instances of model selection methods for models that
are spanned by some finite subsets of an orthonormal basis. All these papers have in
common the fact that they require more or less severe restrictions on the families of
models and, apart from some special cases, typically assume that s € Ly (1) with a
known or estimated bound for ||s]|ec-

In order to see how such methods apply to our problem of partition selection,
let us be more specific and assume that X = [0, 1], x is the Lebesgue measure and
N = {j/(N +1),1 < j < N} for some (possibly very large) positive integer N.
For any subset m of AN/, we denote by Z,, the partition of X generated by the in-
tervals with set of endpoints m U {0,1} and we set S,, = Sz, and §,, = 87,,. This
leads to a set M with cardinality 2V and the corresponding families of linear models
{§m7 m € M} and related histogram estimators {$,,,m € M}. Then all models S
are linear subspaces of the largest one Syr. Of particular interest is the dyadic case
with N = 25 — 1 for which S is the linear span of the 2 first coefficients of the
Haar basis. There is, nevertheless, a difference between expansions in the Haar basis
and projections on our family of models. Let us, for instance, consider the function
Ijp o). It belongs to the two-dimensional model g{l} but its expansion in the Haar
basis has K non-zero coefficients.

Given a sample X1, ..., X, with unknown density s, which partition Z,, should we
choose to estimate s and what bound could we derive for the resulting estimator?
Penalized projection estimators have been considered by Birgé and Massart (1997)
and an improved version is to be found in Chapter 7 of Massart (2007). The method
either deals with polynomial collections of models (which does not apply to our case)
or with subset selection within a given basis which applies here only when N = 25X —1
and we use the Haar basis. Moreover, it requires that N < n/logn and a bound on
I3z, ||loc be known or estimated, as in Section 4.4.4 of Birgé and Massart (1997), since
the penalty depends on it.

Methods based on wavelet thresholding, as described in Donoho, Johnstone, Kerky-
acharian and Picard (1996) or Kerkyacharian and Picard (2000) (see also the numer-
ous references therein) require the same type of restrictions and, in particular, a
control on ||s|lc in order to properly calibrate the threshold. Also, as mentioned
above, restricting to subsets of the Haar basis may result in expansions that use
many more coefficients (K instead of 2, for instance) than needed with the partition
selection approach.

Aggregation of estimators by selection assumes that preliminary estimators (one
for each model in our case) are given in advance (we should here use the histograms)
and typically leads to a risk bound including a term of the form n™!||s||s log |M| =
n~1N|s||oo log 2 so that all such results are useless for N > n. Moreover, most of them
also require that an upper bound for ||s|| be known since it enters the construction
of the aggregate estimator. This is the case in Rigollet (2006) (see for instance his
Corollary 2.7) and Juditsky, Rigollet and Tsybakov (2007, Corollary 5.7) since the
parameter 3 that governs their mirror averaging method depends crucially on an
upper bound for [|s]|s. As to Samarov and Tsybakov (2005), their Assumption 1
requires that N be not larger than C'logn. Similar restrictions are to be found in
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Yang (2000) in his developments for mixing strategies and in Rigollet and Tsybakov
(2007) for linear aggregation of estimators. Lounici (2008) does not assume that
s € Lo but, instead, that all preliminary estimators are uniformly bounded. One can
always truncate the estimators to get this, but to be efficient, the truncation should
be adapted to the unknown parameter s, and therefore chosen from the data in a
suitable way. We do not know of any paper that allows such a data driven choice.

Consequently, none of these results can solve our partition selection problem in a
satisfactory way when N is at least of size n and ||s||o is unknown. This fact was
one motivation for our study of model selection for density estimation with ILo-loss.
Results about partition selection will be a consequence of our general treatment of
model selection. This treatment allows to consider arbitrary countable families of
finite-dimensional models (possibly nonlinear) and does not put any assumption on
the density s, apart from the fact that it belongs to Lo(u); it may, in particular, be
unbounded. We do not know of any result that applies to such a situation. There is
a counterpart to this level of generality: our procedure is of a purely abstract nature
and not constructive, only indicating what is theoretically feasible. Unfortunately,
we are unable to design a practical procedure with similar properties.

2 Model based estimation and model selection

To begin with, let us fix our framework and notations. We want to estimate an
unknown density s, with respect to some probability measure p on the measurable
space (X, W), from an ii.d. sample X = (Xy,...,X,,) of random variables X; € X
with distribution P; = s - . Throughout the paper we denote by P, the probability
that gives X the distribution P®", by E, the corresponding expectation operator and
by || - |lg the norm in L,(p), omitting the subscript when g = 2 for simplicity. We
denote by dy the distance in Lo(p): da(t,u) = ||t —ul|. For 1 < ¢ < +4oocand I' > 1,
we set

Eq:{teLq(u)‘tZO and /tduzl}; E;:{teiw\ntnwgr}. (2.1)

We measure the performance at s € Ly of an estimator 3(X) € Ly by its quadratic risk
Es [d3 (3(X),s)]. More generally, if (M, d) is a metric space of measurable functions
on X such that M NL; # @, the quadratic risk of some estimator § € M at s € M NL,
is defined as E, [d? (3(X), s)]. We denote by |Z| the cardinality of the set Z and set
aVb and aAb for the maximum and the minimum of @ and b, respectively. Throughout
the paper C (or C’, ...) will denote a universal (numerical) constant and C(a, b, .. .)
or Cy a fonction of the parameters a,b,... or ¢. Both may vary from line to line.
Finally, from now on, countable will always mean “finite or countable”.

2.1 Model based estimation

A common method for estimating s consists in choosing a particular subset S of
(M, d) that we shall call a model for s and design an estimator with values in S. Of
this type are the mazimum likelihood estimator over S or the projection estimator
onto S. Let us set M = L; and choose for d either the Hellinger distance h or the
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variation distance v given respectively by
9 1 2 1
h=(t,u) = 3 (\/E - \/ﬂ> du and v(t,u) = 3 [t — ul|du.

It follows from Le Cam (1973, 1975, 1986) and subsequent results by Birgé (1983,
2006a) that the risk of suitably designed estimators with values in S is the sum of
two terms, an approzimation term depending on the distance from s to S and an
estimation term depending on the dimension of the model S which can be defined as
follows.

Definition 1 Let S be a subset of some metric space (M,d) and let By(t,r) denote
the open ball of center t and radius r with respect to the metric d. Given n > 0, a
subset Sy, of M is called an n-net for S if, for each t € S, one can find t' € Sy with
d(t, t') <.

We say that S has a metric dimension bounded by D > 0 if, for every n > 0, there
exists an n-net Sy, for S such that

1Sy N By(t,zn)| < exp [Da?®]  for all z > 2 and t € M. (2.2)

Remark: One can always assume that S, C S at the price of replacing D by 25D /4
according to Proposition 7 of Birgé (2006a).

Typical examples of sets with metric dimension bounded by D when (M,d) is a
normed linear space are subsets of 2D-dimensional linear subspaces of M as shown
in Birgé (2006a). If d is either h or v and S C L; has a metric dimension bounded
by D > 1/2, there exists a universal constant C' and an estimator §(X) with values
in S such that, for any s € L1,

E, [d* (3(X),s)] < C |inf d*(s,t) +n~'D|. (2.3)
tesS
In particular, sup, g Es [d* (8(X),s)] < Cn~'D. This results from the following

theorem about model selection of Birgé (2006a) by setting M = {0}, So = S, Dy = D
and Ag = 1/2.

Theorem 1 Let Xq,...,X, be an i.i.d. sample with unknown density s belonging
to Ly and {gm,m € ./\/l} a finite or countable family of subsets of L1 with metric
dimensions bounded by D,, > 1/2 respectively. Let the nonegative weights Ap,, m €
M satisfy

> exp[-Ap] =T < +oo. (2.4)
meM
Then there exists a universal constant C' and an estimator §(X1,...,Xy,) such that,
for any s € Ly,
E, [d*(5,5)] < C(1+ %) inf [ inf d*(s,t) +n (D V AR)| - (2.5)
meM tESm
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Unfortunately, as we shall see below, (2.3) does not hold in general when (M,d) =
(L2(p),dz). In particular, whatever the estimator 3, sup, gE, [d? (3(X),s)] may
be infinite even if S C Lg(u) has a bounded metric dimension. This difference is
due to the following fact: h and v are actually distances defined on the set of all
probabilities on (X, W) and h(s,t) = h(Ps, P;) is independent of the choice of the
underlying dominating measure, the same property holding for the variation distance
v. This is not the case for ds which is a distance in Ls(u) depending on the choice of
w and definitely not a distance between probabilities. Even the fact that s = dPs/dpu
belong or not to La(u) depends on p. Further remarks on this subject can be found
in Devroye and Gyorfi (1985) and Devroye (1987).

Nevertheless, the LLo-distance has been much more popular in the past than either
the Hellinger or variation distances, mainly because of its simplicity due to the clas-
sical “squared bias plus variance” decomposition of the risk. Although hundreds of
papers have been devoted to the derivation of risk bounds for various specific esti-
mators, we do not know of any general bound for the risk similar to (2.3) based on
purely metric considerations for the distance ds.

2.2 Projection and histogram estimators

To illustrate the specificity of the Ly-risk, let us turn to a quite classical family of
model-based estimators for densities, the projection estimators of Cencov (1962).
To estimate a density s € Ly from an i.i.d. sample Xi,...,X,, we chose some k-
dimensional linear subspace S of Ly (1) together with an orthonormal basis (¢1, . . . , @)
so that the projection 3 of s onto S can be written 3 = Zle Bjpj. Then we
estimate each coefficient 3; = [,sdu in this expansion by its empirical version
ﬁj = n~ 13" j(X;). This results in the projection estimator § = Z§:1 ﬁjgpj

(which in general does not belong to 1) with risk

k
I5 = sl* +n~" Y Var, (9;(X1))
j=1

E, [[I5 - s]?]

o
< J5—sl?+n ! / S 62 (@) | s(x) dua)
=1 |
k
< PoslP+ntmind |SG3| ksl b (26)
j=1 oo

A particular case occurs with the histogram $7 given by (1.1) which corresponds to
choosing ¢; = lj_l/2]11j, S =8z and 3 =37. If [; = k! for all j, we get a regular

histogram and derive from (1.2) and a convexity argument that
E, [[ls = 32I%) < lls = 52l + (k = 1)/n.

But, for general partitions, the bound (1.3) clearly emphasizes the difference with the
risk bound of the form (2.3) obtained in Birgé and Rozenholc (2006) for the Hellinger
loss:

E, [h*(s, 37)] < h*(s,37) + (k — 1)/(2n).
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Moreover, (1.3) is essentially unimprovable without further assumptions on s if the
partition 7 is arbitrary, as shown by the following example. Define the partition
Zon X =[0,1] by I; = [(j — 1)y, jo) for 1 < j < k and I, = [(k — 1), 1] with
0<a<(k—1)7% Set s=s7 =[(k—1)a]" [l —1;]. Then p; = (k—1)~! for
1<j <k, s=37 and it follows from (1.2) that

k—2 (k_2)”s”oo,

E, [Hs B §I||2] - (k—1)an - n

which shows that there is little space for improvement in (1.3).

2.3 Some negative results

The fact that the L,,-norm of s comes into the risk is not due to the use of his-
tograms or projection estimators as shown by another negative result provided by
Proposition 4 of Birgé (2006b) that we recall below for the sake of completeness.

Proposition 1 For each L > 0 and each integer D with 1 < D < 3n, one can find
a finite set S of densities with the following properties:

i) it is a subset of some D-dimensional affine subspace of Lo ([0, 1], dz) with a metric
dimension bounded by D/2;

i1) sup g [|5lloc < L +1;

i11) for any estimator §(X1,. .., X,) belonging to ([0, 1], dx) and based on an i.i.d.
sample with density s € S,

supE, [||5 — s[|*] > 0.0139DLn"". (2.7)
s€S

It follows that there is no hope to get an analogue of (2.3), under the same assump-
tions, when d = dy and the best one can expect in full generality, when S is a model
with metric dimension bounded by D and s € L, is to design an estimator § with a
risk bounded by

Eq [d% (3,9)] <C inf d5(s,t) + 1" D||s||s0 | - (2.8)
tesS

The situation becomes worse when s ¢ Lo (2) or if sup, 5 [|s|lc = +00 as shown by
the following lower bound to be proved in Section 7.1.

Proposition 2 Let S = {s9,0 < 0 < 1/3} be the set of densities with respect to
Lebesgue measure on [0,1] given by

Sp = 9_2]1[0793] + (92 +0+ 1)_1 ]1(93,1].

If we have at disposal n i.i.d. observations with density sg € S, we can build an
estimator 8, such that supg.g<y/3Es, [nh2(89,.§n)] < C for some C independent of
n. On the other hand, although the metric dimension of S with respect to the distance
dy is bounded by 2, supyg<1/3 Es, [Ilsg — 8nl|?] = +oo, whatever n and the estimator

5.
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2.4 About this paper

Our purpose here is twofold. We first want to derive estimators achieving a risk bound
which generalizes (2.8) in the sense that it could also apply to the case of s € L. We
know from (2.6) that projection estimators do satisfy (2.8) when S is a D-dimensional
linear space, but do not have any result for non-linear models. Our second goal is to
handle many models simultaneously and design an estimator which performs as well
(or almost as well) as the estimator based on the “best model”, i.e. one leading to
the smallest risk bound (up to some universal constant). This is possible when the
distance d is either the Hellinger distance h or the variation distance v, as shown by
Theorem 1. As compared to the bound (2.3), we simply pay the price of replacing D,,
by A,, when A,, > D,,. This price is due to the complexity of the family of models
we use (there is nothing to pay in the simplest case of one model per dimension) and
this price is essentially unavoidable, as shown in a specific case by Birgé and Massart
(2006).

It follows from the previous section that it is impossible to get an analogue of
Theorem 1 when d = da. We shall explain what kind of (necessarily weaker) results
can be obtained in this context and to what extent Theorem 1 can be rescued. For
this, we shall proceed in several steps. In the next section we shall explain how
to build estimators based on families of special models S,,, following the method
explained in Birgé (2006a). These models need to be discrete subsets of EZO (for
some given I') with bounded metric dimension while there is no reason that our
initial models S,, be of this type (think of linear models). Section 4 will therefore
be devoted to the construction of such special models S, from ordinary ones. This
construction will finally lead to an estimator §' belonging to EEO, the performance
of which strongly depends on our choice of I'. In Section 5, we shall explain how,
given a geometrically increasing sequence (I';);>1 of values of I" and the corresponding
sequence of estimators §'¢, we can use the observations to choose a suitable value for
I'. Since we have a single sample X to build the estimators §'¢ and to choose I', we
shall proceed by sample splitting using one half of the sample for the construction of
the estimators and the second half to select a value of I'. In particular, for the case
of a single model, this will lead to a generalized version of (2.8) that can also handle
the case of s € Lo,. When s € L, (with an unknown value of ||s||), the risk bounds
we get completely parallel (apart from some constants depending on ||s||o.) those
obtained for estimating s in the white noise model. We shall give a few applications
of these results, in particular to aggregation of preliminary estimators, in Section 6,
while the last section will be devoted to the most technical proofs.

3 T-estimators for Ls-loss

In order to define estimators based on families of models with bounded metric dimen-
sions, we shall follow the approach of Birgé (2006a) based on what we have called
T-estimators. We refer to this paper for the definition of these estimators, recalling
that it relies on the existence of suitable tests between balls of the underlying metric
space (Eg, dg). To derive such tests, we need a few specific technical tools to deal
with the Lo-distance.
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3.1 Tests between L,-balls
3.1.1 Randomizing our sample

In the sequel we shall make use of randomized tests based on a randomization trick
due to Yang and Barron (1998, page 106) which has the effect of replacing all densities
involved in our problem by new ones which are uniformly bounded away from zero.
For this, we choose some number A € (0,1) and consider the mapping 7 from Ly to
L, given by 7(u) = Au+1—\. Note that 7 is one-to-one and isometric, up to a factor
A, e dao(T(u), 7(v)) = Mda(u,v). Ifu e EIC:O, then 7(u) € El; with IV = AT +1 — A,

Let s’ = 7(s). Given our initial i.i.d. sample X, we want to build new i.i.d. vari-
ables X1,..., X/ with density s’. For this, we consider two independent n-samples,
Zi,..., 2, and €1, ..., e, with respective distributions y and Bernoulli with parame-
ter A\. Both samples are independent of X. We then set X| = ¢, X; + (1 — ¢;)Z; for
1 <i < mn. It follows that X/ has density s’ as required. We shall still denote by Ps
the probability on € that gives X’ = (X{,...,X},) the distribution P5". Given two
distinct points t,u € Ly we define a (randomized) test function ¢(X') between ¢ and
u as a measurable function with values in {t,u}, ¥/(X’) = ¢t meaning deciding ¢ and
¥(X') = u meaning deciding u.

Once we have used the randomization trick of Yang and Barron, for instance with
A = 1/2, we deal with an i.i.d. sample X’ with a density s’ which is bounded from
below by 1/2 and we may therefore work within the set of densities that satisfy this

property.

3.1.2 Some minimax results

The main tool for the design of tests between ILo-balls of densities is the following
proposition which derives from the results of Birgé (1984) (keeping here the notations
of that paper) and in particular from Corollary 3.2, specialized to the case of I = {t}
and ¢ = 0.

Proposition 3 Let M be some linear space of finite measures on some measurable
space (Q,A) with a topology of a locally convexr separated linear space. Let P, Q be
two disjoint sets of probabilities in M and F a set of positive measurable functions
on Q with the following properties (with respect to the given topology on M):

i) P and Q are conver and compact;

i) for any f € F and 0 < z < 1 the function P — [ f*dP is well-defined and
upper semi-continuous on P U Q;

i11) for any P € P, Q € Q, t € (0,1) and € > 0, there exists an f € F such that

(1—t)/ft dP+t/f1—tdQ < /(dP)l‘t(dQ)tJre;

iv) all probabilities in P (respectively in Q) are mutually absolutely continuous.
Then one can find PeP and Q € Q such that

9\ _ P\ o Q)
mf (7)o = g f(G) @ =, fumre

~ [ @r) @),
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In Birgé (1984) we assumed that M was the set of all finite measures on (€2,.4) but
the proof actually only uses the fact that P and Q are subsets of M. Recalling that
the Hellinger affinity between two densities u and v is defined by p(u,v) = [ \Juvdp =
1 — h%(u,v), we get the following corollary.

Corollary 1 Let p be a probability measure on (X, W) and, for 1 < i < n, let
(Pi, Qi) be a pair of disjoint convex and weakly compact subsets of Lo(p) such that

s>0 p-a.s. and /sd,u =1 forallse U (PiU Q). (3.1)
i=1

For each i, one can find p; € P; and q; € Q; such that

sup /\/qz/pzudu = sup /\/pi/qwdu = sup  p(u,v) = p(pi; ¢)-
ueP; vEQ; ueP;,veQ;

Let X = (X1,...,X,) be a random vector on X™ with distribution " (s; - p) with
$; €P; for 1 <i<n and let x € R. Then

[Z log(qi/pi)(Xi) = 2:17] <e’ Hp (pi, qi) < exp [—:c - Zh pzsz)] :

i=1

If X has distribution @ (u; - p) with u; € Q; for 1 <i <mn, then

[ZIOg %/pz < 233] <e Hp pu%) < exp [l‘ - Zh pu%)] .

=1

Proof: We apply the previous proposition with ¢t = 1/2, (¥, W) = (2, A) and M
the set of measures of the form w - u, u € La(p) endowed with the weak Lo-topology.
In view of (3.1), P; and Q; can be identified with two sets of probabilities and we
can take for F' the set of all positive functions such that log f is bounded. As a
consequence, all four assumptions of Proposition 3 are satisfied. In order to get iii)
we simply take for f a suitably truncated version of s/u when P = s-p and Q = u- .
As to the probability bounds they derive from classical exponential inequalities, as
for Lemma 7 of Birgé (2006a). ]

3.1.3 Abstract tests between Ly-balls

The purpose of this section is to prove the following result.

Theorem 2 Let t,u € EEO for some I' < 400. For any x € R, there exists a test
VYrue between t and u, based on the randomized sample X' defined in Section 3.1.1
with a suitable value of A, which satisfies

n (||t —ul|®+z |

~ sup Pyt (X") = u] < exp (” 65! ) , (3.2)
{SE]LQ | d2(s,t)<d2 (t,u)/4} L 1
n (||t —ul|? -z |

_ sup Ps[thtu2(X") =t] < exp ( 65! ) (3.3)
{SGLQ | dg(s,u)gdg(t,u)/4} L ]

10
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Proof: It requires several steps. To begin with, we use the randomization trick of
Yang and Barron described in Section 3.1.1, replacing our original sample X by the
randomized sample X' = (X7,...,X]) for some convenient value of A to be chosen
later. Each X/ has density s’ > 1 — X\ when X; has density s. Then we build a test
between ¢’ = 7(t) and v’ = 7(u) based on X' and Corollary 1. To do this, we set
A=t —ul,

P =1 (Ba,(t, A/4) NLy) and Q =17 (Bg,(u,A/4) NLy).

Then P is the subset of the ball By, (t';, \A/4) of those densities bounded from below
by 1 — A, hence da(P,Q) > AA/2 and P is convex and weakly closed since any
indicator function belongs to Lo(u) because p is a probability. Since By, (t', A\A/4)
is weakly compact, it is also the case for P and the same argument shows that Q is
also convex and weakly compact. It then follows from Corollary 1 that one can find
t € P and % € Q such that

P Zlog (a(X)/H(X)) > 2y| <exp[-nh*(ta)—y|] ifseP, (3.4)
Li=1 |
while
P, Zlog (w(X))/E(X))) <2y| <exp[-nh*(f,u)+y] ifseQ. (3.5)
i=1 i

Fixing y = nz/(650), we finally define 9, (X') by setting ¢, .(X’) = w if and
only if Y~ , log (u(X])/t(X])) > 2y. Since s’ € P is equivalent to s € By, (t,A/4) or
da(s,t) < A/4 and similarily s € Q is equivalent to da(s,u) < A/4, to derive (3.2)
and (3.3) from (3.4) and (3.5), we just have to show that h? (f,u) > (65I') "t A2, We
start from the fact, to be proved below, that

IV @llos < 20T +1 — N). (3.6)

It implies that

2
K (t,a) = 1 \/%’_\/ﬁzd _ 1 &d
2/< ) H 2/(\/?+\/6)2 a
_li-ar Ay
= 16T +1-XN = 64T +1-N)

Choosing A close enough to one leads to the required bound h? (,a) > (65I') 1A%
As to (3.6), it is a consequence of the next lemma to be proved in Section 7.2. We
apply this lemma to the pair ¢/, v’ which satisfies ||t' V ¢/||coc < AT'+ 1 — A. If (3.6)
were wrong, we could find ' € P and @' € Q with h(t',@’') < h(¢,@), which, by
Corollary 1, is impossible. ]

Lemma 1 Let us consider four elements t,u,vy,vo in Ly with t # u, v # vy and
ItV ullw = B. If [[u1 V vallec > 2B, there exists v, vl € Lo with da(v],t) < da(v1,t),
da(vh,u) < dg(va,u) and h(v],vh) < h(vi,v2).

11
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3.2 The performance of T-estimators

We are now in a position to prove an analogue of Corollary 6 of Birgé (2006a).

Theorem 3 Assume that we observe n i.i.d. random variables with unknown den-
sity s € (]Lg,dg) and that we have at disposal a countable family of discrete subsets

{Sm}mem of EZO for some given I' > 1. Let each set S, satisfy
| S N By, (t, znm)| < exp [Dmx2] for all x > 2 and t € Lo, (3.7)
with My, > 0, Dy, > 1/2,

2731' Dy,

2
for allm € M, Z exp [— "hn ] =¥ < 4oo. (3.8)

2
M, =
= 13657

Then one can build a T-estimator § such that, for all s € Lo,

E, [di(s,8)] < Cy(2+1) in/fvl {da(s,Sm) Vi }?,  forall g > 1. (3.9)
me

Proof: Since (3.9) is merely a version of (7.6) of Birgé (2006a) with d = dy, we
just have to show that Theorem 5 of this paper applies to our situation. It relies
on Assumptions 1 and 3 of the paper. Assumption 3 follows from (3.7). As to
Assumption 1 (with @ = n/(65I'), B = B’ = 1 and § = 4da, hence k = 4), it is a
consequence of our Theorem 2. The conditions (7.2) and (7.4) of Birgé (2006a) on
Nm and Dy, follow from (3.8). 0

In the case of a single D-dimensional model S C EI;O we get the following corollary:

Corollary 2 Assume that we observe n i.i.d. random variables with unknown distri-

bution P, s € (Eg, dg) and that we have at disposal a D-dimensional model_g - EIC:O
for some given I' > 1. One can build a T-estimator § such that, for all s € Lo,

Es [||s — §H2] < C |inf d3(s,t) + n~'DT| .
tesS

Proof: By Definition 1 and the remark following it, for each 7y > 0, one can find an
no-net So C S for g,_hence Sy C EEO, satisfying (3.7) with Dy = 25D /4. Moreover
d(s,S0) < mo +d(s,S). Choosing n§ = 273 x 25I'D /4, we may apply Theorem 3.

The result then follows from (3.9) with ¢ = 2. ]

Theorem 3 applies in particular to the special situation of each model S, being
reduced to a single point {¢,,} so that we can take D,, = 1/2 for each m. We then
get the following useful corollary.

Corollary 3 Assume that we observe n i.i.d. random variables with unknown distri-
bution P;, s € (]Lg, dg) and that we have at disposal a countable subset S = {t, }mem

of EEO for some given T' > 1. Let {Ap}mem be a family of weights such that
Ay, > 1/10 for allm € M and

1< ) exp[-Ap] =X < +oo. (3.10)
meM

12
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We can build a T-estimator § such that, for all s € Lo,

q
1(s,8)] < i >
E, [di(s,3)] < Cy% rrig/fvt {dg(s,tm) v FAm/n} for all g > 1.

Proof: Let us set here S, = {t;n}, Dy, = 1/2 and n,,, = 37/T'A,,,/n for m € M. One
can then check that (3.7) and (3.8) are satified so that (3.9) holds. Our risk bound
follows. ]

At this stage, there are two main difficulties to apply Theorem 3 or Corollary 3. The
first problem is to build suitable subsets S, (or S) of Ego from classical approximating
sets (models), finite dimensional linear spaces for instance, that belong to Lo(u). We
shall address this problem in the next section while we shall solve the second problem,
namely choosing a convenient value for I' from the data, in Section 5.

4 Model selection with uniformly bounded models

4.1 The projection operator onto EZO

Our first task is to define a projection operator 7 from Ly(4) onto EZO (' >1) and
to study its properties. In the sequel, we systematically identify a real number a with
the function aly for the sake of simplicity. The following proposition is the corrected
version, by Yannick Baraud, of the initial mistaken result of the author.

Proposition 4 Fort € Ly(p) and 1 <T' < +o00 we set wr(t) = [(t+7) VO] AT where
v is defined by [[(t+~) VO] ATdu = 1. Then mr is the projection operator from

La(u) onto the convex set EEO. Moreover, if s € Ly and I > 2, then

2 _1_
us—ms)u?g%@s(m with Qu(z) = /8>Z(8—Z)2du- (4.1)

Proof: First note that the existence of ~ follows from the continuity and monotonicity
of the mapping z — [[(t 4+ 2) V 0] AT du and that 7p(t) € Ego. Since EEO is a closed

convex subset of a Hilbert space, the projection operator m onto L
characterized by the fact that

- €xists and is

(t—m(t),u—m(t)) <0 forallue EZO. (4.2)

Since [[u—w(t)]du =0 for u € EI;O, (4.2) implies that (t + z — w(t),u — w(t)) <0
for z € R, hence 7(t) = w(t + z). Since 7p(t) = np(t + 2z) as well, we may assume
that [[tVO]ATdu =1, hence mp(t) = [t VO] AT and 7p(t) = ¢ on the set 0 <¢ <T.

Then, for u € EIC:O,

(t —7p(t),u —mp(t)) = /t<0 tudp + /t>1“(t —T)(u—T)du <0,

since 0 < uw < I'. This concludes the proof that = = 7.

Let us now bound ||s — 7p(s)|| when s € Ly, setting s = s AT 4+ v with v = (s —
I')1,>r. Since there is nothing to prove when ||s|. < T, we assume that [vdp > 0.
By Cauchy-Schwarz Inequality,

( / vdu>2 <ulfs> T [dp <ol (43)

13
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Moreover, since [ s AT'du < 1, mp(s) = (s +v) AT with 0 <y < 1. Hence

1 = /[(s+’y)AF]du > /(S/\P)dﬂ‘f"Yﬂ({SgP_’Y})

1 I'=2
1- d 1— ——- 1- d _—
franra(i-p55) = 1= fotnrar=

and v < (I' = 1)/(T' — 2) [vdu. Now, since 0 < 7p(s) —s <~ for s <T,

v

s — mr(s)|? = /<F[Wr(8)—812du+llvllz < 5 / fre(s) — ] dp + o]

s<I'

< = ( / vdu) [ ls=mr(sdn ol
< %(/vdu>2+|]v|l2 < (H%) o],

where we used (4.3). This concludes our proof. 0

4.2 Selection for uniformly bounded countable sets

We consider here the situation mentioned in Corollary 3 but without the assumption
that S C EZO. For S = {t;}mem an arbitrary countable subset of L?(u) we may

always replace it by its projection 7p(S) onto EEO and apply Corollary 3. The resulting
risk bound involves

dsy (S,Trp(tm)) < dy (S,?TF(S)) + ds (Wr(s),ﬂp(tm))

2 1/2
< <%752§%Q4F0 + da (5, tm)

by Proposition 4. We finally get:

Corollary 4 Assume that we observe n i.i.d. random variables with unknown density
s € (Eg, dg) and that we have at disposal a countable subset S = {tm }mem of L2(p)
and a family of weights {Ap, }mem such that Ay, > 1/10 for allm € M and (3.10)
holds. Given T' > 3 we can build a T-estimator 3 with values in 7r(S) such that, for
all s € Lo,

E, [||s - 5"

| < int {[dastm) + QD v VTB} foraz 1.

4.3 Selection with uniformly bounded models

Typical models S for density estimation in Lo(u) are finite-dimensional linear spaces
which are not subsets of EZO but merely spaces of functions with nice approximation
properties. To apply Theorem 3 we have to replace them by discrete subsets of EZO
that satisfy (3.7). Unfortunately, they cannot simply be derived by a discretization
of S followed by a projection 7r or a discretization of 7 (g) A more complicated
construction is required to preserve both the metric and approximation properties of
S. It is provided by the following preliminary result.

14



hal-00347691, version 1 - 16 Dec 2008

Proposition 5 Let S be a subset of Lo(u) with metric dimension bounded by D. For
' > 2 andn > 0, one can find a discrete subset S’ ofEZO with the following properties:

1S" N Ba, (t,2n)| < exp [9D2®]  for all x > 2 and t € La(p); (4.4)

for any s € Lo, one can find some s’ € S’ such that

r2-r-1 1/2
— 4§ <31 inf ||s — 41| ————Q(T . 4.
s = sl <3 [ int s ol + 41 (St e.m) (45)

Proof: According to Definition 1, we choose some 7-net S, for S such that (2.2) holds
for all t € LLo(u). Since, by Proposition 4, the operator np from Lo (i) to EZO satisfies
|lu— 7 (t)| < [Ju—t|| for all u € ng we may apply Proposition 12 of Birgé (2006a)
with M’ = Lo(u), d = dy, My =L, T = S,, 7 = mp and A = 1. It shows that one
can find a subset S” of 71 (S,) such that (4.4) holds and da(u,S") < 3.1da(u, S,) for

all u € EZO. If s is an arbitrary element of Ly, then
do (ﬂT(S),Sl) < 3.1dy (ﬂp(s),sn) <3.1 [dg (ﬂp(s),s) + ds (S,g) + ?7] )

hence .
dy (s,8") <3.1[d2 (s,5) +n] +4.1dy (nr(s), s) . (4.6)
The conclusion follows from Proposition 4. ]

We are now in a position to derive our main result about bounded model selection.
We start with a countable collection {S,,,m € M} of models in LLo(x) with metric
dimensions bounded respectively by D,, > 1/2 and a family of weights A,, satisfying
(3.10). We fix some I" > 3 and, for each m € M, we set

N = [(50\/5,1) v (37\/A—m)} VT /n.

By Proposition 5 (with 7 = 7,,), each S,,, gives rise to a subset S., which satisfies
(3.7) with D,,, = 9D,,. It follows from our choice of 1, that (3.8) is also satisfied so
that we may apply Theorem 3 to the family of sets {S,l;, m € ./\/l} This results in a
T-estimator 8" such that, for all s € Ly,

E [df(s,8")] < C, inf {ds (5,S0) Vi ' for g > 1.
We also derive from Proposition 5 that
da(s,S5,) < 3.1 |nm + inf ||s—t||| +4.11/(5/3)Qs(D).
teESM

Putting the bounds together and rearranging the terms leads to the following theorem.

Theorem 4 Given a countable collection {S

{Sm,m € M} of models in La(n) with
metric dimensions bounded respectively by D, >

1/2 and a family of weights A,
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satisfying (8.10), one can build, for each T' > 3, a T-estimator 8" which satisfies, for
all s € g and g > 1,

q

g M Qs(T)| , (47)

‘q] <CyX | inf dg(S,Sm) +

E, [||s - 5"
meM

with Qs given by (4.1) and Cy some constant depending only on q. If ||s||cc < T, then

E, |[ls = 5"[*] <€ inf {d3(5.5m) + 7T (D Vv A)} (4.8)

5 A selection theorem

Now that we are able to build models which are bounded by I' for each I' > 3 and to
select one of these models, which results in an estimator ', we need a way to choose
I' from the data in order to optimize the bound in (4.7). The idea is to use one half
of our sample to build a sequence of estimators §2° and select a convenient value of i
from the other half of our sample. This requires to select an element from a sequence
of densities which is not uniformly bounded.

5.1 A preliminary selection result

We start with a general selection result, to be proved in Section 7.3, that we state
for an arbitrary statistical framework since it may apply to other situations than
density estimation from an i.i.d. sample. We observe some random object X with
distribution P; on X where s belongs to a metric space M (carrying a distance d)
which indexes a family P = {P;,t € M} of probabilities on X.

Theorem 5 Let (t,),>1 be a sequence in M such that the following assumption holds:
for all pairs (n,p) with 1 <n <p and all x € R, one can find a test 1y, 1, . based on
the observation X and satisfying

sup ]P)s [¢tn,tp,x(X) = tp] < Bexp [_a2_pd2 (tna tp) - l‘] ; (5'1)
{seM | d(s,tn)<d(tn,tp)/4}

sup Py [t ,t,,2(X) = tn] < Bexp [—a2_pd2(tn,tp) + a:] ;o (5.2)
{seM | d(s,tp)<d(tn,tp)/4}

with positive constants a and B independent of n,p and x. For each A > 1, one can
design an estimator §4 such that, for all s € M,

E,[d? (34,5)) < BC(A,q) inf [d(s,t,,) v a‘1p2p]q for1<q<2A4/log2. (5.3)
p=

This general result applies to our specific framework of density estimation based on
an observation X with distribution Ps, s € Ly, provided that the sequence (tp)p>1
be suitably chosen. We shall simply assume here that t, € Ly with [|t,[, < 2PH

for each p > 1. This implies that, for 1 <4 < j, t; and t; belong to Ei:l so that
Theorem 2 applies with X replaced by the randomized sample X’ and the assumption
of Theorem 5 is therefore satisfied with d = dg, B = 1 and a = n/65, leading to the
following corollary.
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__91+1
Corollary 5 Let (t;);>1 be a sequence of densities such that t; € Lio for each 1,
A >1 and X be an n-sample with density s € LLy. One can design an estimator §4
such that

Es [dd(54,8)] < C(4,q) 1I>1{ [dg(S,ti) v Vn—liZi]q for1<q<2A/log2.

5.2 General model selection in L,

We now consider the general situation where we observe n = 2n’ i.i.d. random vari-
ables X1,..., X, with an unknown density s € Ly, not necessarily bounded, and
have at disposal a countable collection {S,,, m € M} of models in Ly(x) with metric
dimensions bounded respectively by D,, > 1/2 and a family of weights A,, which
satisfy (3.10). We split our sample X = (Xi,...,X,) into two subsamples X; and
X, of size n/. With the sample X; we build the T-estimators §;(X;) = 8% (X1),
i > 1 which are provided by Theorem 3. It then follows from (4.7) that each such
estimator satisfies, for ¢ > 1,

Es [lls — 8:(X1)[]
L q
20 (D V Ay

1/2
< Cgny inf dg(s,ﬁm)+< )> +4/Qs(2711) 5,

n

with Qs given by (4.1). We now work conditionally on Xj, fix a convenient value
of A > 1 (for instance A = 1 if we just want to bound the quadratic risk) and use
the second half of the sample X5 to select one estimator among the previous family
according to the procedure described in Section 5.1. By Corollary 5 this results in a
new estimator §4(X) which satisfies

E. [a}(54(X).5)| X1] < C(A,q) inf [do(s,5:(X0)) v Vi 12|

provided that ¢ < 2A/log2. Integrating with respect to Xj and using our previous
risk bound gives

Ex s — 54X
< CAa)inf {8, s — 5K + (n71i2) ")

2" (D V Ay, Vi
n

i>1 | meM

q/2
< C'(A,q)Sinf{ inf |dd (S,Em)+< )> + Qs (2712

For 2! < 2z < 27F! logz > ilog?2 and Qs(2) > Qs(27!) since Qs is nonincreasing.
Modifying accordingly the constants in our bounds, we get the main result of this
paper which provides adaptation to both the models and the truncation constant.

Theorem 6 Let X = (X1,...,Xp) with n > 2 be an i.i.d. sample with unknown
density s € Ly and {S,,,m € M} be a countable collection of models in La(p) with
metric dimensions bounded respectively by D, > 1/2. Let {A,,m € M} be a family

17
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of weights which satisfy (3.10) and Qs(z) be given by (4.1). For each A > 1, there
exists an estimator §4(X) such that, whatever s € Ly and 1 < g < (24/log 2),

Es [lls = 5a(X)[%)

< C(A,¢)Y inf inf |di (S,gm) +

z>2meM

(z (ﬁm VA, \/logz)
n

a/2
> +[Qs(2)]7?]. (5.4)

In particular, for § =51 and s € Loo (1),

E, Hs—g(X)H?} <OT inf [d3(s,5n) + 17 Islloe (Din v Ay V10g s]l)] - (5:5)

5.3 Some remarks

We see that (5.4) is a generalization of (4.7) and (5.5) of (4.8) at the modest price
of the extra log z (or log||s||c). We do not know whether this log z is necessary or
not but, in a typical model selection problem, when s belongs to Lo () but not to
UmemSm, the optimal value of D,, goes to +0c0 with n, so that, for this optimal
value, asymptotically D, V Ay, V 1og ||s]lcc = D V A

Up to constants depending on ||s||, (5.5) is the exact analogue of (2.5) which
shows that, when s € Lo, (x), all the results about model selection obtained for the
Hellinger distance can be translated in terms of the LLo-distance.

Note that Theorem 6 applies to a single model S with metric dimension bounded
by D, in which case one can use a weight A = 1/2 < D which results, if A = 1, in

the risk bound

E. [lls = 3X)|°] < € |d3 (s,5) + inf {% + @s<z>}] . (9
and, if s € Loo(p),
E, [[ls = 3(X)I?] < C [d3(s,5) + ™" lslloe (D V log [1s]l)] - (5.7)

Apart from the extra log||s||oo, which is harmless when it is smaller than D, we
recover what we expected, namely the bound (2.8).

Even if s € Lo (1) the bound (5.4) may be much better than (5.5). This is actually
already visible with one single model, comparing (5.6) with (5.7). It is indeed easy
to find an example of a very spiky density s for which (5.6) is much better than (5.7)
or the classical bound (2.6) obtained for projection estimators. Of course, this is just
a comparison of universal bounds, not of the real risk of estimators for a given s.

More surprising is the fact that our estimator can actually dominate a histogram
based on the same model, although our counter-example is rather caricatural and
more an advertising against the use of the LLo-loss than against the use of histogram

estimators. Let us consider a partition Z of [0, 1] into 2D intervals I;, 1 < j < 2D with
the integer D satisfying 2 < D < n and fix some v > 10. We then set a = (’yzn)_l.
For 1 < j < D, the intervals I5;_; have length o while the intervals I; have length
B with D(a+ ) = 1. We denote by S the 2D-dimensional linear space spanned by

the indicator functions of the I;. It is a model with metric dimension bounded by D.
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We assume that the underlying density s with respect to Lebesgue measure belongs
to S and is defined as

D D
s=pat Z I, , + qf™! Z l;,, withp=~a and D(p+q) =1,
j=1 j=1

so that 8 > ¢ since a < p. We consider two estimators of s derived from the same
model S: the histogram §7 based on the partition Z and the estimator § based on S
and provided by Theorem 6. According to (1.2) the risk of sz is

Dn~! [oflp(l —p)+ B (1 - q)] >0.9Dn talp =0.9Dyn"t,

since p < 1/10. The risk of § can be bounded by (5.4) with z = 4 which gives
Es |||s — §(X)||2] <C [4Dn_1 +D [ (p/a)? du] =CD [4n"! +p*a”!] =5CDn~".
Iy

For large enough values of v our estimator is better than the histogram. The problem
actually comes from the observations falling in some of the intervals I;_; which will
lead to a very bad estimation of s on those intervals. Note that this fact will happen
with a small probability since Dp = D(yn)~! < y~!. Nevertheless, this event of small
probability is important enough to lead to a large risk when we use the LLo-loss.

6 Some applications

6.1 Aggregation of preliminary estimators

Theorem 6 applies in particular to the problem of aggregating preliminary estimators,
built from an independent sample, either by selecting one of them or by combining
them linearily.

6.1.1 Aggregation by selection

Let us begin with the problem, that we already considered in Section 4.2, of selecting
a point among a countable family {¢,,, m € M}. Typically, as in Rigollet (2006), the
tm are preliminary estimators based on an independent sample (derived by sample
splitting if necessary) and we want to choose the best one in the family. This is a
situation for which one can choose D,, = 1/2 and A = 1 which leads to the following
corollary

Corollary 6 Let X = (X1,...,X,) with n > 2 be an i.i.d. sample with unknown
density s € Ly and {t,,,m € M} be a countable collection of points in Lo(u). Let
{A,,,m € M} be a family of weights which satisfy (3.10) and Qs(z) be given by (4.1).
There exists an estimator §(X) such that, whatever s € Lo,

z2(Ay, Vlog 2)

E, Hs—g(X)\ﬂ <Cx% inf{ inf [dg(s,tm)+ -

z>2 | meM

|+a.o}.
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6.1.2 Linear aggregation

Rigollet and Tsybakov (2007) have considered the problem of linear aggregation.
Given a finite set {t1,...,ty} of preliminary estimators of s, they use the observations
to build a linear combination of the ¢; in order to get a new and potentially better
estimator of s. For A = (A1,...,Ax) € RY, let us set ty = Zjvzl Ajt;. Rigollet
and Tsybakov build a selector X(X 1,-..,Xp) such that the corresponding estimator
(X)) = ts satisfies, for all s € Lo,

&D@—axwﬂg inf d3 (s,t3) + 1 ls[loo V. (6.1)
AeRN
Unfortunately, this bound, which is shown to be sharp for such an estimator, can
be really poor, as compared to the minimal risk infi<;<y d3(s, tj) of the preliminary
estimators when one of those is already quite good and n=!||s||, N is large, which
is likely to happen when NN is quite large. Moreover, this result tells nothing when
s € Loo. In Birgé (2006a, Section 9.3) we proposed an alternative way of selecting
a linear combination of the ¢; based on T-estimators. In the particular situation of
densities belonging to Lo, we proceed as follows: we choose for M the collection of
all nonvoid subsets m of {1,..., N} and, for m € M, we take for S, the linear span
of the ¢; with j € m so that the dimension of S, is bounded by |m/| and its metric
dimension D,,, by |m|/2. Since the number of elements of M with cardinality j is

< ]j > < (eN/j)?, we may set A, = |m|[2 + log(N/|m|)] so that (3.10) is satisfied
with ¥ < 1. An application of Theorem 6 leads to the following corollary.

Corollary 7 Let X = (X1,...,X,) with n > 2 be an i.i.d. sample with unknown
density s € Ly and {t1,...,tn} be a finite set of points in Lo(u). Let M be the
collection of all nonvoid subsets m of {1,..., N} and, for m € M,

Am:{/\GRN| )\j:Oforjgm}.
For each A > 1, there ewists an estimator 54(X) such that, whatever s € Ly and
1<q<(24/log2),

_ ~ q < . .
Es [[ls — 54(X)[] < C(A,q) ;ggn;gjfw R(q,s,2,m),

where

R(q,s,z,m) = inf di (s,ty) +
( ) AEAm 2( A)

and Qs(z) is given by (4.1).

There are many differences between this bound and (6.1), apart from the nasty con-
stant C'(4, q). Firstly, it applies to densities s that do not belong to L., and handles
the case of ¢ > 2 for a convenient choice of A. Also, when s € Lo, and one of the
preliminary estimators is already close to s, it may very well happen, when N is large,
that

qa/
(z Um\ (1 + log(N/]m\)) V log z]) 2+ [Qs(z)]q/2

n

R(25, sllem) < inf a3 (s,t) +n™" sl [pm] (1 +log(V/Im))) V log s

be much smaller than the right-hand side of (6.1) for some m of small cardinality.
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6.2 Selection of projection estimators

In this section, we assume that s € Lo (). This assumption is not needed for the
design of the estimator but only to derive suitable risk bounds. We have at hand a
countable family {?m, m € M} of linear subspaces of Lo(u) with respective dimen-
sions D,, and we choose corresponding weights A, satisfying (3.10). For each m, we
consider the projection estimator §,, defined in Section 2.2. Each such estimator has
a risk bounded by (2.6), i.e.

Es [Hgm - SHZ] < |5m — 3”2 + n_le”S”om

where 3,, denotes the orthogonal projection of s onto S,,. If we apply Corollary 6 to
this family of estimators, we get an estimator 5(X) satisfying, for all s € Lo,

E, [Ils = 5(X)IP] < €T inf [[5m = sI* + 17 Islloo (D V A V 1o Isl1c)]

With this bound at hand, we can now return to the problem we considered in Sec-
tion 1.1, starting with an arbitrary countable family {Z,,, m € M} of finite partitions
of X and weights A,, satisfying (3.10). To each partition Z,, we associate the linear
space S, of piecewise constant fonctions of the form > rez,, Brlr. The dimension
of this linear space is the cardinality of Z,, and its metric dimension is bounded by
|Z,n| /2. If we know that s € Lo (12), we can proceed as we just explained, building the
family of histograms §7,, (X;) corresponding to our partitions and using Corollary 6
to get

Es [HS —3(X)*| <cx Jinf [|[5z,, — sl + 17 Islloo (|Zm| V A V log[[slloo)]

(6.2)
which should be compared with (1.3). Apart from the unavoidable complexity term
A,, due to model selection, we have only lost (up to the universal constant C') the
replacement of |Z,,,| by |Z,,,| V1og||s||s. Examples of families of partitions that satisfy
(3.10) are given in Section 9 of Birgé (2006a).

In the general case of s € La(ut), we may apply Theorem 6 to the family of linear
models {?m,m € M} derived from these partitions, getting an estimator § with a
risk satisfying

E, [Hs—g(X)\ﬂ <0y inf{ inf [ngm — 8|2+

2(|Zm| V Ay Vog 2)
222 | meM n

+ Qs(z)} )
6.3 A comparison with Gaussian model selection

A benchmark for model selection in general is the particular (simpler) situation of
model selection for the so-called white noise framework in which we observe a Gaussian
process X = {X;,z € [0,1]} with X; = [ s(z)dx + oW, where s is an unknown
element of Ly([0,1],dz), o > 0 a known parameter and W, a Wiener process. For
such a problem, an analogue of Theorem 1 has been proved in Birgé (2006a), namely

Theorem 7 Let X be the Gaussian process given by

XZ:/ s(x)de +n"V2W,, 0<z<1,
0
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where s is an unknown element of La([0,1],dx) to be estimated and W, a Wiener
process. Let {S,,,m € M} be a countable collection of models in Lo(u) with metric
dimensions bounded respectively by D,, > 1/2. Let {A,,m € M} be a family of
weights which satisfy (3.10). There exists an estimator 5(X) such that, whatever
ENS LQ([O, 1],d$),

E, [Hs - g(X)H?} <C it [B(s,5n) +n" (D v A)].

Comparing this bound with (5.5) shows that, when s € Ly (), we get a similar
risk bound for estimating the density s from n i.i.d. random variables, apart from
an additional factor depending on ||s||s. Similar analogies are valid with bounds
obtained for estimating densities with squared Hellinger loss or for estimating the
intensity of a Poisson process as shown in Birgé (2006a and 2007). Therefore, all the
many examples that have been treated in these papers could be transferred to the case
of density estimation with Lo-loss with minor modifications due to the appearence of
Is|loc in the bounds. We leave all these translations as exercices for the concerned
reader.

6.4 Estimation in Besov spaces

The Besov space By .([0,1]) with a,p > 0 is defined in DeVore and Lorentz (1993)
and it is known that a necessary and sufficient condition for By ([0, 1]) C L2([0, 1], dx)
isd = a+1/2—1/p > 0, which we shall assume in the sequel. The problem of estimat-
ing adaptively densities that belong to some Besov space By ,([0,1]) with unknown
values of o and p has been solved for a long time when « > 1/p which is a necessary
and sufficient condition for By ([0,1]) C L([0,1],dx). See for instance Donoho,
Johnstone, Kerkyacharian and Picard (1996), Delyon and Juditsky (1996) or Birgé
and Massart (1997). It can be treated in the usual way (with an estimation of ||s||o)
leading to the minimax rate of convergence n=2%/(2a+1) for the quadratic risk.

6.4.1 Wavelet expansions

It is known from analysis that functions s € Ly ([0, 1], dx) can be represented by their
expansion with respect to some orthonormal wavelet basis {p;x,j > —1,k € A(j)}
with |[A(—1)| < K and 27 < |A(j)| < K27 for all j > 0. Such a wavelet basis satisfies

ST ekl < K277 forj> -1, (6.3)

keA(j) oo

and we can write
=3 Y Bagss with = [ ¢int@sta)da. (6.4)
J=—1 keA(j)

Moreover, for a convenient choice of the wavelet basis (depending on «), the fact that
s belongs to the Besov space By ,([0,1]) is equivalent to

1/p
sup 2j(a+1/2—1/p) Z |ﬁj,k|p = |3|a,p,oo < 400, (6'5)
520 kEA(j)
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where |5]a,p 00 < 400 is equivalent to the Besov semi-norm [s|f.

Moreover, it follows from Birgé and Massart (1997 and 2000), as summarized in
Birgé (2006a, Proposition 13), that, given the integer r, one can find a wavelet basis
(depending on r) and a universal family of linear models {S,,,m € M = Uj>o M}
with respective dimensions D,,,, and weights {A,,, m € M} satisfying (3.10), with the
following properties. Each S,, is the linear span of {¢_1 , k € A(—1)}U{p;, (j,k) €
m} with m C U;j>0A(j); Dim V A, < 27 for m € M and

inf inf |[s —t|| < C(a,p)277%s]apoo  for s € By o([0,1]), a <7 (6.6)
mEM €S, ’

6.4.2 The bounded case

Actually, only the assumption that s € B ([0,1]) N Loo(ps), rather than a > 1/p,
is needed to get the optimal rate of convergence n—2%/(20+1)  Indeed, we may apply
the results of Section 6.2 to the family of models which satisfies (6.6) and derive an
estimator § with a risk bounded by

E, [Is = 5(0I?] < Clawp) inf 277 ([slapoc)” + 17 sl (27 V10g]Isll)] -

inf
J>0
Choosing 27 of the order of n'/(2¢*1) Jeads to the bound

By [ls = 50| < C 0, 5lapoo 15]loc) ™2/ @D,

which is valid for all s € BS ([0,1]) NLoo (1), whatever a < r and p and although «,
P, |sly and [|s|| are unknown.

6.4.3 Further upper bounds for the risk

When a < 1/p, i.e. 0 < § < 1/2, s may be unbounded and the classical theory does
not apply any more. As a consequence the minimax risk over balls in By ([0, 1]) is
presently unknown. Our study will not, unfortunely, solve this problem but, at least,
provide some partial information. In this section we assume that o < 1/p and, as
usual, restrict ourselves to the case p < 2 so that § < a. We consider the wavelet
expansion of s which has been described in Section 6.4.1 and, to avoid unnecessary
complications, we also assume that |s|q,p o > 1. In what follows, the generic constant
C' (changing from line to line) depends on the choice of the basis and .
Since p < 2,

1/2 1/p

S| S| X 18| S Islapec2 IO < 5] 00277,
keA(j) keA())

hence, for ¢ > —1 an integer,

D> Bikbinl| £ C27Ys|apoo- (6.7)
)

J>q keA(j
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The simplest estimators of s are the projection estimators s, over the linear spaces

g; where g; is spanned by {p;r, —1 <j < q, k€ A(j)}

54(X Z Z Biwn(X)pje,  with  B(X Z%k

Jj=—1 keA(j)

The risk of these estimators can be bounded using (2.6) and (6.7) by
E, [l = 3(X)I?] < & (,5,) + C21/n < ¢ [2720)sf2 . +27/n] .
A convenient choice of ¢, depending on ¢, then leads to

Es [HS - §q(X)||2] < C|s2, n~2/5+1),

a,p,

One can actually choose g from the data using a penalized least squares estimator
and get a similar risk bound without knowing ¢ as shown by Theorem 7.5 of Massart
(2007). This is the only adaptation result we know for the case a < 1/p without the
restriction s € Lo ([0, 1]).

Let us now see what our method can do. Since s is a density, it follows from (6.4)
and (6.3) that |31 x| < |1kl < K'/V/2, hence

> Boikp-1k S(K'/\@) Z golk < K"?)2.

keA(—1) ~ keA(— -

Moreover, for j > 0, (6.5) implies that sup ey () \ﬂj,kl < 2799|s|4 p.oo- Therefore, by
(6.3),

Z Biwein| < C27IOTPs|yp o0,
keA(j

and, for J > 0,
C$|a,p,00 if a > 1/p;
Z Z ﬁj kPjk < C(J+ 1)’3’o¢,p,oo if @ = 1/]9;
i=0 keA(j) - 027/P=|s|, o ifa < 1/p.
Finally,
1 if a > 1/p;
Z Z ﬂ] kPjk < COLJlsla,p,oo with LJ = (J + 1) if a = 1/]9;
j=—1 keA(j) ~ 2/(1/p=a) if o < 1/p.

Observing that if s = u+v with ||ul|e < 2, then Q4(z) < |lv||?, we can conclude from
(6.7) that
Qs (CoLy|slapoc) < C2727s[2

Let us now turn back to the family of linear models described in Section 6.4.1 that
satisfy (6.6). Theorem 6 asserts the existence of an estimator $(X) based on this
family of models and satisfying

z (Em VA, Vlog z)

E, [Hs - §(X)||2] < Cinf inf [d% (5,5m) + + Qs(2)

z>2meM
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Given the integers J,J', we may set z = zy» = CoLj/|s|apo and restrict the mini-
mization to m € M ; which leads to

B [lls = 5] < C 15 poe (2729 +2720) 07 L lslapoo (27 VIog )|

Since Ly (2J V log z J’) is a nondecreasing function of both J and J’, this last bound
is optimized when Jo and J'0 are approximately equal which leads to choosing the
integer J' so that Ja/d < J' < Jo/d+1, hence 27270 < 272/ Agsuming, moreover,
that 27 > log |s|a.p.c0, Which implies that 2/ > C’log 2/, we get
E, [ls = 5(X)I?] < Clsf2 o 277 + 27 (lslapoo) ™ Lur]

We finally fix J so that 27 > G > 2771, where G is defined below. This choice ensures
that G > log |s|qpoc for n large enough (depending on |s|q p o), Which we assume
here.

—Ifa>1/p weset G = (”|3|a,p,oo)1/(2a+1)

which leads to a risk bound of the form

(20+2)/(2a+1)

Cn—2a/(2a+1) (|3|a,p,oo) )

—Ifa=1/p, L', < Ja/d + 2 and we take G = (n|s|qp,00/ l0g n)l/(zaH) which leads
to the risk bound

C(n/ log n)—2a/(2a+1) (‘S‘Q,p,oo)(2a+2)/(2a+l) '

— Finally, for a < 1/p, Ly < /220/2/9(/p=) and we set G = (n]s]a,p,oo)1/[a+1+a/(26)}
which leads to the bound

Cn~2/lat1+0/(20)] (|4 )(2+(a/5)/[a+1+a/(25)} )

,p,00

6.4.4 Some lower bounds

Lower bounds of the form n—2%/(1429) for the minimax risk on Besov balls are well-

known (deriving from lower bounds for Hélder spaces) and they are sharp for a >
1/p, as shown in Donoho, Johnstone, Kerkyacharian and Picard (1996). To derive
new lower bounds for the case a < 1/p we introduce some probability density f €
By ([0, 1]) with compact support included in (0, 1) and Besov semi-norm |f|5. Then
we set g(z) = af(2anz) for some a > (2n)~! to be fixed later. Then g(z) = 0 for

x & (0, (Zan)_l),
lglly = a(2an) | fll,  and  |g|Y = a(2an)*"V/P|f[2.

Let us now set t = g4 [1 — (2n) 1] o 1), so that ¢ is a density belonging to BS([0,1])
with Besov semi-norm

[t = [g]0 = Ka'to~VPpomt/e with K = 20717 f|o.
For a given value of the constant K’ > 0, the choice a = [K’nl/p_a]l/(l+a_l/p) >

(2n)~! (at least for n large) leads to |t| = KK’ so that K" determines [¢[5. We also
consider the density u(xz) = t(1 — ) which has the same Besov semi-norm. Then

) B (2an)~1! — oI —oe 2 (2an)*1 B n—l
R = [ (Var Bl vimen) < [T g= e
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and it follows from Le Cam (1973) that any estimator § based on n i.i.d. observations
satisfies

max {E; [[|t — 8)*] ,Eq, [[lu—3[%]} > C|It — u|* = 2C||g||* = Can™ | f||*.
Since an~! = K'V/(0+1/2),=20/(0+1/2) " e finally get
. R ay2/(264+1)  _
max {E; [t — 8|2] , By [lu — 8]%]} > € (|¢|3)*/®F n-10/@5+D),

where C' depends on K', |||, |f|; and 6. One can check that this rate is slower than
n=20/(1420) 'when 0 < § < a[2(a+1)]~" or, equivalently, when a+[2(a+1)]71 < 1/p.

6.4.5 Conclusion

In the case o > 1/p, the estimator that we built in Section 6.4.3 has the usual rate
of convergence with respect to n, namely n=2%/(¢+1)  which is known to be optimal,
and we can extend the result to the borderline case a = 1/p with only a logarithmic
loss. The situation is different when o < 1/p for which, to our knowledge, the value
of the minimax risk is still unknown. The rate n~2/la+1+e/(20)] that we get is worse
than the one valid for @ > 1/p and also than the lower bound n~%/(%*1) that we
derived in the previous section. It can be compared with the risk of the penalized least
squares estimators based on the nested models g;, which is, as we have seen, bounded
by Cn~20/(20+1) " Our rate is better when o > 26/(28 + 1), which is always true for
a > 1/2 since 0 < 1/2. When a < 1/2, hence p > 2/(2ac + 1) > 1, it also holds for
p<21—-a)/ (1 — 2a2) < a~!. We are convinced that our rate is always suboptimal
in the range a < 1/p but are presently unable to derive the correct minimax rate.

7 Proofs

7.1 Proof of Proposition 2

For simplicity, we shall write h(6, \) for h(sg, s)) and analogously da (6, A) for da(sg, sy ).
Let us first evaluate h?(0,\) for 0 < § < A < 1/3. Setting By = (6% + 0 + 1)_1 €
[9/13,1), we get

212(0,0) = /1 (Veola) — Vax(@)) de

= T (00 (V- V) (-8 (V- V)

- %(1 > +(A—0) 1+§+<§>2 (1—A\/@)2
+<1—A3>(¢E—m)2.

Note that the monotonicity of # — [y implies that

4/9<(1—A\/@)2<1, By + /B > 2,/B1/3 = 6/V13
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and
A=) (A+0+1)

O<5"_5A:(92+9+1)(A2+>\+1)<)‘_9' (7.1)
It follows that
(Bo — Br)? 13 13\ 9
(\/@—\/7) (\/_9 \/A_) <%()\—9)2=§(A—9)<1—X>

and
0< (1—)\3)<\/[3_9—\/5_A>2< W(A—H)Q—%) < 2(/\1;9) <1—§>.

We can therefore write

G=2A—0)""h*(0,)) = 2(1 — 2) + c1(0,A) (L + 2 + 2%) + c2(0, A)(1 — 2),

with z = 68/X € (0,1), 4/9 < ¢1(0,A) < 1 and 0 < ¢3(f,\) < 2/17. Since, for given
values of ¢; and ¢y, the right-hand side is increasing with respect to z, 4/9 < ¢; <
G < 3c; < 3 and we conclude that for all § and A in (0,1/3],

R2(6,\) = C(0,\)]0 — \| with 2/9 < C(6,)\) < 3/2.

It immediately follows that the set S, = {sy;, j > 0} with \; = (2j + 1)2n?/3 is an
n-net for the family S. On the other hand, given A € (0,1/3) and r > 27, in order
that sy, € B(sx, ), it is required that h?(A;,A) = C(Aj, A)|A; — A| < 7% which implies
that [\; — A| < (9/2)r? and therefore

1Sy N B(sx,r)| < 1+ (27/4)(r/n)* < exp [0.84(r/n)?]  for all s, € 5.

It follows from Lemma 2 of Birgé (2006a) that S has a metric dimension bounded by
3.4 and Corollary 3 of Birgé (2006a) implies that a suitable T-estimator § built on
Sy has a risk satisfying

Es, [h2(s,§)] <Cn~' forall sy € S.
Let us now proceed with the LLy-distance ds.

BON) = 607N+ (00 (V2= 0) (1= (B - )
6y
() (oo

02
=
Q
@
Qo
~
Ne)
A\
—_
|
>
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&
A\
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o
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we conclude that
G=(0""- A‘l)_ldg(e, AN =1=2)142)>2+c1(0,)) (z+ 22+ 2%) + 20, A) (1 - 2),
with z=6/X € (0,1), 8/9 < ¢1(6,\) <1 and 0 < c2(6,\) < 1/27. Tt follows that

I<ldz-22=2248/9) (2 +22+2%) <G <1+22+(1/27)(1 —2) < 3,
which finally implies that, for all # and A in (0,1/3],

d3(0,)) = C(0,\) |07 — A7 with 1 < C(6,)) < 3.

Now setting S, = {sx;, j = 0} with \; = (3+ 2j772/3)_1 we deduce as before that
Sy is an 7-net for S. In order that sy, € B(sy,n), it is required that dB(N\j, \) =
c(e, )\)|)\j_1 —A7!| < 2%n?, which implies that |/\j_1 — A7 < 2%p?. Tt follows that the
number of elements of S, contained in the ball is bounded by 322/2+1 < exp (2%/2)
for 2 > 2. Hence the metric dimension of S with respect to the Lo-distance is bounded
by 2. It nevertheless follows from the fact that h(0, A) — 0 while d2(0, \) — 400 when
6 and X tend to zero and classical arguments of Le Cam (1973) — see also Donoho

and Liu (1987) or Yu (1997) — that the minimax risk over S is infinite when we use
the LLo-loss.

7.2 Proof of Lemma 1

Let us begin with a preliminary lemma.

Lemma 2 Let F' and G be two disjoint sets with positive measures o = p(F) and
B = u(G) and g € Ly such that inf,cp g(x) > 0. Set g. = 24—6(@]1(; —p1p) fore > 0.
Then g is a density for € small enough and for any f € Lo,

lim - [(ge, £) — (g, )] = a/G<g - ﬁ/F<g “Pdp (12)

e—0 2¢

and 5
tin 2 [12(0.,£) = 12(9.1)] =6 [ Vo du—a [ VETdu (13
E— F G

with the convention that [~/ fg~' dX = +oo if either n(GN{g=0}yN{f >0}) >0
or the integral diverges.

Proof: Since [g.du =1 and g. > 0 for € small enough g. is a density. Moreover,
setting k = alg — Blp, we get

Bloer 1) = [(g+ k= P d = o, 1) + I + 22 [ blg = ) do
and (7.2) follows. Let A(e) = e~ [h?(ge, f) — h*(g, f)] and fix n > 0. Then

A = | [ Vadan- [ VaTenial

= | [ [VaF - V=] au+ [ [VaF - VT eair] du]

/ BT av'f
F

B4 F B VT g,
Vg—eB+./g Gr{g>0}y VI Tea+/g

Vaf/edpu.

- /Gn{g=0}m{f>0}
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When ¢ tends to 0, the first integral converges to (/5/2) fF v/ fg~1dp and the second
one converges to (a/2) me (g0} V fg~1du, by monotone convergence. The last one

converges to +oo if u(GN{g=0}N{f > 0}) > 0 and 0 otherwise, which achieves
the proof of (7.3). N

If ||uy V v2]leo > 2B, we may assume, exchanging the roles of v; and vs if necessary,
that pu(A) > 0 with A = {v; > vy and vy > 2B}. Let C = {v; < B Awy}. If
u(C) > 0, we may apply Lemma 2 with F' = A, G = C, g = v; and v} = g.. We first
set f =t. Since v1 —t < B on C while v; —t > B on A, it follows from (7.2) that
da(v],t) < dg(v1,t) for e small enough. If we now set f = vy and use (7.3), we see that
h(v},v2) < h(vi,vs) since va < v1 on A and vy > v; on C. We conclude by setting
vh = ve. If u(C) = 0, then p({B < v; < va}) + u({va < vy < B}) = 1 and both
sets have positive p-measure since vy # ve. In this case we set F' = {B < v; < va},
G ={ve <wv; Au} and g = vy. Then u(F) > 0 and pu(G) > 0 since u < B < vy on F
and they are densities. If we use (7.2) with f = u, we derive that da(vh, u) < da(v2,u)
for € small enough and if we use (7.3) with f = vy, we derive that h(v),v1) < h(ve,v1),
in which case we set v} = v;.

7.3 Proof of Theorem 5

We consider the family of tests ¥(t,,t,, X) = 14, 1, (X) provided by the assumption
with z = A|p—n|. Given this family of tests and S = {t;,7 > 1}, we define the random
function Dx on S as in Birgé (2006a), i.e. we set R; = {t; € S,j # i|(t;,t;, X) =
tj} and
sup {d(ti,tj)} if R; # 0;
Dx(ti) = (74)
0 if R; =0.

Given some t; € S, we want to bound
P, [Dx (t;) >ay;| forz>1 and y; =4d(s,t;)V VAa—1i2i.
Let us define the integer K by x? < 25 < 222. Then
K>1, a2 K(zy)? > a2 1?2 > 4i/2 and e AK < g724/182 (7.5)
Now, setting y = zy;, observe that
P, [Dx (t;) > y] = Ps[ 35 with d(t;,t;) > y and (t;, t;, X) =t;] < 51 + 5y,
with

Z Lo, 1,)> [(ti,tg, X) =] Z Lo, t;)> [(ti,tj, X) = t;].

Jj<i j>i
If i = 1, then ¥; = 0 and if ¢ > 2, we can use (5.2) and y > 4d(s, t;) to derive that
. £ B Z La(t; t)>y €XP [—a2_id2(ti, t;) + Ali — ]
J<u
< Bexp [—a2 'y?2? + Ai] Ze A

7>1
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—A o oA )
A exp [—Az (a; — 1)] < Bm exp [—A (x — 1)]

< B (1 - E_A)_l exp [—Amﬂ < B (1 — e—A)—l x—2A/log2’

IN

B

where we used (7.5), ¢ > 1 and « > 1. Also, by (5.1),

So < BY lau )5y oxp [—a27d (b 1) — Ali — jl]

Jj>i
+o0o
< BZexp [—a2_jy2 —A(j—1)] = BZexp [—a2_i_ky2 — Ak
j>i k=1
K
< B Zexp [—a2_i_ky2 - Ak} + Z exp|[—Ak]| = B(X3+ X4),
k=1 k>K
with £, = e~ 4K (eA - 1)_1 and, by (7.5),
K-1 ' ‘ K-1 ‘
Yy = e 4K Z exp [—a2_l_K+]y2 +4j5] < e AK Z exp [—A(z’2]_1 - )]
§=0

§=0
< e_AKZeXp [— (2j_1 —j)] < 3e 4K,
>0

We finally get, putting all the bounds together and using (7.5) again,
Py [Dx (t:) > zy] < BC(A)z~?4/1082  for 4 > 1. (7.6)

As a consequence D x (t;) < +oo a.s. and we can define
§4 =t, with p=min {j ‘ Dx (tj) <inf Dx (t;) + VAa~1 } .

In view of the definition of Dy, d(t;,t;) < Dx (t;) V Dx (t;), hence, for all ¢; € S,
d(34,t;) < Dx (t;) +VAa~T and
d(54,5) < Dx (t:) +VAa~t +d(s,t;) < Dx (t:) + vs.
It then follows from (7.6) that
P, [d(34,5) > zy;] < BC(A)(z —1)724/1%e2 for » > 2.
Integrating with respect to z leads to
Es [(d(84,s) /y:)?] < BC(A,q) for1<gq<2A/log2,
and, since t; is arbitrary in S,

E,[d (54,5)] < BC(A, q)inf [dq(s,ti) v (ati2))" 2} for 1 < q < 24/ log 2.
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