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Density estimation via cross-validation:
Model selection point of view

Alain CELISSE

April 14, 2009

Abstract

The problem of model selection by cross-validation is addressed in the density esti-
mation framework. Extensively used in practice, cross-validation (CV) remains poorly
understood, especially in the non-asymptotic setting which is the main concern of this
work.

A recurrent problem with CV is the computation time it involves. This drawback is
overcome here thanks to closed-form expressions for the CV estimator of the risk for
a broad class of widespread estimators: projection estimators.

In order to shed new lights on CV procedures with respect to the cardinality p of
the test set, the CV estimator is interpreted as a penalized criterion with a random
penalty. For instance, the amount of penalization is shown to increase with p.

A theoretical assessment of the CV performance is carried out thanks to two oracle
inequalities applying to respectively bounded or square-integrable densities. For sev-
eral collections of models, adaptivity results with respect to Holder and Besov spaces
are derived as well.

Keywords: Density estimation, cross-validation, model selection, leave-p-out, random
penalty, oracle inequality, projection estimators, adaptivity in the minimax sense, Holder,
Besov.

1 Introduction

The main concern of this paper is the analysis of cross-validation procedures when em-
ployed to perform model selection in the density estimation context. This analysis results
in a new understanding of CV behaviour as well as in several optimality results. Before
entering into details, let us briefly describe related works in the model selection area.

1.1 Model selection

Model selection via penalization has been introduced by the seminal papers of Mallows
(1973) on C),, and Akaike (1973) about AIC, and also by Schwarz (1978) who proposed the
BIC criterion. AIC and BIC have an asymptotic flavour, which makes their performance



depend on the model collection in hand as well as on the sample size (see Baraud et al.,
2009).

More recently, Birgé and Massart (1997, 2001, 2006) have developed a non-asymptotic
approach, inspired from the pioneering work of Barron and Cover (1991). It aims at
choosing a model among a countable family {S;.},,c, Where M,, is allowed to depend
on the sample size n. From this point of view, an estimator s, is associated with each
model S,,, and a penalized criterion is designed and then minimized to provide a final
estimator 5§ = S5. The goal of this approach is efficiency, that is the risk of 5 is as
small as the smallest achievable risk by any of the estimators in the collection. Actually,
this cannot be reached in the non-asymptotic setting and the quality assessment of the
procedure is made through an oracle inequality. Such an inequality instead asserts that
the risk of s'is almost the same as that of the smallest achievable one up to a multiplicative
constant C), > 1 and a remainder term. When C,, converges to 1 as n tends to infinity,
the model selection procedure is said asymptotically efficient.

In the density estimation framework, Barron et al. (1999) developed a general ap-
proach based on deterministic penalties, leading to an oracle inequality involving Kullback-
Leibler divergence and Hellinger distance. This result has been adapted to the particular
case of histograms by Castellan (1999, 2003) and further studied in Birgé and Rozenholc
(2006). With the quadratic risk, the penalties proposed by Birgé and Massart (1997) and
Barron et al. (1999) also enjoy some optimality properties when applied to projection es-
timators. The resulting estimators exhibit some adaptivity in the minimax sense with
respect to Besov spaces for several appropriate functional bases (see Birgé and Massart,
1997).

1.2 Cross-validation

Unlike the aforementioned approaches relying on some deterministic penalties, the main
concern of the present work is the use of cross-validation (CV) as a model selection proce-
dure in the density estimation context. “Cross-validation” refers to a family of resampling-
based procedures, resulting from a heuristic argument. The cross-validation procedures
have been first studied in a regression context by Stone (1974, 1977) for the leave-one-out
(Loo) and Geisser (1974, 1975) for the V-fold cross-validation (VFCV), and by Rudemo
(1982) and Stone (1984) in the density estimation framework.

Since these algorithms can be computationally demanding or even intractable, Rudemo
(1982) and Bowman (1984) provided some closed-form expressions for the Loo estimator
of the risk of histograms or kernel estimators. These results have been recently generalized
by Celisse and Robin (2008b) to the leave-p-out cross-validation (Lpo).

Most of theoretical results about the performance of CV procedures are asymptotic and
mainly concern the regression framework. For a fixed model, Burman (1989, 1990) expands
several CV estimators of the risk of s, and concludes that Loo is the best one in terms
of bias and variance. Besides several comparisons are pursued between CV and various
penalized criteria: Li (1987) and Zhang (1993) in view of asymptotic efficiency, and Shao



(1993) and Yang (2007) on model consistency, that is recover the ”"true model”. Interested
readers are referred to Shao (1997) for an extensive review about asymptotic optimality
properties in terms of efficiency and model consistency of some penalized criteria as well
as CV procedures.

As for non-asymptotic results in the density setting, Birgé and Massart (1997) have
settled an oracle inequality that relies on a conjecture and may be applied to the Loo
procedure. However to the best of our knowledge, no result of this type has already
been proved for the Lpo procedure in the density estimation setup. Recently in the
regression setting, Arlot (2007b) established oracle inequalities for V-fold penalties, while
Arlot and Celisse (2009) have carried out an extensive simulation study in the change-
point detection problem with heteroscedastic data.

1.3 Main contributions

The present paper is devoted to study CV procedures as a means to perform model
selection in the density estimation framework.

A constant drawback of CV—and resampling strategies in general—is the computation
time such procedures involve. Indeed pursuing Loo with a large data set can be compu-
tationally prohibitive. Closed-form expressions are provided for the Lpo estimator of the
L?-risk of the broad class of projection estimators, demonstrating the wide applicability
of these results. More insight is given into the behaviour of CV risk estimators thanks to
these expressions, which drastically reduce the computation time.

CV estimator is then embedded into the penalized criterion framework. It emphasizes
the tight relationship between the choice of p and the amount of penalization resulting
from this choice. In the model selection setting, the interest of choosing p > 1 raises as a
way to balance overfitting phenomenon.

Several non-asymptotic optimality results are also derived in terms of oracle inequality
as well as adaptivity results in the minimax sense. To the best of our knowledge, these
are the first theoretical non-asymptotic results of this type applying to Lpo in the density
estimation setting.

The paper is organized as follows. The next section describes the statistical framework
and notation. CV is presented as a special case of resampling procedures and some exam-
ples of famous CV procedures are provided. Closed-form expressions are then derived in
Section 3 with several examples. Some bias and variance calculations are also yielded for
various CV risk estimators.

The main concern of Section 4 is model selection. The Lpo estimator of the risk is
interpreted as a penalized criterion with a random penalty. The amount of penalization
is quantified with respect to p, which stresses the interest of choosing p > 1 as a means to
overcome overfitting. Two oracle inequalities are then derived that warranty the good non-
asymptotic performance of Lpo as model selection procedure with polynomial collections
of models.



Section 5 is devoted to adaptivity results in the minimax sense with respect to Holder
as well as Besov spaces. Different collections of models are considered such as piecewise
and trigonometric polynomials. A discussion with some possible prospects then follows in
Section 6. Finally, proofs are collected in Section 7.

2 Leave-p-out cross-validation

Resampling-based strategies such as CV are usually time-consuming and can even be
computationally intractable. The interest of the forthcoming approach is to derive closed-
form expressions for the CV-based estimator of the risk of projection estimators, which are
widespread in the density estimation community (Rudemo (1982); Donoho et al. (1996);
Birgé and Massart (1997); Barron et al. (1999)).

First, the statistical framework is described. A definition of projection estimators is
yielded and illustrated by several examples. Second, the CV heuristics is detailed with an
emphasis on the relationship between CV and resampling procedures. Several famous CV
procedures are also recalled.

2.1 Statistical framework

Let us start with introducing the framework and some notation which are repeatedly
used throughout the paper.

2.1.1 Notation

In the sequel, Xi,...,X,, € [0,1] are independent and identically distributed random
variables drawn from a probability distribution P of density s € L?([0,1]) with respect to
Lebesgue’s measure on [0, 1].

Let S* denote the set of mesurable functions on [0,1]. The distance between s and
any u € §* is measured thanks to the quadratic loss denoted by £(-,-) satisfying

0 (s,u) — 0 (s,u) = ||s —ul®.

Since this quantity depends on s that is unknown, let us introduce the associated contrast
function

vi (uz) = (e, z) = flul? - 2u().

This contrast is related to the loss function by ¢ (s,u) = Py(u) — P~(s), where Pvy(u) =
E[v(u,X)] and X ~ P for any u € S*. The empirical risk at point u € S*, which
estimates £ (s,u ) up to a constant term, is defined by

) 1= Pay(a) = 37 (0, 1)
i=1

4



where P,

= 1/nY 1", dx, denotes the empirical measure. The quality assessment of an
estimator § = 5(X1,...,X,) of s is made through the corresponding quadratic risk

Ru(3):=E[((5,3)] =E [Hs— §H2} .

Let M,, denote a countable set of indices. For every m € M,,, S,, is a set of candidate
functions to estimate s, called a model in the following. Since every model .S, is uniquely
determined by its index, m is also called a model.

In every model S,,, 8, denotes an estimator of s defined as the empirical risk minimizer
over S,

Sm = Argmin, g Pyy(u).
The resulting collection of estimators {5,,},,caq, corresponds to the collection of models
{S m}meMn :

2.1.2 Projection estimators

Let A, be a set of countable indices and {¢x},c,, a family of vectors in L?(]0,1]) such
that for every m € My, there exists A(m) C A, and {@r})cp¢y) I8 an orthonormal

family of L2([0,1]). Then, let S, denote the linear space spanned by {ertrea(m) and
D,,, = dim (S,,) for every m.
The orthogonal projection of s onto .S, is denoted by s,

Sm = Argmin,cg Pry(u) = Z Py, oy, with Poy=E[pr(X)].
AEA(m)

Definition 2.1. An estimator 3 € L*([0,1]) is a projection estimator if there exists a
family {ox}\cn of orthonormal vectors of L*([0,1]) such that

o~ ] 1
5 = Z QN P, with o= ZH)‘(Xi)’
NeA AGA
where {H)(-)} cp depends on the family {px}ycp-

Therefore, it turns out that for every m € M, the empirical risk minimizer over S,, is a
projection estimator since

. . 1<
Sm = E Poox @, with Py = - E OA(X5)-
ACA(m) =1



Examples of projection estimators (see DeVore and Lorentz, 1993)

e Histograms:
For every m € My, let {1 \} )¢, be a partition of [0,1] in Card(A(m)) = Dy,
intervals. Set ¢y = 17, /+/|I\| for every A € A(m), with |I,| denotes the Lebesgue
measure of ). Then, the empirical risk minimizer, which is a histogram, is a pro-
jection estimator

e Trigonometric polynomials:
Let {¢x},cz be the orthonormal basis of L?([0, 1]) such that ¢t — ¢, (t) = e*™. For
any finite A(m) C Z, the trigonometric polynomial

ts S,(t) = Z Paox 2mixt
AeA(m)

is a projection estimator.

o Wavelet basis:
Set {¢x}yea, an orthonormal basis of L([0, 1]) made of compact supported wavelets,
where A, = {(j,k) | j € N*and 1 <k <27}. For every subset A(m) of A, the
empirical risk minimizer associated with {¢px}yep(m) i

Sm= > Pupren
AeA(m)

2.2 Cross-validation

First, CV is presented as a particular instance of subsampling, which enables to yield a
unified description of CV procedures. Then, several CV procedures are detailed with an
emphasis on leave-p-out cross-validation (Lpo) that will be further studied in the following
of the paper.

2.2.1 Resampling

A resampling procedure consists in generating new sets of observations—the resamples—
from the original sample according to a given scheme. Resampling corresponds to sub-
sampling when the resample cardinality is less than that of the original sample.

Among first resampling procedures, a primitive version of CV has been performed
by Larson (1931) at the early 30s, while jackknife was introduced by Quenouille (1949)
and also studied by Tukey (1958). However, resampling procedures have only emerged
as a worthwhile matter of study following the work by Efron (1979, 1982) on bootstrap.



Interested readers are referred to (Arlot, 2007a, Introduction) and (Celisse, 2008, Intro-
duction) for a general point of view about resampling and also Giné (1997) for some more
references.

Following the heuristics described by Efron (1979), resampling approximates the un-
known distribution of a statistics by that of "resampled statistics”, that is statistics com-
puted from the resamples, given original data (see Mason and Newton, 1992, for examples
of theoretical results).

Let X1, = {X1,...,X,} denote original observations and X7 5 = {X},..., X3} for
N < n, some resampled data. Then the empirical distribution of X 1. is equal to

1 1
L3 b= S W, =
=1 =1

where W, = (W, 1,..., W, ) denotes a weight vector, which is specific of the resampling
scheme. Weights W,, ; are random variables drawn independently from X;s according to
a known distribution.

2.2.2 Cross-validation rationale

Unlike bootstrap, CV does not aim at recovering the distribution of a given statistics.
More precisely, CV is devoted to estimate the risk of an estimator s(P,) of s. Notation
5 (P,) stresses the dependence of s on original observations through empirical measure.
The risk of 5 can be expressed as

V“n(g):EXLR[E)([’)/(:S\(P”),X)H, (1)

where X denotes a new observation, independent from X, and identically distributed.
Ex and Ex, , are expectations with respect to X and respectively X .

The crux in the CV heuristics is the independence between X and X ,,, which arises
from (1). This point is at the core of any CV procedure and justifies the splitting of X ,
into a training set—used to compute the estimator— and a test set—used to assess the
quality of the latter estimator.

Since the training set plays the same role as the initial sample but with cardinality
less than n, it acts as a subsample of X ,. Therefore, this subsampling scheme can be
defined by the choice of some random weights W,, = (W, 1,..., W), ). Details about CV
procedures and corresponding weights are provided in Section 2.2.3.

Let PV and PV respectively denote empirical measures of data in the training set,
resp. in the test set. For a given split of the data, the CV estimate satisfies

Py (3 (PV)) ~Ex [v(5(P.),X)].

The left-hand side quantity depends on the realization of the random weights, which can
be removed by integrating with respect to them:

Rovaw = Ew | PV (3 (BY)) | ~Ex,, [Ex[7(5 (P), X)]] =ra(3),



where Ey means integration is carried out with respect to the weights.

ECV,W denotes the CV estimate of the risk of 5, up to a constant. The notation points
out that it depends on the choice of the weight distribution (see Section 2.2.3).

In the sequel, r,(5) is repeatedly used and referred to as the risk of s.

2.2.3 Cross-validation botany

Several CV procedures are described with their associated weights. A distinction is made
between time-consuming and computationally efficient ones. VFCV and Lpo are then
compared one another in several respects.

In the following, for any 1 < p < n — 1, &, denotes the set of all possible subsets of
{1,...,n} with cardinality p.

Hold-out From a historical point of view, simple validation also called Hold-out (Ho)
has been introduced at the early 30s. For instance, it is employed by Larson (1931) in
his empirical analysis. Hold-out simply consists in randomly splitting observations into a
training set of cardinality n — p and a test set of cardinality p, with 1 < p <n — 1. Data
splitting is only made once, which results in additional variability.

Since it is easy to analyse, hold-out has been often studied: see for in-
stance Bartlett et al. (2002); Blanchard and Massart (2006) in classification, and
Lugosi and Nobel (1999); Wegkamp (2003) in regression.

For any random choice of e € &, the hold-out estimator of r, () is

~ N o 1 o
Ruop(3) = Py (5(Bp) =~ > v (3(X(,). Xi),

p ice
where P¢ (resp. P¢) denotes the empirical distribution of data in the test set (resp. in
the training set). Hold-out corresponds to the random choice of W,, such that for every
i, Wh,i € {0,n/p}, Y1y Wy = n, and W, is drawn from a Dirac measure over the (")

P
such vectors.

Leave-one-out Leave-one-out (Loo) was the first CV procedure, since strictly speaking
CV starts when simple validation is carried out for several splits of the data. It was
first formalized by Mosteller and Tukey (1968), and then studied in the model selection
framework by Stone (1974). It consists in successively removing each observation from the
original data, using the n—1 remaining ones to compute the estimator. The performance of
the latter estimator is then assessed thanks to the removed point. The Loo risk estimator
is defined as the average performance assessment over the n possible splits:

~ R
Ri(3) = — 3 A3 (X])). Xo).
i=1

where X@l represents X, from which X; has been removed.



In order to stick to the resampling formalism, Loo corresponds to the choice of a random
vector Wy, such that W, ; € {0,n}, P(W,, ; > 0) = 1/n for any j, and » 7, W, j; = n.

Leave-p-out Leave-p-out (Lpo) generalizes Loo to the case where 1 < p < n — 1 obser-
vations are removed from original data at each split.

It is studied in linear regression setup by Shao (1993) and Zhang (1993), and in
the change-point detection setting by Arlot and Celisse (2009). In density estimation,
Celisse and Robin (2008b) derive closed-form expressions for the Lpo estimator with his-
tograms and kernels.

The Lpo estimator of r,,(§) consists in the same procedure as Loo except that at each
one of the (;) possible splits, p observations are removed:

o)z |

ecp

%Zw(g(Pﬁ),Xi) .

i€e

The corresponding weights satisfy W,,; € {0,n/p} for any ¢, > ;" W, ; = n and the
probability of any such vector is (2)7

Remark 1. A naive implementation of Lpo has computational complexity of order (Z)
times that of the 5§ computation, which is intractable as soon as n is large and p > 1.
Even Loo, that is Lpo with p =1, can be time-consuming.

V-fold cross-validation Due to the high computational burden of the previous proce-
dures, Geisser (1974, 1975) has introduced an alternative procedure named V-fold cross-
validation (VFCV). For instance, it has been studied in Burman (1989, 1990) who suggests
a correction to remove some bias.

VFCV relies on a preliminary (random or not) choice of a partition of the data into
V' subsets of approximately equal size n/V. Each subset is successively left out, and the
V' — 1 remaining ones are used to compute the estimator while the last one is dedicated
to performance assessment. The V-fold risk estimator is the average over the V resulting
estimators.

For a given random partition of the data, the above description results in V' weight
vectors W, of respective probability 1/V, satisfying W,; € {0,V} for any ¢, and
2 e Wi =n.

Let eq,...,ey denote the partition of {1,...,n} into V blocks. Then, the VFCV
estimator of 7,(§) is

~ R 1 % ~ (D
Ryrcv,yv(3) = VZ gZ’Y(S (Pr), Xi)



2.2.4 Lpo versus VFCV

Nowadays, it is usual to deal with a large amount of data. For instance, biology as well
as computer vision are perfect illustrations of this statement.

As explained in Section 2.2.3, the Loo computational complexity is n times that of 5,
which can be highly time-consuming. With this respect, provided V' < n, VFCV (Geisser,
1974, 1975) is by far less computationally demanding than Loo.

However, VFCV relies on a random partitioning of the data into V' subsets. This addi-
tional randomness induces some more variability with respect to Loo and Lpo, which both
carry out exhaustive splitting of the observations. In the density estimation framework,
Celisse and Robin (2008b) has theoretically quantified the amount of randomness induced
in applying VFCYV instead of Lpo.

As it does not introduce any additional variability, Lpo can be seen as a ”gold stan-
dard” among CV procedures. VFCV turns out as an approximation of the ”ideal Lpo”,
which is unachievable due to prohibitive computation-time. Indeed, the Lpo computa-
tion requires to explore (Z) resamples, which is intractable even for not too large n when
p > 2. Therefore, with full generality, Lpo cannot be performed and one has to use
approximations.

Other approximations to Lpo exist like repeated learning-testing cross-validation
(RLT), introduced by Breiman et al. (1984) and then studied in Burman (1989) and Zhang
(1993).

The purpose of the next section is to describe a broad range of settings in which
closed-form expressions of the Lpo estimator can be derived. On the one hand, such
formulas drastically reduce the Lpo computational complexity from exponential—for a
naive implementation of Lpo—to linear. Furthermore, such formulas make Lpo preferable
to VFCV since the latter is more variable and expensive to perform.

On the other hand, these closed-form formulas yield more insight in the general be-
haviour of CV as an estimator of the risk. The study of CV as a model selection procedure
is the main concern of Section 4.

3 Closed-form expressions

Closed-form expressions of the Lpo risk estimator are provided for the broad family of
projection estimators. First, such formulas enable the efficient computation of Lpo. Sec-
ond, they provide some information about the quality of the CV estimator as an estimator
of the risk. Indeed, closed-form expressions for bias and variance of the CV estimator are
also derived.

3.1 Leave-p-out risk estimator

Here is an elementary and essential lemma that leads to these closed-form expressions.
This result is obtained thanks to combinatorial calculations.

10



Lemma 3.1. Let /s\m(an) denote a generic projection estimator based on model Sy, and
computed from the training set an. Then,

n—1
S il = o2 | () A0
prs p)’ P/ S aénmm)
—9
(") A (X)), @
Pz Aénim)
1 n—2
DO EXTI(X) = p— ( B 1) 3TN eaXiea(X). (3)
ecE, ice PP i#j AeA(m)

The proof of Lemma 3.1 is deferred to Section 7.
From the previous lemma, the closed-form expression for the Lpo estimator of the risk
is derived. This expression holds with the quadratic loss and projection estimators.

Proposition 3.1. For anym € M, lets,, denote the projection estimator onto the model
S, spanned by the orthonormal basis {‘P/\}Ae/\(m)- Then for any p € {1,...,n— 1},

Rm) = ——— 3 |20 - LS o e (X |- @)

n(n=p) XeA(m) | n—1 £k

The computation cost of (4) is of order O (n).

Proof. In the density estimation framework, the contrast associated with the L2-loss is
y(t, X) = ||t||* = 2t(X). Subsequently, the Lpo estimator is

. -1 o 2 -1 o
Ry(m) = (Z) S [En(XE)|* - 5@ 3 3 (XX
ecép ec&y ice

Besides, the general projection estimator is

Z Papx .-

AEA(M

The simple application of (2) and (3) provides the expected conclusion.

O

Examples We are now in position to specify the expression of the Lpo risk estimator in
Proposition 3.1 for several projection estimators.

1. Histograms:

11



Corollary 3.1. Let us assume that s, denotes the histogram estimator built from
the partition I(m) = (I1,...,1Ip,,) of [0,1] in D,, intervals of respective length |I,|.
Then forp e {1,...,n—1},

o) = Gy 2y | 0P 5 e ()] 6)

where ny = ${i| X; € I\}.

Proof. (5) comes simply from the application of (4) with ¢y = 17, //|1[- O

2. Trigonometric polynomials:

Corollary 3.2. Let ¢y denote either t — cos(2mkt), if A € 2N or t — sin(27kt), if
A€E2N+1.
Let us further assume that A(m) = {0,...,2K} for an integer K > 0. Then,

Ry - 2= DU+
By(m) = 0 =)
1 & e 2
B n(nn_—lp + Z Zcos(Qﬂ-k;Xj) + Zsm(ZWk:X )
=0 7j=1 Jj=1

3. Haar basis:

Corollary 3.3. Set ¢ : t— 1y and pj(t) = 21/2p(27 - —k), where j € N and
0<k<2 —1.
For any m € My, let us define A(m) C {(j,k) | j €N, 0 <k <2/ —1}. Then,

Ep(m)=; > Qj[(Qn p)——n(n—p+1)<m)2},

00D .
where nj, = Card ({i | X; € [k/27, (k+1)/27]}).

3.2 Moment calculations

As a consequence of the closed-form expressions settled in the previous section, similar
expressions are also available for expectation and variance. A precise assessment of the
performance of the Lpo estimator as an estimator of the risk is thus available thanks to
these closed-form expressions.

12



Proposition 3.2. With the same notations as in Proposition 3.1, we have for any 1 <
p S n— 17

ERym) =—— 3 [ER(X) - Bar(0))] - 3 Eea(X))?,

ACA(m) AEA(m)
2
Var [ﬁp(m)} = |26%; Z (P(p%\)Q + 4afty Z P@3 Pyy + no’R <Z w%\)
A A A

2 2
e (z Pwi) +26% Y (Pongx ) + 45°4E (z wa>
A

NEN A

2
+(—4n + 6)t1 57 (Z (P<PA)2> +4aBt; Y PoionPoy

A PV

(n(n = 1)(n —p)) %,

—4t103Y Py (Pox)?
A N

where Ppy =Ep)\(X), a=n—1,8=n—p+1, t1 =n(n—1), and to = t1(n — 2).

The technical proof is given in Section 7. Note that these formulas may be derived provided
Plpal> < +00 for any A € A(m), which is satisfied if s is assumed to be bounded and
[leal> < 400 (g continuous and compact supported for instance).

The bias of the Lpo risk estimator may be a more interesting quantity to work with.
Its expression straightforwardly results from Proposition 3.2.

Corollary 3.4. For any projection estimator, the bias of the Lpo estimator is equal to

5 5 p
B | Ry(m) | := ERy(m) = ra(m) = mgﬂ[miu)—@mmf],
- 71) ar
~ n(n—p) /\EAZ(m)V lea(X)] =0,

where 1(m) = E [||§m\|2 ~2[ sgm] .

Illustration By application of Proposition 3.2 to histogram estimators, the follow-
ing expressions are derived for expectation and variance of the Lpo risk estimator (see
Celisse and Robin, 2008b):

Corollary 3.5. For every A € A(m), set ay = P(X; € I). Then,

E[Rm] = —= Y Lara-a)- Y —ak

n—p WA

AEM AEm
5  PPe(na,w) + pai(n,a,w) + qo(n, a,w)
Var [ Ry(m) | = [n(n— (n— )P ’

13



where

D
V(Z,j) € {1773} X {172}7 Sij = Za%f/wi7
k=1

@(n,o,w) = n(n—1)[2s22 +4s32(n —2) + 3371(—471 +6)] ,

qi(n,o,w) = n(n—1)[—8s22 —8s32(n—2)(n+1) —4sy1521(n —1)—
255 1(—4n* +2n +6)]

go(n,o,w) = n(n—1)[s12(n—1)— 2s9.9(n* — 2n — 3)+

4s39(n —2)(n + 1)2 — sil(n - 1)+
4s1189.1(n? — 1) + 8371(—471 +6)(n + 1)2] .

4 Model selection

Although CV is extensively used in practice, very few is known about its non-asymptotic
behaviour as a model selection procedure. In particular, there is no theoretical and non-
asymptotic guideline about the optimal choice of p with respect to the model selection
goal one pursue.

The purpose of the present section is first to analyze CV as a penalized criterion, which
enables a new interpretation of the choice of p. Second, the performance of CV in terms
of model selection procedure is quantified by non-asymptotic optimality results. To the
best of our knowledge, these oracle inequalities are the first results of this type.

4.1 Random penalty

This section sheds new lights on the behaviour of CV as model selection procedure with
respect to the choice of p. On the one hand, CV is embedded in the framework of model
selection via penalized criteria. It is shown that the choice of p determines the amount of
penalization.

On the other hand, several conclusions are drawn about the appropriate—non-
asymptotic—use of CV, depending on the value of p. For instance, since it behaves like
Mallows’C),, Loo must not be employed as a model selection procedure with exponential
collections of models.

4.1.1 Ideal and Lpo penalties

Given the a priori knowledge of the target s, a countable collection {Sy,},,c M, 1s chosen
so that the S),s are assumed to be close to s. The purpose of model selection is to design
a procedure providing a candidate model m such that the final estimator 5 is as close
as possible to the target s.
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For instance, the choice of m is made by minimizing a penalized criterion crit(-)
(Barron et al., 1999) defined by

Vm € M,, Crit(m) = Py (/S\m) + pen(m), (6)

where P, (S,,) is the empirical risk of s,,. pen(:) : M, — R denotes the penalty term,
which takes into account the complexity of model S,,.

On the one hand, the optimal criterion to minimize over M,, is the ideal random
quantity

critig(m) = Py(8m) = Ev (S, X) (7)

where the expectation is taken with respect to X ~ P, which is independent from the
original data. The minimization of the ideal criterion crit;q over M,, would systematically
yield the best estimator one can achieve among {8,},,c > that is the oracle. The link
between (6) and (7) can be clarified by rewriting

critia(m) = Puy(Sm) + [Py(Sm) — Puy(5m) ],
so that the ideal penalty is defined by
Vm € My, peng(m) = Py(sm) — Poy(Sm).

The ideal penalty is what must be added to the empirical risk to recover the ideal criterion.
On the other hand following the CV strategy, we perform model selection by minimizing
the Lpo risk estimator over M,,. Thus for a given 1 < p < n —1, the candidate m satisfies

m = ArgminmeMnﬁp(m).

The existence of a strong relationship between penalized criteria and CV procedures is
strongly supported by the large amount of literature about (asymptotic) comparisons
of these two model selection procedures (see for instance Stone, 1977; Li, 1987; Zhang,
1993). Therefore, the CV strategy can be embedded into penalized criterion minimization
procedures:

m = Argmin, . v, {in(/s\m) + penp(m)} ,

where pen,,(m) is called the Lpo penalty of model m and satisfies for every m pen,(m) :=

ﬁp(m) — P,y(Sm). A somewhat related approach applied to Loo can be found in
Birgé and Massart (1997).

4.1.2 Lpo overpenalization

This embedding of CV into penalized criteria provides more insight in the behaviour of CV
procedures with respect to parameter p. In particular, some features in the behaviour of
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pen,, as function of p arise from the comparison between pen;; and pen,,. This comparison
is carried out through expectations of these penalties. The next results hold with general
projection estimators.

Let us start with a preliminary lemma:

Lemma 4.1. With any projection estimator S, onto S,,, we obtain

E [pen,;;(m Z Var (px (X)),
AeA )
E[penp(m)] = Z Var (px (X)) -
AeA

This enables to precisely evaluate, the discrepancy between Lpo and ideal penalties:

Proposition 4.1. For every m € M, let {gp,\})\eA(m) denote an orthonormal basis of Sy,
and Sy, the projection estimator onto S,,. Then, for every m € M,, and 1 <p <n —1,

B [pen (m) — pen(im) | = = 3 Var (X)) 20 ®)
)\GA(m

Whatever 1 < p < n — 1, the Lpo penalty remains larger than the ideal one by an
amount that increases with p. Furthermore, this amount of penalization can vary within
a wide range of values. Indeed, (8) yields

E [penp(m)] = Cover(p) E [penid(m)] ’

where Cover(p) = (2n —p) /(2n — 2p). Therefore with p = 1, Cover(1) = 1 + 1/(2n — 2)
leads to a nearly unbiased estimator of the ideal penalty, while Coyer(n/2) = 3/2 indicates
that the Lpo penalty overpenalizes by an amount of the same order as the ideal penalty.
A logn factor can even be achieved by Coyer(p) provided p ~ (1 — 1/ (2logn —1))n

At this stage, an important distinction must be made between risk estimation and
model selection. On the one hand, if the purpose is the estimation of the risk of a given
estimator, for instance, an unbiased (or nearly unbiased) estimator of this risk can be
desirable. Therefore, the choice p = 1 seems the most appropriate one, provided the
variance of the resulting estimator remains at a reasonable level. As for ”optimal” risk
estimation, Celisse and Robin (2008b) has developed a strategy aiming at providing the
Lpo risk estimator with the smallest mean square error. In Celisse and Robin (2008a), it is
shown that the proposed estimator asymptotically amounts to Loo as n tends to infinity.
This is also consistent with the results of Burman (1989) who shows in the regression
setting that Loo is asymptotically the best risk estimator among CV ones in terms of bias
and variance.

On the other hand, model selection requires to choose the closest model to the tar-
get, even at the price of a worse estimation of the risk for some models in the collection.
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For instance, minimizing a penalized criterion over M, leads to misleading models with a
probability increasing with M,,, provided the oracle remains the same. This results in ran-
dom downwards deviations of the minimized criterion for some "bad models”. A classical
way to balance these unwanted deviations is to overpenalize by an amount that depends
on the structure of the considered collection of models. Subsequently, choosing p = 1
is not necessary desirable in model selection as already noticed in Breiman and Spector
(1992) and recently in (Celisse, 2008, Chap. 6) where Loo has been empirically shown to
suffer from overfitting with polynomial collections of models.

Several conclusions can be drawn from Proposition 4.1 about the CV performance as
a model selection procedure. First, Loo is a nearly unbiased risk estimator, which results
in similar behaviour to that of Mallows’C),. This is consistent with asymptotic results
established by Li (1987) and Zhang (1993). As a consequence, Loo only aims at yielding
a reliable estimation of the target in order to perform (asymptotically) efficient model
selection (see Section 1 and Li (1987)). In particular, Loo cannot be employed—with an
identification purpose—to recover the ”true model” with probability converging to 1 as n
tends to infinity, which is the goal of BIC.

Second, with Loo—and Lpo for small values of p—only model selection over polyno-
mial collections of models can be carried out. For instance, using Loo with exponential
collections of models would systematically lead to overly large models.

Third, identification can however be pursued by CV, provided p has been chosen of
the appropriate order. Indeed, p ~ (1 — 1/ (2logn — 1)) n yields a logn term like the one
in BIC penalty. This also confirms the previous asymptotic result settled by Shao (1993)
in the regression setting.

4.2 Oracle inequalities

In the following, the quality of the Lpo-based model selection procedure is assessed through
the statement of oracle inequalities. These results are settled in the polynomial complexity
framework and hold for any projection estimator. To our knowledge, it is the first non-
asymptotic results about the performance of Lpo in this framework.

Unlike the usual approach in model selection via penalized criterion, the purpose here
is not to design a penalty function. Indeed, the Lpo estimator itself can be understood as
a penalized criterion (see Section 4.1).

4.2.1 Preliminaries

The main results rely on several assumptions detailed and discussed in the following.
Set X ~ s and for every index m,

dm= > 5 and  Vp=E¢n(X).

AeA(m)

Then, let us define the following assumptions:
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(Reg) 3% >0/ suppen, [dmllo < P 1/ (logn)”.

Since ¢, = Z)\EA(m) ©3, ||émllo, may be understood as a regularity measure of the
basis {ox} e A(m)- Thus, (Reg) relates the regularity of the considered basis to the amount
of data. This assumption has already been used by Castellan (2003) for instance. Let us
assume we use histogram estimators based on a partition {I1,...,Ip,, } of [0,1] in D,
intervals, and that ¢y = 17, /+/|Is], where |I,| is the length of Iy. Then, (Reg) gives
a lower bound on the minimal length of any interval Iy of the partition with respect to
the number of observations. In other words, partitions made of intervals with less than
n/(logn)? observations are prohibited.

(Reg2) 3P >0 |Vm e M,, SUP|q| =1 125 axeall, < /@ n/ (logn)2.

(Reg2) is another regularity assumption about {px},c A(m)- In the specific case of a
basis defined from a partition of [0,1] (like histograms or piecewise polynomials), (Reg)
implies (Reg2) . Besides, the constant ® is assumed to be the same in (Reg) and (Reg2)
, which holds up to replacing one of them by their maximum. A similar requirement to
(Reg2) can be found in Massart (2007).

(Ad) 3¢ >0/ Ym e M, with D,, >2, nE [”sm . gmug] > £D,,.
Let us first notice that

~ 1
Elsn-5al’= Y B[] = 3 var[pa(x)].
AeA(m) AEA(mM)

With histograms, Var [ ¢ (X)] vanishes if and only if the support of s is included in I,.
(Ad) therefore requires that for any m, there are always “enough” informative basis vectors,
if an informative vector is a vector such that Var[)(X)] # 0. For instance a sufficient
condition for (Ad) to hold with histograms is s > p > 0 on [0,1]. This assumption can
also be found in Massart (2007).

(Pol) 36>0/VD>1, {me& M, |D,, = D}| < D°.

A model collection is said to have a polynomial complexity if (Pol) holds, that is
if the cardinality of the set of models with dimension D is polynomial in D. Such an
assumption is satisfied with nested models for instance (Birgé and Massart (1997)). It
straightforwardly implies that Card (M,,) < nt!.
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4.2.2 Main results

In the following, two oracle inequalities are settled, which warranty the ability of the
Lpo procedure to select an efficient density estimator. The first result holds with bounded
densities, while the second one concerns the more general case of square integrable densities
at the price of an additional assumption. Several instances of bases for which the latter
assumption holds are provided at the end of this section.

Bounded density

Theorem 4.1. Let s denote a bounded density on [0,1] and X1,...,X,, be n i.i.d. random
variables drawn from s. Set {¢a}ycp, @ finite family of bounded functions on [0, 1] such
that for any m € My, S, denotes the vector space of dimension D,,, spanned by the
orthonormal family {©x}yepqn)- Let us assume that (Reg) , (Reg2) , (Ad) and (Pol)
hold.
Forn > 29, set 0 < € < 1 such that

4((€) 2 2

e+ <1

1+3c(0) T O 9)

where ((€) = [1 -1+ e)_S]. Then for any 1 < p <n — 1 satisfying

Ko 2140
14+3C(e) nl1+3C(e)

with 0 < a, f < 1, we have

2
(Ran) ta<Pero 3§
n

(On-1)-2

Y 7¢’ ) ’6
n k(€ s noz B,9)

E[ —AA2]<F, 3) inf E[ _3 ﬂ :
ls = sal” | <T(ea,5) inf E|lls—snll
where T'(e,a, ) > 1 is a constant (with respect to n) independent from s and
k(€e, s, P, a, 3,9) > 0 is another constant.

The proof of this result is deferred to Section 7.
REMARKS:

e (Ran) is a sufficient condition for the oracle inequality to hold. In this assumption,
« and (3 can be chosen as small as we want, but cannot vanish.

e The existence of € satisfying the inequality (9) stems from a technical lemma given
in the proof of Theorem 4.1.

e As it is made clear from the proof of the aforementioned technical lemma, the choice
of € is constrained. For instance, ¢ cannot be too much close to 0. This explains
why the nonintuitive bounds in (Ran) cannot be easily simplified. Furthermore,
this enlightens that “small values” of p could be excluded from the range of values
described in (Ran), to which the oracle inequality applies.
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e The independence of I'(e, a, 3) from s is essential in our framework since we have in
mind the use of this result to derive adaptivity in the minimax sense properties.

Square-integrable density

The second result is derived following the same idea as the previous one, thanks to
an additional mild assumption on the considered bases. This requirement turns out to be
non restrictive at all, since it is met by a broad class of orthonormal bases.

Theorem 4.2. Let s denote a density in L*([0,1]) and Xi,...,X, be n i.i.d. random
variables drawn from s. We set {px}yep, @ finite family of bounded functions on [0, 1]
such that for any m € M,, Sy, denotes the vector space of dimension D,,, spanned by
the orthonormal family {px}ren(m)- Let us assume that (Reg) , (Reg2) , (Ad) and (Pol)
hold, and moreover that

(Reg3) Ad > 0/ Vm € M, |émlloe < PDpy.

Forn > 29, set 0 < € <1 such that

acle) 2 2

TSl T omoy =2 <

14 3¢(e) !

)

where ((€) = [1 -1+ 6)78]. Then for any 1 < p <n — 1 satisfying

A¢le)  21+¢(e)
L43¢(e)  n1+3¢(e)

P 2
R +a<=<l—-——-— -0
(Fan) n Ce)(n—1) =2
with 0 < a, B < 1, we have

Y ’¢’ ) ’6
n k(€ s na B,9)

E[ —AA2]<F, 3) inf E[ _3 ﬂ :
s 3al?] <Te,08) inf E[lls
where T'(e,a,) > 1 is a constant (with respect to n) independent from s and
k(e, s, P, a, 3,9) > 0 is another constant.

For the sake of clarity, the proof is also deferred to Section 7. Since it is very similar to
that of Theorem 4.1, only the main differences are detailed.

Remark 2. Assumption (Reg3) is quite different from (Reg). Whereas the latter relates
the “regularity” of any basis to the number of observations uniformly over M, (Reg3)
rather controls | ¢m||, for every model by means of its dimension. All models with the
same dimension must be somehow alike since their associated sup-norm ||¢m |, remains
upper bounded by ®D,,. This assumption can be found in Birgé and Massart (1997) as
well.
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Examples Several examples of widespread functional bases are now detailed to illustrate
the high generality level of assumption (Reg3) .

e It is easy to check that (Reg3) applies to regular histograms with ® = 1 (Section

=

5.3).

e A typical example of basis satisfying (Reg3) is the trigonometric basis. For m € N, let
A(m) = {0,...,2m} denote a set of indices where g = Ljg 1), @a(t) = V2 sin(2knt)
if \ =2k — 1 and @, (t) = v/2cos(2kmt) if A = 2k.

Then,
vt € [0, 1], Z i(t) = 142 Z (cos®(2kmt) + sin® (2k7t)) |
AEA(m) k=1
= 2m+ 1

Since D, = 2m + 1, it comes that ||¢y, ||, = Dm and (Reg3) holds with ® = 1.

e Barron et al. (1999) (Lemma 7.13) proved that with piecewise polynomials on a
regular partition of [0,1] with degree not larger than r on each element of this
partition,

[omlloe < (r+1)(2r +1) Dy

The resulting constant ® = (r + 1)(2r + 1) is subsequently independent from m.
e Haar basis: For any positive integer j, we introduce A(j) = {(j, E)Y|0<k<2/ — 1}.
Furthermore, set ¢ = 1o 1/2) — 1[1/9,1) and for any A = (j, k), let us define @; x(t) =

21/2¢ (2jt —k+ 1) on [0,1]. For a positive integer m € M,, let us consider S,, as
the linear space spanned by {@A}Aeuj<mA(j)' Then, it can be seen that

[¢mlloe = Dm

since for each j, there is only one 0 < k < 27 — 1, which contributes to the sum in

P
For more general wavelet bases, an upper bound—uniform with respect to m—can
be established (see Birgé and Massart, 1997, for instance).

5 Adaptivity

In this section, the idea is to apply theorems of Section 4.2 to derive several adaptivity
results in the minimax sense with respect to Holder as well as Besov functional spaces.
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5.1 Adaptivity in the minimax sense

Let us assume that s belongs to a set of functions 7 (), indexed by a parameter 6 € O,
and define an estimator 5 of s.

An estimator § is said to be adaptive for 6 if, without knowing 6, it “works as well
as” any estimator which would exploit this knowledge.

Definition 5.1. An estimator § is said to be adaptive for 0 if its risk is nearly the same
as the minimaz risk with respect to T (@), that is if there exists C > 1 satisfying:

inf sup E [Hs— §H2] < sup E [Hs— §m]]2] < Cinf sup E [Hs— fs\HQ} ,
5 seT(0) s€T () 5 seT(0)

where the infimum is taken over all possible estimators.

Furthermore if this property holds for every parameters 6 in a set ©, then s is said to be
adaptive in the minimazr sense with respect to the family {7 (0)}ycq-

Interested readers are referred to Barron et al. (1999) for a unified presentation about
various notions of adaptivity.

Remark 3. Very often, C > 1 depends on the unknown parameters 0, but neither from s
nor from n.

5.2 Description of the collections of models

Since such optimality results depend on the approximation properties of the considered
models, three different model collections are described in the following, each one being
defined from a specific family of vectors {pa} ey -

5.2.1 Piecewise constant functions (Pc)

For a given partition of [0, 1] in D regular intervals (Ix) ¢ () of length 1/D and m € M,
let us define the model

sz t‘t: Z AxPNs (Oé)\))\ER R
AeA(m)

where ) = 17,/1/|Ix] and |I| denotes the length of Iy. S, is the vector space of
dimension D,, = D spanned by the orthonormal family {p)},¢ A(m)- 1t is made of all
piecewise constant functions defined on the partition I = (I3,...,1Ip,,).

Thus with each index m € M,,, we associate the linear space S, of piecewise constant
functions defined on a regular partition of [0,1] in D,, intervals of length 1/D,,. Moreover,
let N,, = maxy,em, Dy, be the maximal dimension of a model belonging to the collection.
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5.2.2 Piecewise dyadic polynomials (Pp)
Set M,, ={0,...,J,} and for any m € M,,, Sy, denotes the linear space of functions

2m—1

t = Z Pk ]l[k2—m,(k+1)2—m),
k=0

where the Pjps denote polynomials of degree less than r. The dimension of S, is subse-
quently defined by

D, =r2™" and N,, = max D,, = r27".

meMy,

With this collection of models, (Pol) is satisfied since there is at most one model for each
dimension.

5.2.3 Trigonometric polynomials (Tp)

Set M,, = {0,...,J,}, where J,, is a positive integer. For any m € M,, let A(m) =
{0,...,2m} denote a set of indices such that po(t) = L), @at) = V2sin(2knt) if
A =2k — 1 and @y (t) = V2 cos(2knt) if A = 2k.

Then, Sy, is the linear space spanned by {@x},c A(m)> of dimension D,,, = 2m + 1. Any
t € Sy, can be expressed as

Vz € [0,1], t(z Z [ak\/icos orkx) + bpV/2sin(2rkz) | |

the ais and bgs belong to R.
Moreover, J, and N,, are related by the following relationship N, = 2J,, + 1.

5.3 Holder functional space

The purpose is to show that the Lpo-based approach enjoys some adaptivity when s
belongs to an unknown Hélder space H(L, ) for L > 0 and « € (0,1]. Let us recall that
a function f: [0,1] — R belongs to H(L,«) with L >0 and 0 < o < 1 if

Vo,y € [0,1], |f(z) - fW) <Lz —y[*

For an extensive study of functional spaces, (see DeVore and Lorentz, 1993).

In order to achieve this goal, s is approximated by piecewise constant functions, using
the model collection (Pc) described in Section 5.2.1. The histogram estimator built from
model S,, is defined by

> Pupror= Z = |]lII;|

AEA(m) AEA(m
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where ny = Card ({i | X; € I\}).

In the sequel, the assumptions of Theorem 4.1 are checked in order to derive the desired
adaptivity property.

e With the collection (Pc), m +— D,, is a one-to-one mapping from M, towards
D = {D,, | m € M,}, which entails that (Pol) is satisfied since the collection is
made of only one model for each dimension.

e Since @y =17, /+/|1],

1
= 2) | = max — =D
[omllo = > | 2. @0 = max

tel0,1] \AeA(m)
Thus, (Reg) amounts to require that

max D,, = N,, < ®n/ (logn)?,
m

which means that on average, there are at least about (log n)2 /n points in each
interval of any partition we consider.

e We therefore assume that (Reg) , (Ad) and (Ran) hold.

As for the problem of density estimation on [0,1] when s belongs to some Héolder
space, it is known since the early 80s, thanks to Ibragimov and Khas’minskij
Ibragimov and Khas'minskij (1981), that the minimax rate with respect to H (L, )

2 2
for the quadratic risk is of order L2e+1n ™ 2e+1_ with any L > 0 and a > 0.

The following result settles that, applied to the collection of models (Pc), the Lpo-
based procedure yields an adaptive in the minimax sense estimator of the density on [0, 1].

Theorem 5.1. Let us assume that (Reg) , (Ad) and (Ran) hold and that the collection
of models is that one denoted by (Pc). Furthermore, assume that the target density s €
H(L,c) for L >0 and « € (0,1]. Then,

s __ex 1
sup E [Hs — fs\anQ} < KaL1+22a n"Tiza +0 <_> , (10)
sEH(L,c) n

for a given constant K, independent from m and s. m derives from the Lpo risk mini-
mization over M,,.

2 _ 2« e i i ) -
Since the minimazx risk is of order L2e+1n 2041 55 is adaptive in the minimax sense
with respect to {H (L, )} -0 ae(0,1]-
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Remark 4. This result still holds with any polynomial collection of models satisfying

the requirements of Theorem /.1, and including models with dimension of the order of
1 1
L 1+2a nit2a

Proof. The idea is simply to use Theorem 4.1 and derive the upper bound from
E | lls = 5nll” ] = lls = smll” + E [ llsm = 5nll” |

For the bias term, we have

s — sml”

|
E‘H
o
;\..
Y

- ZLQD;/AUAu_wdx)th (s € H(L,a)),

< C,L*D,* (after integration),
—1
where Cp, =4 (o + 2) [(1 +a)? (20z+3)]
On the other hand,

~ V,, — SR V4
E[Hsm—smHQ] = Yoo loml o Ve

n n
|6mlloe _ SWPaep1] Cneaem) PAE) _ Dy

<

n n n

Hence under the same assumptions as Theorem 4.1, we get that there exists C' > 1 and
k > 0 such that

E[Ils—gmllz} gc(ca inf {L2D;2a+%}>+

meMy, n

3=

Now, let us define the sequence {D,,, },, such that for each n,
11 1 11
§L 20 pit2a < Dmn < 2L T+2a pi+2a,
Then, we derive that it exists K/, > 0 such that
; = 2 2 20 | Dm T i
inf E[HS—SmH } <CoL*D,*+ —= < K, LT#2a n T+2a
meMy " n
hence the expected result. O

5.4 Besov functional spaces

The present section aims at deriving adaptivity in the minimax sense with respect to Besov
spaces. This goal is reached thanks to results of Section 4.2 as well.
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5.4.1 Overview of Besov spaces

Let us start by briefly recalling in what Besov spaces and balls consist in (see
DeVore and Lorentz, 1993, for an extensive presentation on this matter).

For a > 0 and 0 < p < +o0, a function f in L?([0,1]) belongs to the Besov space
B, = B (LP([0,1])) if [ f|e, , < 400, where

flag,, =sup {t ™, (£,6),},  r=la]+1,
’ t>0

with

~ [k
o ()= 0 15 ) Ly, and 87 (10) = 3 (7)1 o k),
= k=1

| - |Ba, , Is a semi-norm, while the metric is provided by the following Besov norm

1flls,, = |flsg , + [1f[lp-

Moreover for a given real R > 0, let us define the Besov ball of radius R by

B, (R) = {1 € 17| Iflss., < R

In the sequel, the particular case where p = 2, that is BY, , for > 0 is considered.

5.4.2 Piecewise and trigonometric polynomials

In the same way as in Section 5.3, the strategy consists in deriving adaptivity results from
the oracle inequalities of Section 4.2. Adaptivity heavily relies on the involved model
collection through its approximation properties.

The following results therefore state adaptivity in the minimax sense for both (Pp) and
(Tp) collections, with respect to respectively different Besov spaces.

The next theorem settles adaptivity with respect to Besov balls BY o(R) for 0 < a <,
where 7 denotes the smallest integer larger than the degree of polynomials in (Pp).

Theorem 5.2. Let us consider the collection of models (Pp) made of piecewise polyno-
mials of degree less than r and assume that (Reg), (Reg3), (Ad), and (Ran) hold.
Then for R >0 and 0 < o < r,

a 1
sup E [||s - §m||2] < C,RT% " T2 4 0 (-) , (11)
sEBY, 5(R) n

where Cy, denotes a given constant independent from n and s.
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Proof. The proof follows the same strategy as that of Theorem 5.1 in that it essentially
relies on approximation properties of models in (Pp).

If S,, denotes a model of dyadic piecewise polynomials of degree less than r on each
one of the 2™ regular dyadic intervals, the result in page 359 of DeVore and Lorentz
DeVore and Lorentz (1993) states that provided r > «,

inf s —ul® < Ka,ls/%e (D)
ule%‘m [s —ul” < a,r|5|Bw72( m)"

for a positive constant K, .
Since s € B 5(R), it comes

s — SmH2 < Ka,rR2 (DM)Qa .

As for the variance term,

- Pmllee _ ®Dm
E | lsm—3ml’] < [omllee - (by (Reg3)).

n
Under (Reg), (Reg3), (Ad) and (Ran) we apply Theorem 4.2 to derive

D K
~ 2 . _
o= 5ar?] r (s, g, {mpiins 2e) o

where K, ,. is a positive constant.
The conclusion results from the same calculation as in the proof of Theorem 5.1 with

1 1 1 S R B
§R1+2a ni+2a < Dmn < 2R71+2a pit2a,
U

Unlike the previous result, we now turn to Besov balls 8‘072(}2) for any value of o > 0,

which is enabled by the use of trigonometric polynomials, that is (Tp).

Theorem 5.3. Let us consider the collection (Tp) made of trigonometric polynomials
and assume that (Reg), (Reg2), (Reg3), (Ad) and (Ran) hold.
Then for R >0 and o > 0,

2 20 1

sup E [Hs - §m||2] < O RT n~ THa + O <—> , (12)
s€BY 5(R) n

for a given constant C!, independent from n and s.

Proof. The same scheme of proof is used, except we need for an approximation result
applying to trigonometric polynomials, which is also provided in page 205 of the book by
DeVore and Lorentz (1993). Indeed considering models in (Tp) for any o > 0, it comes

. 2 2
nf s =l < Kalsfe , (Da)™

for a constant K, > 0. Assumption (Reg3) enables to conclude as in the previous theorem.

O
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6 Conclusion

6.1 Summary of main contributions

In this work, CV has been studied as a model selection procedure in the density estimation
setup. First, closed-form expressions have been derived for the leave-p-out (Lpo) estimator
of the risk of projection estimators. These expressions drastically reduce computation time,
which is a crucial issue, and also make V-fold cross-validation (VFCV) completely useless
since it is more variable and expensive to carry out than Lpo. As an estimator of the risk,
closed-form expressions for bias and variance of the Lpo estimate are provided as well.

Second, the Lpo estimator is embedded in the model selection via penalized criterion
framework, which enables to shed new lights on the choice of p, the cardinality of the
test set, with respect to the amount of penalization. It is shown that a wide range of
penalization is available from the smallest one when p = 1, to penalties of the same order
as BIC. Loo is definitely inappropriate to recover the true model as well as to perform
model selection with too rich collections of models, especially exponential ones. The
conclusions drawn here are all consistent with previous empirical results such as those of
Breiman and Spector (1992) for instance.

Finally, two oracle inequalities are settled in density estimation with polynomial col-
lections of models. These optimality results hold provided the ratio 0 < p/n < 1 is neither
too small, nor too large. To the best of our knowledge, these oracle inequalities are the
first non-asymptotic results applying to Lpo in the density estimation setting. Further-
more with an appropriate choice of model collections, it is shown that CV procedure leads
to estimators that are adaptive in the minimax sense with respect to Holder as well as
Besov spaces.

6.2 Discussion

On the one hand, the closed-form expressions settled on the present paper address the
crucial issue of resampling procedures, that is their high computational complexity. More-
over, the broad class of projection estimators for which such formulas are obtained allows
extensive applications of Lpo to wavelets, piecewise polynomials, and so on. . .

Besides, empirical evidence has been given in Celisse (2008) of an intricate relationship
between the behaviour of Lpo with respect to p as model selection procedure and the size
of the polynomial collection of models. In particular, it has been shown that Loo may
suffer from overfitting with a polynomial collection of models provided the latter is "large
enough”. The analysis of this relationship deserves further investigations in order to
describe the precise settings in which such troubles can occur. For instance, specifying the
minimal value from which overfitting can be avoided seems highly desirable.
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7 Proofs

7.1 Closed-form Lpo estimator
7.1.1 Proof of Lemma 3.1
The first remark is that for each e € &, we have V¢ € [0,1],

n

Z 210 O (jee),
)

jEe A j=1
Z/S\m(Xlg,n)(Xl) = )]l(ZEe)
i€e i=1 j€e M\
= Z > ex(X)ea(Xi) e Liieo)-
n=pr £ A

Then, the Lemma follows from the following combinatorial results

Lemma 7.1. For anyi# j#ke{l,...,n},

n—1 n—2
> lje = < » ) and ) Ljeglirer) = (p_ 1>,

e€&p e€&p
n—3 n—2
Z ]l(iee)]l(jeé)]l(keé) = (p _ 1> and Z ]l(zEe)]l(]Ee) <p 1)’
e€p e€&p

where the sum is computed over the resamples: Indices i, j, and k are kept fized.

Proof. zeegp 1 (jee) may be interpreted as the number of subsets of {1,...,n} of size p
(denoted by e) which do not contain j, since j € e. Thus, it is the number of possible
choices of p non ordered and different elements among n — 1.

The other equalities follow from a similar argument. O

7.2 Moments calculations
7.2.1 Proof of Proposition 3.2

The expectation is a straightforward consequence of (4).

The variance calculation is not difficult, but very technical: Only the main steps of
this proof are yielded.

First, let us define Ay =37, ©3(X;) and By = > izk PA(Xj)ea(Xk). Set a=n—1
and 8 =n — p—+ 1, such that

n(n—1)(n —p)Ry(m) = (e Ay + BBy).

A
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Then,

Z (01214%\ + ﬁQB)Q\ + QQBA)\ B)\)

2
[Z (@Ax+ 0By | =

A

A
+ Z ((X2A)\A)\/ + ﬂ2B)\B)\/ + 28 Ay B)\’) .
AEN

After some calculation, the different terms are respectively equal to

EZA2 = Z _nPg0§\+t1 (P@%\)Q] ,
S ]

A
I 2
EY BY =) | 4t2Pg} (Poa)? + 21 (Pe})” + 13 (PSDA)ﬂ :
—
EY A\Byr=) | 21PgiPpx+ taPy3 (P%)Q} :
A

2
E Z AyAy =n |E (Z o5 ( ) — ZP@‘){ +t <Z ngi) Z PSDA ,
A A A

AEN

2
E Y BaBy =241 Y (Porxpn) + 4t <Z PA(X P@A) =Y PR (Ppa)” | +
A

NEN AEN

2
ts <Z (P¢A)2> =Y (Per)t |,
A A
E (Z soi(X)> > (Pon)’ —E <Z 3 (X) (P%)Q) ] :
N A

A

E Z A)\BN = 2t1 Z ngg\go)\/PgD)\/ + to
AEN AEN

On the other hand,

2 2
(ntn = ) n—p)E[ Ryfm) | ) = n20? (Z Pd) + 64 (Z [P F)
A

A

+ 2naft <Z Pwi) > (Pow)?.
A

)\/

Combining these two expressions yields the variance after some simplifications.
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7.2.2 Proof of Corollary 3.4

For every model m € M,

ramsz[Mﬁw]—2E[AHﬁa{]=§jEGMaf—2§juwn%
’ A

A

= %Z\/ar (pa(X)) — Z (Por).
X A

7.3 Theorem 4.1

At the beginning of this section, several preliminary results are enumerated, which are
useful in the proof of Theorem 4.1. Then, the main steps of the strategy are briefly exposed,
and the complete proof of the main result is finally provided. Proofs of preliminary results
are given in the sections following the proof of Theorem 4.1.

7.3.1 Preliminaries

Notation First of all, let us define some notation that will be useful in the sequel.
For every 1 < p < n — 1 the Lpo risk estimator associated with the estimator s, is

o~

denoted by R,(m). For every m, set

such that L,(m) := E {Ep(m)]

basis of S,,. Moreover, we set

. For each m, {¢a},ca(m) denotes an orthonormal

|m=m

¢m: Z ng\ and Vm:E[¢m(X)]a

AeA(m)
X2(m) = |lsm— gmHQ = ZVZ (@)
A
2n —p
E, =E[x*(m and Opyp=——"""—"
m)] = D7)

Remark 5. x?(m) is not a true x? statistic, but is only somewhat similar to it.

Two elementary but useful properties are repeatedly used in the sequel: For any a,b >
0,

(Ro0) Va+b<a+ b,
(Squ) 2ab < na® +n~1v?, Vn > 0.
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Preliminary results Several preliminary results are then provided. They will be re-
peatedly referred to within the proof of Theorem 4.1.

The first result deals with the relationship between R, and its expectation for each
model.

Lemma 7.2. For any m € M,

Ly(m) = L) =+ (B = B = (s = sall’ = s = snll*)

Rp(m) - Lp(m) = bnp Vn(ém) — (1 + an,p) [XQ(m) - Em} -2(1+ an,p)’/n(sm)-

In Lemma 7.2, we see that v, (¢,,) appears in the expressions. The next Proposition
enables to upper bound the deviation of this quantity. It is a consequence of Bernstein’s
inequality (see Massart, 2007).

Proposition 7.1. With the above notations, let z > 0 and C > 0 be any positive constants
and for each m, let us define Yy, = z + CnEy,. Then, we have

Vm e My, P [|Vn ()| > \/ 2V, HQST:LHOOym + HQSTZLHOOym] < 2e7Ym,

Moreover if (Ad) holds, we have

PFmGMMWM%MZ/ﬂﬁmﬂ%M+Wﬁw%]§&ea

where X1 is a positive constant independent from n.

Besides, since x%(m) = Y., 2 (¢,), a handy way to study this y?-like statistic is to
introduce an event of large probability on which we are able to get some control of v, (p)).
The event €, (€) is therefore introduced:

- 2€ ||s]| o, log

Qn(e) = {Vm € Mn, VA Am), - on (22)] < K(e)Ven } ’

where x(t) = 2(t7 +1/3).
Another use of Bernstein’s inequality provides the following Lemma.

Lemma 7.3. Set € > 0 and assume that (Reg) , (Reg2) and (Pol) hold. Then,
lIsllocm(e
Va>0, P[OS(e)] < 2n2td o~ g losm)?

2¢2

where () =TT -
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This Lemma turns out to be useful in order to assess the concentration of x?(m)
around its expectation. This result may be found in Massart (2007) and is a consequence
of Talagrand’s inequality.

Proposition 7.2. Set € > 0 and for any C', z > 0, v, = 2+ C'nE,,. Let us assume
that (Reg) , (Reg2) and (Pol) are fulfilled. Then,

Vm € M, P [\/ﬁx(m)]lﬂn(e) > (1+¢) < nEn +1/2|Is] o xm> ] <e om,

Furthermore if (Ad) holds,

P [Elm e My, | Vx(m)lg, o > (1+¢) ( nEn 4+ 1/2 sl :Um> ] < Yye?,

where Yo > 0 denotes a positive constant independent from n.

Finally, in Lemma 7.2, it remains v, (s,,) for which nothing has already been made.
The control of this quantity results from the following lemma.

Lemma 7.4. Set m, m' € M,,. Then for any p > 0,

t .
sup v <—> < (L+p)xP(m) + (L+ p~ x> (m).
teSmts,,  \lt

7.3.2 Outline of the strategy

Let us now describe the outlines of the strategy.
Since m = Argmin,, . v, Rp(m), it comes that for every m € My, R,(m) < Ry(m),
which implies

~

Ry() = Ly() | < [ Bp(m) = Lyp(m) | + [Ly(m) = Ly(i) ] (13)
Then, Lemma 7.2 applied to (13) yields
Is = s ll® + 105 p B — (14 0,p)x* () < |l = 8| + 1605 E = (14 0, 5)x* (m)

+ an,an (¢m - (bﬁb)
+2(1 405, p)vn (S — Sm) - (14)

Main steps

e In the oracle inequality one has in mind, the left-hand side of the final inequality
is something like E [Hs — fs\mHZ}, which is equal to E [Hs— smHQ] + E [x*(m) ]
with the present notations. However in (14), the left-hand side is E [Hs - smHQ] +

E[Ez]. In order to relate E[ Eg] to E [ x*(m) |, the discrepancy Ep, — x*(m) will
be uniformly controlled over M,, thanks to both Lemma 7.3 and Proposition 7.2.
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e An upper bound of v, (¢, — ¢ ) is obtained thanks to Proposition 7.1, so that
Un () is related to Eg.

e Finally, v, (s; — sp) may be upper bounded thanks to Lemma 7.4, independently
from E5 and will therefore be dealt with later.

e Combining these different steps, the desired inequality is derived except on a set of
small probability (18). The conclusion results from the following lemma:

Lemma 7.5. Let X and Y be two random wvariables such that Yz >
0, P(X>Y + Kiz+ Ky) < Xe ?, where Ky, Ky, ¥ > 0. Then, we have

EX <EY + K1 X+ K.

Proof. With Z = X —Y — K, one gets P(Z > K;z) < Ye *. Then,

“+o00o “+oo
EZ < E[/ ]l(tgz)dt] :/ Plt<Z)d
0 0

+oo
< Kl/ Ye fdz = KiX.
0

7.3.3 Proof of Theorem 4.1

Proof. According to the previous remarks, Proposition 7.1 is applied to vy, (¢m — dm).
The successive use of (Reg) , (Squ) with any n > 0, and (Roo) provides

2Vm%ym < V 2V @y, < ’I’}‘I)Vm + n_lym-

Moreover, note that

Vin =Y E[@3(X)] = nEn + l|smll* < nEp + sl
A

Hence with y,, = z + CnE,,,

\/ 2Vm%ym < ["7‘1) + "7710] nEp, +n® ||5H2 + 7771'2'

Similarly, (Reg) entails that

¢ C )
B < T+
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which leads to

Vn (bm — dm)| < nEp | n® +Cn ! +<I>§} +nEg [77<I>+Cn‘1 +q>§]

P
rs | gt 2

except on an event of probability less than ¥ie™%.

Set ¢’ > 0 and let us choose n = ¢’/(3®) and C' = 2¢”/ (n~! + ®/3). Then it comes that

1 3

6”
[V (6m — B)] < N + 0B + 228 {3 n —] 25 s,

Plugging this into (14) provides

Is = sall* + n6ap(1 = ") Eg — (1 + 6np)x>

x“(m)
<|Is = smll* + 10np(1 + €") B — (1 + O p)x>

m) +2(1+ 6y p)vn (S5 — Sm)
1 3 e’
+ Onp <22<I> {g + 6—] +2 H3H2> , (1)

except on an event of probability less than ie™7.

On the other hand, Proposition 7.2 implies that for a given € > 0, except on a set of
probability less than »se™*

Vm e My, nx(m)lg, ) < (1+e€) < nEm 4+1/2 ||« xm> :

Using x,, = z + C'nE,, and (Roo) , we get

Vx(ma, o < (14 (ViBn |1+ 2100 ] + /21l ).

which in turn, combined with (Squ) , implies for any z > 0

2
X2(m)]lgn(€) < (14 6)2 <(1 +x)Ep, [1 + /25l C’} +(1 —i—x*l)z HZ”OOZ> . (16)

It holds for the particular choices z =€ and C’ = (1 — /1 + 6)2 / (2]|s]| ), Which results

m

, we have

1 _ E//
(146

1— ¢ 2s]l
e(l+¢€) n

(M) La, ) < (1—€)Eg

)
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z

with probability larger than 1 — Yoe™%.
From the above result and (15), it comes that on €2,(¢), with probability larger than
1— (X1 +Xy) e, we have

7

1—¢€ .
s = sal* + (0 57— (14 6) ) )

<|ls = smll* + 1np(1 + €V Em — (14 ,p)x>(m) + 21+ Onp)vn (55 — $m)

1—¢ 1 3
0 —2 20 | — + —
g (g2l +20 3+ 5 )

/,
6/

2
+ 260, sl

Now for any e > 0, we define ¢ > 0 such that VI —¢ = (1+¢) " and let us take ¢”
satisfying 1 — €’ = /1 — €/. Then, the above inequality becomes

Is = sall* + [ (1 =€) = (L4 0np) | P (7)
<lls = sl + 0y | 2= VI= | B = (14 00p)x2(m) + 21 + )i (57— 5m)
N l-vi-¢
e —5 I

e(l+e
(17)

1 3
2 20 | - 4+ —— 20
2l +20 | 3+ T | ) + 20,

The following point consists in deriving an upper bound for v, (s7 — sp,). It results
from the following inequalities and Lemma 7.4. Indeed, we have

S — S t
2 (S — Sm) < 2y, <ﬁ> |sm — sml| < 2t ;ups Un, <m> lsim — Sml| -
m = °m €ESm+Sm

Moreover, ||sz — smll < ||sm — s]|+||s — sm|| and a double use of (Squ) give for any z > 0:

t 2 2
2 (87, — < (1 20— ) 4+ = lsm — 817 4+ = llsm — s
Vn, (Sm Sm) — ( +1’) teSSr;;l—ESm Vn (HtH) + 9 _{_m ”Sm S” + T HSm S”

Finally, Lemma 7.4 yields that for any p > 0, we have
20 (s = sm) < (1+2) [(1+ p)x*() + (1+ p~ )x*(m)]

2 2
+ Sy lsm — SH2 + z l|$m — 3”2-

With 2 = € and p = €/(1 + €)1, we get

N o2~ p 14 2€ 2
2yn(sm—sm)§(1+26)x(m)—i—(l—i—e) 7 X (m)

2
+ Sy lsm — SH2 + 7 l|$m — 3”2-
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Plugging this in (17) yields:
On the event €,(e), with probability larger than 1 — (X1 + ¥3)e™?, we have for any
m e M,

[ ¢ —20,,

s s = sl [0 (1 €) = 2004 00,)(1 4 €)] £¥)

€

2
< [1+ ,(1+an7p)] Is — smll? + 100 p [2—\/1—4 Ep

/

1 2 ! 2 12
+ [ﬁ} (14 0,)X2(m) + 0, p(Az + B), (18)

€

where 4 = (Y552 sl +22 [+ 3= ])

Then, Lemma 7.5 allows us to take the expectation and get the following result.

and B = 212 ||| 1%,

(1 A2 E | Do, lls = Fall®| < (Ws Ve E | s = 5]
+0,,[A(S1+ %)+ B],  (19)
where 11 = (6/ - 29n,p) (2 + 6/)_1, o = nan,p (1 - 6,) - 2(1 + Hn,p)(l + El)a s =1+
2/€ (14 0pp), and g =nby,, [2 — V1 —€] + (14 0np) [1+2€¢ + 262 /€.

In order to obtain a meaningful inequality, a necessary requirement is 11, 12, U3, ¥4 >
0. This is already satisfied for 13 and 4. We have only to check it for both ; and 1)s.
It turns out that if € > 2/(n — 1), then p must satisfy

4¢ 214+€¢  p 2
e g2ire Py 2 20
1+3e’+n1+36’_n_ €n—1)—2 (20)
provided
4 2 1+¢ 2
+ — <l—- ",
14+3¢ nl+3¢ — €n—1)—2

which is established by Lemma 7.6 for n > 29.

Remark 6. In (20) since 0 < € <1 by definition, we have % <1

Finally to assert the existence of the constant I' in Theorem 4.1, the ratio
(13 V 1b4) / (1 A p2) has to be bounded. One can easily check that all ¢;s can be re-
shaped as

_ F(p,n)
1—p/n’
where F' is a bounded quantity. Moreover by construction, the bounds in (20) lead to

11 = 0 and 1o = 0, which should be prohibited since we would like to consider the ratio
(3 V 1hg) / (Y1 V 1be). That is the reason why p/n must be slightly larger (resp. lower)

(o
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than each one of the above bounds, hence (Ran) . Furthermore since no bound depend on
s, (Ran) gives the required constant I". A similar reasoning shows that it exists a constant
k > 0 depending on s and the constants of the problem but independent from n, such that

On.p < E,
Y1 AP T n
which yields
N . N k(e, s, P, a, 3,0
E 1o, Is— 5al?] <T(a.8) int E[fs—5,] + 2082000,
meMy n

We now simply add the missing term E |:]lﬂn(5)c IIs — §m||2} to both sides of the above
inequality. It only remains to show that this term is of the right order:

E[Los 0 s = 3al’ | <E[Lago ls = sal’ | +E [ Logo llsm — 5all]

Logo > [Vn(SDA)Q]] :

AEM

< IslI*P[25()] + E

Lemma 7.3 then enables to deduce that the first term in the right-hand side inequality
satisfies "
2 2 1o
Vi, sSIPRR5(0)] < 5222,

for an appropriate choice of ng > 0, depending on €, § and P.
For the second one, Jensen’s inequality yields

E

Z v (or) ]lﬂgl(e)] <E [Z (pA(X) = Pypy)? Lo (o)

AEm Aem

Moreover, (Squ) with any 1 > 0 provides
(A(X) = Poa)® < (1+m@R (X) + (1 + 07" P

Finally, Z)\GA(m) ©3 = ¢m and Pogm < ||dmll, lead to

El> v (%)19%)] < 2+n+0)E [loale Lago]
rem
1 dn .
<@2+n+n7) —=P[O(e)]
(logn)

thanks to (Reg) , and Lemma 7.3 enables to conclude.
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7.3.4 Proof of Proposition 7.1

Proof. Bernstein’s inequality Massart (2007) states
1 b .
Va >0, P \yn(qﬁm)\z—\/%x—l—?)—m <e?
n n

with b > |¢p (X;) — E¢m(X;)| and v = Y1, Var [ ¢ (X5) ]
Since X; are i.i.d. and ¢,, > 0, we have

b= H(bmHoo and Ugnvm,’(bm”ow

hence the first part of the proposition.
For the second part of the result, the union bound combined with y,, = z+C nFE,, provide

< e Y OB gme (4d) and (Pol).

meMy,
[l
7.3.5 Proof of Lemma 7.3
Proof. We recall that
() = {m € My YA€ M), I ()] < 2 2B
n\€) = m ) m), Vn =~ - - = .
7 k(e)VPn
Then, we deduce that
P QS ()] PHH € My, Ixe A(m) | |va ( )y>2€”5”001°g””
€ = m ns m Up = = ;
" 7 k(e)VPn
IIsll oo m (e
< Z Dy, e” 57 (logn)” (Bernstein)
mGMn
< ¥ pittem o)’ (pop)
D>1
S n5+267 ”5Ho£77(5) (logn)2 (D S n)
2¢2
where 1(t) = ey - -
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7.3.6 Proof of Proposition 7.2

Proof. First, we notice that x(m) = y/x?(m) may be also expressed as
x(m) = sup Un Z axex || > sup (v, Z axex ||,
@/ Cxea(m) OX=1 AEA(m) acA AEA(m)

where A is dense subset of
t
= D 2 = < —
a=(ay,...,ap,,) € R"™ | g ay =1 and g lay| < .
AEA(m) AEA(m)

Moreover, if we define the event

for t > 0, then we deduce that
x(m) <sup|vn | ) axea (21)
acA AEA(m)

on QN {x(m) > z}.
Then, Talagrand’s inequality applied to sup,¢ 4

Vn (Z)\e/\(m) QASD)\)‘ gives for e, x > 0,

2
P | 1gsup|vn Z axe (1+e€) (\/ m) + 4 —= H H ) <e ",
acA

AeA(m)

with z = \/2[[s]|, /n and t = 2¢ ||s|| [ k(e)Pn/(logn)? ]~

Finally, the first result comes from both (21) and Q,(¢) = Q.
As for the second inequality, the choice x,, = C'¢ D,, + z leads to

P [Hm € My | Vnx(m)lg, @ = (1+¢) ( nEn + m) ]

<e™* Z efC/nEm <e? Z efC/ﬁDJr(SlogD (Ad) and (Pol)
meMy, D>1
SEQ e_z.
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7.3.7 Proof of Lemma 7.6

Lemma 7.6. For n > 29, there exists 0 < € < 1 such that

2 aC(e) 2 2
TS o R A S Y

¢(e) >

where ((€) = [1 -1 —i—e)fg].

Proof. The first part is obvious since for a given n, we can choose 0 < ¢ < 1 such that
C(e) >2/(n —1). Then with 6 = ((€) —2/(n — 1), we have

d(n—1)=((e)(n—1) —2.

After some calculations, it is easy to see that

4¢(e) 2 2
— -
1+30(0 n "~ {@m-1-2
52n+6_5n—10+2n—|—1g <o,

n n (n—1)

which is a polynomial of degree 2 in 9.
For n > 29, the discriminant is positive and any d between the two distinct zeros yields a
value for ((e) such that

4((€) 2 2

14300 Tn S T om-on -2

which enables to conclude. O

7.4 Theorem 4.2
7.4.1 Intermediate results

The proof of Theorem 4.2 follows the same structure as that of Theorem 4.1. Only the
main differences are reported here. These differences essentially occur in the control of the
x2-type statistic. Since they are nearly the same, the following results are given (without
or) with only short proofs.

Let us start by introducing another event of large probability on which we are able to
get the desired control. For any € > 0,

2 ¢ /EnE,]
Qu(e) = {Vm € My, VAE A(m), vy (@2)] < llslla/®/EnEny ogn}’

w(e)V®n
where x(t) = 2(t71 +1/3).

The following lemma is the counterpart of Lemma 7.3 and is devoted to control the
remainder terms. It heavily relies on Bernstein’s inequality.
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Lemma 7.7. Set ¢ > 0 and assume that (Reg) , (Reg2) , (Reg3) (Ad) and (Pol) hold.
Then,
_ 1) (|15 oo )2
Va > 0, P[QS(e)] < 2n> ¢ L2 (lslvi)(log n) ’

62
where 1(t) = /i(t)(n(zt)+2t/3) :

Now, we are in position to give the main result providing the desired control on the x?-type
statistic.

Proposition 7.3. Set € > 0 and for any C', 2 > 0, x,, = 2z + C'/nE,,. Assume that
(Reg), (Reg2), (Reg3), (Ad) and (Pol) are fulfilled. Then, for every m € M,,

P | Vintmo, o = (4 ) (VABn + V2l V DVEERB o ) | < e

and furthermore,

P |3 | Vix(mLa, o = (140 (VB + 25l V DVBTEnEnn ) | < Sae,

where Yo > 0 denotes a positive constant independent from n.

Proof. (sketch of proof) It relies on Talagrand’s inequality as well as of the following
straightforward upper bound.

vm, sup  Var [¢(X)] < [s|[ [[tl2/[|omlloe = I8l 1/ omlloe < ([ V D)/ [[dmlloo-
tESm, ||t]2=1

O

7.4.2 Outline of the proof of Theorem 4.2

The first main difference comes from the use of Proposition 16, which yields

Vix(m) g, > (1+¢) ( B+ /20115l V 1)y/®JEnEy xm>

on an event of high probability.
From several applications of (Squ) and (Roo) , with p, C’ > 0, it comes

V25 v 1)y /@By 21

<25 v 1) VBIE VB = + /2015 v 1) BJECE,,
< pVnEm+p Y||s| V1)V®/E 2+ C Ny,
< (p+C) VnEm+p (|l V1)V//E 2,
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with ¢’ = C |:2(HSH V1) <I>/§]_

Thus in the same way as (16), for every x > 0, we derive

M), <(1+6? [(1+2)Ep [14 (0 + O

22

#L+a ) (o7 slv DVERE)

The following remains essentially the same and concludes the proof.
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