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Foreword

At the core of this manuscript is the study of cross-validation algorithms. However from a chapter to
another, this study is carried out in various frameworks and different aspects are dealt with. Furthermore,
these chapters differ on their nature: State-of-the art, published or submitted papers, or simply the
present version of some research works still in progress.

Except Chapter 7 which results from a joint work initiated since January 2008 with Sylvain Arlot, all
the other chapters are the result of a personal work.

In this thesis, most of the chapters can be read separately, except Chapters 4 and 5 which are closely
connected.

Since several chapters of this manuscript should be submitted in a few months, the same results may
appear several times along the manuscript. Nevertheless to avoid too numerous repetitions, the proofs of
these results have been given only once, which induces some dependence between chapters.

The manuscript is organized as follows:

e Chapter 1 is a brief introduction to the main ideas involved in this thesis and gives a short overview
of the main aspects of the present work,

e Chapter 2 originates with the need for assessing my understanding of model selection. I hope that
after some enhancements, it could serve as an introduction to this topic,

e The first part of Chapter 3 is the state-of-the art about cross-validation, while its second part is
dedicated to new results such as closed-form expressions for the leave-p-out risk estimator in both
density estimation and regression. These are recent results and this work is still in progress,

e Chapter 4 constitutes a paper published in Comput. Statist. and Data Analysis in 2008. It addresses
the problem of optimal risk estimation in the density estimation setup. Since it has been published,
the adopted notations has changed. We apologize for this,

e Chapter 5 corresponds to a submitted paper. Its main concern is the estimation of the proportion
of true null hypotheses in the multiple testing problem. It relies on the application of the strategy
described in Chapter 4, for which new theoretical results are derived,

e Chapter 6 assesses the quality of the model selection procedure via leave-p-out in the density esti-
mation framework with respect to the complexity of the collection of models in hand. This work
should be extended in the forthcoming months,

e Chapter 7 tackles the problem of change-points detection via several resampling algorithms with
heteroscedastic data. An extensive simulation study is carried out, based on some theoretical con-
siderations. This work has been initiated since January 2008.
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Chapter 1

Introduction

Abstractness, sometimes hurled as a reproach at mathematics, is its chief glory and its surest title to
practical usefulness. — Bell, Eric T.

Actually, theoretical and applied statistics are strongly related to each other. The last decade provides
several illustrations of the tight connection between theory and practice such as the recent rise of
high-throughput data where p < n in many applied areas, which is at the origin of a large amount of
theoretical literature on the matter with lots of new refinements.

¢DNA microarray data with several thousands of genes (p large) on a single array and only a few
replications (n small) are the perfect illustration of this fact. Indeed in such an experiment, the biologist
is interested in relating the phenomenon he observes to the over- or under-expression of a set of genes.
This problem may be addressed through several aspects, depending on the precise biological question.
If the problem is to detect a set of “representative” genes which are likely involved in the studied
mechanism, the variable selection setup [37] may provide a satisfactory answer. Note that we do not look
for the exhaustive set of genes involved in the phenomenon, but rather try to pick out a smaller set of
variables, which can be more easily studied and interpreted.
On the contrary provided the question is to recover the whole set of induced genes between two
experimental conditions, then some multiple testing tools can be used [8, 27, 54].
Finally, if biologists are more interested in the inference of relationships between genes, graphical models
turn out to be an appropriate tool towards a possible answer [56].

Conversely, theory turns out to be essential to the practice since it provides some understanding of the
applied methods and even guidelines towards a better practice. For instance, theoretical calculations have
demonstrated that the resubstitution error, widespread in the practitioner community, used to provide
a very poor estimate of the true error. Another illustration is given by the deficiencies suffered by the
maximum likelihood estimator (MLE), which have been proved to be inconsistent in some situations and
may even provide extremely bad estimations. At least, such theoretical results provide guidelines towards
a cautious use of some already widespread tools.

Besides, theoretical statistics help to get more insight into the understanding. If we come back to

the problem of variable selection in a gene expression analysis, the resulting set of selected explanatory
variables (genes) will be more easily interpretable than an exhaustive one. Actually, with variable
selection comes a “model”, which approximates, and this way, simplifies the truth in order to make it
more understandable.
Another example is given by the CGH (Comparative Genomic Hybridization) microarray data, for which
the problem is to detect regions with homogeneous copy numbers along the chromosomes. Thus, the
segmentation (or change-points detection) methods [33, 41, 5] attempt to yield such an answer, so that
they enable to detect the association of a disease (for instance a cancer) with some physical changes in
the chromosome structure (loss or gain of a piece of chromosome).

After a modeling step, which aims at describing the observed phenomenon, model selection is one of

11



12 CHAPTER 1. INTRODUCTION

the possible frameworks, which provide the tools and their justifications to understand the problem in hand.

1.1 Model selection via penalization

1.1.1 Model selection strategy

In the microarray data analysis, the interpretation of the gene expressions as some explanatory variables
of an observed signal to which they are linked (through a “given relationship”) already constitutes a
“model” of the real situation. Several such models may be formalized, which are more or less complex
and the main concern of the practitioner is to choose the appropriate model with respect to its purposes.
For instance, we may imagine that the relationship between the observed signal and the explanatory
variables is known (a linear regression model), and that the main interest lies in the subset of variables
which explain the best what is observed. In this case, model selection considers all the subsets of variables
from the original ones and chooses the best one among all of them.

Let us assume we would like to estimate a parameter of interest s. From our preliminary knowledge of
the problem in hand or simply on the basis on some arbitrary assumptions, we choose a family (Sm)me M,
which is expected to be close to the target s. Each element .S, of this family is named a model, and with
each model is associated an estimator s, of s. Since these estimators all depend on an index m, the
purpose of model selection is to choose the best possible index m according to a given criterion depending
on our goal. To reach this goal in model selection via penalization, a penalized criterion is designed which
is defined by

Crit(m) = Pn’y(/s\m) + pen(m)v

where P,v(8,,) denotes the empirical risk of the estimator §,,, and pen : M, — R, denotes a penalty
function. The function pen aims at penalizing too large models S,,s. A detailed description of the model
selection strategy can be found in [6, 38].

1.1.2 Efficiency and consistency

Depending on our goal, the choice of the best model may result from very different model selection
strategies. In the CGH microarray data, the biological interpretation of the signal as the ratio of the
number of copies in a region of the chromosome entails that the candidate functions to explain the signal
are chosen piecewise constants. Provided we have good reasons to think that a true function exists and
belongs to the set of candidates we consider, we may try to recover it. This is the identification purpose.
Another possibility is to consider that with the few observations we have in hand, recovering the true
function is not realistic. Then, we have to content ourselves with an estimation of the truth, it is the
estimation point of view.

Model selection via penalization was born with the ideas of Akaike and Mallows and their respective
criteria AIC [1] and C, [36]. The latter attempts to unbiasedly estimate the risk of an estimator, while
the former pursue the same purpose from an asymptotic point of view. A few years later, Schwarz [45]
introduces the BIC criterion, derived from the Laplace approximation. All these criteria differ from one
another by their purposes. Whereas AIC and (), intend to provide an estimator of the target parameter
s with the same asymptotic risk as the smallest one among all the considered estimators [48, 13], BIC
is rather dedicated to recover s, or at least the best approximation of it [39, 34]. The first approach is
named the asymptotic efficiency viewpoint, while the last one is called consistency [13].

1.1.3 Complexity of the collection of models

In the typical example of variable selection, two situations can be distinguished. The first one is the
situation when the variables are ordered. A variable may only belong to the final model provided all
the preceding ones do. It is called ordered variable selection. The second one applies when variables are
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unordered and we choose the subset of candidates among all the possible subsets of the original ones.
This is the named all subset selection.

The first example, we have at most the same number of candidate subsets as the number of original
variables, whereas in the second setting, the number of candidates is exponentially large.

That is why we distinguish two broad classes of examples, which are said to have respectively a

polynomial complexity (ordered variable selection), or an exponential complexity (unordered variable
selection).
Corresponding to these two classes of examples, different types of penalties have been designed. For
instance whereas AIC and C)-like penalties apply to the polynomial framework [4, 12, 19], they do not
apply anymore to the exponential setting in which they may be definitely misleading [15, 13]. Some
other penalties have been specially designed to the exponential framework [5, 13, 44]. Like the unordered
variable selection, the change-points detection problem is an illustration of such a framework since the
number of models of dimension D is equals to (g__ll) (see [33, 5]), which is very huge even with small
values of n.

1.2 Resampling and cross-validation

1.2.1 Risk estimation

Some of the above penalized criteria either derive from an asymptotic heuristics or exhibits some
asymptotic optimality properties. The others [4, 12, 5, 13] result from some called concentration
inequalities and may therefore be understood as upper bounds of the risk of an estimator s,,. Moreover,
these penalties depend on some unknown universal constants that must be determined by an intensive
simulation step for instance [33].

Another strategy consists in estimating rather than upper bounding the risk of 5,,. This goal may
be reached thanks to resampling strategies, the idea of which may be summarized as follows. Though
we do not know P the distribution of the observations, we observe the empirical distribution P, yet.
Then, we use the original observations to generate some new samples (the resamples) according to a
known distribution conditionally to P,. The rationale is thus to mimic the relationship between P and
P, thanks to that of P, and P/, the empirical distribution of the resample.

Several types of resampling schemes have emerged, one of the most famous being the bootstrap
[22, 43, 49, 23]. Provided we draw resamples of cardinality m lower than n (that of the original data), we
call the corresponding strategy subsampling. The jackknife introduced by Quenouille [42] is one of them as
well as cross-validation algorithms such as the leave-one-out (Loo) [51, 52, 50], the V'-fold cross-validation
(VFCV) [2, 25, 26, 18] or the leave-p-out (Lpo) [17, 46, 58, 20].

There are some differences between bootstrap and cross-validation strategies. Cross-validation (CV) has
been designed actually to compute the risk (or any analogous quantity) of an estimator. It is mainly
based on the independence property between the original data used to compute the estimator and a
new independent one devoted to the assessment of its accuracy. Unlike cross-validation, bootstrap is
not dedicated to the risk estimation. It rather attempts to approximate the unknown distribution of a
statistic of interest. In particular, it is not based on the above independence property. The risk estimation
is then a by-product of the bootstrap scheme.

Throughout this manuscript, we focus on the study of the Lpo algorithm. Our idea is that a better
understanding of the behaviour of this resampling scheme would provide more insight into all the CV
algorithms. Indeed, these algorithms may be understood as some “approximations” to the ideal but
unachievable Lpo estimator, since the latter usually turns out to be too computationally demanding. For
instance when p = 1, Lpo amounts to the famous Loo algorithm. Thus when n is large, the computational
burden of the Loo may be too expensive, which is the reason of the introduction of the VFCV algorithm
[17].
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1.2.2 Choice of p

A crucial issue of the CV-based strategies is the determination of the size of the test set, denoted by p in
the Lpo strategy. Indeed, this parameter does not only drive the amount of computational complexity, but
it also determines how biased and variable the resulting Lpo estimator of the risk will be [17, 24, 3, 20].
Several asymptotic results exist about the optimal choice of p with respect to the efficiency or consistency
points of view, most of them concerning the regression framework. Indeed, the asymptotic equivalence
between the Loo estimator and AIC [52] or Mallows’ C), [35] and other penalized criteria [58] indicate
the asymptotic optimality of the Loo in terms of efficiency in some frameworks. As for the consistency
viewpoint, Shao [46, 47] has established that consistency may be reached provided p/n — 1. A more
refined result has been proven by Yang [57], who relates the required magnitude of p/n to the convergence
properties of the involved estimators.

From a non-asymptotic viewpoint, very few results exist to the best of our knowledge. Recently, Arlot
[3] proposed a strategy relying on resampling penalties, which enables to control the amount of bias
(overpenalization) independently from the computational cost. He studies the VFCV algorithm, but do
not yet provide any real guideline to choose V.

1.2.3 Closed-form expressions

The first results of this manuscript (Chapter 3) are closed-form formulas for the Lpo estimator of the
quadratic risk (Section 3.3) for a wide range of estimators. These results constitute an enhancement in
several respects.

Indeed, they first allow the effective use of the Lpo risk estimator, which used to be considered as
intractable. Furthermore, the computational cost of the Lpo estimator therefore becomes less expensive
than that of the usual V-fold estimator, which moreover used to introduce some additional variability due
to the preliminary random partitioning of the data.

A straightforward consequence of the computational cost drop is the opportunity to choose the parameter
p independently from any computational consideration. Closed-form expressions are derived for several
broad classes of estimators, which are extensively used both in the density estimation as well as in the
regression frameworks. These estimators are projection estimators in the density estimation setup as
well as in the regression context, some kernel estimators and the specific regressogram in the regression
framework.

REMARK: When deriving closed-form expressions necessitates to weaken the level of generality of the
calculations, we describe the precise reasons why more general results cannot be achieved.

In this entire manuscript, our goal is the study of the Lpo algorithm (as a generic and representative
CV procedure) in various settings such as density estimation, regression and change-points detection. The
behaviour of this algorithm with respect to p is analyzed in the model selection framework, mainly from
a non-asymptotic viewpoint.

1.3 Optimal risk estimation

In Chapter 4, a first approach of the problem of model selection in the density estimation context is made
through the “optimal” risk estimation. Along this thesis, we use the quadratic loss function denoted by

—~ ~12
l(s,5)=|s— SH )
where s the target function (density or regression function) and s, any estimator.
In the density estimation framework, let us assume that s is an unknown density on [0, 1] we would
like to estimate, and let (8,,),,c 2, denote the family of candidate estimators.

For a given 1 < p <n — 1, our strategy consists in defining (provided it exists and is unique)

i = Argmin,, e v Ry(3m), (1.1)
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~

m) denotes the Lpo based estimator of the quadratic risk of 5,,,. Then the final density estimator

¥

1.3.1 Bias-variance tradeoff

As we can see in (1.1) for a given m, we have as many risk estimators as possible values of p, that is n — 1.
The question is to choose p which provides the “best” risk estimator.

The intuition about CV (which is confirmed for VFCV in the classification context for instance [24]) is
that when p is small, we use most of the data (n—1) to compute the estimator and only one (the remaining
observation) to assess the performance of the latter. Thus whereas this estimator is expected to be close
to the original one (computed from n observations), its performance assessment should be rough since
only one observation has been used. The resulting risk estimator should be nearly unbiased, but quite
variable. Conversely, if we use only a few data to compute the estimator, it could be far from the original
one (and the resulting risk estimator could be biased), while its performance assessment is made from a
large amount of data, resulting in a slightly variable estimator of the risk.

Following these considerations in Section 4.4.2, we choose the value of p that reaches the best bias-variance
tradeoff, that is the minimizer of the mean square error (MSE) of the Lpo risk estimator. We recall that
the MSE is the sum of the square of the bias of ﬁp and the variance of }A%p. Thus for each m:

p(m) = ArgminlgpgnflMSE(}A%p(gm)),
where MSE (I:Bp(’s\m)) denotes an estimator of the MSE.

REMARKS:

e Note that the computational burden of all the procedure remains reasonable thanks to closed-form
expressions for the Lpo risk estimator as well as for its bias and variance.

e In Chapter 4 and Chapter 5, we apply this strategy to histograms. We point out that the same
strategy may be straightforwardly followed with kernel density estimators as well as any projection
estimators.

1.3.2 Multiple testing

In biology for instance, the development of new technologies with high throughput data such as cDNA
microarrays has generated a great interest in the statistical community, with the challenging problem
of multiple testing. From a microarray on which thousands of genes are hybridized, the question is the
following: How many genes have been induced between the condition 1 and condition 27 Thanks to a few
technical replicates of this microarray, we have to perform a test for each gene, which results in thousands
of test statistics (75),<;<,- A question arises: Is there a relevant way to distinguish between induced and
non-induced genes in presence of so many genes?

We first explain the specificity of the multiple testing problem. Let us assume we are given a set of

null hypotheses against their alternatives from which we aim at designing a decision rule resulting in the
rejection of a subset of them for a controlled error. When this set is reduced to a single null hypothesis,
the classical statistical test theory applies and for a given level 0 < a < 1 of the type-I error, that is
the error of making a false positive (= a false rejection), we build the decision rule which maximizes the
power of the test.
However, the problem turns out to be more intricate when the number n of tested hypotheses is larger.
Indeed, testing each null hypothesis at level a and rejecting 0 < k < n of them potentially leads to a
type-1 error as large as ka. Moreover since we do not know how many of them should be rejected and
provided we decide to keep the error lower than 0 < 8 < 1, a simple idea is to set a = 3/n, which provides
the desired control. However, the resulting individual level at which we actually test each hypothesis is
decreasing with n. The procedure becomes more and more conservative independently from the truth
about each hypothesis, which means that less and less null hypotheses will be rejected as n grows, no
matter whether they are false. Thus, a sufficient condition to reject no hypothesis is to add enough true
null hypotheses, which is unsatisfactory.
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This reasoning highlights that we need for some multiple testing procedures (MTP), which would take
into account all the test statistic values to design the final rejection rule, instead of only that of each
hypothesis, independently from the others.

The MTPs are specifically designed to provide the desired control of a given type-I error such as false
discovery rate (FDR) for instance, defined as the expected ratio of the number of false positives over the
total number of rejections:

FP(R(Th,...,Ty))
IVR(R(Ty,...,T,)) |’

FDR[R(Ty,...,T,)] :=E

where R(R (T1,...,T,)) denotes the total number of rejected hypotheses from the rejection rule
R(Ty,...,Ty).

Most of them apply under an independence assumption [8, 10, 9], but some others still hold under some
types of dependence [11, 14, 14]. The most famous MTP is the Benjamini-Hochberg (BH) procedure [8]
which deals with p-values rather than test statistics. Let us define (p;),,,, the set of p-values associated
with each tested null hypothesis (Ho ;) Then for a given level 0 < a < 1, the BH procedure relies
on

1<i<n®
) e

k ::max{l <i<n|pa Szf}
n

such that we reject all the null hypotheses Hy ;) with i < k, where py < p) < ... < p() (see also
Figure 7?7). Under the independence assumption, Benjamini and Hochberg have proven that

FDR[RBH (plvvpn)] S QT S «,

where 71y = ng/n and ny denotes the unknown number of true null hypotheses.

Actually, the control provided by the BH procedure is at level amy. However since mg is unknown, we
only control the FDR at level a. Moreover, we observe that the gap between these two quantities may
be substantial provided 7 is not that close to 1. A reasonable idea in this setting is to estimate my so
as we get a tighter upper bound. This is the rationale behind the named plug-in strategy described in
[53, 55, 28] for instance.

It turns out that an estimator of my may be derived through the density estimation methodology we
described above in Section 1.3.1 with histograms. The resulting estimator exhibits a consistency property
(Section 5.4) as well as it asymptotically yields the expected control of the FDR.

1.4 Leave-p-out risk estimator as a penalized criterion

1.4.1 Random penalty

Another aspect of model selection via Lpo is developed through the interpretation of the Lpo risk estimator
as a penalized criterion. Indeed, the usual expression of penalized criteria is for each m

Crit(m) = Pn’y(/s\m) + pen(m)v

where P,7v(S,,) denotes the empirical contrast of the estimator §,,, and pen(-) is the penalty term, which
grows with the increasing complexity of the model S,,.

In Section 6.2.1, we point out that the Lpo risk estimator can be understood as a penalized criterion.
For each 1 < p < n — 1, we rewrite the Lpo estimator in the same way

~

By (n) = Pur(Gn) + (Ru(B) = Pr(3im))

where the second term in brackets is named the Lpo penalty. Still in Section 6.2.1, we establish that this
random penalty overpenalizes for any projection estimator.
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1.4.2 Oracle inequality and adaptivity

In Chapter 6, we pursue the estimation viewpoint and not the identification one, since we do not try to
recover any true density, but rather look for a reliable estimation of it. Therefore, the quality measure of
the procedure is the risk of the final estimator 5. Moreover, we focus on non-asymptotic results so that
we let the model collection (Sm)me M, depend on the sample size n.

Following the efficiency viewpoint, we would like to design a procedure such that

’
where S, denotes the oracle model, that is the model we would choose if we knew the distribution of the

observations. Unfortunately, this goal can only approximately be reached and we have to content ourselves
with an oracle inequality

E[ls—5al?| ~ inf E[lls—5nl*] =E [ s - 5
meM,,

E[lls—3al’| <C inf {E[lls=5ul?] +r(mm},

where C' > 1 denotes a constant independent from s and r(m,n) is a remainder term with respect to
E [Hs — §m|\2} [6, 13, 38]. This inequality simply says that the risk of the final estimator § is almost
the same as the smallest one among all the estimators we consider, up to a constant C' and a remainder
term. Obviously, the closer C' to 1 and the smaller the remainder, the better the model selection procedure.

Another desirable property of a model selection procedure is the adaptivity in the minimaz sense with

respect to some functional space [6]. This notion is strongly related to the approximation properties of
functional spaces. We refer to [21] for an extensive study of a wide range of functional spaces.
Let assume that s belongs to such a space H(6*) for * € ©. 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. For us, the
effectiveness measure is the quadratic risk and an estimator enjoys such an adaptivity property if its risk
is nearly the same (up to some constants) as the minimax risk with respect to H (6*):

inf sup E [||s - §||2} < sup E [||s - gmu?] <Cinf sup E [Hs - §||2] :

S seH(6*) sEH(6*) S seH(6*)
where the infimum is taken over all possible estimators. Note that very often, C' < 1 depends on the
unknown parameters 6*, but neither from s nor from n.
If this property holds for every parameters § € ©, then 5 is said to be adaptive in the minimax sense
with respect to the family {H(0)}ycq-
For instance in the problem of density estimation on [0, 1] when s belongs to some Holder space H (L, «)
L > 0 and a € (0,1], it is known since the early 80s [29] that the minimax rate with respect to H (L, &)
for the quadratic risk is of order Lﬁn_ﬁ, with any L > 0 and o > 0.
REMARK: Note that when the problem is the estimation over R, things turn out to be very different.
For instance, the minimax rate now depends on the value of regularity parameter o with respect to the
parameter p of the LP-norm used for the assessment [30].

In Chapter 6, we derive two oracle inequalities in the density estimation framework. The first one
holds in the polynomial complexity setting for any projection estimator with an orthonormal basis. It
is followed by an adaptivity result in the minimax sense with respect to Hoélder balls for histogram
estimators.

The second one is devoted to the exponential complexity setting. A preliminary illustration shows that
the Lpo with small values of p suffers some overfitting due to the richness of the model collection. We
propose to add a penalty term to the Lpo risk estimator, which takes the collection complexity into
account.

Then, a simulation study highlights that the Loo estimator suffers some overfitting in the polynomial
setting. However, it turns out that the Lpo algorithm with a choice of p > 1 balances this phenomenon.
Finally, since no real guideline has been provided as for the choice of p with any real data set, we provide a
fully data-driven algorithm, which exhibits automatic adaptation to the complexity of the model collection.
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1.5 Change-points detection

The main concern of change-points detection is to detect abrupt changes in the distribution of the
observations (t;,Y;), where Y; denotes the value of the signal Y observed at the deterministic point ¢;.
The purpose is then to recover the location of these changes.

This problem has a wide range of applications, from time-series in the financial area ([32]) to biological
data [41]. Other instances can be found in [7, 16].

Unlike the on-line viewpoint where the observations are sequentially given, we rather consider the
off-line approach in which the data are all observed at the same time and the problem is to recover any
potential change a posteriori.

There are numerous asymptotic results [40, 31] which correspond to the consistency viewpoint, attempting
to recover the “true segmentation”. On the contrary, our approach is fully non-asymptotic, in the same
line as that of Lebarbier [33] and Baraud et al. [5] to name but a few.

Let us assume we observe n points (¢1,Y1),..., (tn, Yn) € [0,1] x R satisfying
Yi =s(t;) + oiei, (), iid., E[e] =0, Var(e;) =1 and (o), € (R4)",

where s denotes the unknown piecewise constant regression function. In this framework, the complexity
of the collection of models is exponential [5] and Cp-like penalties are completely misleading [13]. Birgé
and Massart [12] derived a penalized criterion, which has been proved to enjoy some optimality properties
in a gaussian homoscedastic setting. Besides to the best of our knowledge, nothing has been done in the
fully heteroscedastic setting with rich model collections.

Our purpose is to detect change-points in the mean of the signal under heteroscedasticity, and without
any assumption about the shape of the distribution of the residuals.

Chapter 7 is dedicated to an extensive simulation study, based on theoretical considerations. A first
conclusion is that although Birgé and Massart’s penalty is an effective measure of the complexity of rich
collections of models in the homoscedastic setting, it is no longer the case under heteroscedasticity. We
then propose a resampling-based strategy as a reliable measure of complexity both in the homoscedastic
and in the heteroscedastic frameworks. This procedure exhibits better performances in the choice of the
number of change-points than Birgé and Massart’s criterion.

Furthermore, we propose to replace the empirical risk minimization in the latter procedure by the Lpo
algorithm, which prevents us from overfitting and results in better segmentations in the heteroscedastic
framework.
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Chapter 2

Model selection

The main purpose of this chapter is to review the large amount of
literature about model selection. However we do not attempt to
be exhaustive, which is out of the scope of this thesis. our goal is
just to collect and summarize what appears to us as some of the
main questions in model selection.

We first describe the rationale of model selection and recall the
two strategies we may pursue, that is estimation or selection.
We then provide an overview of different model selection frame-
works, from penalization to multiple testing via the Bayes factor
and statistical testing.

Finally, we present a concurrent approach to model selection,
that is model aggregation, through different aspects. We men-
tion model aggregation (or mixing), bayesian model averaging as
well as some widespread algorithms in the machine learning com-
munity such as boosting and bagging.

2.1 Model selection set-up

2.1.1 The model choice

What is a model and what for?

A model may be defined as a mathematical structure attempting to describe the mechanism, which gen-
erates the observations we have in hand. As an illustration, we give a few examples of what a model may

be.
EXAMPLES:

e From a general point of view, a model sometimes refers to a set Pg = {Fy | 0 € O} where each Py
denotes a probability distribution [85]. Provided © is in one-to-one mapping with a subset of R,

the model is said parametric, whereas it is nonparametric otherwise.

e In a nonparametric setting, we may also define a model as a set of candidate functions (in density
estimation or regression), from which we choose an approximation of the unknown target. For
instance, a model may be the linear space of piecewise constant functions defined from a given

partition of [0, 1].

Thus, a model S is only an approximation of the truth. There is no warranty that the target parameter s
we try to estimate belongs to S. Following [34], we could say that “truth is infinite dimensional” whereas
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S looks rather like a finite dimensional model.

Since the truth is too complex to be understood in its full level of generality, a model provides a
simplification of it (thanks to its smaller “dimensionality”), which turns out to provide more insight in
the phenomenon of interest. For instance, a variable selection procedure applied to the thousands of genes
from a ¢cDNA microarray experiment enables to more easily detect those which are more likely to be
connected to the studied mechanism.

Estimation given a model

In the estimation of a parameter s, a model S is a set of candidates from which we choose a reliable
estimator. This choice is made thanks to a contrast function v : S x Z — R such that

Py():=E[y( 2)]

is minimized by s over &, where the expectation is taken with respect to a random variable Z ~ P.

Note that for any estimator s, Py(5) = E[v(¢,Z)],_; is a random variable assessing the performance

of § =5(Z,...,2Z,) (computed from the data) with respect to the true distribution P. In the regression
context, it is named prediction error or sometimes the loss associated with 5. This contrast function is
related to a loss function £ : S x S — R, that measures the discrepancy between § and s and defined by

vt € S, L(t,s) = Py(t) — Py(s) > 0.

In the density framework, an example of loss and contrast functions are the L?—norm on [0, 1]:
Uts)=lt—s|*  with  y(t,2) = ||t]]* - 2(2)
[20, 12]. Its usual alternative is the Kullback-Leibler divergence
t(z) .
L(t,s) = [ log 5@) s(x) dx with v(t, Z) =log[t(Z)]

[12, 96, 35].
As for the regression setup, the least-squares contrast is defined for any Z = (X,Y) e X x Y = Z, by

y(t,2) = [t(X) =Y ]?,

while the quadratic loss is equal to

(t,s) = / (t(z) — s(2))? Py (dx),

where Px denotes the unknown distribution of X [12, 8, 11]. The likelihood-based approach may be
used as well [81]. From a historical viewpoint ([34]), the quadratic-loss function is more widespread than
its log-based counterpart due essentially to computation-time reasons since log-likelihood methods may
require intensive computations. Moreover, estimators are the same in the gaussian regression framework.
In the clustering framework, we mention that [15] use a different contrast, specially designed to properly
suit the clustering purpose in a log-likelihood framework.

Ideally from the choice of such a contrast, we would like to find the minimizer of Py(:) over model S:
5(P) := Argmin, g Py(t),

provided it exists and is uniquely defined. This function is the “best” (unknown) element in the model S,
since it is the “closest point” in S to the target s. Note that $(P) coincides with s provided s belongs to
S.

As we aim at being as close as possible to 5(P), our strategy consists in introducing the sample mean of
the contrast for any ¢t € S:

Poy(t) := 1/nZV(t,Zi) = mm(t),
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which we minimize over S as well. The rationale behind this is simply that provided P,,~(t) is properly

concentrated around its expectation, the minimizer of ,, over S should be close to that of Pv. The typical
mathematical tools to check this concentration requirement are the so-called concentration inequalities such
as those of Bernstein and Talagrand...[82, 83, 69]. Following our strategy, we derive an estimator of s
associated with the model S, which is the so-called empirical risk minimizer

5g = Argmin,c gy, (t).

Parsimony principle

Let us assume that the model S is a finite dimensional vector space with dimension D. Since the target
parameter s does not necessarily belong to S, we could be tempted to replace S by a larger model S’ such
that S € 8" and S’ is closer to s than S, thus reducing the bias between the model and the target. The
resulting estimator better fits the data in hand.

On the other hand, we only have a weak confidence in a model with as many parameters as the number of
observations, since on average only a single observation is used to estimate each parameter of the resulting
estimator. Such a model is overly overfitted, which means that if we were given new observations, the
resulting histogram would unlikely fit the data in a satisfactory way.

With a finite number of observations, the empirical distribution may deviate from the true distribution P
of the observations, and this deviation may be all the more large as we have only few data. Thus being
too close to the observations (overfitted) may send us away from our target s.

These considerations suggest that a “reliable” model should be the result of a tradeoff between a bias term
(which tells us how far from s the model S is) and another term accounting for the overfitting phenomenon.

The loss of the best estimator in S is by definition ¢ (s, § ), which may be split into two terms

((5,s) = [Py(5(P)) = Py(s)| + [ Py(5) = Py(5(P))]. (2.1)

By construction, both these terms are nonnegative. The first one in the right-hand side is the bias term.
It is equal to £ (s,5(P)) and must be understood as the “distance” between s and S. The second term is
called the variance term and quantifies the price to pay for estimating s(P) in S. Whereas the first term
decreases when the model grows, the second one rises since 5 may all the more deviates as the dimension
is large (and the model more flexible). Therefore, the best estimator § reaches a tradeoff between bias
and variance.

REMARK: Sometimes, the variance term is named estimation error. Throughout this manuscript, we will
also use the name “model complexity” [88], since it may be related to a complexity measure of the model
[86, 87].

2.1.2 Model collection
Model collection and approximation theory

The quality of a model strongly depends on its distance to the unknown parameter s. There is therefore
no warranty that a model is actually close to our target without any additional assumption about s. This
is all the more true as we only consider a single model. This is the reason why we rather use a list of
models, the model collection, rather than a single one.

Sometimes it happens that we have some prior knowledge about the problem in hand. With CGH
(Comparative Genomic Hybridization) data for instance, the biological meaning of the underlying
phenomenon entails that the regression function we try to estimate is piecewise constant, which provides
some insight in the choice of a convenient model. Without any such information, we may only make
various (more or less realistic) assumptions about the target and choose the model collection according
to these assumptions.

This choice is strongly related to the approximation theory. Ideally for each set of assumptions about
s, approximation theory helps in selecting the best approximating models (see [12]). In other words,
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approximation theory makes the bias term in (2.1) as small as possible by an appropriate choice of the
collection. We refer the reader to the book of DeVore and Lorentz [38] for a wide range of results in
approximation theory.

Uncertainty of the model choice

Due to the lack of information about s, we may expect that the choice of a model within a list of plausible
candidates will provide us with a better final model than if we had arbitrarily selected a single model and
then made some inference from it. Model selection aims at designing a procedure from the data, which
provides a reliable model picked out from a pre-chosen list of candidates. However in the same way as we
commit an error when estimating 5(P) in the model S, the choice of the “best” model within our family
of models introduces some additional uncertainty we have to take into account.

As for now and in what follows, we denote by M,, a countable collection of indices, which is allowed to
depend on the sample size n. For each m € M,,, S,,, denotes a finite dimensional vector space of dimension
D,, that we call a model. Furthermore, let us define S by

S = Umem,, Sm,
while S denotes the set s belongs to. For each m, the best approximation of s in S,, is denoted by
Sm = Argmin,c g Py(1),
and S, refers to the empirical contrast minimizer over S,,
Sm = Argmin,c g Poy(t).

We are now in position to describe the model selection strategy. With each model S, an estimator 3, is
associated. According to a given criterion crit : M, — R, we define the candidate model m within M,,
as

m = Argmin,, .\, crit(m),

provided it exists and is unique. Then by construction, the final estimator is

s = g,fn

Following the same idea as in (2.1), we may rewrite the loss of s as follows

0(s,3) = [Py(3) = Py(sw) | + [ Py(sm) = Py(sm(p)) | + [ Py(sm(p)) — P(s) ], (2.2)

where
m(P) := Argmin,, vy Py(sm)

represents the best attainable model over the whole collection, if we knew the true distribution P. The
right-most term in (2.2) is the approximation bias of the collection. It is the collection counterpart of the
bias term in (2.1). It decreases as the collection grows and even vanishes provided s belongs to S. The
second term in the right-hand side is the new term with respect to (2.1). It represents the price for ig-
noring which model is the best one. The remaining term is the variance term in the estimation of sz € Sg,.

Cardinality and collection complexity issues

A naive idea is to compare as many models as possible in order to reduce the collection bias in (2.1),
while avoiding in the same time high dimensional models in order to prevent from overfitting. However,
two simple ideas turn out to suggest how misleading such a strategy could be.
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Let us define m* such that m* := Argmin,,c \,, PY(5,,) exists and is unique. Then for any € > 0, we

observe that the probability
P | min crit(m) + e < crit(m”™)
meM,

is increasing with the cardinality of M,,. Thus, considering a larger number of models would increase the
probability of committing a mistake. Hence, the cardinality of the model collection is an important issue
to take into account.
In a similar way for a given cardinality of the collection M, it will be all the more difficult to distinguish
between models as these are strongly alike. Thus, we see that increasing the number of models with the
same dimension in the neighbourhood of the dimension of Sy« may induce the same phenomenon.
A conclusion can be drawn from the two previous points: the cardinality of the model collection as well
as the named collection complexity [9] should be taken into account.

Collection complexity (sometimes called richness) characterizes how alike models in the collection are,
that is the structure of the collection of models. The dimension of a model is a measure of “similarity”
between models, which has been proposed in [20, 12]. Besides, an example of collection complexity
measure is given by the cardinality of M,,(D) := {m € M,, | D,,, = D} for each dimension D ([20, 22, 9]).
For another quantification of the complexity see Yang [88].

Very often, two regimes of collection complexity are distinguished: the polynomial and the exponential
ones.

Definition 2.1.1.

1. The collection complexity is said polynomial if there exists positive constant § > 0 such that

V1< D <n, Card (M, (D)) < D°.

2. Otherwise, the collection is said to have an exponential complexity.
EXAMPLES:

e A prototypical example of polynomial collection of models is the nested collection, which means that
m — D,, is a one-to-one mapping and Dm < D, = S,, C Sy/-

e The problem of variable selection with ordered variables is another illustration of a polynomial
complexity, whereas the same question with unordered variables is fully exponential [20, 8, 11, 69, 9].

2.1.3 Estimation and selection
Estimation purpose

A first possible assessment of the quality of a model selection procedure can be made through the estima-
tion/prediction viewpoint [94, 22]. In this state of mind, we look for the best estimator of s among (5,,),,
in terms of risk. The ideal (unachievable) estimator is therefore defined as 54+ (py, where m*(P) comes
from

m*(P) := Argmin,,, ¢\, PY(5m).

For each sample, m*(P) refers to the optimal model and is moreover random. 5p5-(p) is called the
trajectorial-oracle estimator since it is the best attainable estimator if we knew the true distribution of
the observations P.

In the same way, we introduce the oracle estimator as & ,,-(py with

m*(P) := Argmin,, e v E[Py(5m)],

where the expectation is taken with respect to S,,. In this case, m*(P) is no longer a random variable.
Both these oracle estimators depend on the sample size n and may subsequently differ from a value of n
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to another.

Besides, neither the trajectorial-oracle nor the oracle model does necessary contain s even if the latter
belongs to S = U, Sy,. Indeed when a model is used to generate the data (in simulations for instance),
there is no warranty that both the few observations at our disposal and the noise level (in a regression
framework for instance) provide enough evidences in favour of the true model [12]. In the following, the
oracle models are simply denoted by m* and respectively m*.

The performance of the final estimator § = 55 may therefore be compared with either
E[4(s, Sm+ )] =E[infem, £(s, Sm)] or E[€(s, S+ )] = infem, E[€(s, §1m)]. The former criterion
is used for instance in [7, 5], while in what follows we use the second one as our reference [88, 21, 11, 87, 22].

This comparison can be carried out through asymptotic or non-asymptotic arguments, which respec-
tively leads to (asymptotic) efficiency or oracle inequalities as detailed in the following.
The efficiency property consists in taking s as fixed and assessing the asymptotic behaviour (n — +00) of
E[4(5,s)] with respect to E[£(5,+,s)]. The goal is to design a model selection procedure providing an
estimator § the risk of which is asymptotically the same as that of §,,« [79, 80, 65, 78].
REMARK: The efficiency property is a pointwise criterion, since the assessment is made with respect to a
fixed s. Thus, Yang ([94]) argues that this type of pointwise result may give an over-optimistic view of
the actual performances of the given procedure.
An oracle inequality is a non-asymptotic criterion quantifying how large the risk of § = 55 may
be with respect to inf,ear, E[£(Sm,s)] up to some constant and remainder terms [20, 12, 21] to
name but a few. In fact, an ideal model selection procedure would provide an estimator s such that
E[4(5,s)] = infiem, E[4(Sm,s)]. Unfortunately, this goal cannot be reached and we rather have to
content ourselves with:

E[(59)]<C inf E[(Sm,s)], (2.3)

where C' > 1 is a constant independent from s. According to this oracle inequality, s works almost as well
as the best possible estimator among (5,,),),-

REMARK: Such a non-asymptotic result enables us to let the model collection depend on n. Indeed, an
interesting question is the growth rate of M,, at which such an oracle inequality may be obtained. This
kind of problem cannot be addressed from the usual asymptotic viewpoint where the model collection is
kept fixed [78].

The previous criterion is also pointwise and may suffer the same troubles as those mentioned by Yang

[94]. This is the reason why we are very interested in an optimality property uniform with respect to s
named adaptivity. This notion relates to model selection through a close relationship between approxima-
tion theory and oracle inequalities.
If we assume that s belongs to a well known space of smooth functions (for instance s belongs to a Holder
ball with radius L > 0 and exponent « € (0, 1]), some families of models (Grenander [52]) are known to
“optimally” approximate the target s [38]. “Optimally” means that the risk of the estimators built from
these models reaches the minimaz rate [42, 96]. We recall that the minimax risk is defined with respect
to a set of parameters 7 to which s belongs:

R, (T):=infsupE[£(5,s)],
s seT

where § denotes any estimator of s. The minimax risk provides the best possible performance of an
estimator of s in the least favourable case, that is when s is as far as possible from it.

From this, we first introduce adaptivity with respect to 8, for s belonging to a functional space 7y and 6 € ©.
We say that a model selection procedure is adaptive with respect to 6 if the risk of the resulting estimator
reaches the minimax rate in the estimation of s € 7y, without knowing in advance the true parameter
6. Subsequently, an estimator is said to be adaptive in the minimax sense with respect to (Tp)ycg if it is
adaptive with respect to 6, uniformly in 8 € ©. For an extensive and unified presentation of adaptivity,
we refer the interested reader to [12], as well as to [20] about various results in this field.

More formally for a given family of sets (7y) g (typically some balls with respect to a given semi-norm),
we compare the risk E [£(5,s)] of an estimator 5 to the minimax risks (R, (7s)),-
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Definition 2.1.2. We say that a sequence of estimators (5, ), is adaptive with respect to (Tp)ycq in the
minimaz sense if for any 0 € O, there exists C(0) > 0 (independent from n and the target s) such that

Sup E[{(5n,5)] < C(0)Rn(Tp).

It means that the risk of § is at most of the same order as the minimax risk (with respect to n) or in
other words, that s reaches (up to a constant) the best possible performance of an estimator of s with
respect to (75)gcq-

If we now assume that our model selection procedure results in a final estimator 55, satisfying an
oracle inequality such as (2.3), then for a given assumption on the smoothness of s, approximation theory
provides us with a collection of models depending on n (“sieves” [52]), such that (55, ),y Will be
adaptive with respect to some balls in the minimax sense. Such a procedure performs as well as if we had
known the smoothness of s in advance.

Selection strategy

In the estimation viewpoint, we look for the best possible estimation (or prediction) in terms of risk
minimization. The ideal model is the oracle, defined as the minimizer of the true risk and we aim at
selecting a model which is as close as possible to the oracle.

Uunlike the previous strategy, the gold standard in selection is the “true model” [22], which we try to
recover. This “true model” is denoted by S,,, and defined as follows. s € S,,, and S,,, is the smallest
model containing s. Let us assume that a true mode exists in the sequel for the sake of simplicity.

In other words,

mg = Argmin, . \s Py(51),

and s = s, (see [77, 78, 22]).

When s does not belong to our model collection, we may try to recover s,,, instead of s itself, which is
the closest approximation to s in S = U, Sy, ([63]).

REMARK: This point of view is that of BIC (Bayesian Information Criterion).

The assessment of the quality of m is made through the consistency property. It is an asymptotic
criterion according to which m is said to be consistent if P (m = my) I 1 [65, 77] We also refer to
n——+0oo

[78] for a review about efficiency and consistency in linear models.

REMARK: The consistency property may be defined in a slight different context, following the idea of
Yang [95]. Indeed, the target function is no longer the unachievable limit of a sequence of estimators like
Smg, but is rather defined for each n provided n is large enough.

2.2 Several strategies of model selection

2.2.1 Model selection via penalization
Deterministic penalties

Given a family M,, of models and the associated family of estimators (5,),,,, model selection by penalized
criterion consists in the choice of the best model as the minimizer of a criterion crit(-). This quantity is
defined by

crit(m) = Yn (gm) + pen(m)a

where 7, (5,,) assesses how well §,, fits the data, while the penalty pen(-) accounts for the model
complexity and possibly the collection complexity as well (see [22]).

This idea dates back to the early 70’s with the seminal papers of both Akaike about FPE ([3]) and AIC
([4]), and Mallows about C), ([68]). As illustrated by Mallows’ heuristics in the regression framework,
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these approaches intend to design an unbiased estimator of the risk of 5, (see [69]), which we minimize
over M,,. To name but a few, other examples of penalized criteria are the Bayesian Information Criterion
(BIC) introduced by Schwarz [76], the Minimum Description Length (MDL) of Rissanen [73] and GIC),
proposed by Nishii [70]. Whereas FPE, AIC and GIC)  are defined with the quadratic loss, AIC, BIC
and MDL are derived in the log-likelihood context. Except both MDL and GIC) , Baraud et al. [9] point
out that the above penalties result from an asymptotic heuristics and may suffer some strong dependence
on the sample size as well as the type of model collection in hand.

This is the reason why a lot of work has been devoted to derive penalties in the non-asymptotic setting
(see [12] for an introduction and [69] for a wide study of such penalties in various frameworks). As for
the density estimation, we mention Barron and Cover [13] (with MDL), Birgé and Massart [20] for the
quadratic loss and Castellan [35] for the Kullback-Leibler divergence. In the regression framework, Birgé
and Massart [21] provide penalties that are generalizations on the C), criterion in a gaussian setting when
the variance is known. Baraud [8] extends these penalties to the case of unknown variance, which is also
one of the purposes of Baraud et al. [9], where authors derive new penalties in a wide range of settings
from variable selection to change-points detection for instance.

REMARK: All these penalized criteria are justified in a homoscedastic framework due to the high level of
technicalities in the heteroscedastic setting.

Deterministic penalties are derived from bounds on the uniform deviation of £(s, §,,) around its
expectation over the whole collection of models. This approach relies on some concentration inequalities
like that of Talagrand [83] or its Bousquet’s version [25]. We refer to Massart [69] for a review on this
topic and to Boucheron et al. [24] for a link with moment inequalities.

Unlike the usual bias-variance tradeoff, the need for some uniform control of the fluctuations of ¢ (s, s,, )
over the whole collection of models raises the collection complexity issue with rich collections. Thus
provided there are lots of models with the same dimension or not, we have to distinguish between penalties.

o (,—like penalties are valid when the collection of models is not too rich and may be expressed as
pen(m) = CD,,,

where C' > 1 denotes an unknown universal constant. Justifications for them may be found in
Baraud [8] for regression and Castellan [35] in a density estimation setup for instance.

o As for richer collections of models, Birgé and Massart [20] in density estimation and Barron [12] for
the regression have shown that the appropriate penalty structure is of the type

N
pen(m) = ¢1 Dy, + oDy, log (D> ,

where ¢; and ¢y are universal positive constants, and N denotes the total number of variables in
the unordered variable selection problem for instance. From a theoretical viewpoint, they argued
that the log —term is unavoidable (see Birgé and Massart [21] and Donoho and Johnstone [40]) and
should be understood as the price to pay for ignoring the oracle.

Note that concentration inequalities provide tight bounds up to some constants, which induces some
further work in order to get the best possible values for these constants. Lebarbier [62] has successfully
performed an intensive simulation study and found that optimal constants in the gaussian change-points
setup are ¢; = 5 and ¢y = 2. Actually, these constants may only be determined up to a multiplicative
constant. In a recent paper, Birgé and Massart [22] discuss this point and describe a strategy named
the “slope heuristics”, which is theoretically proven to yield an adaptive choice of this unknown multi-
plicative constant. For not too rich collections of models, Arlot and Massart [6] provide a justification
of this heuristics in the random design regression framework for a heteroscedastic noise, without any
distributional assumption on the residuals.

REMARK: Lavielle [61] suggests to use a C,—like penalty whatever the collection complexity. Since
this penalty is determined up to an unknown constant, he developed another heuristics which
provides an adaptive choice for this constant as well. Actually, this procedure exhibits rather
good performance in the change-points detection at least [71]. From a theoretical viewpoint, this
procedure relates to the above Birgé and Massart criterion in that when the dimension of the
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oracle model D* <« n in the change-points detection framework, the penalty may be written as
pen(m) = ¢1 Dy, + c2 Dy, log (ﬁ) ~ D, (¢c1 + c2logn) = CD,,, where C denotes a constant. The

conclusion we may draw is that this heuristics should work as long as D* < n, but may encounter some
troubles otherwise.

Random penalties

Since they are derived from concentration inequalities, penalized criteria based on deterministic penalties
may be seen as upper bounds of the ideal criterion £ (s, S,, ). Arlot [7] introduces the ideal penalty, which
is defined for any m € M,, by

£(5,3m) = Py(8m) + peng(m)  with  pengg(m) == (P — P) y(3n).

Hence we conclude that any (meaningful) deterministic penalty is an upper bound of the ideal penalty
(up to some multiplicative unknown constants).

Although concentration inequalities are sharp tools, we may try to estimate the risk. To this aim,

another strategy is to use an approximation of pen;;(m) rather than an upper bound, which results in
random penalties.
Efron [44, 45] introduced the bootstrap, which provides an approximation of the true distribution and
applied this resampling algorithm to model selection ([46]). Fromont [50] formalized this idea and
successfully developed bootstrap penalties in classification. Arlot [7, 5] generalized this idea to other
resampling schemes.

Despite the lack of theoretical results about resampling algorithms due to the high technicality of the
proofs, random penalties are useful and really attractive, since they do not depend on any distributional
assumption. Whereas some deterministic penalties are only justified in a gaussian framework for instance,
resampling ones are working no matter what is the distribution of the data or even if the noise is
homoscedastic or heteroscedastic. In particular when the model collection is not too rich, Arlot [7]
(Chap.4) showed that some penalties designed and justified in the homoscedastic case are suboptimal
with respect to random penalties under heteroscedasticity.

However, a major drawback of these penalties is that they may turn out to be computation time
consuming. Some explicit formulas may be derived in some particular settings like exchangeable weights
combined with regressograms (see [7] Chap.6). Nevertheless in more general situations, such penalties
could sill be hard to compute. There is therefore a tradeoff between the gain we may expect from the use
of resampling penalties and the time we are willing to spend on their computation.

Interest of overpenalization

The first step in model selection via penalization was made by Mallows [68] and Akaike [3]. Their strategy
relies on the unbiased estimation of the risk corresponding to each model. Indeed as we look for the
minimizer of ¢ (s, s,, ) over M,,, a plausible solution may be brought by the minimization of any reliable
estimator of the latter quantity. Although this strategy seems effective when applied within each model
Sm, it is no longer true as soon as we are concerned with the whole collection. Actually, the unbiased
estimation of the risk is not a sufficient condition to recover the best model as we can check considering
Mallows’ C), in the homoscedastic change-points detection framework if the true variance is known.

Cylm) = 7 (5n) + 2072

is an unbiased estimator of the risk R(m) = £ (s, 8, ) + 02Dy, /n. Yet, the following inequality holds

B[t Colm) | < inf BIG,m)]= inf BI¢(55,)]

where the discrepancy between the two sides widens with the collection complexity. This does not
prove anything since the resulting m could behave very well. However, it enlightens that minimizing an
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estimator of the risk does not necessarily provide the minimizer of the latter (even an approximation of
it). For instance, Birgé and Massart [22] argue that C, is not suited in some circumstances due to the
high collection complexity.

“Overpenalizing” (resp. “underpenalizing”) means we use a penalty that is larger (resp. lower) with
high probability than pen,;. Note that either over- or under-penalization induce a bias of the resulting
criterion with respect to the ideal one. Any underpenalization may lead to the choice of a larger model
than the best one and to very poor performance [22], which we would like to avoid.

The ideal penalty introduced by Arlot [7] is a random variable that fluctuates around its expectation.
Some concentration inequalities may provide an inequality of the following type for each model m with
high probability

E[penq(m)] — ¢(m) < pen;g(m) < E[pen;y(m)]+ ¢ (m),

where ¢ and 1 are both positive functions, increasing with the complexity of model m. Thus, overpenal-
izing consists in designing a penalty so that its expectation upper bounds E [pen,,;(m) ]| + 1 (m) uniformly
over M,,. Thus the richer the collection of models, the stronger the amount of overpenalization.

From an asymptotic viewpoint, another interesting aspect of overpenalization may lie in the ability
of the resulting procedure to recover the true model, provided it belongs to the collection in hand. Shao
[78] studies various penalized criteria in the context of linear regression, with respect to essentially two
properties: asymptotic efficiency and consistency. It turns out that several penalized criteria such as C)p,
FPE) or BIC may be understood through the analysis of the GIC),, criterion:

Su(m) . 52D
+
n n

GIC,,(m) =
where S, (m) = Y1, (Y; — Sm(t:))?, An > 0 and 62 may be thought of as a consistent estimate of the
variance. We set M a nested collection of models. Let assume that mg € M is the true model. We
define My, = {m € M|m C my} the set of biased models and M§ = {m € M |my C m}. Indeed, Shao
explains that A, = 2 corresponds to C, (and AIC at least asymptotically), while A,, = logn has the
same asymptotic behaviour as BIC. This criterion (A, = 2) cannot properly distinguish between several
models in M ([78] Th.1) and tends to overfit. On the contrary, Shao proves that provided A, — +oc0 and
An/n — 0, GIC,,, is consistent and so is BIC as well ([78] Th.2).

About a possible conciliation between estimation and selection

In his work, Shao [78] summarizes results about AIC and BIC which are both optimal, but in apparently
different ways. Indeed whereas AIC is asymptotically efficient, BIC selects the true model (provided it
belongs to the considered model collection) with probability growing to 1 as n — +oo (consistency).
However, we may then wonder whether it is possible to design a new criterion which would combine these
two optimality properties. Several attempts have been made to design such a model selection criterion,
for instance from MDL. Thus under some conditions, Barron et al. [14] show that the latter behaves
alternatively like BIC or AIC, depending on whether data come from a parametric or nonparametric
model. Besides in a bayesian framework, Hansen and Yu [53, 54] propose a modification of MDL named
gMDL, which relies on a F-statistic and appears as a compromise between BIC and a AIC-like penalty.
By mixing AIC-based and BIC-based estimators, Yang [93] provides a predictor capturing the behaviour
of the best one of them.

Although some optimality properties may be shared by both AIC and BIC (see [78] for a review
of various penalized criteria with asymptotic properties), it turns out that these properties are not the
right ones we should look for. Indeed, Brown et al. [33] emphasize that asymptotic efficiency may be
misleading as a pointwise optimality criterion that strongly depends on the estimated function. Thus, we
should prefer the adaptivity property satisfied by AIC for instance. It provides some information about
the uniform ability of a procedure to provide a reliable estimation.

Yang[93] answers by the negative to the main question and gives a counter example in the gaussian linear
regression framework, which illustrates the essential discrepancy between AIC and BIC. The conclusion
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he draws is that if a model selection procedure is designed to be consistent, then it cannot be adaptive in
the minimax sense, that is optimal from an estimation viewpoint.

2.2.2 Statistical tests

There seem to be a relationship between model selection and statistical tests. For example, let us consider
a linear regression model in which a F-test is performed for nested models. The null hypothesis is “ pu,
the parameter of interest belongs to a given finite dimensional vector space W”, while its alternative is
“u belongs to V '\ W”, where V also denotes a finite dimensional vector space containing W. Even if the
rejection of the null hypothesis only means that there is no strong enough evidence in favour of y € W
(and not that the alternative hypothesis is true), it turns out that such a test enables to successively
discard some candidate models. In a gaussian setting, Baraud et al. [10] propose a test procedure, related
to model selection through the rewriting of its rejection region and provided the true model exists and
corresponds to the null hypothesis.

In a quite recent paper, Birgé [19] describes a framework relying on the statistical test theory and
attempts to perform model selection. He starts drawing the picture of different troubles suffered by
empirical contrast minimizers such as the MLE (i.e. Maximum Likelihood Estimator). These troubles are
a lack of robustness, of regularity of the likelihood and possibly a too high massiveness of the parameter
space. He suggests the use of statistical test theory in order to overcome these deficiencies. From a set
of parameters from which we are looking for the best estimator, and given a set of tests (corresponding
to the contrast function in the usual approach), our estimator is the parameter for which both the null
hypothesis is not rejected and the rejection region is as small as possible (according to a certain distance).
However, the practical use of the whole procedure is almost impossible due to prohibitive computational
costs.

2.2.3 Bayes factor and posterior predictive loss

As far as we know about bayesian ideas, model selection is essentially related to statistical tests and
decision theory. To distinguish between models of a given finite family, we may use the Bayes factor. Let
us consider two models my and my respectively associated with the null and the alternative hypothesis.
Kass and Raftery [60] define the Bayes factor Bjg as the ratio of the predictive distribution of m; to that
of mg, that is

P(Obs|my)

Big= ——"—*%
107 P(Obs | mg)

where Obs denotes the data. The Bayes factor does not depend on any prior distribution of either mg or
my, contrary to the ratio of posterior distributions it is related to by the straightforward relation

P(my|Obs)  P(Obs|my) m(m;)

P(mg|Obs)  P(Obs|mg) m(mg)’

where 7(my) and P(my, | Obs) respectively denote the prior and the posterior distributions of model my.
While Bayes factor expresses how much each model among {mg,m;} may be actually used to predict the
observed data, the ratio of posterior distributions quantifies the amount of support of each model by the
observations.

A comparison between p-value and Bayes factor can be pursued [72].

In statistical test theory provided the null hypothesis is rejected, we can only conclude that there was not
enough evidence in favour of this hypothesis. In no way we can interpret this rejection as an acceptance
of the alternative. Moreover for usual statistical tests (like the likelihood ratio for instance), mo and m,
are nested.

From the bayesian viewpoint, the decision of rejecting any hypothesis is taken according to the Bayes
factor value with respect to 1, which provides both some evidence in favour of one model and conversely
against the other one.
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Besides when only two models are compared, both p-value and Bayes factor may be used to choose a
model. It turns out to be more intricate with several models, due to the multiple testing issue (Chapter
5).

Raftery [72] argues against p-values that rejection or acceptance of some hypotheses depend on a given
cutoff, which entails some troubles when a large number of models are compared since more and more
p-values are below this cutoff. On the contrary, the Bayes factor induces an order between models, which
is unsensitive to the number of compared models. The final model, that is the first rank one, remains
reliable.

Actually, this point of view about the multiple testing issue (Chapter 5) is somewhat questionable. Rather
than p-values themselves, it is the standard practice of people with p-values that may be argued against.
Moreover when a large number of p-values are considered, multiple testing procedures [16, 43, 32] have
been specially designed to cope with the kind of trouble mentioned in [72].

Since it depends on integrals, for which closed-form expression are hardly obtained, the Bayes factor
may involve some intensive numerical calculations, or stochastic approximation algorithms. Moreover, all
these methods may induce a large gap between the true value and its (numerical) approximation, which
creates some difficulties in truly rejecting or accepting any hypothesis or model. To this end, Kass and
Raftery [60] provide some tables that are guidelines in order to quantify the amount of evidence in favour
of which a given model may be rejected for instance. The BIC criterion is related to the Bayes factor and
provides a reliable approximation to it, considerably reducing computational costs.

Another bayesian approach to model selection relies on what is called the posterior predictive loss

by Gelfand and Ghosh [51]. They justify their approach arguing against Bayes factor that it is hard to
compute with large data sets and suffers some deficiencies in the case of noninformative prior distributions,
which are widespread in complex hierarchical models. Moreover, Bayes factor turns out to be an optimal
criterion in the particular case of 0-1 loss, when model selection is viewed through hypothesis testing [59].
Nonetheless, Gelfand and Ghosh [51] emphasize that it may be worth considering more general losses.
They present a loss-predictive-based strategy which amounts to successively use each model to predict a
new set of observations and then quantify through a loss function the deviation of these new data from
the original observed ones. The loss function enables to reach a kind of tradeoff between a good fit of the
model to the preliminary observations and a reasonable variation of the predicted data around the model
prediction (small model complexity). Notice that this approach in a gaussian regression framework results
in a AIC-like penalized criterion for instance [51].
REMARK: The bayesian view of model selection is somehow different from the “frequentist” one. Indeed the
latter takes into account the randomness of the observations, whereas the former takes them for granted,
i.e. deterministic. Following this idea, the bayesian analysis of this problem does not pay attention to the
collection complexity and only cares about risk estimation for each model, while taking into account some
randomness in the models.

2.2.4 Model selection and multiple testing

There exist a relationship between model selection by penalized criteria and the multiple testing framework
described in Chapter 5. This link is described in a recent paper of Abramovich et al. [2], which addresses
the problem of recovering the non-zero components in the mean of a gaussian vector with a constant known
noise. This question has already been widely studied, essentially motivated by applications in the signal
processing area by wavelet thresholding with sparse signals [41, 1] for instance. In this set-up, the model
is

Vi=1,....n Yi=pi+oe, & < N01)

where 1 € R™ and the standard deviation o > 0 is known.

In [2], authors follow the hard thresholding strategy which consists in estimating the i—th component
of the mean by the i—th coordinate of the signal provided it is strong enough with respect to a given
threshold. In other words for ¢ > 0,

Y i |V >t

Vi, i(t) = 0 , otherwise
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Two different optimal thresholds ¢ are compared to each other. The first approach relies on the named
Benjamini-Hochberg multiple testing procedure (Section 1.3.2), which aims at controlling the FDR (False
Discovery Rate), while the second one consists in minimizing a penalized criterion. On the one hand,
the parallel of the FDR-based procedure with penalized criteria enables to derive an adaptivity property
with respect to some £,-balls with a given level of sparsity. The main interests of this results lie in its
uniformity over a wide range of parameter sets and in the adaptation of the procedure to the unknown
sparsity of the signal. An extension to the case of sparse exponential variables has been made by Donoho
and Jin [39], where numerous asymptotic minimax results are proved. [2] stress that no other estimation
procedure do allow us to achieve such an adaptation result. On the other hand, the use of the FDR
procedure underlines the potential interest of penalties based on the quantiles of some random variables
related to the problem in hand. Such penalties could be seen as reliable alternatives to the usual ones,
based on the dimension. Note that above strategy may be related to a recent work of Baraud et al. [9],
where penalties are expressed as functions of some F-statistic quantiles. Moreover, the authors illustrate
the interest of this promising strategy in a wide range of simulation experiments.

2.3 Aggregation as an alternative to model selection

Model selection turns out to be a useful tool in order to get more insight in the phenomenon in hand.
In the variable selection problem, the choice of one subset of covariates may give us more insight in the
understanding of the considered problem. We gain in interpretability by focusing on the more relevant
variables to explain what has generated the observations. Besides provided a true model exists, using
model selection in order to recover it, or at least to choose a reliable approximation to it seems appropriate.

Nevertheless, several models may be very close to one another according to our criterion, each one being
reliable as a final model. Moreover since we do not have the true distribution in hand but only a finite
sample from it, discarding all these models except one may seem questionable. On top of that, we may
be more interested in the estimation of some parameters rather than in the interpretation of the resulting
model. This reasoning leads us to an other strategy named model aggregation or model averaging for
instance. It relies on the idea of combining the estimators associated with models in M,, through an appro-
priate choice of weights, which determines the amount of influence of each estimator in the final estimation.

Model aggregation has become very popular in the last decade and is now involved in various domains
such as density estimation [89], regression [90, 64], statistical learning [84], individual sequences prediction
[36], boosting [74],...Following Yang [92], we may distinguish two different strategies of aggregation:
combining for adaptation and combining for improvement.

2.3.1 Aggregation for adaptation

Aggregation for adaptation aims at combining estimators so that the mixing one automatically reaches
the best performance among the family of estimators.

In the density estimation setting, Yang [89] points out that the notion of aggregation for adaptivity (with
respect to the initial procedures) leads to adaptivity in the minimax sense, provided some estimators
among our collection satisfy this property. He first proposes information-theoretic mixing strategies
for both density estimation [89] and regression [90], and then builds another algorithm named ARM
[91], which convexly combines regression procedures thanks to cross-validation. Applied with AIC
and BIC as initial procedures, Yang [93] empirically shows that the mixing procedure seems to share
the optimality properties of the two criteria. He also exhibits some counter-example in which mixing
strategies systematically outperform upon selection ones. The price to pay for ignoring which one of
the initial procedures is the best one is settled to be of order O (log(p)/n), where p is the total number
of combined procedures, and n denotes the cardinality of the data. As long as p remains at most
polynomial in n, this penalty term remains acceptable. Similar bounds are derived by Leung and Barron
[64] for the problem of estimation of the mean of a gaussian vector with known homoscedastic noise. An
estimator is proposed that is the weighted average of all the projection estimators in the family. The
corresponding risk is assessed thanks to Stein’s unbiased risk estimator, which provides oracle inequali-
ties with constant 1, while Yang derives results in a more general framework at the price of larger constants.
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As for prediction of individual sequences, Cesa-Bianchi and Lugosi [36] develop another strategy relying
on the assessment of a given procedure through the use of a cumulative loss and regret minimization.
From a beforehand given set of experts, a mixing strategy is proposed that convexly combines each expert
proposal of prediction. For a set of p any experts, the proposed strategy performs as well as the best
expert up to an additive penalty term of order /log(p)/n, which may be extended to the convex hull of a
finite set of p experts. With further specifications on the set of experts, they manage to get some smaller
bounds derived from an accurate study of the minimax regret, which essentially depends on the geometrical
properties of the set of experts and relates to empirical process theory. This strategy is fruitfully applied
[37] to infinite classes of experts and log-likelihood based losses for instance.

2.3.2 Aggregation for improvement

Another goal we may pursue in model aggregation is averaging for improvement. In particular, we
now compare an averaging strategy to the best possible one, instead of the best performance of any
initial procedure, which is a stronger requirement. Juditsky and Nemirovski [58] describe a gaussian
regression setting with bounded regression function and standard deviation in which they propose a linear
combination (with constraints coefficients) of p preliminary (random) functions, which performs as well

as the best possible such combination up to a penalty term of order O ( log(p)/ n), where denotes the

sample size. Moreover, they show that this penalty term cannot be improved when p > n/log(n).
REMARK: This term decreases slower than in the aggregation for adaptation framework [91, 93],
highlighting that this purpose is more difficult to reach.

Nonetheless, this bound may be improved at least when p < y/n [92]. Indeed in the same context, Yang
uses the ARM algorithm in order to show that provided p > y/n, the bound of [58] is the best possible
one, whereas it may be reduced to logn/n!=% as long as 0 < a < 0.5. Note that the latter bound turns
out to be optimal up to a logarithmic factor and is anyway faster than that of [58].

Bayesian model averaging When a model has been chosen by model selection, it is taken for granted
and estimators of some quantities of interest are computed without taking into account the uncertainty
lying in the preliminary model choice. This point is already mentioned in Leung and Barron [64]. BMA
(i.e. Bayesian Model Averaging) intends to overcome this matter and builds estimators defined as a
weighted average of estimators based on each model. Note that since inferring the importance of a
given variable from only one model is somewhat troublesome [56], the goal of BMA is averaging for
improvement.

However even if such an approach seems meaningful, it combines several essential issues such as summa-
tions over an overly large number of models or computation of several implicit integrals. Hoeting [55] and
Hoeting et al. [56] describe some possible ways to circumvent these two difficulties.

The first one comes from an idea of Madigan and Raftery [67] named “Occam’s window”, which originates
in graphical models. Instead of summing over all possible models, which is definitely prohibitive, they
try to discard as many models as possible that does not seem to be supported by the data. First,
they exclude models for which the integrated likelihood is too far from the optimal one according to a
user-specified cutoff. The second rule consists in rejecting the most complex one from a pair of nested
models when there is evidence in favour of the simplest one. Although authors explain that these rules
enables a drastic reduction of the number of models to consider, these rules may seem ad-hoc and
subsequently unsatisfactory. Another strategy relies on the use of MC? (i.e. Markov Chain Monte-Carlo
Model Composition), which yields a stochastic approximation of these problematic sums.

As for numeric approximation of implicit integrals, some powerful algorithms may apply, but nevertheless
they are computation time consuming. That is the reason why some approximations like Laplace’s one
may be preferred, which may lead to the BIC criterion in certain circumstances [72].

Overcome instability In the sequel, we focus on the classification problem in which given N
observations (X1,Y7),...,(Xn,Yy) drawn from an unknown distribution P on X x {0,1}, we would
like to “learn” the relationship between instances X; in the feature space and the corresponding
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labels Y; in order to accurately predict the label Y of any new instance X. We refer the interested
reader to Boucheron et al. [23] for a review of some recent developments in statistical and machine learning.

In classification and more generally in model selection, some estimation or prediction procedures are
known to suffer some “instability” (Section 3.2.1) and [26]), increasing the risk of the resulting estimator
[29]. For instance, subset selection [29] and CART [31] are famous instances belonging to this class of
procedures.

Bagging (i.e. bootstrap aggregating) has been proposed by Breiman [27] as an attempt to reduce this
troublesome instability. It consists in a mixing strategy relying on the bootstrap resampling of the
original data (Section 3.1.2). At each step of the B bootstrap resamplings, a new estimator is computed
and the final one is defined as the average of the B resulting estimators. Breiman [28] argues that while
reducing the variance of the initial procedure, bagging does not increase its bias. The bagging estimator
subsequently improves upon each bootstrap one. However, bagging turns out to be effective only when
applied to instable procedures, otherwise it may induce some slightly worse performances [27, 17].
REMARK: We could say that instability may appear when several models or procedures are reliable to
describe observations. Even a small perturbation of the sample may induce a change in the procedure
result. Although the bayesian viewpoint takes the observations for granted and rather put randomness
in the model, we could nevertheless say that bagging intends to take into account the uncertainty in the
model choice due to the finiteness of the sample just as bayesian model averaging.

Boosting weak algorithms An interesting question in the early 90s was to know whether it was
possible to design a strong learning algorithm from a weak learning one, that is to boost any weak learner.
This problem has been positively solved by Schapire [74], who raised in the same time a wide range of
algorithms called boosting (algorithms).

Given a training set of N points (X;,Y;) € X x {0, 1}, each instance X; is given a probability distribution
mass p; (p; = 1/N in the uniform case for example). A weak learner (or weak learning algorithm) takes
in input both the training points and the associated probability distribution on instances X;. A learning
algorithm is a “weak” learner if it returns a classifier which labels the training points only slightly better
than a random guess. Then, this classifier is called weak classifier. The “weak” terminology aims at
contrasting with what we call “(strong) learners and/or classifiers”. Roughly, we may define a (strong)
learning algorithm as an algorithm that may perform as well as we want with high probability and a
polynomial complexity [74].

A boosting algorithm is based on a weak learner it will boost through a re-weighting mechanism of the
instances in the training set. Thus when a weak classifier has been output by the weak learner, a larger
distribution mass is allocated to misclassified points, the whole process being iterated T' times. At each
round ¢, updating the probability distribution of the instances enforces the algorithm to concentrate on
the “hardest” points to classify. The final (strong) classifier is then defined as a convex combination of
classifiers obtained at each step, with weights depending on the amount of error observed at each round
of the algorithm.

Although boosting algorithms such as AdaBoost [47] are empirically known to perform very well, there
is still things to understand about the way they behave. Indeed for instance, the precise reasons why
the generalization error of boosting still decreases while the empirical risk on the training set has already
vanished for some time are not completely established yet. Thus whereas Schapire et al. [75] propose
an explanation relying on the margin maximization, Breiman [30] shows that margin maximization may
lead to overfitting and hence to an increase in generalization error. Another (not completely satisfactory)
view about boosting has been described in [49, 48], where it is presented as a gradient-descent algorithm,
which enables several variants of the original boosting algorithm depending on the pseudo-loss function
(LogitBoost [49], L?Boost [18],...).

Another important issue of boosting is overfitting. In the initial boosting algorithm, the weak learner aims
at minimizing the empirical risk without any regularization step. Not only this minimization problem is
non-convex, but it leads to systematic overfitting without any regularization step [75, 30], provided the
number 7T of iterations is large enough. Quite recently, several potential solutions have been studied such
as the choice of a “simple” set of candidate weak classifiers, the limitation of the number of iterations
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[57], the choice of an alternative pseudo-loss function [18, 66, 97]. From a computational viewpoint, this
pseudo-loss is chosen to be convex (efficient optimization algorithms). Moreover, [66, 97] proved that
an appropriate choice of this loss function enables to regularize the minimization procedure and yields a
consistency result of the boosting classifier towards the Bayes risk, as N — +oo.

REMARK: To some extent, Bagging and Boosting algorithms share some similarities, which justifies several
comparisons [28, 75]:

e Instances in the training set are associated with a probability mass, which is updated at each step,
e On each round, a new (weak) classifier is computed from the re-weighted sample,
e The final classifier is a convex combination of the different weak classifiers.

Nevertheless, it is worth underlying some differences:

e In the boosting strategy, the allocated distribution mass is larger for misclassified points, which
enables the boosting algorithm to concentrate on the hardest points to classify. On the contrary, the
purpose of bootstrap is to explore the set of all re-samples without focusing on some of them.

e Whereas the weights of the boosting classifier depend on the performance of each weak classifier, the
weights of its bagging counterpart are all equal to 1/7.
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Chapter 3

Cross-validation

This chapter is devoted to a presentation of the family of cross-
validation algorithms, and may be split into two parts.

The first one is the state-of-the art about cross-validation. We de-
scribe cross-validation algorithms as some elements of the broader
class of resampling algorithms. The main focus is given to the
leave-p-out cross-validation. We then recall the cross-validation
heuristics and briefly draw the comparison with the well-known
bootstrap. We also review the tradeoff between bias, variance
and computational complexity, which occurs with the main issue
of cross-validation, that is the choice of the splitting ratio.

The second half is dedicated to the closed-form expressions we
can derive for the leave-p-out based estimator of the risk in both
density estimation and regression. Actually whereas this estima-
tor is usually computationally infeasible, we are able to derive
closed-form expressions with a wide range of estimators such as
projection estimators, kernel estimators, and regressograms.

We conclude by showing that the leave-p-out risk estimator can
be interpreted as a penalized criterion which overpenalizes. More-
over, the amount of overpenalization increases with the cardinality
of the test set.

3.1 CV and resampling

3.1.1 Historical viewpoint

Substitute for the resubstitution error

From a historical viewpoint, practitioners used to assess the performance of an estimator from the same
data that have been previously used to compute it. Nowadays, it is commonly admitted that such an
assessment provides an overly optimistic view of the estimator in hand [29]. At the early 30s, some
practitioners in the Psychology area introduced the cross-validation (CV) strategy as a reliable alternative

to this resubstitution error in the assessment of the performance of a predictor [53, 46, 44].

Some preliminary formulations of the CV algorithm may be found in Hills [45] and in the seminal work
of Lachenbruch and Mickey [52]. However, the first precise statement of the CV algorithm named leave-
one-out (Section 3.2.1) (Loo) only comes with Mosteller and Tukey [61], who straightforwardly inspired

the first theoretical studies of CV in a regression context [74].

Mainly, the first papers dedicated to the study of CV are actually devoted to the description of some
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CV algorithms such as the Loo [74] or the V-fold cross-validation (VFCV) [32, 33]. Some closed-form

expressions are derived and extensive simulation studies are provided.

Various purposes and frameworks

The main attractive aspects of CV are the intuitive rationale behind it as well as its ability to be applied
without any restrictive assumption on the data distribution for instance. Indeed although it cannot be
claimed that CV is the universally best estimation algorithm, it is usually thought that it provides reliable
estimators in a wide rage of circumstances. That is the reason why it is widely used in very different
frameworks.

Regression In regression, Stone [74] and Geisser [32, 33] try to accurately estimate the prediction
error of some predictors in order to choose one of them. Still in the regression setting, Burman [17]
addresses the problem of risk estimation, while Picard and Cook [62] pursue model selection via subset
selection. Lugosi and Nobel [57] as well as Wegkamp [83] also tackle the problem of model selection in
which they enlighten CV as a measure of the model complexity. Some other purposes may be reached by
use of CV. For instance, we may point out the determination of the regularization parameter for SVM
[10], the Lasso and the ridge regression [77]. In the context of aggregation, Breiman [16] and Yang [85]
also propose a mixing strategy relying on CV-based weights.

Density Simultaneously, Rudemo [68] (for histograms and kernel estimators) and Bowman [13] (for
kernel estimators only) propose similar CV heuristics and provide closed-form expressions for the resulting
risk estimators. Their performances are monitored in wide simulation studies. Hall [37] shows that these
heuristics lead to consistent and asymptotically optimal kernel estimates in the quadratic loss case. Stone
[73] presents a similar procedure to the Loo. Although it is applied in the multivariate case under mild
assumptions on marginal distributions, this procedure still exhibits asymptotic optimality properties as
well. From a different viewpoint but still with kernel estimators, Hall [39] explore the influence of the
interaction between the target density and the chosen kernel on the behaviour of the CV procedure based
on the Kullback-Leibler loss. In front of such a large number of reliable alternatives, Sain et al. [69] carry
out a wide comparison study in the multivariate setup, where CV is compared to bootstrap and other
usual asymptotic approximations. From this study, an unexpected conclusion is drawn: CV all the more
outperforms upon other competing strategies as the problem dimensionality grows. More recently in a
model selection perspective, van der Laan et al. [80] study various types of CV technics in order to assess
their accuracy in a general density estimation setting. Some essentially asymptotic results are derived
about the convergence of risk estimators.

Classification In a set of two papers, Efron [28, 29] studies the classification problem and more
precisely the discrepancy (i.e. optimism) between the true prediction error and the empirical risk. The
optimism expectation is estimated through two different strategies, one based on Loo and the other one
on bootstrap. After deriving some closed-form expressions for the optimism, Efron [28, 29] makes the
comparison between CV and bootstrap and also to penalized criteria in some simulation experiments,
noticing some evidence in favour of bootstrap and CV.

A theoretical comparison has been carried out from a general viewpoint by Blanchard and Massart [11]
who derive an oracle inequality for the hold-out procedure (Section 3.2.1). This result emphasizes the
adaptivity of CV to the classification noise condition. Indeed although CV-based approaches seem to be
rather crude in comparison with the refinement of some penalties like local Rademacher complexities, it
turns out to outperform upon such penalties both from some theoretical and practical aspects.

Some further comparisons between the hold-out and some penalized criteria such as SRM (Vapnik [82]) and
MDL (Rissanen [66]) have been made by Kearns [47] and Kearns et al. [48], where the discrepancy between
the generalization error of the CV-based estimate and that of the target is upper bounded. Two main
conclusions are drawn about the hold-out: It may lead to a larger error than that of any tested penalized
criterion, the amount of which depends on the proportion of data devoted to the test set. Nonetheless,
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there are situations in which CV may outperform upon penalized criteria.

Following Kearns’ papers, Bartlett et al. [7] extended the comparison between hold-out and penalized
criteria to the data-dependent penalties. Unlike the hold-out which estimates the excess loss for each
candidate classifier, they point out that data-dependent penalties intend to estimate the complexity of
each class Fy through: sup;cz L(f) — L(f). This yields more accurate estimators when the noise level is
high, but rather loose ones when the noise level drops.

Another aspect of CV in the classification literature concerns the derivation of some named worst-case
bounds for the generalization error of the Loo estimate in a given model. Such bounds are of interest since
they warranty the performance of the Loo-based estimator independently from the input distribution, the
target function and even from the estimation algorithm. Indeed, Devroye and Wagner [24] provide one of
the first bounds of this type under some stability assumptions on the algorithm (Section 3.2.1). Kearns
and Ron [49] weaken this stability assumption and further describe the behaviour of the Loo through the
comparison with the empirical risk. In particular, they conclude that for a very wide family of algorithms
on a model of finite VC dimension, the worst-case bound on the Loo generalization error is the same (or
at least of the same order) as that resulting from the empirical risk minimization.

Asymptotic results

As underlined by Blanchard and Massart [11] in the classification context, there is quite a wide gap
between theory about CV and its practical use. More precisely, most of the theoretical results about CV
are asymptotic.

The first ones are due to Stone [75] in the regression setup with the log-likelihood loss function. His
main result settles the asymptotic equivalence between Loo and the AIC criterion. Li [55] follows Stone’s
strategy of comparing Loo with several penalized criteria such as Mallows’ C, [58] and also the called
GCV (Generalized Cross-Validation) of Craven and Wahba [21], which should be seen more as a penalized
criterion than as a cross-validation technique. He also proves their asymptotic optimality through their
asymptotic equivalence. However unlike Stone for whom the index set of his predictors can be [0, 1], Li
only deals with discrete ones.

Zhang [88] prefers focusing on the linear regression model, in which he studies the asymptotic behaviour
of several multifold cross-validation procedures (Section 3.2.1). Some closed-form expressions as well as
asymptotic expansions are derived and Zhang concludes that a multifold CV procedure named leave-p-out
(Section 3.2.1) and the FPE, criterion [72] are asymptotically equivalent for a proper choice of the
regularization parameter.

Rather than making comparisons between criteria, Stone [73] straightforwardly proves the asymptotic

optimality of the Loo in the multivariate density estimation framework via kernel estimators. The large
amount of literature about the asymptotic properties of CV justifies the impressive review paper of Shao
[71] in which numerous results are embedded in a more general viewpoint and thus clarified. For instance,
he distinguishes the criteria according to their asymptotic efficiency or consistency properties.
From a consistency viewpoint, Yang [86] focuses on the optimal choice of the splitting ratio in CV
procedures (Section 3.2.2). Unlike the previous work of Shao [70] who simply stated that in a parametric
setting, this splitting ratio must converge to 1 in order to reach consistency, Yang proves a more general
result which encompasses both parametric and nonparametric settings. Indeed in view of consistency, he
succeeds in relating the magnitude of the splitting ratio to the convergence rate of each estimator in the
finite set of candidates.

In a model selection framework, Burman [17, 18] aims at designing an accurate estimator of the risk
of a given estimator. To do so, he studies some multifold CV algorithms. From the expansions of the
two first moments of risk estimators, he proposes a correction, which is supposed to partially reduce the
bias of the evaluated algorithms. He concludes by arguing that as an estimator of the risk, Loo and the
corrected Loo provide the best estimators among CV-based risk ones.

REMARK: This correction presents some similarities with the recent and more general work of Arlot [3].
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3.1.2 Resampling
The resampling background

43

The word resampling means drawing one (or several) new sample(s) from the original one, hence “re-
sampling”. Let Z;, 1= Z1,...,Z, be a sample of n observations from an unknown distribution P, with
empirical distribution P,. Then, resampling from Z; ,, consists in drawing a new sample Z; ,, for m € N*,
such that the conditional distribution of Z7,, given Zi, is known. If m < n, we rather speak about
subsampling.

Among resampling algorithms, two different schemes may be distinguished:

e The parametric resampling is used when the unknown distribution P is assumed to be parametric,
that is P € {Py|6 € ©} with © C R%. Thus, the initial sample yields an estimator for the optimal
0: 0, which we use to draw new observations Z7,, ~ Py =: @, given Z1 ;.

e The nonparametric resampling consists in randomly picking out new observations Z7,, among
{Z1,...,Z,} according to a known conditional distribution given Z; ,, denoted by Q.

In the sequel, we focus on the nonparametric resampling scheme.

Let us assume we now attempt to estimate the unknown distribution (or a given parameter related to
it) of a statistic L(P, Z; 5,), which may be written as a function of both P and the original sample (think
about the generalization error of any predictor for example). Then provided the common distribution Q,,
of Z7 ,, is close to P (in the sense of the convergence in law), the resampling heuristics says that we can
plug Qn, and Z7 ,, in L(-, -) in place of respectively P and Z; ,,. Thus under some reasonable assumptions,
the conditional distribution £}, of L(Qy, Z7 ,,) given Z; ,, estimates that of L(P, Z1 ), Ln:

L (L(Qn’ Zik,n) | Zl,n) ~L (L(P7 Zl,n)) .

Whereas in the real world we cannot access any parameter of interest due to our ignorance of P, the
“resampling world” provides us with a statistic from which we are able to compute everything, therefore
yielding some information about the original unknown distribution.

Besides, numerous estimators and statistics only depend on the sample data Z; ,, through their empir-
ical distribution P, =1/n) ., dx,. We may then rewrite the previous heuristics as

where Py :=1/n )", 6z denotes the empirical distribution of the resample. This points out that another
way to define resampling strategies is through the random empirical measure P;. Indeed, we may rewrite
P as a weighted average of the dirac measures of the original observations

P =PV .= 1 > Wbz,
n i=1

where the weights Wy ,, = W1, ..., W, are exchangeable random variables [76], independent from the Z;s
and constrained by the choice of the resampling scheme [59, 6, 64]. This generalized view of resampling
is often named weighted bootstrap. For instance, Efron’s bootstrap [26, 28] corresponds to the choice
(Wh,...,W,), following a multinomial distribution M(1/n,...,1/n;n) (see Section 3.1.2 for more exam-
ples). Note that the weights are not always chosen to be either positive or integers. However, a common
requirement is that EW; = 1. We now illustrate the kind of result we may expect in the exchangeable
bootstrap in the mean framework [59, 35]:

Theorem 3.1.1. Let W, = (Wnia,---sWyn) be a wector of n exchangeable ran-
dom wvariables independent from the sequence Zi,, satisfying the following conditions:
Al. For anyn and j, Wy ; >0 and Zj Wn;=1 A2 Var(W,,)=0 (n_Q),
A3. maxi<;j<n \/H|Wn7j — 1/’/l| f—> 0 A4 n—! Z?:l (Wn,j — 1/?1)2 f—> 2> 0.
Further assume that EZ? = 02 < +o0, then

L (\/ﬁ (Zj —Zn) |Zm) £, N(0,80%)  as. |



3.1. CV AND RESAMPLING 49

where Z,, = 1/n S WaiZj and Z, =1/nY " Z;.

A straightforward application of the CLT theorem provides the convergence in distribution of the
centered empirical process towards a gaussian distribution with mean 0 and variance o2

L (Vn(Z, —EZ1)) 5 N(0,0?).
Since the mean EZ; as well as the variance 02 are unknown, we do not actually know the limit distribution.
However, Theorem 3.1.1 asserts that we may use the limit distribution of the resampling empirical process
normalized by ¢ as an approximation to that of the original process.

Resampling botany

In a few words, CV is a resampling method consisting in (randomly or not) splitting the data into two
sets [74, 33]. The first one is named the training set and is devoted to compute the considered estimator,
while the second one is called the test set, which is used to assess the accuracy of the latter estimator.
Writing the generalization error of a given predictor as r = L(P, P,,) with the same notations as before, a
CV estimator of r is obtained by replacing (P, P,,) by (P ptest) where P"%" denotes the empirical
distribution of the data in the training set and P¢*!, that of the data in the test set. Since the involved
resamples are actually subsamples, CV may be seen as a subsampling procedure (see Section 3.2.1 for a
further more detailed presentation of CV).

Depending on the splitting scheme of the data, several CV techniques are widely used, but the cornerstone
of the process remains the independence property between the test and the training set. This requirement
is usually met through the usual assumption that Z; , is an i.i.d. vector of observations. Nevertheless,
this sufficient condition may be relaxed and some attempts have been done to deal with the time-series
dependence type [19]. The idea is simply to remove from the training set all the data which are dependent
with respect to those in the test set (see also the book of Gyorfi et al. [36]).

Another subsampling procedure is the jackknife, introduced by Quenouille [65] and also Tukey [79], which
intends to yield bias and variance estimations for a given estimator. However, Efron [26] explains reasons
why it is outperformed upon by the bootstrap, which is more widely applicable and now widespread.

Strictly speaking even if resampling already appears in a primitive form with the introduction of CV
techniques, it has only emerged as a worthwhile matter of study following the work of Efron [26, 28] about
bootstrap. The latter presents some similarities with the jackknife, at least in the opportunity to derive bias
and variance estimates for a given estimator as well as confidence intervals. However from the comparison
of both of them, Efron [26, 27] concludes that bootstrap outperforms upon jackknife. Moreover, he shows
how jackknife may be understood through a linear expansion of the bootstrap estimator.

Due to some deficiencies of the bootstrap with several respects [42, 14], different variants of it have arisen,
which may be understood through the choice of various weights in the resample empirical distribution.

e Rubin [67] introduces a choice of weights based on the Dirichlet distribution, named bayesian boot-
strap.

e The m out of n bootstrap may be found in Giné [35]. He exhibits several situations in which classical
bootstrap fails and proves that subsampling with replacement asymptotically works. Politis and
Romano [63] have previously studied this methodology without replacement.

e Another failure of classical bootstrap stems from the non-i.i.d. case as noted by Liu [56], for instance
in the heteroscedastic regression setup [84, 8]. Thus, Wu [84] suggests the wild bootstrap, which is
a resampling scheme relying on i.¢.d. weights W, = Wy, 1, ..., W, ,, satisfying for any i, EW,, ; =1,
E (W, —1)° = 1 and E(W,; —1)> = 1. This strategy has been further studied by Hirdle and
Mammen [42] in a statistical test framework of a parametric hypothesis against a nonparametric
one.

Note that the introduction of the Edgeworth expansion [40] turns out to be a useful tool in the study
(and towards a more accurate understanding) of bootstrap procedures. Actually, bootstrap is known to
automatically provide a right first order term [38], but may suffer some troubles due to worse higher order
terms. To overcome this, Hall [38] proposes an “auto-correction” of the bootstrap, obtained by iteratively
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applying bootstrap. However, he recognizes that this procedure cannot be applied an arbitrarily large
number of times due to some overfitting. In order to prevent from some troubles with the second order
term, Wu [84], Liu [56] use the wild bootstrap. As for the generalized bootstrap (with various weights),
Mason and Newton [59] study the first order term of such procedures with exchangeable weights, while
Hall and Mammen [41] perform such an analysis in a more general framework for the second order term.

Resampling penalties

Resampling has also been used in the model selection via penalization, as a means to design some new
data-driven penalties. Indeed, concentration inequalities [60] are usually involved in the derivation of
deterministic penalties, hence the latter may be seen as upper bounds of the ideal penalty (see Section
2.2.1 and [3]). A natural question is to know how rough is this upper bound. Moreover except penalties
of an asymptotic flavour, deterministic penalties are determined up to some unknown constants which
have to be further fixed, for instance by an intensive simulation step [54]. These are some reasons why
estimates (rather than upper bounds) of the ideal penalty have been designed, using resampling strategies.
However, there is a price to pay for such estimators which is the computational cost: Drawing B boot-
strap resamples for each model is more time-consuming than computing once the AIC criterion for example.

Efron [28, 29] computes the optimism, defined as the bias of the empirical risk with respect to the
generalization error in a classification setting. He formulates this discrepancy in terms of covariance and
hence introduces penalties by covariance. Bootstrap- and CV-based estimators of this bias are studied.
Another aspect of penalty by covariance is explored by Daudin and Mary-Huard [22] who address the
problem of variable selection in classification by introducing the swapping criterion as a data-driven
complexity measure. Breiman [14] adopts a similar decomposition of the generalization error as Efron. In
the subset selection framework, he makes the comparison between the classical bootstrap, AIC and what
he calls little bootstrap.

Still in classification, Koltchinskii [50] presents and studies Rademacher complexities, which are data-
driven penalties. Due to their good performances, they are further analyzed and compared with
bootstrap penalties by Fromont [31]. In a wide review, Bartlett et al. [7] study several resampling-based
complexity measures such as Rademacher, hold-out and maximum discrepancy penalties to name but a few.

In the general regression setup, Lugosi and Nobel [57] describe a procedure based on a half splitting
of the data. This is similar in the spirit to hold-out and exhibits very good results, but it turns out to
be computationally demanding. Wegkamp [83] exploits the hold-out idea to propose a computationally
feasible procedure for which he derives an oracle inequality with explicit constants. Koltchinskii [51]
studies and proves the accuracy of local Rademacher penalties, which differ from the previous ones by the
fact we do not consider the maximal deviation of the process over the entire class, but only over a subset
determined according to a given parameter. More recently, Arlot [3, 2] has developed a random penalty
based strategy to perform model selection, which encompasses a large part of the previous viewpoints.

3.2 What is CV?

3.2.1 CV heuristics
Rationale in the i.7.d. setting

Beforehand, we introduce some notations that will be repeatedly used throughout this chapter.

Let Z1,, = Z1,...,Z, € Z be a n sample drawn from an unknown distribution P, with empirical
distribution denoted by P,. For a given resampling scheme, let define W,, = (Wy, 1,...,Wy.n) a vector
of random variables independent from Z; ,,. Furthermore, we set Zm =zZWV,...,Z" a resample and

PV =1/nY" | W,.iZ;, its empirical distribution. In the sequel, § = §(Z;,,) denotes any estimator of
a parameter of interest s € S, and v : S X Z — R is a contrast function. We recall that for any t € .S,
PA(t) := E[v(t, Z)], where Z ~ P. Here, we aim at describing the CV heuristics from a very general
viewpoint, including both density estimation and random-design regression.
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CV has essentially been designed to estimate the risk of any estimator § of s. It attempts to estimate
= E[P~(5)], which may be rewritten as

T :IEZl,n [EZ [7( /S\(Zl,naz))]]a

where Ez and Ez, ,, both represent expectations with respect to Z and Zy .

REMARK: We point out that there are two levels of randomness in the above expression since Z and Z; ,,
are independent.

This is the cornerstone of the CV strategy, which intends to exploit these two randomness levels by
splitting the data into a training set and a test set. Roughly speaking, the idea is simply to use the data
in the training set to build the estimator, while the test set is devoted to the assessment of the estimator
performance. Provided Z;, is made of independent data, training and test sets are independent by
construction as well. Independence is actually the main requirement of CV and even in the non i.i.d. case
studied by Burman et al. [19], authors exploit the order of the dependence structure in removing some
data from the sample so that they recover independence.

In the bootstrap idea, we would estimate the distribution of ¥ = Ez [y ( §(Z1,,),Z)]. For the sake
of simplicity, assume 7 only depends on Z;, through its empirical distribution, that is 7 = 7 (P,, P).
Resamples ZYVJL would be drawn with exchangeable weights W,, such that W,, ~ M(1/n,...,1/n; n), so
that

L (F(Pn, P)) = L(F(PY, Pa)| Z1n) -

Then, r = Egz, 7 is estimated as a by-product thanks to the conditional expectation of 7PV P,) given
Zlyni

r~Ew [F(PY, Py)] 12?13’7

B
b=1

where Fy denotes the expectation with respect to the weights W,,, B is the total number of bootstrap
resamples and P? is the empirical distribution of the b-th resample.

REMARK: At each round of the bootstrap procedure, there is no independence between Z}", ' and 2y .
Besides, the estimation of r results from a kind of asymptotic viewpoint, that is when B is large enough.

Unlike the bootstrap scheme, CV focuses on the independence property of Z; ,, and Z. Let us denote
by W, a binary vector corresponding to one CV scheme and associated with observations in the training
set (which will be detailed in the following section), while W,, denotes its natural counterpart representing
the training set data. Then,

F(Pay P) =Ez[7(5(Z10),2)] ~7 (P, PY),
and
r=EBz, [F(P, )~ Ew [7(PF, PY) ],

where the expectation Eyy is taken with respect to the vector W,,. Note that at each step of the process,
Z\", and Z}%, remain independent, unlike what happens in the bootstrap which takes P, as fixed and
resamples from it.

Description of CV methods

In model selection, another interest of resampling methods, especially of CV, is their ability to work with
any estimator [86] in a wide range of frameworks [11], contrary to (deterministic) penalized criteria which
require a preliminary study of this estimator to design the appropriate penalty. Indeed if we think about
AIC-like penalties, there is no immediate warranty for them to be suited to any other estimator than the
empirical contrast minimizer. However, the price for such a generality level is essentially the computation
cost, which may be very high.

These two remarks as well as the high technicalities of the proofs all motivate the numerous variants of
CV algorithms (see also [25] for a extensive review about CV):
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e From a historical viewpoint, the leave-one-out (Loo) was the first CV scheme that appeared in a quite

formalized version in Mosteller and Tukey [61], and then in [74]. It consists in successively removing
each observation from the original data and computing the estimator from the n — 1 remaining ones.
The performance of the resulting estimator is then assessed thanks to the removed point. The final
Loo risk estimator is defined as the average over the n possible test sets. In order to stick to the
resampling formalism, Loo corresponds to the choice of a random vector W,,, such that W), ; € {0, n},
P(W, ; > 0) = 1/n for any j, and Z?Zl W, j/n = 1. The Loo risk estimator is expressed as

Zv A(Z3)), Zy),

where Zfzzl represents Z; , from which Z; has been removed and A denotes an estimation algorithm,
that is an application that takes as input some data and outputs an estimator. In a nutshell, A(Z7 )

is the estimator provided by algorithm A, computed from Zj ,,.

The leave-p-out (Lpo), with p € {1,...,n — 1}, may be seen as a generalization of the Loo to which
it amounts when p = 1. It appears in a general framework in Burman [17], and in a linear regression
setup in [70, 87]. In the density estimation setting, Celisse and Robin [20] derive a closed-form
expression for the Lpo estimator in the estimation of the risk of histograms. It consists in the same
procedure as that of the Loo, except that at each of the ( ) rounds we remove p observations (1nstead

of only one). The corresponding weights are deﬁned by W,.; € {0,n/p} for any i, Y i p/nW,; =
and the probability of any such vector is (Z) . Thus with the same notations as before, the Lpo
risk estimator (also named Lpo estimator or Lpo risk) is finally

R =(1) Z[ S (AZE ). 2) |

p eef i€e
where &, = {(i1,...,1p) |11 < ... <ip, i €{l,...,n}},ec & ande={1,...,n}\e

Due to the high computational burden of the previous procedures, Geisser [32, 33] introduces an al-
ternative algorithm named V-fold cross-validation (VFCV). The VFCV has been studied in Burman
[17, 18] who suggests a correction in order to remove some bias. It relies on a preliminary random
(or not) choice of a partition of the data in 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 its performance assessment. The V-fold risk estimator is the average
of the V resulting estimators. For a given random partition of the data, the above description re-
sults in V' weight vectors W,, of respective probability 1/V, satisfying W,,; € {0,V} for any i, and
Z?:l Wi = n/V. This leads us to the following VFCV estimator:

v
Ryrev,v(A =7 Z Z A(Z50), Zi) |
v=1 zEeu

where e, denotes the n/V indices of the V-th subset.

The Hold(-p)-out (Hpo), with p € {1,...,n — 1}, is one of the simplest (to analyze) CV procedures,
consisting in randomly partitioning the data in a training and a test sets. But unlike the preceding
procedures, the estimator computation and its assessment are only performed once. Since there
is no averaging on several resamples, this simple procedure has been often studied (see [7, 11] in
classification, [57, 83] in regression). For a randomly chosen e € &,, its simple expression is

}A{Hpo,p Z Y Zl n ) :

zEe
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Which one to use?

Nowadays, the always increasing amount of data results in very large sample sizes (n > 1). Since the
Loo [74] requires the computation of one estimator for each successively removed observation, it may be
too computationally demanding. To overcome this problem, Geisser [33] proposed the VFCV algorithm,
which only requires the computation of V estimators (as many as we have subsets of data). Thus provided
V <« n, it is less expensive to use VFCV than Loo. However, the latter relies on a preliminary random
partitioning of the data in V' subsets. This additional randomness may induce some unwanted variability
[20]. A similar remark applies to Hpo, since the common intuition about it is that choosing only a subset
of the data may be misleading if unfortunately these data are not fully representative of the underlying
phenomenon.

Keeping this additional randomness issue in mind, Lpo [70] may appear as the “gold standard”. Indeed,
it does not introduce any additional variability, since all the (") resamples are taken into account. To go
further, VFCV may be understood as an approximation of the “ideal” Lpo up to some fluctuations due to
the additional randomness the former introduces. Note that other attempts to approximate the Lpo have
been proposed such that the repeated learning-testing method [17] for instance.

Nevertheless, the price to pay for such an “optimality” is once more the computational issue. The Lpo
computation requires to explore the (Z) resamples, which is intractable even for relatively small n and p.
In some specific settings, closed-form expressions may be derived for the Lpo estimator [20].

Throughout this manuscript, we will focus on the study of the Lpo. In fact, we think that this resampling
scheme may provide some more insight in the behaviour of CV techniques for which, some more work may
be done towards a deeper understanding.

Stability and CV

For an algorithm, the notion of stability characterizes the way the algorithm is “sensitive” to any
change in the input data. Intuitively, if a slight perturbation in the data induces a strong “variation”
of the result of the algorithm, the latter is said to be unstable. In order to explain what a “variation”
may be, we may think about classification. For a given algorithm, the resulting classifier may be
different if we only remove one observation from the initial sample, which is a first instance of variation.
If we rather consider the generalization error associated to such an algorithm. The same change
in the data is likely to induce a different classifier, but the resulting error may remain the same as
that of the previous one. Anyway, another type of possible variation is a change in the generalization error.

The notion of stability is studied by Breiman [15] in the regression setup when describing the bagging
strategy. For a training set 7 and a predictor A such that A(X,7) is the prediction of an instance X
from the training set 7, Breiman quantifies the instability as the discrepancy between (Ez [ A(X,T)])?
and E7 [A(X,T) ]2, where E7 denotes the expectation with respect to the training set. In other words,
the amount of instability of A is given by the following mean variance of A(X,7T):

E(X,Y) (Varq— [A(X, T) ]) 5

where E(x y) is the expectation with respect to (X,Y’) and Varz denotes the variance with respect to 7.

The different levels at which we may check the stability of an algorithm (change of classifier or in the
generalization error and so on...) have led to many definitions of stability, lots of them being given in the
classification context. For instance, Kearns and Ron [49] distinguish between changes in the classification
rule and changes in the error of this rule to formulate the subsequent definitions of stability. From
this, they derive what they call “sanity-check bounds” for the Loo error, highlighting that some bad
performance of Loo, in terms of a large gap with respect to the true error, may be accounted for by a lack
of stability of the algorithm in hand. In turn, Bousquet and Elisseff [12] extend this type of analysis to
the regression framework. They detail several notions of stability and compare bounds for the empirical
risk to bounds for Loo. From the closeness of these bounds, they conclude that the stability approach
essentially concerns stable algorithms for which these two error measures may be close to one another.
The relationship between Loo and stability has been further explored by Evgeniou et al. [30] who consider
several classification algorithms, which they combine. The Loo error of each algorithm as well as that
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of the mixing procedure are compared. Thus, the stability concept enables them to explain the better
behaviour of the Loo when applied to the mixing strategy, which aims at reducing instability.

3.2.2 How to split the data?
Bias-Variance-Computation tradeoff

An appreciable property we may require for our CV estimator is that it reaches the best bias-variance
tradeoff, as an estimator of the risk.

REMARK: We do not speak about the bias and the variance of the estimator the risk of which is estimated
by CV, but rather of the risk estimator itself.

It turns out that both the bias and the variance of the CV estimator of the risk are related to the size
p of the test set (see [43] and Section 3.4.1).
In a regression context, Burman [17] expands bias and variance of the VFCV estimator as functions
of the empirical distribution of the data. He provides first and second order terms of these functions,
thus proving their strong dependence on both p and the sample size n. In a density estimation setup,
explicit formulas for the bias and variance of the Lpo estimator may be found in [20], which highlight
the dependence on p. Thus for instance, removing or adding some data from or to the training set will
influence the bias-variance tradeoff achieved by the corresponding CV estimator.

The common intuition about that may be described by the following two extreme situations [43]. A
small training set yields poorly fitted (and subsequently biased) estimators, since they have been designed
from much less data. However, the corresponding test set is large and the resulting accuracy assessment is
very sharp. Conversely, a large training set provides nearly unbiased estimators (see Bousquet and Elisseff
[12] in classification), but the small test set only yields a rough performance evaluation, with possibly
large variance. Similar considerations may be found in Yang [86] embedded in a selection strategy.
REMARK: The above reasoning should not be taken for granted as enlighten by Burman’s asymptotic
result [17]. Thus, the first order terms of his expansions indicate that both the bias and the variance
decrease when p goes down, which is supported by his simulation results. The conclusion we may draw
from this point is that such a general result does not exist and that the behaviour of the CV estimate as
a function of p will be setup dependent.

On top of the previous bias-variance tradeoff, we should add a common issue to all CV algorithms:
the computational burden. Indeed, the computational feasibility must be taken into account in the choice
of p. Burman [17, 18] mentions this point to argue in favour of VFCV since the “optimal” Loo sometimes
turns out to be computationally intractable. A reasonable strategy could therefore consist in using the
VFCV estimator with V' as large as we can afford. Moreover, since small Vs induce a bias, Burman
propose a correction of it by adding a term preventing from too strong deviations. An appropriate
choice of p is very intricate due to the coupling of several often contradictory aspects: bias, variance and
computation time. Note that in a recent work, Arlot [3] developed a general strategy based on resampling
penalties. His idea is to decouple the aforementioned quantities in order to facilitate the choice of p [2].

Asymptotic results about splitting

At the core of any CV algorithm (Lpo, Hpo or VFCV) is the choice of p, the size of the test set.
There is already a large amount of theoretical results on the matter, most of them being of asymptotic
nature. Among all of them, two broad classes may be distinguished according to the adopted viewpoint
(estimation or selection).

Indeed, a large number of results concern the comparison between CV procedures and penalized
criteria, known to reach asymptotic efficiency. Thus, Stone [75] establishes the asymptotic equivalence
between Loo and AIC in a parametric regression setting. Li [55] considers a linear regression setup and
establishes the same result for the Loo and the C), while in the same setting Zhang [87] tackles the
(asymptotic) equivalence between the Lpo and the FPE criterion [1] and more precisely describes the
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appropriate choice of p so that Lpo is asymptotically equivalent to FPE,. Optimality properties or at
least a better understanding of the Lpo may be deduced from these comparisons. Since AIC or Mallows’
C, pursue (and enjoy) asymptotic efficiency, we may expect that the Loo, and to some extent the Lpo
for small ps, intend to do the same. Some direct studies of CV estimators provide the same kind of
information as in Stone [73] in the density estimation context.

Through an appropriate choice of p, Lpo may also be used in an attempt to recover the “true” model,

that is in a consistency viewpoint. In the linear regression context, Shao [70] establishes that the Lpo
estimator reaches consistency if and only if we require that p/n — 1, which means that asymptotically all
the data should be placed in the test set.
Due to the wide range of settings in which all these results are derived, Shao [71] has intended to somewhat
clarify the landscape on the matter. Besides, interested in recovering the best estimator among a finite
family of competitors, Yang [86] gives a more qualified statement than his predecessors, relating the optimal
choice of p to some key properties of the estimators in hand like their convergence rates.

Risk estimation or model selection

If our goal is the risk estimation of a given estimator, then taking into account the bias and the variance
(with computational considerations) alone turn out to be sufficient to provide a reliable risk estimator,
provided a good estimator is that one reaching the best bias-variance tradeoff. Burman [17] furnishes
some simulation experiments to argue in this direction for instance.

Nonetheless if the actual purpose is model selection (and not only risk estimation), then it may be
necessary to take into account the structure of the model collection, in order to prevent from overfitting.
If we think about the closeness of the Lpo procedure (with an appropriate choice of p) to some well-known
penalized criteria, this is likely to be true. For instance, Stone [75] proves the asymptotic equivalence
between Loo and AIC. Since we know some situations in which the use of AIC is misleading (complete
subset selection for instance [14]), it seems reliable that Loo may suffer similar troubles.

Furthermore, Zhang [87] explicitly relates Lpo for a suitable choice of p to the FPE criterion in the following
way. For a given model m of dimension D,,, we recall that the FPE criterion is defined as

FPE(m) = RSS(m) + a62D,y,,

where a € R* , RSS(m) denotes the sum of squares for model m and 52 is any consistent estimator of o2
for instance. Then, Zhang explains that asymptotic equivalence between Lpo and FPE applies provided

1+ !
o= —_—

1—2A
with p/n = A+ o(1). Thus, if p is kept independent from n, A = 0 and o = 2, which is quite similar to
the Cp. Furthermore since « is an increasing function of A, the regularization parameter is larger than 2
and increases as A > 0 grows towards 1, which is synonymous with overpenalization (Section 2.2.1).

Obviously, the preceding heuristics is only asymptotic and intends to provide more insight on the
problem. Actually, most of the existing results about the optimal determination of p are asymptotic [71],
whereas model selection via penalization from the estimation viewpoint as well as applications require
finite-sample results.

3.3 Closed-form expressions

3.3.1 Preliminary calculations
Purpose and strategy

In the present section, we aim at deriving some closed-form expressions for Lpo estimators in the density
estimation and the regression contexts.

. . . . . ii.d.
In density estimation, we observe n realizations of random variables X1,...,X,, "~ P, where s denotes
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the unknown density of P with respect to the Lebesgue measure on X. In what follows, we will alternatively

address the problem of density estimation on X = [0,1] when we use general projection estimators, or
X = R with kernel estimators.
As for the regression problem, we assume that we are given a set of independent observations Z1, ..., Z,

where for any i, Z; = (X;,Y;) € [0,1] x Y satisfies
Vi=5(X;)+0(Xy)e, Ele|Xi]=0, Ele|X;] =1,

where s € L2([0,1]) is the unknown regression function and o : [0,1] — Ry. For each i, X; ~ u; so that
the X;s are not necessarily identically distributed. We have in mind the fixed-design regression case for
instance [5].

Our purpose is to derive closed-form formulas with as few restrictions as possible on the loss function
as well as on the type of estimators we will consider. Actually, we have in mind two broad collections of
estimators which are projection estimators and kernel-based estimators.

Projection estimators and empirical risk minimizer

In the following, we describe the relationship between projection estimators and empirical risk minimizer,
with respect to the statistical framework.

Let us define {px}yc,, a family of functions in L?([0,1],v), where v denotes the Lebesgue measure on
[0,1] and A, is a countable set of indices. For any m € My, set A(m) C A, such that {or}ycp(,p) 18 an
orthonormal family of functions. Let S,,, denote the linear space of dimension D,, spanned by {¢x}, A(m)-
We call 5 a projection estimator any estimator of s such that

- 5 . 5 Ig

Sm= Y Bapx  with  By= - ZG,\(Zi),
AEA(m) i=1

where Z1, ..., Z, denote some observations (density or regression) and 6, is a function independent from

the observations for any A [78].
In the density estimation framework, 6, = ¢, for every A\ and

- ~ , ~ 1 «
Sm = Z ﬂM@)\ with ﬂ)\ = PH‘P)\ = E ZC)@)\(Zz) (31)
AEA(m) i=1

A typical example of estimator is the histogram for which ¢\ = 11, /v/|Ix|, where {Ix},c5(,,) denotes a
partition of [0, 1] and |I)| represents the length of the interval Iy.
In the regression setting, 0y [ (z,y)] = yea(x) and

- 5 . S5 _1¢

Sm= Y Ben  with = - ZYMA(XD-
AEA(mM) i=1

REMARK: The latter estimator is essentially used for uniformly distributed X;s, due to the approximation

it results from.

These two estimators belong to a broader class of estimators which may be expressed as

gm = Z BXWAv

AEA(m)

where @ is to be chosen. At this step, we have to distinguish the density setup from the regression one.
Indeed in density estimation, looking for the s which minimize the empirical risk exactly results in the
same estimator as in (3.1): projection estimator and empirical risk minimizer (ERM) coincide.

On the contrary, this is not as such in the regression setup since there, we have

n

~ 1 ox(X5)
& nE 1/ny 0 93 (X))
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We conclude that the ERM deserve a particular treatment.
REMARKS:

e Projection estimators are mainly used in fixed-design regression with deterministic X; = i/n and
some further explanations with can be found in Tsybakov [78]. In the signal processing area, we
refer to Genovese and Wasserman [34] for an approach based on wavelets.

e Regressograms are an example of ERM. They have been extensively used in change-points detection
for instance [54, 3, 4].

e ERM and projection estimator coincide for the particular choice of the trigonometric basis with a
fixed design i/n [78].

In conclusion, two cases must be distinguished in the sequel. We first derive closed-form expressions
for projection estimators both in the density estimation and the regression frameworks. Then, we address
the same question with the ERM in the regression context.

Preliminaries

From the above comments, we see that two different situations have to be distinguished.
It is easy to check that every projection estimators §,, may be written as

Vi<i<n, 5u(Z)= %Zﬂm(zj,zi), (3.2)

where H,, (-, -) is a function which may be expressed in terms of the basis vectors. Furthermore, note that
this expression is also strongly connected to kernel density estimators as well. Indeed, provided K denotes
a kernel and h > 0 a smoothing parameter, we may define

1 n
V1<i< — h(X; —X;

This general shape will be useful in the sequel to carry out our calculations.

In comparison, we observe that we cannot hope for any formula like (3.2) with the ERM or kernel-based
estimators in regression. The only one we can expect is respectively

V1 <i<n, s, 711; Zl - Zi) or Z Z l? (3.3)

)
] 1 AeA(m) m lna z)

where we point out the dependence of the denominator on the whole sample used to build the estimator.

An instructive calculation

As a justification of the following, we point out that most of the loss functions that are usually used may be
expanded through their Taylor expansions. Thus for the sake of simplicity, we will carry out a preliminary
calculation with a monomial loss of degree k € N*, which is sufficient to check the minimal requirements
we need to reach our goal.

In the density setting, this loss is

((5,%) = ls— 5|k = /[ (s(t) — 3 (0))" dt,

5

while the corresponding contrast in regression is [ 5, (X;,Y:)] = (¥; — §(X;))*. We recall the general
formula of the Lpo estimator:

Raom= (1) S IS4

p ecé, zEe
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Whatever the context, we must be able to compute > [?m(an; t) ]j forany t € [0,1], with 1 <j <k.

e€&y
The general expression (3.2) leads us to

Z [/S\m(Zlg,n; t)]j = % Z HHm(Zrut) Z H ]l{'I”SEE} . (34)

ec&, 1<ry,...,r;<n =1 ec&, s=1
REMARKS:

e Since the expression in brackets can be computed by hand, any potential restriction comes from
another part of the expression.

e The summation in brackets is made over less and less terms as j increases. This term even vanishes
when j is larger than the cardinality of the training set e.

o A tradeoff raises between the size of the exponent j and what is computable by hand or at least
reasonably computable by a computer, that is >, v Hn(Z,,,1).

Lri<n

e Other losses may be considered, but only through their approximations by their first expansion
terms, until a “reasonable” order. But this is out of the scope of the present manuscript.

Thus except if we have an efficient way to compute the latter expression, otherwise we will content
ourselves with k = 2, that is with the quadratic loss function.

Further specifications

Expression (3.3) suggests that both ERM and kernel-based estimators in regression will not behave like
projection estimators. We therefore give further details about the derivation of closed-from expressions
for them.

From (3.3), we notice that the denominator also depends on Zf, (points in the training set), which
prevents us from simply inverting the sums. We then obtain

J J

S a0l =5 Y [[Hazen [ 2 m , (3.5)
ec&y 1<ry,...,r;<n =1 ee&, m 1,

which suggests we need to further specify the way Gm(met) depends on an since the expression in

brackets cannot be straightforwardly computed by hand anymore, unlike (3.4).

Either G,,(Z5 ,,,t) is a function of the number of observations that enter into the calculation of Gy, (Z7 1)

for a given ¢ (which happens when we use some piecewise constant estimators for instance), or Gm(an, t)

is a more complex function of these observations. In the latter case, we cannot compute any closed-form

formula since the algorithmic complexity is almost the same as that of an exhaustive exploration of the

(™) resamples.

On the other hand provided the former situation holds, we are able to compute the quantity in brackets

in (3.5). For instance, this occurs when we use regressograms and also with the specific kernel satisfying

I{h(ZZ - ZJ) = ﬂ(\Zi—Zﬂgh) for h > 0.

3.3.2 Closed-form Lpo estimators

Due to the specificity of regressogram and kernel estimator in regression, these deserve a separate treat-
ment. In the next section, we first deal with the general projection estimators in both density estimation
and regression as well as with kernel density estimators, which all share the same expression as (3.2).

Projection estimators and kernel density estimators

Before providing formulas both in density estimation and regression, we need the following lemma which
provides the key quantities.



3.3. CLOSED-FORM EXPRESSIONS 99

Lemma 3.3.1. Let §m(an) be a generic projection estimator based on model S,, and computed from the
training data Z5,,. Then,

n—1 i 2 n—2
Sl =z | (7 );nHm(zk,-)nﬁ( ) S i) H 22 |

e€&, k0
(3.6)
> Y 00 = (0] Sz 57
e€&y i€e i#j
2 1 n—2
;; m(Z1,)(Z:) ] O (pl);[ﬂm(zk,zi)] (p );ﬁeH (Zi, Zi)Hn(Ze, Z:)

N = 1 n—2
S S VidalZE,)(X) =—— ( - 1) S Vil (25, 20), (3.9
e€é, i€e n=PAP i#£j

where (-,-), denotes the inner product in L*(X).

The proof of Lemma 3.3.1 is deferred to Section 3.5.

Density estimation From the preceding result, we deduce the general expressions for projection and
kernel estimators in density estimation.

Proposition 3.3.1. For any density t : [0,1] — R, the contrast function associated with the L?-loss is
defined by y(t, X) = ||t||> — 2t(X).
Let 5, denote the projection estimator onto the model S,,. Then,

Ho(Xi, X5) = Y oa(X))ea(X5)
AEA(m)

and for anyp € {1,...,n — 1},

Ep(m)zn; ST o) - - p+12w oA (Xk) | - (3.10)

XEA(m) | § J#k

Besides, let s, denote the kernel density estimator based on a symmetric kernel K, with smoothing pa-
rameter m > 0. Then,

Moreover for any p € {1,...,n — 1},

~ 1 ) (n— 2
= K — (X —Xo) — — K (X, X A1
Ry(m) = - Il + o ; = X0 = Soy R X, @)

where K, := (K x K),, and * denotes the convolution product.

Note that the computation of (3.10) and (3.11) is not more expensive than the usual computation of

the Gram matrix with the usual kernel estimators, that is (Kn(Xi, X)) <; j<,-

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

By(m) = (Z) S 525 - 2(”) S 3622

e€&y PP ecf, ice



60 CHAPTER 3. CROSS-VALIDATION

Besides, the general projection estimator is

> Puox e

AEA(mM)

which provides H,,(Z;, Z;) = Yy cm $A(Z;5) ©a(Z;). The simple application of (3.6) and (3.7) provides the
expected conclusion.
As for the kernel estimator, the result is straightforward since H,,(Z;, Z;) = K\ (Z; — Z;). O

We are now in position to apply Proposition 3.3.1 to peculiar examples such as histograms and kernels.

Corollary 3.3.1. With the same notations as before, assume that 3, denotes the histogram estimator
built from the partition I(m) = (I1,...,Ip, ) of [0,1] in D,, intervals of length wx = |Ix|. Then for
pe{l,...,n—1},
D
~ 1 21
R,(m)= ———— —
P = G T ) &

{(Zn—p)rz‘—n(n—p—kl) (72)2] , (3.12)

>

=1

where ny = §{i| X; € I\}.
Assume now that K is the gaussian kernel. Then for any smoothing parameter h > 0,

; 1 [ nepmt sl F 1 s ()
By(h) = 2y/m(n —p)h n(n —1) Ze _\/;n(nl)h;e ( )(3'13)

Proof. (3.12) comes simply from the application of (3.10) with ¢y = 11, /\/wx, while (3.13) results from
(3.11) with K : =~ 1/V2mexp(—1/22?), VzeR. O

Regression The case of projection estimator in regression is handled in the same way, but with a
different contrast function. Now, we give the Proposition 3.3.1 counterpart.

Proposition 3.3.2. For any observations Z = (X,Y) and any function t : [0,1] — R, the contrast
function associated with the L2-loss is defined by v(t, Z) = (Y — t(X))>.
Let 5, denote the projection estimator onto the model S,,. Then,

Hp, = > Y P (X).

AEA(m)
Moreover for anyp € {1,...,n — 1},
R,(m) = ——— ZH2 Z H,, Ho(Zi, Z;)—
1 n
QZnHm(Xj,Xi) + - ZYf (3.14)
i#£] =1
Furthermore,
> (Hu(Zk, 2:)* = [5x(0,2)51(2,2) = Sx(2,4) ]+ Y [San(0,1,1)8x(2,1,1) — Sx x(2,2,2)](3.15)
itk A A£N
> Hu(Zi, Zi)Hu(Ze, Zi) =Y [S2(0,2)S3(1,1) — 25x(1,3)Sx(1,1) = 5x(0,2)Sx(1,1) + Sx(1,3)+
i#kAL A
Sa(2,4)] +
D [Saa(1,0,1)Sx 3 (11,0085 1 (0,1,1) = Sx (1,0, 1)Sx w(1,2,1) = Sx x(0,1,1)8x (2,1, 1)+
A#AN
253 2(2,2,2) — Sy (1,1,2)85 (1, 1,0)](3.16)
> YiHn(Z;, Z) =Y [S3(1,1) = Sa(2,2)] (3.17)
i A

where Sy(a,b) = > i, Yo% (X:) and Sx v (a,b,c) = >0 Y8 (X5) 5 (X5).
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Proof. The contrast function is now ~(t, Z) = [Y —#(X)]*. The general Lpo risk estimator may be
expressed as the sum of three terms

o = [ 2] 1) S S e

PP e€&, i€e e€&y i€e

) 1(”) S S Visn(Z,)(2)

PP ec&, ice

The first term is dealt with thanks to Lemma 3.5.1 in Section 3.5. For the two last ones, we apply
respectively (3.8) and (3.9) to conclude. O

Regressograms and kernel-based estimators in regression

From (3.3), we have seen that the denominator dependence on the sample is a crucial issue for
us to derive closed-form formulas. If this dependence is too complex, we cannot provide any ef-
fective calculation of (3.3). In the sequel, we first justify the shape of expression (3.3) in the case of
both regressograms and general kernels. Then, we illustrate the previous assertion with a kernel estimator.

Let I(m) = (I1,...,Ip,,) be a partition of [0,1] in D,, intervals indexed by m and let S, denote the
vector space of all piecewise constant functions on I(m). Then, the regressogram associated with S, is

2 im Vil (X))

Baly,, where [y =23
Z * Zk:l ]ll/\(Xk)

AEA(m)

Note that this estimator is uniquely defined only if there is at least one observation in each interval Iy of
the partition. In the sequel, we only consider models for which this requirement holds.
By inverting the sums, we can rewrite s, as

n

1 H)(Z:, Z;
Vli<i<n, gm(Xi):*Z Z G'm(# ,

Y :
= \néagm GmZ1n: Z0)

where H’I)Y\L(Z Z) i/j]lfx (Xj)]llx( ) and G (Zl ns z) = l/n Zk 1 ]]‘IA (Xk)

With a kernel-based estimator, we immediately notice that

VI <i, <, En(X) ZG’”Z
lna

with H,,(Z;,Z;) = Y;Kpn(X; — X;) and Gp(Z1,0,Zi) = 1/nY _y Km (X — X;), where K denotes a
kernel and m its bandwidth.

Let us now illustrate the necessity of further requirements in order to derive closed-form expressions
with a general kernel. As before, we must be able to compute expressions like

Liice)I(jee)
D LeeSm(Z7,)(X ZH X2DY S ree KXk — X;)

e€&, ec&y

Assume that Zk& m (X — X;) takes @Q; < n—p known values A;(q), ¢ =1,...,Q;, then we can rewrite
the above expression as

Qi
5 BBl = 32 a2 20 3 A T Aot (s cxxymnia) (09
ec&, qg=1 ec&y

From (3.18), we see that provided Card ({e € &, | Ai(q) = > jcc Km(Xi — X;)}) is known for each ¢, a
closed-form expression may be derived, whereas no such formula can be expected otherwise. Fortunately,
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this requirement is fulfilled by the kernel K (t) = 1;j<1) as well as regressograms, which we will consider
in the sequel.
REMARKS:

e On the contrary if the denominator continuously depends on the observations, the knowledge of
Card ({e € & | Ai(q) = > jce Km(Xi — X;)}) amounts to explore the (Z) resamples.

e An important issue is to make sure that the kernel estimators and regressograms are uniquely
defined. Indeed, the denominator could vanish, provided m is too small (kernel estimator) or if
there is no observation in at least one interval of the partition (regressogram). In the sequel, we
assume that either the smoothing parameter m is large enough, or that there is at least one in each
interval of the considered partitions.

Once these estimators are well defined, another issue occurs when applying the Lpo. Since this resam-
pling scheme consists in removing p observations from the n original ones, if p is larger than the number
of points in a given interval (for the regressogram) and since the resampling is made exhaustively, some
intervals are emptied. Obviously, the same phenomenon raises with the kernel estimator. We now describe
a possible solution to this problem.

First notice that when working with regressograms,

n

n 1 H)(Z.,Z;
V1l <i<n, Sm(X"):ﬁszT(ijl)’
j=1 m(Zl,’ruZi)

where \; denotes the index A such that X; € I (I = (I1,...,Ip) is a partition of [0, 1]). Since the Lpo
estimator may be written as

Ry(m) = [Card( Z 3" Lieo) (Y~ 5 (25,0 (X)) |

i=1 | e€&p

the question amounts to warranty that 5,,(Z7,,)(X;) is well defined for each point X;. Our idea is to
replace &, by a subset denoted by &(i) depending on i, such that Gf‘,{(an,Zi) is non null for every
e € Sl’,(i). In other words for each i, we are approximating the global expectation with respect to the
resampling

by a conditional version of it

Ew [1Gu(PY). 2:) | Gi(PY . Z) #0]

Thus, all the forthcoming closed-form expressions follow this convention.
We now provide the results for both regressogram and kernel estimators. For the sake of simplicity, we
denote the current estimator by 8,,(X;) = 1/n> 2" Hu(Z;, Zi)/Gin(Z1,n, Zi)-

Proposition 3.3.3. With the above notation, let 5, denote either the regressogram in Sy, built from the
partition {I)}, or a kernel-based estimator with smoothing parameter m > 0. Then, we have

Hy,(Zj, Z;) = Y1, (X)), (Xi) and  Gn(Zin, Zi fl/nzﬂlx (Xe) 1y, (X3)
k=1

for the regressogram and

H,.(Z;,Z;)) =Y;Kn(X; — X;) and Gun(Zipn, Zi) = 1/nZKm(Xk - X))
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for the kernel-based estimator. Moreover for any 1 < p <n —1, the Lpo estimator is

~ I 1
Bym) = 52 N | L= {00} + Lni>2) Y2A;i =2 YiH(Z;, Z)B; + Y (Hm(Z;, Z:))* Ci ¢ +
=17 J#i J#i

]1(n123)2 Z Hm(ZjaZi)Hm(Zkvzi)Di P
J#i k#j,k#i

where n; = n G (Z1 0, Zi) and

n—n; n
Ni = 1-1.5, ,
(7))

_ V(=D Vi(0)
Ci o 77,17]. B ni(nifl)’
b~ (it DV(O) - Vi(l) = niVi(-1)

ni(n; — 1)(n; — 2)
For any k € {—1,0,1},

ni A (n—p) (nfp)( P )
Vi(k) = Z Pl onicre
r=1V(p—mn;) (nl)
The proof is essentially based on some intricate algebra and is given in Section 3.5.
REMARK: With regressograms, N;, A;, B;, C;, D; and V; only depends on ¢ through the interval X; belongs

to. These quantities may therefore be calculated beforehand, whereas it is no longer the case with the
kernel estimator.

These expressions may be further developed, which yields the following corollary:

Corollary 3.3.2. With the same notations as in Proposition 3.3.3, we get

~ 1
Rp(m) = Z ZWA []l(nle) {+oo} + ]1.(n>\22) {S)\’Q (A)\ + CA(TL)\ — 1)) — 2B, (Sil — S/\’Q)} +

AEM
Liny>3) {Dalna —2) [S31 — Sx2]}] .

for regressograms, with Ny, Ax,...,Dy being the same as in Proposition 3.3.3 when X; € In. Sx1 =
S Yl (X;) and Sy = 300 Y7L (X))
For kernel estimator, we derive

n

. 1, n
Rp(m) =" ;sz Y2 [Ai+ (2(Bi + Loy Di) — Ci) Kin(0)] = 2Y; Y YK, (X; — X3) [Bit
i=1 j=1

2

L(n, >3 DiKm (0)] + Z}/fK?n(Xj - X;) [Ci =1y, Di | + ZYij(Xj —Xi) | L>3Dip +

Jj=1 Jj=1

Z ]l(nz':l) {+OO} .
=1

3.4 CV and penalized criteria

3.4.1 Moment calculations

In this section, our goal is to provide explicit expressions for the two first moments (at least for the density
estimation) of the Lpo risk estimator, and then of its bias. By doing so, we are looking for the weakest
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requirements on the distribution of the observations, which warranty the existence of these quantities.

Density
We first deal with general projection estimators for which we provide explicit expectation and variance.
Proposition 3.4.1. With the same notations as in Proposition 3.3.1, we have for any 1 <p <n—1,

ER,m) = —— 3 [BAX) - Eax)] - X Ee(x)*,
n pAeA(m) AEA(m)

Var {ﬁp(m)} = (n(n—1(n-p) % |26 Z (P(pi)2 + 4afty Z Po3 Poy + na’E (Z (p?\> _
) )

2 2
na? (ZP@§> +260%0 Y (Poapx)” +45°4E (Zm%) +
A A

AEN
2
(—4n + 6)t1 57 (Z (Pm)Q) +4aBts Y PolonPoy —4taB Y Pp3 Y (Pex)?
A AEN A Y
where Ppy = Epy)(X), and

a=n-—1 B=n—p+1,
tlzn(n—l) tgztl(n—Z),

The technical proof is given in Section 3.5. Note that these formulas may be derived provided
P |<p)\\3 < o0 for any A € A(m), which is satisfied if s is assumed to be bounded and [ \4,0)\|3 < 400 (e
continuous and compact supported for instance).

If we apply Proposition 3.4.1 to histograms estimators, we obtain the following expressions for the
expectation and the variance of the Lpo risk estimator:

Corollary 3.4.1. For any A € A(m), set ay = P(X; € I,). Then,

E [ﬁp(m)} S > wfl/\cw\ (ENEDY wfl/\aia

n —
p AEM AEM

p2q2(n, o, w) + paq1(n, a,w) + qo(n, a,w)
[n(n —1)(n —p)]? ’

Var [R\p(m) } =

where

D
Vi,5) € {L....3}x{1,2}, si;=) aj/wl,
k=1

@(n,o,w) = n(n—1)[2s22+4s32(n —2) +s5,(—4n+6)] ,
i(n,o,w) = n(n—1)[—8s22 —8s32(n—2)(n+1) —4s11521(n —1)—
25371(—4712 +2n + 6)] ,

n(n —1) [81’2(77‘ —1) — 2s92(n* — 2n — 3)+

4s39(n —2)(n + 1)2 — s%l(n - 1)+

4sy 1891(n* — 1) + s%_yl(féln +6)(n+1)].

S
&
L
&
I

The bias of the Lpo risk estimator may be a more interesting quantity to work with. From Proposition
3.4.1, we derive its expression.
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Corollary 3.4.2. With the same notations as in Proposition 3.4.1 and for any projection estimator, the
bias of the Lpo estimator equals

B | Ry(m) | = ERy(m) = Bulm) = s 37 [ EG(X) = (Eea(X))*]
AEM

= 72? ar
- n(n_p) )\G%m)v [(PA(X)] ZO,

where Ry (m) = E [||§m||2 ~2 o sgm] .

Similar results may be obtained for kernel estimators as exposed in the following proposition.

Proposition 3.4.2. With the same notations as in Proposition 3.3.1 and provided K is a symmetric
kernel such that K € L'(R) N L*(R) and s € LY(R), the expectation, bias and variance are respectively
given by
1
n—p
p
n(n —p)
P*@ + pd + Go
n(n—1)(n—p)*’

where X and 'Y are independent random variables, drawn from P, and

B[ Ryom] (18l 4 (0= p= 1) [ [BEA(X =01 ) ~ 28 [ (X - V)],

B[ fop(m) |

(1Kl ~E[K*(X = V)]),

Var [ﬁp(m) } =

62 = A2a
@1 = —2nA;— Ay,
do = n?As+nA;+ A,

and
Ay = 4(n—2) (IEX (Eyh(X,Y))? — (EA(X, Y))2) +2Var (h(X,Y)),
A = 8(n—2)(Er(X,Y)EK (X —-Y)—Ex [Eyh(X,Y)Ey K (X —-Y)]) +
4(EMX,VEK (X -Y)-Eh(X,Y)K, (X -Y)),
Ao = A(n—2) (Ex (By K, (X = V) = (BK;, (X = Y))?) + 2Var (K, (X — V),
MX)Y) = K} (X-Y)-2K,(X-Y),
with Ex and Ey denoting expectations with respect to X and Y .

REMARKS:

e Note that a sufficient condition for the bias of the Lpo risk to be nonnegative is that K (0) > K(¢)
for any t € R, which holds for the gaussian kernel for instance.

e The variance expression of kernel estimator comes from the U-statistic nature of the Lpo risk esti-
mator. We refer to [81] for an introduction to U-statistics and to [23] for an extensive study in the
empirical process framework.

Regression

In the regression context, we will content ourselves with closed-form expressions for expectations, since
any computation of the variance would involve the existence of every moments until the order four. Note
that up to this requirement and more complicate algebra, the variance of the Lpo estimator may be
explicitly computed as well.

We first provide the expectation of the projection estimator for which simple calculations lead to:
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Proposition 3.4.3. With the same notations as Proposition 3.3.2, for a given sample of observations
(X1,Y1),...,(Xn,Y,) ~ P, we have

E (Ep(m)) = nip > PRIE (YR (X)) + > E(Y?or(X)on (X)) Poren | +
) AZN |

n%f;l { P (B[Yor(X)])*+ D PoaxenE (Yor (X)) E(Yon (X)) | —
\ AZEN |

2) [E(Vea(X)]*.

A

REMARK: In the above result, the expectations are taken with respect to the joint distribution of (X,Y).

We now provide expectations of the Lpo risk estimator for the regressograms and kernels. We point
out that these expectations are actually conditional expectations given the design points. Indeed, we are
not able to derive closed-form expressions in the random design setting. The best we could do in such
a case is an approximation of these expectations as in the recent work of Arlot [3]. The proof of this
proposition is given in Section 3.5.

Proposition 3.4.4. In the fizved-design setting, let us assume we observe n random variables Y; = s(X;)+
oi€;, where (&), are i.i.d. centered random variables such that Ee? = 1. With the notations of Corollary
3.3.2, the Lpo risk expectation for regressograms equals

E {Ep(m)} = /\%;n I%}\ []l(nle) {+00} + L(n, >2) {[F,\,z + nx (Ug)ﬂ (Ax +Cx(ny—1)) -

2B, (F,\271 = Fr2)} + Liny>3) {Da(nx — 2) [F,\21 - F2]}],

where Fyo = 31y s2(Xi) L, (X,), Fax = Y0y s(Xa) 11, (Xi) and (05)* = S0y 0711, (X0) /na.
In the same way for kernels, we get

n

E[Ry(m)] = ; % (s2(X:) + 02) A; — 25(X,) %ﬁ:is(xj)f(m(xj — X,)Bi+
> (5°(X;) + 07) K2 (X, — Xi)Cit
J#i

Lin;>3) Z Z 5(X5)8(Xp) Km (X — Xo) K (X — Xi) p ¢ + Z L(p,=1) {+00}.
i ki ki =t

3.4.2 CV as a random penalty

Ideal and Lpo penalties

In model selection, our goal is to find the “best” model among (.S,,),,, in terms of a given criterion from
a family of estimators (5,,),,. A very common way to reach this goal is the minimization of a penalized
criterion crit(-) defined as

Ym € M, crit(m) = Pny (S1) + pen(m),
where « is the contrast function that measures the quality of an estimator and pen(-) : M, — R, denotes
the penalty term, which takes into account the complexity of the model m.

Ideally, the optimal criterion we would like to minimize over M,, is the random quantity

critig(m) = Py(5p) := Ev (5m, Z2) ,
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with the expectation taken with respect to Z ~ P. The interpretation of crit;q as a penalized criterion
comes from

Critid(m) = Pn’Y(gm) + [P’y(gm) - Pn’}/(gm)] :
The quantity in square brackets is named the ideal penalty

Vm € M, pen;;(m) := Py(5,) — Poy(Sm).

Following the CV strategy, we perform model selection by minimizing the Lpo risk estimator over M,,,
provided M,, is not too large. Thus for a given 1 < p < n — 1, the candidate m is

m = ArgminmeMnﬁp(m).

The idea that there is a strong relationship between penalized criteria and CV is strongly supported by
the large amount of literature about the comparison between these two aspects [75, 55, 87]. Therefore, we
may try to include the CV strategy into the wider scope of penalized criteria minimization. Thus,

~

M = Argmin,,c v Poy(Sm) + [Rp(m) — Poy(3m)

In the above expression, the quantity in square brackets is called the Lpo penalty:

~

Vm € M, pen,(m) = Ry,(m) — Ppy(5im).-

This Lpo penalty may be subsequently understood as a random penalty. It is an alternative to C),-like
penalties as a measure of the model complexity.
REMARK: A similar approach applied to the Loo can be found in Birgé and Massart [9].

Thanks to this parallel between CV and penalized criteria, we attempt to get more insight in the
behaviour of CV techniques, for instance with respect to the parameter p.

Lpo overpenalization

In this section, we aim at making comparison between pen,; and pen,, so that we would like to
characterize some features in the behaviour of pen, with respect to p. This comparison is carried out
through the expectations of these criteria, which are both random variables.

Since there is no model structure in the kernel-based approach, we do not apply the following to kernel
estimators. In the sequel, we only consider general projection estimators in density estimation, especially
histograms, and also regressograms.

The following result we provide concerns density estimation. Here, the question is the assessment of
the gap (in expectation) between the Lpo penalty and the ideal one. We first address this question with
general projection estimators.

We start with a lemma which introduces the forthcoming proposition.

Lemma 3.4.1. With the same notations as before with any projection estimator S, onto Sp,, we obtain

Elpen(m)] = = 3 Var(pa(X)),
Aem
E [pen,(m)] = % Z Var (oA (X)) .
AEM

We now state the main assertion about the Lpo penalty associated with projection estimators in density
estimation.
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Proposition 3.4.5. For any m € M, let {‘/’A}/\eA(m) denote an orthonormal basis of Sy, and S,,, the
projection estimator onto Sy,. Following Proposition 3.4.1, we get

Vme My, V1<p<n-1, E [pen,(m) — penyy(m) ] = ﬁ Z Var (oA (X)) > 0.
Arem

REMARK: As this quantity remains positive whatever p, we conclude that the Lpo penalty always
overpenalizes, which remains true for any orthonormal basis. Moreover, the amount of overpenalization
increases with p. Thus, the Loo provides the weakest overpenalization of order O (1 / n2)7 whereas the Lpo
with p ~ n/2 (which is similar to the 2-fold CV) corresponds to an overpenalization of the same amount
as the expectation of the ideal penalty, that is O (1/n). Note that this overpenalization phenomenon
may be related to the “intuitive” bias increase, when less and less data are used in the training set (see
Corollary 3.4.2).

In comparison with the previous expressions, calculations involving the regressogram are by far more
intricate and come from Proposition 3.4.4 and the following lemmas.

Lemma 3.4.2. With the same notations as Proposition 3.4.4, we have

2 r ~ ny—1 r n 2
Elpeng(m)] == (03)*  and  E[PyGEwm)] =) [mf + 25 0]
Aem A
2
ESiz=m [0+ ()" + 4] and  ESE, =m(0d)’+niAk,

n 2 n
where (0&)2 =1/ny> 1, 01, (X;) and (al)’\) =1/nx> 2 [s(Xi) — B }2 15, (X5).
We also need some further details about coefficients V) (k), which is given by the following result.

Lemma 3.4.3. For any A\ € A(m), let X denote a random variable following a hypergeometric distribution
X ~H(nx,n —p,n). Then,

o) = P[Xe{l\/pm"“vn/\/\”ln}]1]1(p2m)<7i>/<ri),

nx(n —p)

(1) = E[X]= -

MmOV (-1) > 1.

and (1) =E [Xfl]l(x>o)] )

with a V b = max(a,b) and a A b =min(a,b).

Due to the high complexity of expressions in hand, the following result is not given in full generality,
but we make a few assumptions in order to enlighten the underlying phenomenon as clearly as possible.

Proposition 3.4.6. With the notations of Proposition 3.4.4, let us assume that for any A € A(m), ny > 3.
Then if p < ny for every A, we have

B pen,om)] = 30 @07+ 00" 2 (B BB

= na—=1J\ np = p(n—p)
n—p/2

> ———E ; .

> L pengy(m)]

Moreover, assume that p > (nxV [/ax — 1] n/\/ax) for any X € A(m), where ay = ny/VA(1)Va(—1).
Then,

Elponym)] = 3 {(U§)2+ (oh)? 1} {(m Py ]\% (nV,\(l)V/\(_l) B nA(n—p)>} :

v nx — np p(n —p) np

n—p/2E[
n—p

Y

pengq(m)].
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The proof is provided in Section 3.5.

Thanks to the above proposition, we have characterized the behaviour of the Lpo penalty as an overpe-
nalizing criterion both for small and large values of p. But as previously described (Section 2.2.1), this
overpenalization does not necessary appear as a drawback of the approach. Indeed whereas a biased crite-
rion may be misleading when trying to accurately estimate the risk of an estimator, this bias may prevent
some well known troubles in the model selection framework.

3.5 Proofs

3.5.1 Closed-form Lpo estimator
Proof of Lemma 3.3.1
The first remark is that for each e € &,, we have

n

S 1 1
Vi€ (0,1, Zn(Z0)() = —— > Hu(Zjt) = —— > Hul(Z;t)l(jee),s
n—p— n—p=«
JjEe j=1
1 n
and Z Sm Zl n = - Z ZH ( ) (ice) = Z H H(JEe)ﬂ(ZEE)
ice p i=1 j€e z;ﬁj

Then, the Lemma follows from the following combinatorial results

Lemma 3.5.1. Foranyi#j#ke{l,...,n},

n—1 n-2
> Ljen = ( p ) and Zﬂ(iee)ﬂ(kee):(z&l)’

ee&, e€&p
n—3 n—2
Licaoliicolivesy = d Lo Ty =

where we stress that the sum is made over the resamples i, j and k are kept fized.

Proof. ZCEE 1(jce) may be interpreted as the number of subsets of {1,...,n} of size p (denoted by e)
which do not contain 7, since j € €. Thus, it is the number of p0551ble ch01ces of p non ordered and
different elements among n — 1.

The other equalities follow from a similar argument. O

Proof Proposition 3.3.3

We begin with a lemma which will be useful in the proof.

Lemma 3.5.2.
-1
n r
n\ ! r(n; —r)
(p> eei;p L ep)Gon(z5,, 200 =r) Lice) Ljer) = 7%(”1 I)P(X =r),
-1
n 7 r(r—1)(ni —r) _
(p) 2 Lw-panzr, z0=r)licolien e = ni(n; — 1)(n; — 2)P(X ="

e€&)p
where X is random wvariable which follows a hypergeometric distribution H(n;,n — p,n).

Proof. (Lemma 3.5.2)
We have to remember that the choice of X; determines an interval in which n; observations lie. Besides
(n — p)Gm(Z5 ,,, Zi) denotes the number of instances of the training set among these n; points, given
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that X; is in the test set and belongs to these n; observations as well. Therefore, (3.19) represents the
number of subsets of {X1,..., X, } \ {X;} of cardinality n — p such that r points are among the n,; former

observations. Thus, it equals ("’T_l) (n"__pffr) Divided by (Z) and after recombination, it gives

(S )G) =0 rmear=n

where P(X =7) = ("7)(,7,)/(").

T n,—r n

The other equalities are obtained following the same reasoning. O

The first step in the proof of Proposition 3.3.3 consists in writing the Lpo risk estimator with the
convention discussed earlier, which results in replacing &, by 81',(2') for each 7 in the expressions. Besides,
let assume that m satisfies Vi, n; > 2.

n

= 1 = 2
Ry(m) = =" [Card(&)(i Z Lieey (Yi — 8m(Z5,)(X2))7,
p i=1 e€s)
1o = 2
= Z [Card(f' Z 1 Gm(Z1 i Zi )750)]1(166) (Y (Zl,n)(Xi)) ’
p i=1 ec&,
"1 /n\ ! = =
B ; pN; (p) ; L, (2. z00) Lieo) (Y7 = 2YiSm (25 ,) (Xi) + 5 (27,) (X0)?} . (3.20)

where N; := Card(€,,)/ Card(&,).
Splitting the previous expression into three parts, we see that

2 2
> LG, 25, 2020)Yi Liee) = Yi > LGz, .220) Liee) | > (3.21)
e€&y ec&,
> Yoz Yisn (25 ) (Zi)1 —ZH 20V | S 1 e Liicoljen
A = T g a2 (2, 2)
ecep JF ecép
(3.22)
~ 1T 2
> LG,.(z5,,,2:)20) (3m(Z5,)(Z) ] Ve = ——5 > Hm H, (Zy, Z; Z LG, (25 ..2%0)
ecbp * i =rs
Tcaoliicelines
(i€e) 2 (j€e) *(kee) (3.23)

G%n(Zlg,na Zi)

The main point is the computation of the expressions in square brackets, which may be achieved by
first remembering that for each i, either G, (27, Z;) = 1/(n — p)>_ e 11, (X;) for regressograms, or

Gu(Z3,, Zi) = 1/(n—p) 3"z L(1x;:—x;|<m) for kernel-based estimators. Thus, Gy, (27 ,,, Z;) only depends
on Z1,n through the cardinality of the set of observations belonging to a given interval which itself depends
on X;. Subsequently notice that for each 1,

(n—p)Gm(Z5 0, Zi) € {1V (p—ni),...,(n—p) Ang}.

)
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Then, (3.21), (3.22) and (3.23) give

2
> 1 zoz0)Yilieo = To=nY | 3D Ywopanzr, z0=r) Lico | -
e€&, T e€&p
Z]l(Gm(an,Zi#O)Egm(zfn)(zi)]l@e@ = Lnz2) ) Hu(Z;, Z)Yi
e€&y VE

1
> - > Ln-p)Gm (25, 20)=r) Liice) Lsee) | -

r e€tp
Z ]l(cm(zfnzi);ﬁo) [ (Z1 n)(Z)] ]1(165) = 1(711‘23) Z Hm(Zj7Zi)Hm(ZkaZi)
e€E, j#i ki

1
Y5 2 Yz, zo=r) Lo LGen Liken) |
r ecé,

where )" is taken over {1V (p —n;),...,(n —p) An;}.
Then, plugging the results of Lemma 3.5.2 in the above expressions as well as in (3.20) enables to get the
right expression for the Lpo estimator.

Besides, note that Card(€,) equals the number of subsets of size n — p of {Xy,..., X, }, such that
at least one element of this subset belongs to either Iy, or to {Xj | [X; — X;| <m}. Thus, Card(£,) =

(™) = (") 1>, and hence

p n—p

n—n,; n
szlf 1 Mgy
(n—p)/(p) Pt

which concludes the proof.

3.5.2 Moments calculations
Proof of Proposition 3.4.1

The expectation is a straightforward consequence of (3.10).

The variance calculation is not difficult, but very technical. We only give the main step of this proof.
First, let define A, = ZJ 1P3(X;) and By = Dk OA(X)eA(Xg). Set @ = n—1 and 3 =
n —p + 1, such that n(n — 1)(n — p)Rp(m) = >\ (a@A\+[3By). Then, [}, (ad)\ + 8By =
Do (azAi + 6233\ + 2a8Ax B,\) + ZA#\, (aQAAAX + 32By\By + 2064, B)\/). After some calculation,
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the different terms are respectively equal to
I['EZA2 = Z _npcpi + 11 (Pgoi)z] ,
A A

[ 2
EY B =) [42Pg} (Per)* + 2t (PeR) +ts (P%)ﬂ ;
— |

EY A\By =3 [26PeiPox + PR3 (Pey)’ ]
A A

E > AyAy =n E(Z@i(X)) =Y Pel |+t (Zmi) - ( Pe3)° |,
A A A A

A#£N
2

E Y BBy =2t1 Y (Poapx)” + 4t (Z‘PA Pw) = P@} (Poy)? | +

AFEN AFEN A

ts (Z (PSDA)2> > (Pen)" |,
A A
E (Z wi(X)> > (Poxn)* —E (Z PAX) (Pw)2> ] :

A A A

E Z A)\B)\/ = 2t1 Z P(pi(pXPtpA/ + 1o
AFEN AFEN

On the other hand,

@m—nm—MEPMmﬂf=M&<Z}wg—m%%ﬁ]PmF>+wm%<zng§jw%f.
A

A A A

Combining these two expressions yields the variance after some simplifications.

Proof of Corollary 3.4.2

We have to compute R,,(m) for any model m.

Ryu(m):=E [||§m||2} _9E

/ 55m |,
[0,1]

= E(Papn) —2Z(P90A)2,

A

A
= ZVar (pa(X)) — Z (P‘PA)2 :
X

A

Proof of Proposition 3.4.2

The expectation immediately is a consequence of Proposition 3.3.1.
The conclusion for the bias comes from the calculation of E [ H§m||2} —2 [ sE[5,,], since we see that

E 18l = S 1Kl + (0~ 1/m) E[KG (X - V)]
[ SEl5n) = E[Kn(X 1)),
R

The variance expression relies on the U-statistic nature of the Lpo estimator. Indeed,

Var [}Afp(m)} = Var Zg X, X5) | »
175]
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where g(XZan) = h(X“XJ) - 1/(n _p)K:;;(Xz - XJ) and h(Xi,Xj) = K:@(XZ - X]) - 2Km(Xi — XJ)
By setting

U, = WZQXMX)
i#]

we notice that U, is a U-statistic of order 2. Thanks to a known result about the variance of U-statistics
[81], it entails that

where
G =Var[E(¢g(X,Y)[X)] and (= Var[g(X,Y)].

Then, we develop (; and (s:

1
Cl = EX [EYh(X,Y)]z + WEX [EYK;(X - Y)]2 —
_
(n—p)?

Gathering the terms according to their 1/(n — p) exponent, we recover the desired expression.

Ex [Eyh(X,Y)Ey K} (X —-Y)],

n—p

2

(o = Var [h(X,Y)] + Var [KG, (X = ¥)] = = (R [A(X V)G (X = Y)] = BA(X, V)BE;, (X = Y)}

Proof Proposition 3.4.4

This proposition comes from the following equalities:

ZY?IL[A(X)] :ZU?ILI)\ +ZS )11, (X5),
T_Ll 2 Zzl n 2
E [thm] =3P, (X) + (Zsm)mxi)) |

i=1

which enables to conclude for regressograms.
Similar calculations lead to the result for kernel-based estimator.

3.5.3 Lpo penalty
Proofs of Lemmas 3.4.2 and 3.4.3
Proof. (Lemma 3.4.2) The elementary calculations in the proof of Proposition 3.4.4 lead to
: 2 :
ESwa=m [ (@0D)"+ () +B], and BSua=m (@) +mdR,

with
n

(05)* = 1/nx ngﬂh (Xi),  and (03)2 =1/ny Z (5(X3) = sm (X2))? 11, (X),

B = 1/71)\2 )1, (X

We recall that s, denotes the orthogonal projection of s onto S,, and that s,, = >, Aaly,.
Now, let compute E [pen,;(m)]. First, we notice that

E(P1(3,)] = ;{;z (o2 +E| (stx)-3)7] ) mx»},

i

E[Pw@m)]:;{i;(o?w[(ﬁx»—@)g})nh ZE[%( m)]mm}.
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Hence,
B [pensy(m)] = -3 (03)
Furthermore,
SETNIESS {; (n @ | (1000 -3) | <XZ>> -2 <o;>2} ,
and

Proof. (Lemma 3.4.3)

By definition, V5(0) = P[X €{l1Vp—ny,...,nxAn—p}], where X ~ H(ny,n—p,n). More-
over, P[Xe{0OVp—ny...,nxAn—p}] = 1 and P[Xe{lVp—mny,...,nxAn—p}] =
Z:Li/fé?pip;@ P(X =), where 0 has been excluded, whence Vy(0) = 1 — P(X =0)1(,,<p). Other
equalities follow from the definition of V) (k).

On the other hand, g : Ry — R} such that g(t) = Lg« (¢)/t is convex a.e.. A simple application of Jensen

inequality to g provides that g(EX) < Eg(X), which implies 1 < V5 (1)Vy(—1).

Proof of Proposition 3.4.6

Assume that model m satisfies YA € A(m), ny < 2. Then, a slight modification of Proposition 3.4.6
provides

5 1 S3 (1 n
Ry(m)=>" PNy {]l(m>3) (Sm - 7;/\1) [VA(O) - n:i(—)l + m i 1V)\(_1):| +

AeEm

towen (S0 0 - S s i -asty [0 - 0 ).

Thus, we see that assuming that every ny > 3 simplify the above expression, which provides

o] ) - 2]

o PN ny—1 ny—1

We then use Lemma 3.4.2 to get

E|Rym)| =" 1 ((ag)2 + 2 (03)2) [(nx — DVA(0) = Va(1) + naVa(=1)].

AEM pN)‘ A= 1

From now on, we distinguish two cases: p < ny and p > ny for every A € A(m).
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1- Let assume that p < ny for every A\. Then, Ny =1 = V,(0) and we have

E|Rym)| =3 % (<a§>2 N mni : (gg)2> [m - nmn— P, o ﬁp) VA(l)VA(—l)} ,
AEM
= AGAZ(m)Zl) ((U§)2 + nAni : (UI;\)Q) |:n>\ —1- n)\(nn— p) + (nﬁp) VA(I)VA(—I)] .

Another use of Lemma 3.4.2 provides us with
E [penp(m)] =E [],%p(m)} —E[Py(Em)],

= 5 (0 + 2 )7

Aem

{n,\—l_n,\—l_nA(n—p)_F n
P n np p(n —p)

> | ((o—;)2 + mni - (03)2) [p;pn + p(ni 2 V,\(l)V,\(—l)] :

AEA(M

wlm(—n} ,

Finally, both Lemma 3.4.2 and Lemma 3.4.3 give the expected result.

2- If we now assume p > ny, Ny < 1, set

-1
=B (e 2 )

V(1) n)
By = — Va(—1).
A m—1+m—1 A1)

Then,

[ ] Z N,\—i-B,\]

A

INIEENE (Z]@[NHBA]—ZAA[HBAJ),
A A
Z [1+ By +ZA)‘B/\<]\1[)\_1>'

A

Since N, < 1, a sufficient condition for the preceding result to remain true is that By > 0, which
means

7m(nn* p) 4 (nﬁp) VA(1)Va(=1)

This holds in the particular case when

where ay = nx/VA(1)Vy(—1).
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Chapter 4

Optimal risk estimation via
cross-validation in density estimation

Here is a paper that has been published in Comput. Statist. and
Data Analysis in 2008. The underlying idea is to provide an “opti-
mal” estimator of the risk of a given family of histograms in order
to perform model selection.

We first derive a closed-form expression for the leave-p-out es-
timator of the risk in the particular case of kernel estimator and
histogram. Plug-in estimators of its bias and variance are deduced
so that we define the best p of the leave-p-out estimator among
1 < p < n—1 as that one which provides the smallest estimated
mean square error.

It turns out that we are able to derive closed-form expressions
for all the involved quantities, which results in a computationally
reasonable data-driven procedure.

Some simulations are carried out to highlight the better behaviour
of the leave-p-out with respect to the V-fold cross-validation as
well as to the leave-one-out in the multiple testing framework.
Following the strong requirement of a referee, we have also per-
formed a simulation with completely irregular histograms (of ex-
ponential complexity), which results in the better behaviour of
the proposed procedure with respect to the leave-one-out.

4.1 Abstract

The problem of density estimation is addressed by minimization of the L?—risk for both histogram and
kernel estimators. This quadratic risk is estimated by leave-p-out cross-validation (Lpo), which is made
possible thanks to closed-form formulas, contrary to common belief. The potential gain in the use of Lpo
with respect to V-fold cross-validation (V-fold) in terms of the bias-variance tradeoff is highlighted. An
exact quantification of this extra variability, induced by the preliminary random partition of the data in
the V-fold, is proposed. Furthermore exact expressions are derived for both the bias and the variance
of the risk estimator with histograms. Plug-in estimates of these quantities are provided, while their
accuracy is assessed thanks to concentration inequalities. An adaptive selection procedure for p in the
case of histograms is subsequently presented. This relies on minimization of the mean square error of the
Lpo risk estimator. Finally a simulation study is carried out which first illustrates the higher reliability of
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the Lpo with respect to the V-fold, and then assesses the behavior of the selection procedure. For instance
optimality of leave-one-out (Loo) is shown, at least empirically, in the context of regular histograms.

4.2 Introduction

Histograms are a widespread tool in the context of nonparametric density estimation thanks to their
simple interpretability. For regular histograms it is known that the asymptotic optimal partition width
in terms of risk minimization is of the order n~'/3, especially in the case of L?—loss [5]. Some work
has been done for other loss functions with similar results (see [3] for L'—loss for example). [15]
presented a selection procedure based on leave-one-out (Loo) and essentially regular histograms. He gave
analytical expression for his Loo estimators but did not assess the performance of his procedure except by
simulations. When such closed-form formulas no longer exist, some efficient algorithms may sometimes
be proposed (see [8]).

As their approximation properties are clearly better than those of histograms, kernel estimators have
already been widely studied in the context of density estimation. Their convergence rates outperform
those of histograms and they are especially well suited for smooth densities. In the aforementioned article,
[15] already gives exact expressions of kernel based risk estimates, but only in the Loo case. A large
part of the literature is devoted to the search for an ”optimal” bandwidth. Nevertheless, the lack of a
closed-form and tractable formula for the risk estimator usually leads only to asymptotic considerations
which are sometimes unsatisfactory (see [12]).

The present paper has two purposes. In Section 2, we provide closed-form formulas for the leave-p-out
(Lpo) estimator of the L?—risk, in the case of both histogram and kernel estimators. These formulas
and the following results can be easily extended to the multiple dimension case. In the specific case of
histograms, analytical expressions of both the bias and the variance of the Lpo risk are given with an
assessment of their accuracy. Secondly, we see in Section 3 how much better the Lpo estimator may be
with respect to the V-fold by means of exact calculations as well. We therefore furnish a quantification of
the unwanted variability induced by the preliminary partition of the data in the V-fold. Trying to hit the
best bias-variance tradeoff in the specific case of histograms, we present a selection procedure for p that
relies on the minimization of the mean square error (MSE) of the risk estimator. In Section 4, we show an
illustration of how unduly variable the V-fold kernel estimator may be. We also discuss simulation results
about density estimation. As for regular histograms, an empirical optimality result is shown for the
Loo, whereas better results are obtained for Lpo (p # 1) in the case of non-regular histograms for instance.

4.3 Closed-form expressions for the Lpo risk estimator

4.3.1 Framework

We consider n independent identically distributed random variables X1, ..., X, with values in the prob-
ability space (X, B, u), where p is the Lebesgue measure. Let us assume that their common distribution
P is absolutely continuous with respect to p and denote by s its density w.r.t u. As it depends on the
context, X is to be precisely defined later.

Set 5 any estimator belonging to a given class S. We aim at estimating s, that is at finding the ”closest”
estimator to s among S in terms of minimization of the L?—risk:

RE) =E. [ s-3]2].
Ideally, we would like to find s* such that
s = Argming sR(5) — Argmings E, [n sIE+ 1513 -2 [ sta)s(a) dx} 7
X
= Argmingc sL(5), (4.1)
where
L(5) = E, [|| 12 —2/ s(z)5(2) dw} . (4.2)
X

Note that s* is obviously unreachable due to its dependence on s.
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4.3.2 Cross-validation estimators

For example in the kernel density estimation context, looking for the optimal bandwidth commonly involves
the leave-one-out cross-validation (Loo) in order to estimate the risk function. This procedure consists in
splitting the observations into two parts. The n — 1 first observations are used to compute a well chosen
estimator, whereas the last observation is devoted to the assessment of the accuracy of this estimator. We
run that process n times, corresponding to the n possible choices of a subsample of size n — 1 among n
observations. We finally average the n resulting quantities, thus obtaining the Loo-risk estimate [6]. This
method provides computation-time tractable estimators that are nearly or totally unbiased (see respectively
(3.4) and (2.8) in [15]). Nevertheless the resulting estimation is known to suffer some variability which
could attain undesirable levels (see [4]). An alternative method is the leave-p-out cross-validation (Lpo).
Similarly to the Loo, observations are split into two subsets of cardinality n — p and p, that are used
respectively for computing the estimator and measuring its performance. The average of the (;‘) obtained
quantities provides an estimator referred to as the Lpo estimate.

Definition 4.3.1 (Lpo risk estimator). Set Xi,...,X,, n independent identically distributed random
variables. For p € {1,...,n — 1}, let &, be the set of all possible p-subsets of {1,...,n}. For any
ecé&, e={1,...,n}\ e and X° = {X;/i € e}. With the same notations as before,

~ 1 - 1 -
Lp(3)= 75 D IISe\@—?;Zse(Xi) :

(IJ) e€&, i€e

where 5¢ denotes any estimator of S built from X°€.

Generally, this estimator is computation-time prohibitive due to the (;}) subsamples we have to visit.

Moreover, we have to keep in mind the widespread intuition that the larger p is, the less variable but the
more biased the Lpo estimator should be.

Lpo estimation being currently held as untractable, the V—fold cross-validation (V-fold) is the usual
adopted compromise: preventing excessive variability and being weakly biased (see [4] and [10]). It
consists in randomly partitioning the data into V' subsets of equal size (V' = n/p). One of them being
fixed, the estimator is computed on the others and its performance is evaluated on the fixed one.
Averaging the V resulting quantities (one for each fixed element of the partition), we get the named
V-fold estimator. We underline that unlike the Lpo case, the V subsets are disjoint. In addition, the
essential drawback of this method is its dependence on a preliminary random splitting of the data into V'
groups (V being determined by the practitioner), which introduces unwanted randomness.

4.3.3 Explicit expression for the Lpo risk estimator
Histograms and kernels

In the sequel when considering histograms, let M = Mp be the set of all possible partitions of X = [0, 1]
in D intervals. For any m € M, m = (Ix)k=1,...,p, where the intervals I} are ordered from left to right,
and for any k € {1,..., D}, wy = |Ii| denotes the length of I;. We set

Q=0p={wel0,1)?/Vk=1,...,D, wp = |Ii|, I €m, m € M}.
The associated histogram is defined as

Sw = 7]111‘»’ (43)

where n; denotes the number of observations in Ij.

For sake of simplicity, we only consider X = [0,1]. However, the following results can be extended to
X = [0,1]¢. Note that we do not require histograms to be regular. Although from a computational point
of view we cannot work with completely irregular ones, the collection of partitions we visit may be made
of irregular ones of a special type, as we will see in Section 4.5.2 for instance.

In short, w will abusively be referred to as the partition to which it corresponds.

In the following, we refer to kernels as those introduced by [14] and [13] defined on X = R. As above for
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histograms, results about kernels can be easily generalized to X = R?. For any such kernel K, h is called
the bandwidth and Kj(-) = 1/h K(-/h). The corresponding density estimator is for any h > 0,

B () = %ZKh(- ~X). (4.4)

S denotes the set of all possible estimators, i.e. either histograms built from M or kernels, depending on
what we are talking about.

Leave-p-out and variability control

We now point out the two possible ways of applying Loo to the estimation of (4.2). According to the
above Loo description, we estimate f[o 1 s(z)s(z)dz by 377" | $@(X;), where $() denotes the estimate
(50) € S) computed from the n — 1 data Xi,...,X; 1, Xi11,..., X,. However two estimators of E,||3]|3
may be proposed, so that we can define two Loo estimators of L(3):

(1) N 1~
"e= 15 - 23500, (4.5)
i=1
1O 1o
T(2) =@ o
LP@E =3 15705 - 223 50X (4.6)
=1 i=1

To quantify the relationship between the two possible estimators, [15] gave the following

Lemma 4.3.1. In the case of a reqular D-piece histogram (w = 1/D) with the above notations,

MW = 2 n+l ZD:(”’“>2, (4.7)

m—1Nw (n-1w —\n
Z(2) (w) _ 2n—1 _ n2 i (@)2 - (48)
! n—1)2%w (n-1)>2%w —\n

Then,
~1 ~(2 1
B0 - 1) =0 (5)
Provided n is large enough, both these estimators should give similar results.
The Loo estimator is known for its possible high-level of variability. To prevent this drawback, we consider
Lpo estimation which enables us to control the variance of our estimator by means of the choice of p. As
noticed by [? | but only in the case of the Loo, applying cross-validation to histograms provides us with
an explicit formula for the L?—risk estimator. We extend this remark in the case of the Lpo estimation in
which we get explicit theoretical expression for the risk estimate. First, we give some notations and the
definition of the two possible Lpo estimators of the risk.

Definition 4.3.2 (Lpo risk estimators). Set X1,..., X, n i.i.d. random variables. Forp € {1,...,n—1},
let £, be the set of all possible p-subsets of {1,...,n}. For any e € &, € = {1,...,n} \ e and X¢ =
{X;/i €e}. With the same notations as before,

6 = I5E2@)TY S, (49)

e€&, i€e
T(2) (= n)—1L ~e 1 ~e
LPG) = () X |15°15 -2 ];ZS (X |, (4.10)
ec&, ice
where 5¢ denotes any estimator of S built from XE.

We clearly see the analogy with the expressions (4.5) and (4.6) in the case of the Loo and like [15], we
get explicit theoretical formulas for those estimates.
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Exact Lpo risk estimator for histograms and kernels

First of all, we give the following combinatorial lemma.
Lemma 4.3.2. Set a D—partition (I,), e € &, and X©¢ = {X;/i € €}. For any k € {1,...,N}, define

Then for pe {1,...,n— 1},

vke{l,... N}, Y ngng = mu(m—1) (072,
e€&y

S(nf)? = e (W) (g —1) (7).

From these elementary relations, inverting the sums yields

Theorem 4.3.1 (Lpo risk estimators for histograms). For any p € [1,n — 1], and any w € Q,

N N

N ~ 2 Nk n+1 1 /np\2

IWw = L = =y " _ITo5~ 2 (—) 411

p (@) ! n—léinw, n—1we\n ’ (4.11)

N N

~ 2n—p ng n(n—p+1) 1 /ng\2

IOw) = ——2P _ —_ffifzfg). (4.12)

(n—1)(n—p) = nwy, (n—=1)(n—p) wp \n

In (4.11), the independence with respect to p prevents us from controlling the variance of our estimator
as we were expecting to. Using Lpo only on the integral term in (4.2) ends up being the same as applying
Loo. Such a behavior is essentially the consequence of linearity in (4.9). Introducing non-linear term in
(4.12) with the L? norm, we obtain some dependence on p that will be useful to control the variability.
Unlike the Loo case, large values of p could induce a significant discrepancy between Ez(?) (w) and E]g,l)(w).
From now on as we want to control the variance of the risk estimator by an appropriate choice of p,

we consider E;,Q)(w) as the Lpo risk estimator for histograms for a given partition w. In the following,

Ly(w) = Z;Z) (w). Note that such a closed-form formula is all the more interesting as it avoids a large
amount of computations: we do not have to compute an estimator from the training set and then assess
its performance on the remaining data at each step.

As for kernels, similar calculations lead to

Theorem 4.3.2 (Lpo risk estimators for kernels). Following the definition (4.4), set K a kernel and
h > 0, its bandwidth. Then for anyp € {1,...,n — 1},

T 7T _ 1 2 n—p-— 1 *
Lp(h) - LP(K7 h) - (n _p) |‘Kh||2 + n(n _ 1)(?1 _p) ; Ki,j
2
——= NTKi, 4.13
n(n_ 1) ; »J ( )

where K ; = (K * K), (X; — X;), with denoting by * the convolution product and K; ;j = Kn(X; — Xj).
Remarks:

e The computation of each term relies only on the calculation of the matrix (Kn(Xi — Xj)),<; i,
which is the elementary piece you have to deal with whenever you use kernel-based estimates.

e In the sequel, Ep(w) denotes the histogram risk estimator built from w whereas Ep(h) is its kernel
counterpart, with bandwidth h.

In order to show how easy the Lpo risk 2estimator is to compute, we deal with the case of the widespread
Gaussian kernel K¢(.) = 1/v/2me /200",
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Lemma 4.3.3. For anyp € [1,n—1]={1,...,n—1} and h > 0, we get

- 1 n—p—1~ (XN
LS(h) = 1 i\
» (M) 2y/m(n—p)h * n(n —1) ;e

21 ()
_\/;n(nl)h Ze S '
i#]

Note that the computation of this quantity only relies on the matrix with general term
(exp [— (X; — X;) /h)QD e At the beginning of the fourth part, we show an example of density
1<i,5<n
estimation using this risk estimate.

4.3.4 Closed formula of the bias and the variance for histograms
Theoretical expressions

Thanks to the aforementioned exact expressions of the Lpo risk in the case of histograms, we are now
in position to give theoretical expressions for both the bias and the variance of L,(w). The following
proposition is proven in the appendix.

Proposition 4.3.1 (Exact bias and variance expressions). Let w correspond to a D—partition (I)x of

[0,1] and for any k € {1,...,D}, ag, = Pr(Xy1 € Ij) such that « = (oa,...,ap). For any (i,j) €
D i j

{1,...,3} x{1,2}, s;=>4_;0/wi. Then,

Bw) = Bylaw) = — 2 3" axll=ow) -
P TP T n(n—p) P Wi ) .
w) = W) = p2pa(n, o, w) + po1(n, a,w) + po(n, a,w)
) = Vilaw) Lrrenes) | s
where
pa(n,o,w) = 2n(n—1)[(n—2)(s2,1 + 511 — s32) —nsa2 — (2n —3)s3 4] ,
e1(n,o,w) = —2n(n—1)(3n+ 1) [(n — 2)(s21 — S3,2) — ns22] +

2n(n —1) [2(n+1)(2n — 3)s3 , 4+ (—3n® + 3n 4+ 4)s11] ,
4n(n — 1)(7’L + 1) [(n — 2)(82)1 - 83)2) — n8272] —
2n(n— 1) [(n® + 2n+1)(2n — 3)33’1 +(2n® —4n —2)s1 1] +

n(n—1)*(s12 — 53 ,).

S
=
L
&
I

Plug-in estimates

From expressions (4.14) and (4.15), replacing the unknown «y by ai = ng/n for each k provides us with
plug-in estimates.

Definition 4.3.3. Set a = (5%,...,%2), where Yk € {1,...,D}, ny = |{i/X; € I.}|. With the same

n
notations as in Proposition 4.3.1, we define

Byw) =B, (@w) = —L 31 (1 - @) : (4.16)

(4.17)

We want to assess their accuracy by use of a concentration inequality for sums of independent random
variables, which we just recall for the sake of sufficiency.
Note that the only requirement is the independence of the variables.
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Theorem 4.3.3 (Bernstein’s tail inequality). Let X1, ..., X,, be independent real-valued random variables
with zero mean, such that Vi, |X;| < ¢ a.s.. Defining 0> = n='>" | VarX; and S, = Ei’;l X;, we

obtain for any e > 0,
1 ne
Pr( =S, < —_— . 4.18

Unlike Hoeffding’s tail inequality, which does not really take the variance into account, Bernstein’s
bound is of the same order as e™"¢ if 02 < ¢, while it is of the order e with Hoeffding’s inequality.
The former is consequently tighter when the variance of the observations may be weak, which could be
the case in our statement.

Both the mean-value theorem and the above Bernstein inequality yield the following proposition. A brief
proof is given in the appendix.

Proposition 4.3.2 (Accuracy of the plug-in bias estimator). With the same notations as before, for any
p € [1,n— 1] and any given D—partition m € M associated with w, we have

~ 3 —n)2
Ve >0, Pr(|B,(w)— By(w)| >¢) <2Dexp | — n(n pzl(n_p) 2| (4.19)
2p*M(w)*(1 + 55707 ©)

where M(w) = Zszl i .

In the worst case we have M(w) < n?, as the number of elements of the expected partition does not

exceed the number of observations. Nonetheless according to the Bernstein inequality, if the partition

3n2(n—p)
sz(wZ)) e]

Furthermore, p makes the bound worse as it grows: according to (4.14), a rise in p makes the scale of
variation of the bias around its expectation higher, hence causing bigger fluctuations. Typically a large
value of p may be chosen when s is not smooth enough, which generates larger variations. This bound may
be consequently quite realistic. Using the binomial distribution of nj; and the Cramer-Chernov method,
it is possible to get a similar bound.

In the same way, we can obtain such a type of bound for the plug-in variance estimator thanks to concen-
tration inequality and the mean-value theorem. Thus, we give

bandwidth (i.e. ming wy) is not too small, the bound decreases like exp [f

Proposition 4.3.3 (Accuracy of the plug-in variance estimator). For any p € [l1,n — 1], and w €
QN [0,17, consider £([0,1]P,R) endowed with ||.||. Set ry,, = [n(n—1)(n—p)]? and o(x) = 1,V (z,w).
Defining M(n,p,w) = sub,eioyp [IDall, (Dap € £(0, 115, R) V), we get Ve > 0,

Pr(|T () — Vp(w)| = €) < 2D exp [—’; (M(npw)) (1 n W)] - (1.20)

The same interpretation applies to this upper bound which is derived from Bernstein’s inequality.
Notice that the smoothness condition is expressed here through the term M (n,p,w), which is well defined
because of the continuity of € [0,1]” — D,y € £([0,1]”,R). It therefore means that the smoother
the density, the more accurate the plug-in variance estimator. This proof is deferred to the appendix as well.

It is easily seen that the aforementioned plug-in estimators are both biased. As for the bias, a simple
calculation provides the following unbiased estimator:

Lemma 4.3.4. For any w,

D(w) R
= _ D ag(l—ag)
B = g 2w

Note that as the bias of the plug-in variance estimator is more intricate and involves the unknown
density s, an unbiased estimate of the variance is not achievable.
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4.4 Reliability of estimators

4.4.1 Exact calculation of the gap between variances of Lpo and V-fold esti-
mators

The V-fold procedure relies on a preliminary random partitioning of the data in V subsets of cardinality
p = n/V. Not only does it suffers from the lack of a criterion for choosing which V' is preferable (this is
also the case for the Lpo risk), but this supplementary randomness also induces unwanted variability. The
latter might be non negligible, especially in the choice of the bandwidth A, which highlights the interest
in the use of the Lpo risk estimator rather than V-fold one.

In order to give evidence of this phenomenon, we first need the following notations. Let {E,...,Ey}
denote a random partition of {1,...,n} in V disjoint subsets of size p. For any e € &,, we define the
following random variables which are not independent

Z. = 1, ifee{E,...,Eyv},
= 0, otherwise.

Then the V-fold risk estimator can be expressed as:

Definition 4.4.1 (V-fold risk estimator). For any kernel K and h > 0, we define

v

- 1 1

Lyv(h) = > Tp, = v > Z.T., (4.21)
k=1 e€&p

with T, = |[3F[} — 2 Sie, F(X0), Ve € &,

In order to quantify the variability due to the random partition, we denote by E [.], the expectation
with respect to the Z, variables. Thanks to the following proposition, we compare the variance of the Lpo
risk estimator with that of the V-fold one:

Proposition 4.4.1. For any h > 0,
E, {Ev(h)} = L,(h), (4.22)
Vx.z (Ev(h)) - Ex [VZ (Ev(h))} FVy {Ep(h)} : (4.23)

and

o) - (o m) B 6
1 T, T. T, Te
(%) 2w X .

2
eNe’=0 \P P e#te' €&, (;D) ’

where V5 is the variance with respect to Z., Ex and Vx denote the expectation and variance with respect
to the data, and Vx 7 represents the variance with respect to both the data and the Z.’s.

As both terms on the right-hand side of the equality are positive, (4.23) states that there is an increase in
the variability of the risk estimator due to the random partition: Vx z (ZV (h)) > Vx [Ep(h)} . Combined

with Ez {fv(h)} = fp(h), this entails that both these estimators share the same bias whereas the V-fold

is more variable than its Lpo counterpart: Lpo risk seems to be more reliable an estimator than V-fold
(see Section 4.5.1 and more precisely Figure 4.2).
We are interested in assessing how large the discrepancy between variances of the two estimators is. To do

this, we calculate V (ZV (h) ) We simplify (4.24) in the same way as the Lpo risk estimator. Due to its
intricate expression, this exact and computable formula is not shown here. However it is used in Section
4 to compute the exact value of Vy (fv(h) )
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4.4.2 Choice of the parameter p

As in the V-fold where V is a user-specified parameter, we have to choose the value of p from which we
apply the leave-p-out. The criterion we use in this purpose is the mean square error (MSE) of the Lpo
risk defined by

MSE(w,p) = MSE (L)) = (By(@))* + Vy(w).

In the following we work with a fixed w € [0, 1]”. Consequently, we omit w in the notation and consider
the MSE as a function of p: MSE(w,p) = MSE(p) that we want to minimize. The theoretical minimum
location p* offers the best tradeoff between the square bias and the variance of the estimator.

Exploiting the above plug-in estimators, we propose the following Z\m@p(w)) = ]\75\E(p)

Definition 4.4.2 (Plug-in MSE estimator). With the same notations as in (4.16) and (4.17), we define
— ~ 2
MSE(@p) = (Byw)) + Vp(w). (4.25)

Obviously, the accuracy of this estimator can be straightforwardly derived from that of Ep and ‘//\'p
(see (4.19) and (4.20)), and is not explicitly mentioned.

Our present goal is to find p € [1,n — 1] such that

p = Argmin ] MSE(p). (4.26)

pe [1,n
The first step of our strategy is to determine the global minimum location pups of that criterion in R :

Dabs = ArgminpeR@(p). (4.27)
Then we shall build p from this p,ps. Differentiating z € R — MSE (z) provides an explicit expression for
Dabs- Thus, we get

Theorem 4.4.1 (Exact Dups). Set for any x € R, (z) = ]\75\E(9:) With the notations of proposition
4.3.1, we obtain

2%[p3(n, &, w) + @2(n, & w)| + 1 (n, &, w) + o (n, &, w)

vl = [n(n— 1)(n — )]

b

where @3(n,a,w) = (n — 1)%(s1,1 — s2.1)>
In the sequel, we drop arguments (n,a,w). Moreover,

e if oo =0, then x € [1,n — 1] — ¢ (z) increases.
e otherwise, ¢y > 0 and
(a) if
2n[ips + 2] + 1 # 0, (4.28)

then Paps exists and Daps = —(n@1 + 2p0)/(2nfpa + @3] + ©1) . Moreover, if Paps & [1,n — 1],
then x € [1,n — 1] — 9(x) increases.

(b) Otherwise, 2n[ps + @3] + w1 = 0 implies that ¢ increases in [1,n — 1].

The elementary proof of this theorem is also deferred to the appendix.
Condition (4.28) should not to be too restrictive, which is satisfied in our simulations (see Section 4.5.2).
Note that Theorem 4.4.1 does not assert that pups € [1,n — 1].
Thanks to Theorem 4.4.1, we now define p as

k(ﬁabs) P if ﬁabs S [1,Tl - 1}

p= 1, otherwise ’ (4.29)

where k(x) denotes the closest integer to x.
Note that p = p(w) as we have worked with a given w € [0,1]7.
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4.4.3 Adaptive selection procedure for histograms

Although we are unable to provide an adaptive procedure for kernel estimators, it is possible at least for
histograms. Ideally we would like first to find w* defined as

w* = Argmin, o L(5,) = Argmin o E, l” 50 3 —2/ s(x) S (x) dm] )
0

)

which corresponds to the best histogram. As L(8,,) depends on the unknown s, we use E,,(w). A natural
idea would be to look for R
W= Argmin o L,(w).

The resulting & depends on the value p of the leave-p-out procedure. As a criterion for choosing the
parameter p, we introduce the mean square error (MSE) for which we get an explicit expression. As
above, we use a plug-in estimator of the MSE that we want to minimize as a function of p. The resulting
optimal p realizes the best tradeoff between both the bias and the variance of L,(w).

Procedure

1. For each w € Q, determine the optimal p(w) = Argminpe [Ln-1] @(Ep(w))

~

2. For each w € Q, compute L () (w).

3. Set @ = Argmin ., {zﬁ(w)(w)} .
4. Define the final histogram by s = ;.

This procedure can be applied to any collection of partitions we want to explore.

4.5 Simulations and discussion

4.5.1 Influence of V on the choice of the optimal bandwidth

A large part of the literature about kernel estimators is devoted to the choice of an optimal bandwidth A*
defined as
h* = Argmin, . (E [||s — ,|[3] .

In the following illustration, we are interested in both providing evidence of the only weak confidence we
can have in the V-fold with respect to the Lpo risk estimator and in showing how influential p could be on
the choice of h for kernels. In the following example, we estimate s = 0.5*N(0,9.1072)4+0.5x N (1,9.1072).
A sample of size n = 500 is drawn and we use the Gaussian kernel risk estimator given in Lemma 4.3.3.

Reliability of the V-fold

In order to understand how the V-fold is related to the Lpo, we can think of the V-fold as a way to
approximate the ideal Lpo, since the latter used to be considered as unreachable. Except for small
fluctuations due to random partitioning of the data, the V-fold with V' = n/p is expected to behave nearly
as the Lpo estimator does. We provide here a kind of confidence region for the V-fold estimator (Figure
4.1). The width of this region expresses how wrong the V-fold estimate may be. With that objective,
we use a closed-form formula for (4.24) as already mentioned. In Figure 4.1, the exact computation of
Vz (Ev(h)> = 0(h)?, for p = 100 (V = 5) enables us to plot h Ep(h) + 25(h). We observe the quite
wide range of variation for the selected bandwidth h as ﬁLpo = 0.1, whereas ﬁLpoJrza(h) = 0.115 and
hipo—25(n) = 0.08.

As it introduces no unwanted variability, the Lpo risk estimator is more reliable than the V-fold one, all
the more as this supplementary variability could be non negligible, as is observed in Figure 4.2. From
100 samples of size n = 100 drawn from N(0,0.25) , we compute both the V-fold and Lpo risk estimates,
which provides us with an estimation of their variances. Whereas the surface corresponding to the Lpo risk
estimator is rather smooth, that of V-fold is much more irregular, with rather large fluctuations around
Lpo estimation values.



4.5. SIMULATIONS AND DISCUSSION 93

LPO risk estimator
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Figure 4.1: Graph of the Lpo risk versus h for p = 100. Plain line depicts the Lpo risk, dashed line denotes
L,(h) + 26(h), dotted line represents L,(h) — 25(h). Vertical lines denotes minimum location for each
criterion

Dependence of the Lpo risk estimator on p

An assessment of the dependence of h on p is possible thanks to the left panel in Figure 4.3, which shows
how influential the parameter p is on the values of the selected bandwidth h= Argmmh>0L (h), chosen
by leave-p-out. In this simulation, we use a sample of size n = 500 drawn from the following Gaussian
mixture: 2/5 N(0,0.09) +3/5 N(0,0.25). We notice the large variation of h as h varies from 0.22 for p = 1
to 0.34 for p = 450. There is therefore a real potential effect of the choice of p. The influence of p on the
Lpo risk estimator itself is observable on the right panel in Figure 4.3, where the Lpo risk estimator is
plotted versus p and h.

4.5.2 Density estimation by regular histogram

In the following simulations, we consider the classical density estimation framework. This study was
carried out with five different densities: the uniform distribution on [0,1], a two-step density s(z) =
3e/51 g c-11(x)+2/[5(1—1/€)] L1 1)(z), the two Beta densities 3(1,5) and 3(5, 10), and two Beta-mixture
densities. The successive sample sizes are n = 100, 500, 1000 and 2000. We use regular histograms with
D bins, D € [1, Kjnaz], with K. = 25, 50, 100, 150 and 200. Each condition was repeated 500 times
for n < 500 and only 250 times otherwise.

The main observation for our purpose is that the procedure described in Section 4.4.3 always selects p = 1.
The reason may be that regular histograms are not sensitive enough to catch the slight variation in the
risk estimation, enabled by the change of p. As expected, the Loo risk estimator is all the more accurate
as the smoothness of the density increases. Thus, the best results are obtained for the uniform density.
Contrary to what is usually thought, the leave-one-out procedure applied on regular histograms seems to
achieve the best tradeoff between a small bias and a variance that is not too high with respect to other
cross-validation procedures. Note that condition (4.28) was never violated in our simulations.

4.5.3 Multiple testing context and non-regular histograms

We want to carry out the simultaneous test of a very large number n of hypotheses from which an unknown
number ng > 0 are true. It is well known that a key quantity to estimate in this context is the proportion
mo = no/n (see [11]). It appears that a way to obtain an estimator of mg is to estimate the density of
the p-values corresponding to each hypothesis we are testing. These p-values are assumed to be i.i.d. and
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Figure 4.2: Top panel: Graph of the empirical variance of the Lpo risk estimator versus the bandwidth
h and the parameter p. Bottom panel: Graph of the empirical variance of the V-fold estimator versus
the bandwidth h and the parameter n/V (to enable comparisons).
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Figure 4.3: Left panel: Graph of the selected bandwidth h with respect to the different values of p,
using the Lpo risk estimator Right panel: Graph of the Lpo risk estimator versus the bandwidth h and
parameter p.

drawn from the density
s=moljp,1) + (1 —m0)f,

where f is an unknown density on [0, 1], that concentrates around 0, decreases and vanishes when far
enough from 0. Figure 4.4 depicts an example of a histogram obtained from the Hedenfalk data set ([7]).
We consider three sample sizes n = 500, 1000 and 2000. Due to computational reasons, each condition was
repeated 500 times for n = 500, whereas only 250 times for n = 1000 and 2000. For f, we therefore use a
Beta density (1, A), the parameter of which is fixed successively at levels A = 10, 25, 50, 100 and 1000.
The real proportion 7y successively equals 0.5, 0.75, 0.9 and 0.95. Our prior knowledge of s leads us to
consider irregular histograms, in the same way as [2], obtained as follows. For each K € [1, K42, that
denotes the number of bins of a preliminary regular histogram, we consider all histograms with D € [1, K]
bins, built from the latter by agglomerating its columns from 1 to A = (D — 1)/K. An example of such a
histogram is given in Figure 4.5. Eventually the procedure depends on another parameter K,,,, that is
the maximal size of the considered regular histograms. It is set at levels 60, 80, 100 and 120. Unlike what
happens for regular histograms, the proposed procedure most of the time chooses p # 1, and even much
larger values than 1. The considered irregular histograms are more flexible and seem quite well suited to
this kind of problem. Nevertheless, the still poor approximation properties of histograms often result in
the final choice of the same histogram as the leave-one-out. For instance, we get different histograms in
only 7.4% of the simulations for my = 0.95 and A = 5, but up to 37.8% when 7y = 0.5 and A = 50. In the
multiple testing framework, since f vanishes when far enough from 0, a plausible estimator of 7y may be

ﬁ{i/Pie [X,l“7

m(1—2N)

o =

where [X 1] denotes the interval corresponding to the widest column of the selected histogram and
Py,..., P, are i.i.d. random variables drawn from s. Thus in Table 4.1, we observe that both Loo
and Lpo estimators overestimate mg. However, the Lpo based estimation is less biased than the Loo. Note
that there is no observable dependence of the selected histogram on the parameter K, 4.
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Figure 4.4: Regular histogram of p-values from Hedenfalk data with 56 bins.

Figure 4.5: Example of agglomerated histogram obtained by agglomeration of bins from 1 to 0 of the
Hedenfalk histogram.

) %gpo—ﬂ'o 7?(1)’00—770
0.5 0.014 0.016
0.9 0.008 0.010
0.95 0.005 0.007

Table 4.1: Example of the empirical bias of the Lpo based estimator of g (%OL P?) and of its Loo counterpart
(7ko°) for mp € {0.5,0.9,0.95}, n = 1000, A = 10 and 250 simulations.
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Figure 4.6: Left panel: Example of Lpo (resp. Loo) histogram in dashed line (resp. dotted line) with
respect to the true mixture density (plain line).

4.5.4 Density estimation by irregular histograms

As the lack of flexibility of regular histograms is in question, we consider irregular histograms. They are
obtained from a preliminary thin and regular grid of [0, 1] with K € N* pieces. A histogram of dimension
D corresponds to a partition of [0,1] in D elements, each one being the union of elementary pieces of
the preliminary grid. Our goal is to choose the best histogram among all possible histograms obtained
from the given preliminary grid. The dimension D of such a histogram satisfies D € [[1, Dypas], with
Dmaw < K.

We simulate 500 samples of size n = 900 drawn from s, where Vz € [0,1], s(z) = 4/3 (z —a)?/(b —
a)3]1[a)b](:z) +5/9 1o q(x)/(d — ¢), with a = 0.14, b = 0.24, ¢ = 0.57 and d = 0.87. Here, K = 60 and
Do = 30. The selection of the best histogram is made by use of dynamic programming, which was
introduced in [1] and essentially consists of a fast algorithm that provides the optimal solution.

Figure 4.6 shows a noticeable difference between histograms selected either by Lpo or by leave-one-out:
between the two distribution supports, the Loo estimation is larger than 0 whereas its Lpo counterpart is
0. Both histograms differ from each other in more than 90% of the simulations. The empirical risk of the
Lpo histogram estimator, computed from the 500 repetitions, is systematically lower than that of the Loo
one.

4.5.5 Discussion

First, this work provides some tools to better understand the behaviour of cross-validation and more specif-
ically, that of the leave-p-out cross-validation. To our knowledge, it is the first one that gives such results
in the finite sample framework. Thanks to the closed-form expressions we derived, we are in position to
give a kind of recipe for choosing the parameter p and inferring the behaviour of the V-fold cross-validation
as well. For instance, our results suggest that a V-fold based bandwidth may be less reliable than a Lpo
based one.

As for regular histograms, we get an empirical optimality result that identifies the leave-one-out risk esti-
mator as the best one in terms of the bias-variance tradeoff, among procedures based on cross-validation.
The change in the behavior of the proposed procedure when using non-regular histograms of a special type
may be due to rather poor approximation properties of regular histograms, especially in case of spatial
inhomogeneity. In Section 4.5.4, the compact-support densities used to build the mixture density s exploit
that idea. Combined with irregular histograms, noticeable differences are obtained between leave-p-out
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and leave-one-out estimators, Lpo with p # 1 leading to both an observable better spatial adaptation and
a lower true risk.

As for kernels, our simulation study shows a strong dependence of the Lpo risk estimator and the resulting
bandwidth A on the parameter p. A future work will develop a similar criterion to that of histograms, in
order to choose the parameter p when kernels are used. To this end, exact calculations or at least asymp-
totic tools may be explored. However in the context of kernels, simulations have shown how unreliable
the V-fold risk estimator may be. Unlike the Lpo, its preliminary random partitioning of the data induces
unwanted variability and may lead to a strong over- or under-smoothing.

4.6 Appendix
4.6.1 Sketch of proof of Theorem 4.3.2
Theorem 4.3.2 relies on the following

Lemma 4.6.1. With the same notations as above, set e a subset of {1,...,n} of size p. Then,
Vi € Hlvnﬂ’ ZeESP ]l{ieé} = (n;l) ’

Vi, j € [1,n], i # 7, Zeegp Ticalijeey =

Ycee, Liceyljeey =

),

(np—Z
(1) -

4.6.2 Proof of Proposition 4.3.1

For the bias, a simple calculation of the expectation of the estimator provides (4.14). The variance is more
complex to obtain although it is not essentially different. The only things we can use are that for each k,
1,,(X;), i=1...,n are i.i.d. and consequently, ny ~ Bin(n,ay). So we give the following

Lemma 4.6.2. For any k # 1,

Es[ngni] = n(n—1)ago.
E.[nin?] = n(n—1Dara; +n(n—1)(n —2)[arad + atoy + (n — 3)aia?].
E[nen?] = n(n—1ara; +n(n—1)(n —2)as.

For the first moments of the binomial law, we refer to [9]. After some calculation, we get

om T2 _ (n=p+1)(n-2)
(n—p)EsL;_, = 2= 1) 2(n—p+1)sg1851,1—
2(p—2)s32+(n—3)(n—p+ 1)53’1 +2(2n — p)sz,l] +

81,2 n—p+1
s

And combining with
2 T 2 2 2.2
(n=p)? (BuLnoy) =5ty +(n—p+1)%3, =200 —p+ siasaa,

we obtain the desired expression for the variance.
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4.6.3 Proof of Proposition 4.3.2

Set By(a,w) = p(a) = p/ (n(n —p))ZkD:1 vr(ag), with Vo € [0,1], ¢r(x) = (1 — z)/wi. Using that
SUPge(0,1]P [[Dzepl| < Z/?:l 1wy = M(w), we get

p
max’@ fozk' > me> ,
e

which enables us to conclude by applying Bernstein’s inequality.

Pr

IN

k

Pr(Bye) - Byl 29 < Pr (M) - alle > 2 )
(g2

IA

4.6.4 Proof of proposition 4.3.3

We differentiate ¢ defined by ¢(z) = 1, pVp(2,w), Vo € [0, 1] which is continuously differentiable (polyno-
mial). Thanks to the continuity of  — ||D,¢|| and the compactness of [0,1], SUpgeqo,1p [ Dapll < 00
Denoting this quantity by M (n,p,w), we then have

Va,y € [0,1]°, |o(z) — o(y)| < M(n,p,w)||z — Y-

This induces that

Pr([V, — Vy| > ¢) Pr(Jp(@) — ¢ (@) > €rny)

< Pr(M(n,pw)la—-al, >erny),
Nk Tn
< Pr||-—= — ’ > 0P ¢,
> < n S Mnpw) )
n T 2 1
(Bernstein) < 2Dexp |—— ( P 6) s .
2 \ M(n,p,w) L+ sarnhay €

|
4.6.5 Sketch of proof of Proposition 4.4.1
The main argument in the proof is this combinatorial lemma:
Lemma 4.6.3. For anyp € [1,n—1],
1.Vee&,, L(Z)=B{V/({})),
2. Ve#e €&y EylZeZo]=V(V-1)/(2) (7).
|

4.6.6 Proof of theorem 4.4.1

Excluding cases where there exists kg such that ng, =n,

B, = ‘ Z /(1 = ne /) > 0in R*\ {n}

n(n —x) - Wk

implies that ¢ > 0 in R* \ {n} (1)(z) —— +oo as is the case for B2).

Tr—n
Furthermore, ¥(0) = £5 -
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1. If o9 = 0, then Vo € R\ {n}, ¢¥(z) = x% ~If n((p2 + @3)n + @1) = 0, there exists v € R
such that (p2 + @3)x + @1 = v(n — x), whence Vo € R\ {n}, ¥(z) = ;2= , which is excluded by

¥ >01in R*\ {n}. So, n((p2 + ¢3)n + ¢1) > 0 and Vo € R\ {n}, x(v2 + v3z + ¢1) > 0.
Suppose 2 + @3 = 0, then as above ¢; = 0 and ¥ = 0, which contradicts ¥ > 0 in R\ {n}.

If o + 3 # 0, 1 =0 and ¢(x) = % with @2 + 3 > 0, 9 strictly increases in [1,n — 1].

2. Otherwise, g # 0 and ¢ > 0 in R\ {n} as the continuity of ¢ at 0 implies that pg > 0.

In the following, we consider the latter case.

¥ > 0in R\ {n}, so that  — (p2+p3)x® + 12 +¢@o > 0in R\ {n}. At z = n, (p2+¢3)n?+@1n+e@e # 0.
Otherwise, we would write either (g2 + ¢3)2% + @17 + 0o = c(n — )% or (p2 + p3)2% + P12 + o = (n —
z)(ax+0b), a,b, c € R. Thus, either respectively 1 (x) ﬁ» +o00, or ¢(zr) —— +o0 and Y(z) —— —o0

r—mn

for example, which is excluded. Then,
@2+ @3n® + 1n + @ > 0, (continuity) (4.30)

and we obtain that the discriminant A = @3 — 4¢o(p2 + 3) < 0, whence s + @3 > 0.
The derivative ¢’ in R \ {n} satisfies

1oy (2n(p2 + 93) + 01)T + N1 + 20

1. If 2n(p2 4+ p3) + 1 = 0, (4.30) implies np; + 2¢g > 0, that is, ¢ grows in [0, n[.

2. Otherwise, there exists an extremum location py = —% for ).

(a) If 2n(pa+¢3)+p1 < 0, then (4.30) yields both that nep; +2¢g > 0 and py = Wm >

n. The sign of the derivative indicates that ¢ increases in [0,7n].

(b) If 2n(p2 + 3) + 1 > 0, in a similar way we get pg < n. So, either pg belongs to [0,n[ or py < 0
in which case 1 also increases in [0, n][.
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Chapter 5

A leave-p-out estimator of the
proportion of true null hypotheses

The main concern of this chapter is the estimation of the unknown
proportion of true null hypotheses in the multiple testing frame-
work. This work is tightly connected to the previous chapter since
the same approach is applied in this specific context.

However, we derive a new estimator of the unknown proportion
o, which enjoys some asymptotic theoretical properties and pro-
vides a tight asymptotic control of the false discovery rate.

A simulation study enables the comparison between the proposed
estimator and some widely used competitors, which results in the
better performance of our proposal.

Furthermore, this new estimator allows to cope with some troubles
referred to as the “U-shape” condition, where other estimators
dramatically fail.

5.1 Abstract

In the multiple testing context, a challenging problem is the estimation of the proportion 7wy of true-null
hypotheses. A large number of estimators of this quantity rely on identifiability assumptions that either
appear to be violated on real data, or may be at least relaxed. Under independence, we propose an esti-
mator Ty based on density estimation using both histograms and cross-validation.

Due to the strong connection between the false discovery rate (FDR) and 7, many multiple testing proce-
dures (MTP) designed to control the FDR may be improved by introducing an estimator of my. We provide
an example of such an improvement (plug-in MTP) based on the procedure of Benjamini and Hochberg.
Asymptotic optimality results may be derived for both 7y and the resulting plug-in procedure. The latter
ensures the desired asymptotic control of the FDR, while it is more powerful than the BH-procedure.
Finally, we compare our estimator of 7wy with other widespread estimators in a wide range of simulations.
We obtain better results than other tested methods in terms of mean square error (MSE) of the pro-
posed estimator. Finally, both asymptotic optimality results and the interest in tightly estimating m are
confirmed (empirically) by results obtained with the plug-in MTP.

103
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5.2 Introduction

Multiple testing problems arise as soon as several hypotheses are tested simultaneously. Like in test theory,
we are concerned with the control of type-I errors we may commit in falsely rejecting any tested hypothesis.
Post-genomics, astrophysics or neuroimaging are typical areas in which multiple testing problems are
encountered. For all these domains, the number of tests may be of the order of several thousands. Suppose
we are testing each of m hypotheses at level 0 < o < 1, the probability of at least one false positive (e.g.
false rejection) may equal ma in the worst case. A possible way to cope with this is to use the Bonferroni
procedure ([8]), which consists in testing each hypothesis at level a/m. However, this method is known to
be drastically conservative.
Since we may be more interested in controlling the proportion of false positives among rejections rather
than the total number of false positives itself, Benjamini and Hochberg [3] introduced the false discovery
rate (FDR), defined by
P

FDR=E [1 " R} ,
where a Vb = max(a,b), F'P denotes the number of false positives and R is the total number of rejections.
A large part of the literature is devoted to the building of multiple testing procedures (MTP) that upper
bound FDR as tightly as possible ([4, 5]). For instance, that of Benjamini and Hochberg (BH-procedure)
[3] ensures the following inequality under independence

FDR < mya < «,

where my denotes the unknown proportion of true null hypotheses, while « is the actual level at which
we want to control the FDR. Since 7wy is unknown, the BH-procedure suffers some loss in power, which
is all the more deep as mg is small. A natural idea to overcome this drawback is the computation of an
accurate my estimator, which would be plugged in the procedure. Thus my appears as a crucial quantity
that is to be estimated, hence the large amount of existing estimators. We refer to [15, 6] for reviews on
this topic. The randomness of this estimation needs to be taken into account in the assessment of the
procedure performance ([11, 24]).

In many of quite recent papers about multiple testing (see [6, 9, 10, 11]), a two-component mixture density
is used to describe the behaviour of p-values associated with the m tested hypotheses. As usual for mixture
models, we need an assumption that ensures the identifiability of the model parameters. Thus, most of
o estimators rely on the strong assumption that there are only p-values following a uniform distribution
on [0,1] in a neighbourhood of 1. However, Pounds et al. [17] recently observed the violation of this key
assumption. They pointed out that some p-values associated with induced genes may be artificially sent
near to 1, for example when a one-sided test is performed while the non-tested alternative is true. To
overcome this difficulty, we propose to estimate the density of p-values by some non-regular histograms,
providing a new estimator of my that remains reliable in the Pounds’ framework thanks to a relaxed
”identifiability assumption”.

In the context of density estimation with the quadratic loss and histograms, asymptotic considerations have
been used by Scott ([22]) for instance. A drawback of this approach relies on regularity assumptions made
on the unknown distribution. Some AIC-type penalized criteria as in Barron et al. [1] could be applied
as well. However, such an approach depends on some unknown constants that have to be calibrated at
the price of an intensive simulation step (see [16] in the regression framework). As it is both regularity-
assumption free and computationally cheap, we address the problem by means of cross-validation, first
introduced in this context by Rudemo ([18]). More precisely, the leave-p-out cross-validation (LPO) is
successfully applied following a strategy exposed in Celisse et al. [7]. Unlike Schweder and Spjgtvoll’s
estimator of mg ([21]), which depends on a user-specified parameter A, ours is fully adaptive thanks to the
LPO-based approach.

The paper is organized as follows. In Section 1, we present a cross-validation based estimator of g (denoted
by 7o) derived from a strategy previously exposed in [7], from which we only remind few necessary notations
(see Section 1.2), but no result. This estimator relies on several assumptions that are fully specified and a
description of the whole 7y estimation procedure is given. Section 2 is devoted to asymptotic results such
as consistency of Ty. Then we propose a plug-in multiple testing procedure (plug-in MTP), based on the
same idea as that of Genovese et al. [11]. Tt is compared to the BH-procedure in terms of power and its
asymptotic control of the FDR is derived. Section 3 is mainly concerned with the performance assessment
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of our my estimation procedure in a wide range of simulations. A comparison with other existing and
widespread methods is carried out.The influence of the 7y estimation on the power of the plug-in MTP is
inferred as well. Experimental evidences for almost overall improvements are obtained with the proposed
method.

5.3 Estimation of the proportion of true null hypotheses

5.3.1 Mixture model

Let Py,..., P, be m i.i.d. random variables following a density g on [0,1]. Pi,..., P, denote the p-
values associated with the m tested hypotheses. Taking into account the two populations of (Hy and Hy)
hypotheses, we assume ([6, 9, 11]) that g may be written as

vz € [0,1], g(x) = mofolx) + (1 — mo) f1(x),

where fo (resp. f1) denotes the density of Hy (resp. Hy) p-values, that is p-values corresponding to true
null (resp. false null) hypotheses. 7 is the unknown proportion of true null hypotheses. Moreover, we
assume that fp is continuous, which ensures that fo = 1: Hy p-values follow the uniforme distribution
U([0, 1]). Subsequently, the above mixture becomes

Vz € [0,1], g(x) =mo + (1 — o) f1(z), (5.1)

where both mg and f; remain to be estimated.
Most of existing my estimators rely on a sufficient condition which ensures the identifiability of my. This
assumption may be expressed as follows

IN€)0,1)) Vie{l,...,m}, Pie [\, 1] =P ~U(N,1]).  (A)

(A) is therefore at the origin of Schweder and Spjgtvoll’s estimator ([21]), further studied by Storey
([24, 25]). It depends on a cut-off A € [0, 1] from which only Hy p-values are observed. This estimation
procedure is further detailed in Section 5.5. The same idea underlies the adaptive Benjamini and Hochberg
step-up procedure described in [4], based on the slope of the cumulative distribution function of p-values.
If we assume A\* = 1 (that is f1(1) = 0), Grenander [12] and Storey et al. [26] choose g(1) to estimate
7o, where g denotes the estimator of g. Genovese et al. [11] use (1 — G(t))/(1 —t), t € (0,1) as an upper
bound of 7y, which becomes (for ¢ large enough) an estimator as soon as (A) is true.

However, this assumption may be strongly violated as noticed by Pounds et al. [17]. This point is detailed
in Section 5.5.2. Following this remark, we propose the milder assumption (A'):

N =[N € (0,1]) Vie{l,...,m}, P,e A" = P ~UNY). (A

While it is a generalization of (A), this assumption remains true in Pounds’ framework as we will see
in Section 5.5.2. Scheid et al. [19] proposed a procedure named Twilight, which consists in a penalized
criterion and provides, as a by-product, an estimation of my. Since this procedure does not rely on
assumption (A), it should be taken as a reference competitor in the simulation study (Section 5.5) with
respect to our proposed estimators.

5.3.2 A leave-p-out based density estimator

If g satisfies (A’), any ”good estimator” of this density on A* would provide an estimate of my. Since g
is constant on the whole interval A*, we adopt histogram estimators. Note that we do not really care
about the rather poor approximation properties of histograms outside of A* as our goal is essentially the
estimation of A* and of the restriction of g to A*, denoted by g5~ in the sequel.

For a given sample of observations P, ..., P, and a partition of [0,1] in D € N* intervals I = (Ix)k=1,...D
of respective length wy = |Ij|, the histogram §,, is defined by

Vo e0,1],  Su(z)=)
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where my, = #{i € [1,m] : P; € I;;}.
If we denote by S the collection of histograms we consider, the ”best estimator” among S is defined in
terms of the quadratic risk:

s = ArgminggE, [Hg - SHS} )

Ar@nnges{EgUw|ﬂ-—zj&uscwg@»dx}, (5.2)

where the expectation is taken with respect to the unknown g. According to (5.2), we define R by

1m>EAma;4swwmm. (5.3)

3

In (5.3) we notice that R still depends on g that is unknown. To get rid of this, we use a cross-validation
estimator of R that will achieve the best trade-off between bias and variance. Following ([13]), we know
that leave-one-out (LOO) estimators may suffer from some high level variability. For this reason we prefer
the use of leave-p-out (LPO), keeping in mind that the choice of the parameter p will enable the control
of the bias-variance trade-off.

At this stage, we refer to Celisse et al. [7] for an exhaustive presentation the leave-p-out (LPO) based
strategy. Hereafter, we remind the reader what LPO cross-validation consists in and then, give the main
steps of the reasoning. First of all, it is based on the same idea as the well-known leave-one-out (see
[13] for an introduction) to which it reduces for p = 1. For a given p € [1,m — 1], let split the sample
Py, ..., P, into two subsets of respective size m — p and p. The first one, called training set, is devoted
to the computation of the histogram estimator whereas the second one (the test set) is used to assess
the behaviour of the preceding estimator. These two steps have to be repeated (7;) times, which is the
number of different subsets of cardinality p among {Py,..., Py}

Closed formula of the LPO risk This outlined description of the LPO leads to the following closed
formula for the LPO risk estimator of R(S,) (see [7]): For any partition I = (Ij)g=1,.p of [0,1] in D
intervals of length wy, = |Ij| and p € [1,m — 1],

~ 2m D D my m—p+1) Do my\ 2
Rp(w) = (m ’; Wk “D(m—p) ; or ( m ) , (5.4)
where my = #{i € [1,m] : P, € I}, k = 1,...,D. As it may be evaluated with a computational
complexity of only O (mlogm), (5.4) means that we have a very efficient estimator of the quadratic risk
R(5,). Now, we propose a strategy for the choice of p that relies on the minimization of the mean square
error criterion (MSE) of our LPO estimator of the risk. Indeed among {Rp(gw) :p € [1,m—1]}, we
would like to choose the estimator that achieves the best bias-variance trade-off. This goal is reached
by means of the MSE criterion, defined as the sum of the square bias and the variance of the LPO risk
estimator. Thanks to (5.4), closed formulas for both the bias (5.5) and the variance (5.6) of LPO risk
estimator may be derived. We recall here these expressions that come from [7].

Bias and variance of the LPO risk estimator Let w correspond to a D—partition (I ) of [0, 1] and
for any k € {1,..., D}, ay = Pr[P; € I}] such that a = (a1,...,ap) € [0,1]7
Then for any p € [1,m — 1],

2 a (1—ag)
By(w) = Byla,w)= zjk 8 (5.5)
k:l
%@)z‘mmM—pW“““)p%m““”wwna” (5:6)

[m(m —1)(m —p)]? ’
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where

D
V(Z,j) € {1v73} X {1a2}v Si,j :Za']ii)/w-]{;’
k=1

ea(m,,w) = m(m—1)[2s22 + 4s32(m —2) + 53, (—4m +6)] ,
p1(m,,w) = m(m—1)[—8s29 — 8s32(m —2)(m+1) —4s1152.1(m —1)—
255 1 (—4m* +2m + 6)] ,

m(m — 1) [s12(m — 1) — 255 5(m* — 2m — 3)+

4s32(m —2)(m +1)? — sil(m -+

4811821 (m?* — 1) + 83,1(—4m +6)(m+1)%].

&
3
L
£
I

Plug-in estimators may be obtained from the preceding quantities by just replacing «y, with ax = my/m
in the expressions. Following our idea about the choice of p, we define for each (partition) w the best
theoretical value p* as the minimum location of the MSE criterion:

p* = Argminpe [1m-1] MSE(p) = Argmin, {Bp(w)Q + V;)(w)} . (5.7)

The main point is that this minimization problem has an explicit solution named pg, as stated by Theorem
3.1 in [7]. For the sake of clarity, we recall the MSE expression:

Minimum location expression With the same notations as for the bias and the variance, we obtain
for any z € R,

2%[ps(m, o, w) + a(m, @, w)] + 21 (M, @, w) + @o(m, o w)

MSE(x) = im(m — 1) (m — 2)]°

?

where @3(m, a,w) = (m —1)%(s11 — s2.1)%

Thus, we define our best choice p for the parameter p by

k(Pr) . if pr € [1,m —1]

1, otherwise ’ (5-8)

p=
where k(x) denotes the closest integer near to z and pr has the same definition as pj, but with & instead
of a in the expression.
Remark: There may be a real interest in choosing adaptively the parameter p, rather than fixing p = 1.
Indeed in the regression framework for instance, Shao [23] and Yang [28] underline that the simple and
widespread LOO may be sub-optimal with respect to LPO with a larger p. In the linear regression set-up,
Shao even shows that p/m — 1 as m — +o0 is necessary to get consistency in selection.

5.3.3 Estimation procedure of 7
Collection of non-regular histograms

We now precise the specific collection of histograms we will consider. For given integers Npin < Nmaz,
we build a regular grid of [0,1] in N intervals (of length 1/N) with N € [Npin, Nmaz]. For a couple of
integers 0 < k < ¢ < N, we define a unique histogram made of first k regular columns of width 1/N,
then a wide central column of length (£ — k)/N and finally N — ¢ thin regular columns of width 1/N. An
example of such an histogram is given in Figure 5.1. The collection S of the histograms we consider is

defined by
S= U SN,
Ne [Nmin:Nmaz]
where
VN, Sv={8, : wgr1=C—k)/N, w;=1/N fori#k+1, 0<k<{<N}.

Provided (A') is fulfilled, we expect for each N a selected histogram with its wide central interval [\, p]
close to A*. The comparison of all these histograms (one per value of N) enables to relax the dependence
of each selected histogram on the grid width 1/N. Note that Ny,;, may always be chosen equal to 1.
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4.5

3.5 B

(o] .2 0.4 0.6 0.8 1

A H

Figure 5.1: Example of non-regular histogram in S. There are k = 7 regular columns from 0 to A = k/N,
a wide central column from A to p = ¢/N, and N — ¢ = 7 regular column of width 1/N from p to 1.

Estimation procedure

Following the idea at the beginning of Section 5.3.2, Ty will consist of the height of the selected histogram
on its central interval [\, u]. More precisely, we propose the following estimation procedure for my. For
each partition (represented here by the vector w), we compute p(w) = Argminp]\jS\E(p,cu)7 where MSE
denotes the MSE estimator obtained by plugging mg/m in place of a4 in expressions of (5.7). The best (in
terms of the bias-variance trade-off) LPO estimator of the quadratic risk R(S,,) is therefore ]?i;,(w) (w). Then
we choose the histogram that reaches the minimum of the latter criterion over S. From this histogram, we
finally get both the interval [\, 1], which estimates A*, and

7o = 7o(h i) it m](Dﬁe— ;;ﬁ” |

These steps are outlined hereafter
Procedure:

1. For each partition denoted by w, define p(w) = Argminpl\m (p,w).
2. Find the best partition © = Argminwﬁtﬁ(w)(w).
3. From &, get (X, ).

4. Compute the estimator 7y =

5.4 Asymptotic results

5.4.1 Pointwise convergence of LPO risk estimator

Lemma 5.4.1. Following the notations in Section 5.5.2, for any p € {1,m — 1} and w, we have

Moreover if 8s1152,1 — 25%_’1 + 8830 — 105%71 —4s99 #0 , then

where lo(w) € [0,1].
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PrOOF

1. We see that

©3 =+ Y2 = 4m3 [83’2 — Sg’l] + 0(’I”I’L3)7
o1 = 8m? [75372 + 3371} + 0(m4),
Yo = 4m5 [83)2 — 8371] + 0(m5).
Thus for any p € {1,...,m — 1} and partition of size vector w € [0,1]” we have

MSE(p,w) = Om— oo (;) )

2. Simple calculations lead to

2
pﬁ%(w) 883)2 — 482)2 + 481)18271 — 882’1

= l(a,w).
m m——+o00 851718271 — 28%1 + 88372 — 105%71 — 45272 ( ’ )

For any k Q) —>— ay, the continuous mapping theorem implies the almost sure convergence.
m——+o0

Finally, the result follows by setting foo (w) = Lip(a,w)efo,1}£(ct, w). |

Proposition 5.4.1. For any given w, define p(w) as in Section 5.3.2 and Ep(w) = ﬁp(w) + |lgl|3. If

loo(w) # 1, we have

=~ def = P def
Lw) = Lpw) ——— L(w) = [lg — sul[3-

Remark: Note that the assumption on ¢, does seem rather natural. It means that the test set must be
(at most) of the same size as the training set (p/(n —p) = Op(1)). Moreover, {o(w) = 1 if and only if

821 — S2,2 — 83,2 = —3 51,1, which holds for very specific densities.
PrOOF N ,
The first part of Lemma 5.4.1 implies that R,(w) — R(5.) P 0. Combined with

R(5,) —— L(w) — ||g]|3, it yields that for any fixed p,
m—00

Lyw) —— L(w)-

Finally, the result follows from both the continuous mapping theorem and the assumption on /...l

5.4.2 Consistency of 7

We first emphasize that for a given N € {Nyin, - - ., Nmax } any histogram in Sy is associated with a given
partition of [0, 1] that may be uniquely represented by (N, A, ). We give now the first lemma of the
consistency proof.

Lemma 5.4.2. For \* # p* € [0,1], let s be a constant density on [A*,p*]. Suppose Ny such that
for any Npmin < N, it exists a partition (N, A, p) satisfying 0 < p— X < p* — A\*. For a given N, let wy
represent the partition (N, Ay, un) with Ay = [NAX*|/N and un = | Nu*|/N. Define s, as the orthogonal
projection of s onto piecewise constant functions built from the partition associated with w. If the dimension
of a partition is its number of pieces, then wy is the partition with the smallest dimension satisfying

wy € Argmin||s — st%
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Proor
For symmetry reasons, we deal with partitions, for a given N, made of regular columns of width 1/N from
0 to A and only one column from A to 1 (e.g. we set u = 1). In the sequel, I™N) denotes the partition
associated with wy.

1. Suppose that it exists wg such that s = s,,. Then ||s — s, ||3 = 0 and wy € Argmin||s — s,||3-
2. Otherwise, s does not equal to any s,,.

(a) If \* = k/N, then Ay = \*. Any subdivision I of I") satisfies ||s —s,,||3 = ||5 — 54, ||3, where w
corresponds to I. Now, let F; be the set of piecewise constant functions built from a partition
I. For any partition I = (Ix)x such that Vk, IlEN) C Iy, for a given ¢, then F;r C Frvy. Thus
[[5—50]13 = |[s—Swn ||3+]|Swy —5w]|3, since s,y —5., € Frn. Therefore, wy € Argmin,,||s—s,||3.

(b) If \* ¢ {1/N,...,1}. As before, any subdivision of I"V) will have the same bias, whereas it is
larger for any partition containing I™). So, wy € Argmin||s — s,||2.1

Lemma 5.4.3. With the same notations as before, we define L(w) = ||s—s,||3. Let L be a random process
indezed by the set of partitions Q such that Z(w’) %» L"), for any ' € Q. If & € Argminwf(w),
then N

L@®) % min{L(w) : w € Q}.
Proor
Set I' € Q such that Vw € ', L(w) = min, co L(w’) and define § = ming,4,rer |L(w) — L(w')|/2. For
|Q| = k and |I'| = ¢, we have the ordered quantities L(w') = --+ = L(wF) < L(w**!) < ... < L(w"). Set

¢ > 0. For cach w', it exists m; (large enough) such that for m > m;, |L(w') — L(w')| < €, with high
probability. For mpax = max; m;, we get max,ecq |L(w) — L(w)| < € in probability. Thanks to the latter
inequality and by definition of &,

L(@) < L[@) + € < L(w) + € < L(w) 4 2¢, in Probability

for any w € Q\ I'. Hence, we obtain

L(®) < min_ L(w) = L(w**1), in Probability.
weO\I

Thus, @ € T" with high probability and the result follows.l

Theorem 5.4.1. For 0 < \* < p* <1, let s : [0,1] — [0,1] be a constant function on [A*,pu*] such
that s is not constant on any interval I with [\*, u*] G I (if it exists). Suppose Npmin such that for any
Numin < N < Npax, it exists a partition (N, A\, p) satisfying 0 < p— X < p* — X*. Set Q = UnQn, where
Qn denotes the partitions associated with Sy . If Ty is the estimator described in Section 5.3.8 selected
from Q, then

~ P
9o — TQ-
m——+oo

Pr[ S <2> S <2> > 6] s

< Pr Al e )]+ Pr{llss = 8l 5 > €3]

ProoFr
For € > 0 and Npin < N < Npax,

PI"H’]TO —%0| > 6]

IN

Pr[|L(&) — L(wy)| > 6] + Pr [Sup |50 — 8w |2 > ez/NmaX} ,

~

for some § > 0 (|||, (1,5 denotes the quadratic norm restricted to [A, 72]). As the cardinality of the set of
partitions is finite (Nyax does not depend on m),

Pr |sup ||Sw — §w| \3 > GQ/Nmax:l — 0.
w m——+oo
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We use the following inequality |L(@) — L(wy)| — |L(@) — L@)| < |L(®) — L(wy)| and the uniform
convergence in probability of L — L over Q (|| < +00) to get
Pr[|L(®) — L(wy)| > 6] < Pr [|Z(a) — L(wy)| > '],

for some &’ > 0. The result comes from both Lemma 5.4.2 and Lemma 5.4.3.1

5.4.3 Asymptotic optimality of the plug-in MTP

The following is inspired by both [11] and [25]. In the sequel, we will remind some of their results to state
the link. First of all for any 6 € [0, 1], set

e Q)= gy and @9@):(;?(;,

where G (resp. G) denotes the (empirical) cumulative distribution function of p-values. Let define the
threshold T, () = T'(«,0,G) = sup{t € (0,1) : Qp(t) < a}. Now we are in position to define our plug-in
procedure:

Definition 5.4.1 (Plug-in MTP). Reject all hypotheses with p-values less than or equal to the threshold
To(7o)-

Storey et al. [25] established the equivalence between the BH-procedure and the procedure consisting in
rejecting hypotheses associated with p-values less than or equal to the threshold T, (1), named the step-up
T, (1) procedure. We may slightly extend Lemma 1 and Lemma 2 in [25] by using similar proofs, so that
they are omitted here.

Lemma 5.4.4. With the same notations as before, we have

(i) the step-up procedure Ty (To(0,1)) = Tw (1) is equivalent to the BH-procedure in that they both reject
the same hypotheses,

(i) the step-up procedure T, (%O(X,ﬂ)) is equivalent to the BH-procedure with m replaced by T (3\\, ).

Thus, we observe that the introduction of 7Ty (supplementary information) in our procedure entails the
rejection of at least as much hypotheses as the BH-procedure (7, in nonincreasing). Hence our plug-in
procedure should be more powerful, provided it controls the FDR at the required level «.

We settle this question now, at least asymptotically, thanks to a slight generalization of Theorem 5.2 in
[11] to the case where G is not necessarily concave (see the ”U-shape” framework described in Section 5.5.2
for instance). For t € [0,1], let define FP(¢) (resp. R(t)) as the number of Hy (resp. the total number of)
p-values lower than or equal to t and set T'(t) = FP(t)/(R(t) V 1). Thus,

Vte[0,1], FDR(t)=E[(t)].

Theorem 5.4.2. For any § > 0 and o € [0,7[, define Ty = 7o + 6. Assume that the density f of
H; p-values is differentiable and is nonincreasing on [0, \*], vanishes on [A*, u*| and is nondecreasing on
[1*,1]. Then

(i) Qn, is increasing on I = Q; ([0, o),
(i) E[T(Ta(@)] < a+ o).

Remarks:

Note that the only interesting choice of o actually lies in [0, 7). If o > g, then FDR(t) < « is satisfied
in the non-desirable case where all hypotheses are rejected.

A sufficient condition on G for the increase of Qr,, is that G were continuously differentiable and
G'(t) < G(t)/t,Vt € (0,1]. Thus, G may be nondecreasing (not necessarily concave) and Q,, may increase
yet.

To prove Theorem 5.4.2, we first need a useful lemma, the technical proof of which is deferred to
Appendix.
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Lemma 5.4.5. With the above notations, for any « € (0,1], T(a,-,@) ¢ [0,1] — [0,1] 4s continuous
s.. Moreover for any 0 € [0,1], G — T(«,0,Q) is continuous on B*([0,1]), the set of positive bounded
functions on [0,1], endowed with the ||-||

PrOOF

(i)

As f is differentiable and nonincreasing, G is concave on [0, u*] and Qr, increases on this interval.
Following the above remarks, @, is still increasing provided G'(t) < G(t)/t for ¢t € [u*,1]. Thus
provided G'(t) < G(t)/t, Vt € [pu*, 1], Q increases on [u*,1]. Otherwise, there exists tg € [u*, 1] such
that G’'(tg) = G(to)/to. Then, the increase of f ensures that G(x)/z < G'(z), VY > to. Hence, Qn,
is nonincreasing on [tg, 1]. Finally since Q(mg) = 1, Qn, is increasing on I,.

Rewrite first the difference

r( (o, WO,G)) - F(T(a e, )) Qm( (o, wg,é))
+Qﬂo( a WO,A) Qm( (a,wé,é)) (5.9)
+Q,ro( a, 8, G ) Qo (T(a, 73, G)) (5.10)
+ Qo (T, 7, G)) — . (5.11)

Set n > 0 such that 2n < T'(a, 7§, G). Note that
~ 1
P (T(@7,6) = Qu (T@7,0) < o [V = Qo) )+

Lir(azg, &)<

Thus thanks to Lemma 5.4.5,

P [T(a 7.G) < n} < P[T(a,7,G) <n+op(1)] —— 0.

m——+o0
Besides, both Theorem 4.4 of [11] and Prohorov’s theorem ([27]) imply that
1
B[ Vi (0= Q) gy | = 000
Hence E [F (T(a 73, )) — Qry (T(a,%g,@))} = o(1).
Thanks to Lemma 5.4.5, the uniform continuity of @, combined with the convergence in probability
of @) ensure that the expectation of (5.9) is of the order of o(1).

Since T(a, 7y, G) = sup{t Qry(t) < amy/m}, B =mo/m§ < 1 and Q, is a one-to-one mapping on

I, we get Qr, (T, 7),G)) = Qr, (Qrs (a3)) = af. Thus,
Qo (T 78,G)) = Quy (T, 7, G)) = Quy (T(0B,0.G)) — 0B,

Theorem 5.1 ([11]) applied with o3 instead of o and tg = Q! («3) entails that the expectation of
(5.10) is o(1) as well.
Finally, (5.11) is equal to (8 —1)a < 0.1

5.5 Simulations and Discussion

5.5.1 Comparison in the usual framework (y = 1)

By 7usual framework”, we mean that the unknown f; in the mixture (5.1) is a decreasing density satisfying
assumption (A): it vanishes on an interval [A\*, 1] with A* possibly equal to 1. In this framework,

- _#i/ P
ST -
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Table 5.1: Results for the two simulation conditions (A*,s) = (0.2,4) and (A\*,s) = (0.4,6). The LPO and
LOO based methods are compared to the Schweder and Spjgtvoll estimator, 75? computed with A = 0.5.
(All displayed quantities are multiplied by 100.)
[0 =09 N=02s=4 [ XN=045=6 |
Method || Bias | Std MSE Bias | Std MSE
LPO [ 0.39| 25 |6.4110 % 0.56 | 2.8 | 8.00 102
LOO 0.46 | 2.3 | 5.521072 | 0.61 | 2.7 7.66 1072
7S5t -0.15 | 3.2 | 9.94 1072 || 0.24 | 3.1 | 9.58 102

Except X, this general expression was introduced by Schweder et al. [21]. Their estimator

#55(\) = ﬁ{igl]zae{f\\’)l]}’

is based on (A) and strongly depends on the parameter A € [0, 1] that is supposed to be given, but totally
unknown in practice. A crucial issue ([15]) is precisely the determination of an ’optimal® A.

A potential gain in choosing A

In 2002, Storey [24] studied further this estimator and even proposed ([26]) the systematic value A = 0.5
as a quite good choice. In the following, we show that even if assumption (A) is satisfied for A* = 0.2 or
0.4, there is a real potential gain in choosing A in an adaptive way.
In the following simulations, the unknown density f; in the mixture (5.1) is a beta density on [\*, 1] with
parameter s:

fit) =s/X*(1 - t/)\*)sflll[o)\*](t),
where (\*,s) € {(0.2,4),(0.4,6)}. The beta distribution is all the more sharp in the neighbourhood of 0
as s is large. The proportion 7 is equal to 0.9, the sample size m = 1000 while n = 500 repetitions have
been made. There does not seem to be any strong sensitivity to the choice of Np,q, (data not shown here),
as long as Ny,q. is obviously not too small. Until the end of the paper, Ny,in = 1 and Ny,q. = 100.
Table 5.1 shows the simulation results for the leave-p-out (LPO) and the leave-one-out (LOO) based
estimators of 7y, compared to that of Schweder and Spjgtvoll for A = 0.5 denoted by 75t. We see that
in both cases, LPO is less biased than LOO but slightly more variable, which leads to a higher value for
the MSE. This larger variability may be due to the supplementary randomness induced by the choice of
A. Both LPO and LOO seem a bit conservative unlike %OSt, which is however a little less biased. We say
that an estimator of 7y is conservative as soon as it upperbounds 7y on average. The main conclusion is
that the MSE of LPO (and LOO) is always lower than that of 75, even if the assumption (A) is satisfied
(A =0.5 > X\*). An adaptive choice of A may provide a more accurate estimation of 7y, which is all the
more important as m grows.

Comparison when \* =

We consider now the general (more difficult) case when (A) is only satisfied for A* = 1. Thus, f; is a beta
density of parameter s : f1(t) = s(1—¢)*"1, t € [0,1], with s € {5,10,25,50}. The sample size m = 1000
and 7y € {0.5,0.7,0.9,0.95}. Each condition has been repeated n = 500 times. We detail below four of
the different methods that have been compared in this framework.

Smoother and Bootstrap

In [26], the authors proposed a method consisting in first computing the Schweder and Spjgtvoll estimator
on a regular grid of [0,1] and then adjusting a cubic spline. The final estimator of 7y is the resulting
function evaluated at 1. This procedure is called Smoother.

The Bootstrap method was introduced in [25]. Authors define the optimal value of A as the minimizer of
the MSE of their my estimator. Since this quantity is unknown, they use an estimation based on bootstrap.
They also need to compute 7o(A) for values of A on a preliminary grid of [0, 1].

These methods are available as options of the gualue function in the R- package qvalue [26].
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Adaptive Benjamini-Hochberg procedure

In the sequel, this procedure is denoted by ABH and we refer to [4] for a detailed description. In outline,
the method relies on the idea that the plot of p-values versus their ranks should be (nearly) linear for large
enough p-values (likely Hy p-values). The inverse of the resulting slope provides a plausible estimator
based on assumption (A).

The ABH procedure may be applied through the function pwval.estimate.eta0 in package fdrtool with the
option method= "adaptive” http://cran.r-project.org/src/contrib/
Descriptions/fdrtool.html.

Twilight

In their article, Scheid et al. [19] proposed a penalized criterion based on assumption (A’). This is a sum
of the Kolmogorov-Smirnov score and a penalty term. The whole criterion is expected to provide the
widest possible set of Hy hypotheses. How the penalty term balances against the Kolmogorov-Smirnov
score depends on a constant C' that is to be determined. To do so, the authors propose to use bootstrap
combined with Wilcoxon tests. Besides, this procedure is iterative and strongly depends on the length of
the data, which could be a serious drawback with increasing data sets.

The function twilight is available in package twilight [20].

Results

As in the preceding simulation study, LPO and LOO refer to the proposed methods. Figure 5.2 illustrates
the performances for all the methods but ABH, for which results are quite poor with respect to other
methods (see Table 5.2). We notice that both Stg,, and Stp,. have systematically larger MSE than
the three remaining approaches. Our methods give quite similar results to each other in this framework.
Twilight, LPO and LOO furnish nearly the same MSE values in the most difficult case s = 5, when
mo > 0.5. Except for mg = 0.5 and s = 5, LPO and LOO all the more outperform upon Twilight
as the proportion raises. The better performance of Twilight in this set-up may be due to the classical
difference between cross-validation and penalized criteria. Indeed in the context of supervised classification
for instance, Kearns et al. [14] and Bartlett et al. [2] show that cross-validation is used to providing good
results, provided the noise level of the signal is not too high. Otherwise, penalized criteria (like Twilight)
outperform upon cross-validation. In the present context, s = 5 means that H; p-values are spread on a
large part of [0,1] and not only concentrated in a neighbourhood of 0, while myp = 0.5 indicates a larger
number of H; p-values in the distribution tail of the Beta density. Thus this situation may be held as the
counterpart of the noisy case in supervised classification. Nevertheless, LPO and LOO always outperform
Twilight when mg > 0.5. They are even uniformly better than T'wilight for my = 0.95, that is for small
proportions of H; hypotheses.

5.5.2 Comparison in the U-shape case

The 'U-shape case’ refers to the phenomenon underlined by Pounds et al. [17] on a real data set made of
Affymetrix 'pooled’ present-absent p-values (one p-value per probe set). We explore the behaviour of the
preceding methods applied to p-values with similar distributions. In our simulation design, the sample is
m = 1000, while 7y € {0.25,0.5,0.7,0.8,0.9} and n = 200 repetitions of each condition have been made.
Typically, the U-shape case appears when one-sided tests are made whereas the non-tested alternative
is true. For example, suppose the test statistics are distributed as a three-component gaussian mixture
model

o N(0,2.51072) 4+ % [N (a,0%) + N (b,v%)], (5.12)

where a < 0, b > 0 and 6,v > 0, corresponding to respectively non-induced, under-expressed and over-
expressed genes. We want to test whether genes are over-expressed, that is Hy : "the mean equals (' versus
H; : ’the mean is positive’. A test statistic drawn from N(a,6?) (under-expressed gene) is more likely to
have a larger p-value than those under N (b, v?), which correspond actually to over-expressed genes. This
phenomenon is clearly all the more deep as the gap between a and b is high and variances #? and v? are
small. Note that a similar shape may be observed when test statistics are ill-chosen.

In order to mimic Pounds’ example, we use (5.12) with —a = b € {1,1.5} and § = v € {0.5,0.75}. As
they were quite similar, results in these different conditions are gathered in Table 5.3. Except LPO and
LOO for which this phenomenon is not so strong, any other method all the more overestimates my as the
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Table 5.2: Numerical results for different 7y estimators with s = 10 and 7y € {0.5,0.7,0.9,0.95}. Four
other methods are compared to LPO and LOO. Stg,, denotes Smoother, Stgo.o: states for Bootstrap
and Twil for Twilight.(All displayed quantities are multiplied by 100.)

o 0.5 0.7

Method || Bias \ Std \ MSE Bias \ Std \ MSE
LPO 14 [ 35 [ 1451072 1.4 | 34 | 13.6 1072
LOO 1.6 [ 3413910721 16 | 3.3 | 134102
Stom 09 [ 51126210721 -09] 6.0 362102
Stooot || -2.3 | 4.0 [ 2091072 ][ -3.3 | 4.7 | 33.3 1072
Twil -1.0 [ 3.6 [ 1401072 || -1.5 | 42 | 19.4 1072
ABH | 3791 83 15.0 027 | 2.4 7.6

o 0.9 0.95

Method || Bias \ Std \ MSE Bias \ Std \ MSE
LPO 0.8 [36 1371072 05 [ 317 9.51072
LOO 1.0 | 34 [ 1251072 | 0.7 | 29 | 89102
Stom -05 ] 66 4311072 -1.0 | 5.5 | 30.8 1072
StBoot || -3.7 | 5.4 [ 43.41072 ] -3.7 | 5.1 | 39.6 10~2
Twil 16 | 44 [ 2181072 [ -1.6 | 42 | 20.210°2
ABH 98 [ 04 |9551072 1 49 | 0.1 | 24.1 1072

Table 5.3: Results of the U-shape case for the six compared methods for 7y € {0.25,0.5,0.7,0.8,0.9}.(All
displayed quantities are multiplied by 100.)

BE 0.25 I 0.5 I 0.7 |
Method || Bias | Std | MSE || Bias | Std | MSE || Bias | Std | MSE
LPO 55 | 6.2 | 0.7 55 | 5.2 | 0.6 53 | 44 | 0.5
LOO 6.2 | 5.7 | 0.7 6.8 | 5.7 | 0.8 6.6 | 4.8 | 0.7
St_.Sm || 75.0 0 56.0 || 50.0 0 25.0 || 30.0 0 9.0
St_Bo 43.2 | 3.2 18.7 289 | 2.2 8.4 174 | 1.6 3.0
Twil 73.2 | 2.5 | 53.6 || 47.5 | 3.0 | 22.6 || 27.4 | 2.3 8.0
ABH 455 | 5.4 21.0 31.4 | 4.2 10.0 19.8 | 3.1 4.0

[T I S Y N

Method || Bias | Std | MSE || Bias | Std | MSE

LPO 5.3 4.1 0.4 4.2 2.7 0.2

LOO 64 | 41 | 0.6 47 | 25| 0.3

St_Sm 20.0 0 4.0 9.9 0.2 1.0

St_Bo 11.6 | 1.3 1.0 54 | 1.6 | 0.3

Twil 175 | 1.8 3.0 8.0 | 1.3 | 0.7

ABH 13.8 | 2.3 2.0 74 | 1.3 | 0.6
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Figure 5.2: Graphs of the MSE of the 7y estimator versus logs, where s is the parameter of the Beta
density. Each graph is devoted to a given proportion, from 0.5 to 0.95. Stg,, denotes the MSE obtained
for Smoother, Stgoot that of Bootstrap while Twil states for Twilight.

proportion of p-values under the uniform distribution is small. In our framework, a growth in 7 entails
an increase in the right part of the histogram near 1, which is responsible for the overestimation (violation
of assumption (A)). On the contrary when my = 0.9, the violation of assumption (A)) is weaker and
similar values of MSE are obtained for the competing approaches. In this set-up, LPO, LOO and Stp,ot
provide systematically the lowest MSE values. In comparison, it is somewhat surprising that Twilight
overestimates 7y so much, since it should have remained reliable under assumption (A’). Despite the
preceding simulation results, we observe a repeated overestimation, which means that the criterion under-
penalizes large sets of p-values. The involved penalty may have been designed for the situation before (with
only one peak near 0), whereas it may be no longer relevant in this framework. This may be interpreted as
a consequence of the higher adaptivity of cross-validation based methods over penalized criteria. Finally
it is worth noticing that both the bias and the MSE of LPO are systematically lower than those of LOO,
showing the interest of choosing p in an adaptive way.

5.5.3 Power

Here, we study the influence of the estimation of my on the power of multiple testing procedures obtained
as described in Section 5.5.1 for various 7y estimators. The Twilight method is used for comparison,
in association with the Benjamini-Hochberg procedure ([3]). Our reference is what we call the Oracle
procedure, which consists in plugging the true value of my in the MTP procedure of Section 5.5.1. The
same simulations as in Section 5.5.1 are used for this study, which is carried out in two steps. In the first
one, we compare procedures in terms of their empirical FDR, in order to assess the expected control for
finite samples. Thus, we choose the level & = 0.15 at which we want to control the F DR and then compute,
for each of the n = 500 samples, the corresponding F'DP in the terminology of [11], e.g. the ratio of the
number of falsely rejected hypotheses over the total number of rejections. Finally, we get an estimator of the
actual F’ DR FDR by averaglng the simulation results. Table 5.4 gives results for the LPO and LOO based

procedures FDRLPO, FDRLOO and also for Twilight (FDRTMI) Benjamini-Hochberg (FDRBH) and
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Table 5.4: Values of the empirical estimate of the FDR (%) for the LPO (F/D\RLPO), LOO (F/ﬁ%Loo),

Twilight (F/ﬁTwil), Benjamini-Hochberg (Z*{D\RBH) and Oracle (ﬁgest) procedures. s denotes the
parameter of the Beta distribution used to generate the data.

| s [ m || FDRLpo | FDRLo0 | FDRrwi | FDRpy | FDRpes |

5 | 0.5 14.15 14.06 14.85 8.35 14.29
0.7 14.13 14.03 14.85 10.40 14.50
0.9 15.01 15.01 15.73 14.26 14.81
0.95 13.23 13.43 13.76 13.13 13.83

10 | 0.5 14.74 14.69 15.50 6.94 15.02
0.7 15.14 15.09 15.61 10.29 15.12
0.9 17.91 17.90 18.08 15.85 17.94
0.95 14.65 14.65 15.25 14.37 14.95

25| 0.5 14.88 14.82 15.51 7.48 15.04
0.7 14.69 14.64 15.19 10.47 14.84
0.9 15.50 15.57 16.31 13.56 15.92
0.95 14.35 14.22 14.51 13.19 14.19

50 | 0.5 14.76 14.71 15.42 7.40 14.89
0.7 14.81 14.77 15.23 10.36 14.87
0.9 13.93 13.82 14.79 13.17 13.98
0.95 16.12 16.32 16.57 14.65 16.08

Oracle procedures (F/D7%Best). In the second step, we check the potential improvement in power enabled
by the LPO-based MTP with respect to the BH-procedure. The assessment of this point is made in terms
of the expectation of the proportion of falsely non-rejected hypotheses among true alternatives (named
FNR here). This criterion is estimated by the average of the preceding ratio computed from each sample.

Table 5.5 displays the empirical F'IN R values, denoted by FNRy;po, FNRroo0, mgpwil, Fz\ﬁzBH and

FNR Best respectively for the LPO, LOO, Twilight, Benjamini-Hochberg and Oracle procedures. In both
steps of this study, s denotes the parameter of the Beta distribution that was used to simulate the data.

In comparison to the Oracle procedure (with the true m), Table 5.4 shows that the LPO procedure pro-
vides an actual value of the FDR that is almost always very close to the best possible one. Moreover in
nearly all conditions, LPO outperforms its LOO counterpart and remains a little bit conservative, e.g. it
furnishes a FDR that is lower or equal to the desired level . This observation empirically confirms the
result stated in Theorem 5.4.2. Besides as expected, the estimation of 7y entails a tighter control than
that of the BH-procedure where 7 > Mo = 1. Unlike the proposed methods, Twzlzght fails in controlling the
FDR at the desired level since F DRrywi is very often larger than F DRpest (the best reachable value),
and even larger than «. Subsequently, Twilight should not enter in the comparison of methods in terms
of power.

Table 5.5 enlightens that proportions of false negatives may be very high in most of the simulation con-
ditions, as shown by the Oracle procedure. Nevertheless, ﬁ\ﬁ%L po remains very close to the ideal one.
As a remark, note that the Twilight FNR estimates are also close to the Oracle values, but nearly always
lower. As suggested by FDR results, LOO is less powerful that LPO, whereas both of them outperform
by far the BH-procedure. Note that the proportion of false negatives strongly decreases when s grows,
which means that H; p-values are more and more concentrated in the neighbourhood of 0. As the interval
on which assumption (A) is satisfied is wider, the problem becomes easier. Besides, we observe a fall in
power when 7y grows in general. Indeed for small proportion of true alternatives, the "border” between
the two populations of p-values is more difficult to define as a large number of H; p-values behave like Hy
ones. Finally note that very often, the LPO procedure shares (nearly) the same power as the Oracle one.

5.5.4 Discussion

In this article, we propose a new estimator of the unknown proportion of true null hypotheses m. It relies
on first the estimation of the common density of p-values by use of non-regular histograms of a special
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Table 5.5: Average proportion of falsely non-rejected hypotheses (%) for the LPO (m“:o), LOO
(FNRLoo), Twilight (FN Rr.ii), Benjamini-Hochberg (FNRpp) and Oracle (FNRp.st) procedures. s
denotes the parameter of the Beta distribution used to generate the data.

| s [ m || FNRiro | FNRyoo | FNRrwi | FNRpn | FNRpes |

5 | 0.5 93.94 94.22 91.64 99.78 94.16
0.7 99.65 99.65 99.59 99.80 99.63
0.9 99.87 99.87 99.86 99.89 99.86
0.95 99.91 99.91 99.90 99.92 99.91

10 | 0.5 25.69 25.91 22.01 96.83 23.22
0.7 96.36 96.44 95.08 99.16 96.03
0.9 99.56 99.56 99.54 99.64 99.56
0.95 99.76 99.76 99.76 99.77 99.74

251 0.5 0.88 0.90 0.70 17.72 0.79
0.7 22.83 23.04 20.85 61.00 21.93
0.9 97.89 97.89 97.68 98.49 97.86
0.95 99.16 99.16 99.06 99.23 99.14

50 | 0.5 0.96 0.92 0.64 1.58 0.72
0.7 2.26 2.30 2.01 10.07 2.19
0.9 82.40 82.47 80.39 88.05 82.08
0.95 96.74 96.76 96.60 97.15 96.74

type, and secondly on the leave-p-out cross-validation. The resulting estimator enables more flexibility
than numerous existing ones, since at least it is still convenient in the ”U-shape” case, without any
supplementary computational cost.

Our estimator may be linked with that of Schweder and Spjgtvoll for which almost only theoretical results
with A fixed have been obtained by Storey. However unlike the latter, we provide a fully adaptive procedure
that does not depend on any user-specified parameter A\. Thus, asymptotic optimality results are here
derived with A = A. They assert, for instance, that the asymptotic exact control of the FDR with our
plug-in MTP is reached.

Eventually, a wide range of simulations enlighten that the proposed my estimator realizes the best bias-
variance tradeoff among all tested estimates. Moreover, the proposed plug-in procedure is (empirically)
shown to provide the expected control on the FDR (for finite samples), while being a little more powerful
than its LOO counterpart. Moreover, the results in Section 5.5.2 confirm the interest in choosing adaptively
the parameter p rather than the usual p = 1 value. The LPO procedure is very often almost as powerful
as the best possible one of this type, obtained when m( is known.

5.6 Appendix

Proor
First, we show that T'(«, -, G) is right (resp. left) continuous on (0, 1). As it is a similar reasoning, we only
deal with right continuity.

Let (en)n € (R’_’;_)N denote a sequence decreasing towards 0. For any 6 € (0,1), set Vn, r, = T(a, 0 +
€n, CA}’) a.s.. Then (r,), is an almost surely convergent increasing sequence, upper bounded by T'(«, 0, @)
To prove that T'(«, 6, CA?) is its limit, we show that for any § > 0, there exists € > 0 satisfying T'(«, 0 +
e,G) > T(a,0,G) — 6. Notice that there exists 7 > 0 s.t. T := T(a,0,G) = sup{t € [1,1] : Qo(t) <

a}. Then for 0 < § < n, T — 6 = sup {u en—-61-4]: Ou+d) a}. Provided ¢ is small enough,

G(u+9)
G(u+6) = G(u), Vu. Hence, T — 6 = sup{u €n—0,1-90]: @9(1;) + % < a} < T(o,0 + 6,G) =

sup {t €10,1]: % + ée(tt) < a} for any 0 < € < §6, which provides the result.
For the second point, define G € BT ([0,1]) and for any sequence (€,), € (Rj)N decreasing towards 0, let

(Hy,)n € (BT([0, 1]))N denote a sequence of positive bounded functions satisfying Vn, ||G — Hpl|leo < €n.
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Then for large enough n, we have

ot < - ot < 1 €n
_ T < L ocal1o =
G(t)—e, — G(t) ~ G(t))’
and a(l — €,/]|G||s) < a. Thus, r, = sup{t: 0t/(G(t) + €,) < a} denotes an increasing sequence that
is bounded by T'(«, 8, G). Moreover as (€, ), decreases towards 0, r,, is as close as we want to T(«, 0, G).
The same reasoning may be followed with 7/, = sup{t : 6t/(G(t) — €,) < a}, which concludes the proof.
]



120 CHAPTER 5. MULTIPLE TESTING



Bibliography

[1]

2]

A. Barron, L. Birgé, and P. Massart. Risk bounds for model selection via penalization. Probab. Theory
and Relat. Fields, 113:301-413, 1999.

P. Bartlett, S. Boucheron, and G. Lugosi. Model selection and error estimation. Machine Learning,
48(1-3):85-113, 2002.

Y. Benjamini and Y. Hochberg. Controlling the False Discovery Rate: a Practical and Powerful
Approach to Multiple Testing. Journal of the Royal Staitstical Society. Series B, 57(1):289-300,
1995.

Y. Benjamini, A. M. Krieger, and D. Yekutieli. Adaptive Linear Step-up Procedures that control the
False Discovery Rate. Biometrika, 93(3):491-507, 2006.

Y. Benjamini and D. Yekutieli. The control of the false discovery rate in multipe testing under
dependency. The Annals of Statistics, 29(4):1165-1188, 2001.

P. Broberg. A comparative review of estimates of the proportion unchanged genes and the false
discovery rate. BMC' Bioinformatics, 6:199, 2005.

A. Celisse and S. Robin. Nonparametric density estimation by exact leave-p-out cross-validation.
Computational Statistics and Data Analysis, 52(5):2350-2368, 2008.

S. Dudoit, J. Popper Shaffer, and J. C. Boldrick. Multiple Hypothesis Testing in Microarray Experi-
ments. Statistical Science, 18(1):71-103, 2003.

B. Efron. Large-Scale Simultaneous Hypothesis Testing: the choice of a null hypothesis. Journal of
the American Statistical Association, 99(465):96-104, 2004.

B. Efron, R. Tibshirani, J. D. Storey, and V. Tusher. Empirical Bayes Analysis of a Microarray
Experiment. Journal of American Statistical Association, 96(456):1151-1160, 2001.

C. Genovese and L. Wasserman. A stochastic process approach to false discovery control. The Annals
of Statistics, 32(3):1035-1061, 2004.

U. Grenander. On the theory of mortality measurement. Skandinavisk Aktuarietidskrift, 39(2):125—
153, 1956.

T. Hastie, R. Tibshirani, and J. Friedman. The Elements of Statistical Learning. Springer Series in
Statistics. Springer, 2001.

M. Kearns, Y. Mansour, A. Y. Ng, and D. Ron. An Experimental and Theoretical Comparison of
Model Selection Methods. Machine Learning, 27:7-50, 1997.

M. Langaas, B. Lindqvist, and E. Ferkingstad. Estimating the proportion of true null hypotheses, with
application to DNA microarray data. Journal of the Royal Staitstical Society. Series B, 67(4):555-572,
2005.

E. Lebarbier. Detecting multiple change-points in the mean of a Gaussian process by model selection.
Signal Proc., 85:717-736, 2005.

121



122
[17]
[18]

[19]

[26]

[27]

[28]

BIBLIOGRAPHY

S. Pounds and C. Cheng. Robust estimation of the false discovery rate. Bioinformatics, 22(16):1979—
1987, 2006.

M. Rudemo. Empirical Choice of Histograms and Kernel Density Estimators. Scandinavian Journal
of Statistics, 9:65—78, 1982.

S. Scheid and R. Spang. A Stochastic Downhill Search Algorithm for Estimating the Local False
Discovery Rate. LE.E.E. Transactions on Computational Biology and Bioinformatics, 1(3):98-108,
2004.

S. Scheid and R. Spang. Twilight; a Bioconductor package for estimating the local false discovery
rate. Bioinformatics, 21(12):2921-2922, 2005.

T. Schweder and E. Spjgtvoll. Plots of p-values to evaluate many tests simultaneously. Biometrika,
69:493-502, 1982.

D. Scott. On Optimal and Data-Based Histograms. Biometrika, 66(3):605-610, 1979.

J. Shao. Model Selection by Cross-Validation. Journal of the American Statis. Association,
88(422):486-494, 1993.

J. D. Storey. A direct approach to false discovery rates. Journal of the Royal Staitstical Society.
Series B, 64(3):479-498, 2002.

J. D. Storey, J. E. Taylor, and D. Siegmund. Strong control, conservative point estimation and
simultaneous conservative consistency of false discovery rates: a unified approach. Journal of the
Royal Statistical Society. Series B, 66(1):187-205, 2004.

J. D. Storey and R. Tibshirani. Statistical significance for genomewide studies. PNA.S, 100(16):9440—
9445, 2003.

A. W. van der Vaart. Asymptotic Statistics. Cambridge Series in Statistical and Probabilistic Math-
ematics. Cambridge University Press, 1998.

Y. Yang. Consistency of cross-validation for comparing regression procedures. The Annals of Statistics,
35(6):2450-2473, 2007.



Chapter 6

Cross-validation in density
estimation: A model selection point
of view

The present chapter aims at studying the leave-p-out algorithm in
various collection complexity settings (polynomial and exponen-
tial), but always in the density estimation framework. Indeed, an
important question in model selection is that of the complexity of
the collection of models in hand. Actually, there are some interac-
tions between the performance of an algorithm and the complexity
of the collection.

We first consider the polynomial setup in which we derive an ora-
cle inequality for any projection estimator as well as an adaptivity
result in the minimax sense for histograms, with respect to Holder
balls.

In the exponential setting, some simulations illustrate the defi-
ciency of the widely used leave-one-out as well as the leave-p-out
with small values of p: both of them suffer some overfitting. We
propose to add a penalty term to the leave-p-out risk estimator
in order to take into account the high richness of the collection,
which is responsible for this overfitting. An oracle inequality is
derived in this setting as well.

We also consider the more general problem of overfitting encoun-
tered by the leave-one-out even in the polynomial setting. We use
some simulation experiments to illustrate this point and show that
a larger choice of p in the leave-p-out can balance the overfitting.
From a practical point of view, we provide a data-driven penalty
which exhibits some automatic adaptation properties to the col-
lection complexity.

6.1 Introduction
Model selection via penalization has been introduced by the seminal works of Mallows and Akaike with

respectively C) [25] and AIC [2], and also by Schwarz [30] who proposed the BIC criterion. AIC and BIC
rely on an asymptotic heuristics, which makes them dependent on the model collection in hand and on

123
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the sample size [4]. For instance, the rationale behind Mallows’ C),, and AIC is to provide an unbiased
estimator of the risk for each model.

More recently, Birgé and Massart [8, 9, 10] have developed a non-asymptotic approach, inspired from the
pioneering work of Barron and Cover [6]. From a countable collection of models denoted by {Sin},,c ¢, » We
choose a family of estimators (§,,) . Their strategy consists in designing an “appropriate” penalized
criterion

meM.,,

crit(m) = ¥, (Sm) + pen(m),

where v, (8,,) denotes the empirical contrast at s, and pen: M, — R, denotes a penalty growing with
the model complexity. The quality assessment of this criterion is made through an oracle inequality

E[Hs—gmnﬂ <C inf {E[Hs—gmuz} +R(m,n)},

meM,,

where C' > 1 is a constant independent from the density s and R(m,n) denotes a remainder term with
respect to E [ s — Sml? } . The closer C is to 1, the better the final estimator is. This is the general point

of view we adopt throughout this chapter.

In the density estimation framework, Barron et al. [5] developed a general approach based on deterministic
penalties leading to an oracle inequality with Kullback-Leibler divergence and Hellinger distance. This
result has been adapted to the particular case of histograms by Castellan [15, 16] and further studied in
[11]. With the quadratic loss, Birgé and Massart [8, 5] also derived some general results with projection
estimators, which they apply to get some adaptivity results with respect to the smoothness of s [8].

Here, we address the problem of density estimation via cross-validation (CV) algorithms, unlike the
aforementioned approaches relying on some deterministic penalties.
CV has been introduced by Stone [34, 35] for the leave-one-out (Loo) and Geisser [19, 20] for the V-fold
cross-validation (VFCV) in a regression context and by Stone [33] in density estimation.
Rudemo [28] and Bowman [13] 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 [17]
to the leave-p-out cross-validation (Lpo).
Theoretical results about the effectiveness of CV algorithms are mainly asymptotic and concern the
regression framework [24, 31, 32, 40]. As for non-asymptotic results in the density setting, Birgé and
Massart [8] obtained an oracle inequality that may be applied to the Loo procedure. But to our knowledge,
no result of this type has already been proved for the Lpo algorithm in the density estimation setup.

In the literature about model selection via penalization, an important notion is that of complexity of
the collection of models [4], named in the sequel collection complexity. This notion already arises with
discrete models in the minimum description length of Rissanen [27] and in the work of Barron and Cover
[6] about minimum complexity. It is further generalized by Barron et al. [5] and Birgé and Massart
[8, 9, 10] to the case of continuous models.

Collection complexity refers to the structure of the collection of models we consider. It could be
understood as the collection counterpart of the model complexity, which is characterized by the dimension
for instance with finite dimensional vector spaces. Following Barron et al. [5], the complexity of the
collection of models may be quantified by the number of models with the same dimension for instance. In
this setting, two wide situations are usually distinguished: the polynomial and the exponential complexity
frameworks [10]. Baraud et al. [4] as well as Sauvé [29] introduce a complexity index which enables to
characterize different complexity levels in the exponential case for instance.

Some connections between resampling algorithms such as Loo and collection complexity can be made
through the asymptotic equivalence between Loo and C), [24] or thanks to the non-asymptotic result of
Birgé and Massart [8] in the context of density estimation. Thus in the same way as the AIC performance
depends on the collection complexity [10, 14], Loo may be expected to inherit the same properties. For
the Lpo, a similar indirect connection comes from the asymptotic equivalence between Lpo and FPE,, [41].

In this chapter, we aim at providing non-asymptotic theoretical results for the Lpo risk estimator
in the density estimation framework as well as some simulation results to study the way the “optimal”
choice of p and the collection complexity are intertwined.

In Section 6.2, we show that the Lpo algorithm may be understood as a random penalized criterion leading
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to an increasing overpenalization as p grows. An oracle inequality is then derived in the polynomial
complexity setting, which results in an adaptivity property in the minimax sense with respect to Holder
balls. In the exponential setting, some limitations of the Lpo with small values of p are illustrated
in Section 6.3, where we propose the addition of a complexity term to the Lpo risk estimator. The
resulting criterion leads to an oracle inequality with a logn term, which is the price to pay for such
“rich” collections. Section 6.4 is devoted to some proofs. Besides through a simulation study in Section
6.5, we show that the Lpo and more generally CV techniques are sensitive to collection complexity even
in the polynomial framework. Increasing p to overpenalize then enables to balance this phenomenon
as observed in our simulation results. However, there is not yet any reliable guideline to choose p in
front of real data. To this end, we propose in Section 6.6 a fully data-dependent algorithm. In some
simulations, it is shown to automatically adapt itself to the collection complexity, either in the poly-
nomial or exponential setting, therefore outperforming upon the Lpo strategy, at least for small values of p.

6.2 Polynomial complexity

6.2.1 Overpenalization of the Lpo risk

Ideal and Lpo penalties In model selection, our goal is to find the “best” model among (S;,)
terms of a given criterion from a family of estimators (8.,)
the minimization of a penalized criterion crit(-) defined as

in
m?
A very common way to reach this goal is

m’*

Ym € M, crit(m) = Pyy (§m) + pen(m),

where 7y is the contrast function that measures the quality of an estimator and pen(-) : M,, — R, denotes
the penalty term, which takes into account the complexity of the model S,,. In the density estimation
setting, v(t, X) = ||t]|* — 2¢(X), where X ~ P.

Ideally, the optimal criterion we would minimize over M,, is the random quantity

critig(m) = Py(5p) := Ey (5, Z) ,

with the expectation taken with respect to Z ~ P, where Z is independent from the original data. The
link between these two criteria can be made by rewriting the latter as follows

Critid(m) = Pn'}/(gm) + [P,V(gm) - in(é\m)] :
The quantity in square brackets is named the ideal penalty

Ym € M, pen; (m) := Py(8m) — Pry(5m)-

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 is

m = ArgminmeMnﬁp(m).

The idea that there is a strong relationship between penalized criteria and CV is strongly supported by
the large amount of literature about the comparison of these two aspects [35, 24, 41]. Therefore, we may
try to include the CV strategy into the wider scope of penalized criteria minimization. Thus,

M = Argmin,, v {P,ﬁ(?m) + [ Ry(m) — Poy(Gm) ] } .
In the above expression, the quantity in square brackets is called the Lpo penalty:
Vm € My,  pen,(m):= Ry(m) — Pyy(3m).

This Lpo penalty may be subsequently understood as a random penalty. Note that a similar approach
applied to the Loo can be found in Birgé and Massart [8].

Thanks to this parallel between CV and penalized criteria, we attempt to get more insight in the behaviour
of CV techniques, for instance with respect to the parameter p.
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Lpo overpenalization In this section, we aim at making comparison between pen;; and pen,, so that
we characterize some features in the behaviour of pen, with respect to p. This comparison is carried out
through the expectations of these penalties, which are both random variables.

In the sequel, we consider general projection estimators with any orthonormal basis of functions. Let us
define {px},c, . a family of functions in L?([0,1],v), where v denotes the Lebesgue measure on [0, 1] and
Ay, is a countable set of indices. For any m € My, set A(m) C Ay, such that {¢x},cp () is an orthonormal
family of functions. Let Sy, denote the linear space of dimension D,,, spanned by {px},¢ A(m)-

We call 5 a projection estimator any estimator of s such that

R R ) R 1 n
Sm= Y Baex  with By =Pypxi= - Z%(Zi%
AEA (M) i=1

where Z1, ..., Z, denote some observations [36]. A typical example of such an estimator is the histogram
for which oy = 11,/v/[Ix], where {Ix},c(,,) denotes a partition of [0,1] and |I,[ represents the length
of the interval I,.

The main concern of the following result is to assess the behaviour (in expectation) of the Lpo penalty
with respect to the ideal one. This question is addressed with general projection estimators.
We start with a preliminary lemma:

Lemma 6.2.1. With the same notations as before with any projection estimator s,, onto S,,, we obtain

Elpeng(m)] = > 3 Var(pa(X)),
AEA(mM)

E[penp(m)] = 2717:}9 Z Var (pA (X)) .
n(n=p) S0

We now state the main assertion about the Lpo penalty associated with projection estimators in density
estimation, which results from the previous lemma.

Proposition 6.2.1. For any m € M,,, let {‘PA}/\EA(m) denote an orthonormal basis of S,, and S,,, the
projection estimator onto Sy,. Then, we get

YmeM,, 1<p<n-1, E [pen,(m) — penyy(m) ] = - Z Var (pA (X)) > 0.

n(n —p) AEA(m)

Since this quantity remains nonnegative whatever p, we conclude that the Lpo penalty always overpenal-
izes, which remains true for any orthonormal basis. Moreover, the amount of overpenalization increases
with p. Thus, the Loo provides the weakest overpenalization of order O (1 / nz), whereas the Lpo with
p =~ n/2 (which is similar to the 2-fold CV) corresponds to an overpenalization of the same order as the
expectation of the ideal penalty, that is O (1/n).

6.2.2 Oracle inequality

Purpose and strategy In the following, we assess the quality of the Lpo-based model selection pro-
cedure through the statement of an oracle inequality. This result is settled in the polynomial complexity
framework and holds for any projection estimator. To our knowledge, it is the first non-asymptotic result
about the performance of the Lpo in this framework. We point out that unlike the usual approach in
model selection via penalization, our purpose is not to design a penalty function since the Lpo estimator
itself may be understood as a penalized criterion (Section 6.2.1).

Let us first describe the outlines of our strategy. We start with the definition of 5 as the minimizer
of the Lpo risk estimator, which leads to an inequality (6.2) written so as we stress the discrepancy
between the Lpo estimator and its expectation, for each model in the collection. Then, we show that this



6.2. POLYNOMIAL COMPLEXITY 127

discrepancy can be studied on a set of high probability (Lemma 6.2.4) rather than on the whole space
. The gap between the Lpo risk and its expectation is evaluated through the use of two concentration
inequalities: Bernstein’s and a version of Talagrand’s inequality (Proposition 6.2.2 and Proposition 6.2.3).
By recombination of these different results, we derive the main inequality which holds except on a set of
small probability (6.6). The conclusion results from the following lemma:

Lemma 6.2.2. Let X andY be two random variables such thatVz >0, P(X >Y + Kz + K3) < Ze %,
where Ky, Ko, ¥ > 0. Then, we have

EX <EY + K; ¥ + K.

The straightforward proof of this lemma is deferred to Section 6.4.

Main result Our main result relies on several assumptions that we now present and discuss.
Set X ~ s and for any m,

Om= Y @5 and  Vp =Egn(X).

AEA(m)

Then, we define the following assumptions

Sl < @/ (logn)?,

(Reg2) 30 >0/ subepq, {500y, oot [S2 axeallo | <1/ @ 0/ (logn)?,

(Ad) 3¢ >0/ Vm € My with Dy =2, 1E [ [lsm = 5nll} | > €D,

(Reg) 30 >0/ sup,,en,

(Pol) 36>0/VD>1, |{me&M,|D,, =D} <D°

Since ¢m = 3 \en(m) ©3, ||¢mll, may be understood as a regularity measure of the basis {eatream)-
Thus, (Reg) relates the regularity of each considered basis to the amount of data. For instance, let
us assume we use histogram estimators based on a partition of [0,1] in D, intervals (Iy,...,Ip, ),
ox = 11, //|I.|, where |I,] is the length of Ty. Then, (Reg) gives a lower bound for the minimal length
of an interval I of the partition with respect to the number of observations. In other words, we cannot
consider partitions with an intervals with less than n/(logn)? observations.

(Reg2) is another regularity assumption about (px),¢ A(m)- In the specific case of a basis defined from a
partition of [0, 1], like histograms or piecewise polynomials, (Reg) implies (Reg2) . But it is no longer
true with general bases of functions. Therefore, the constant ® is not necessarily the same in both (Reg)
and (Reg2) . However replacing one of them by the maximum value provides the same constant, which
will be assumed in the following.

If we develop E || — 8m||®, we see that

EHsm _§m||2 = Z E I:VTQL (90)\)] )

AEA(m)

> varlpa (X))

AEA(m)

For instance if we use histograms, Var [ o (X)] vanishes if and only if the support of s is included in T}.
(Ad) therefore requires that for any m, there are always “enough” informative basis vectors, if an infor-
mative vector is a vector such that Var [y (X)] # 0. With histograms, it means that we do not consider
bases with more and more vectors where s = 0. Note that (Ad) holds with histograms if s > p > 0 on [0, 1].
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(Pol) simply comes from the definition of the polynomial complexity. At most, the cardinality of the set
of models with dimension D is polynomial in D. Such an assumption is satisfied with nested models for
instance (Section 2.1.2).

Theorem 6.2.1. Let s denote a bonded density on [0,1] and X1,..., X, be n i.i.d. random variables
drawn from s. Set {px}y\cp, a finite family of bounded functions on [0,1] such that for any m € My, Sm,
denotes the vector space of dimension D,,, spanned by the orthonormal family {(p)\})\EA(m)’ Let us assume
that (Reg) , (Reg2) , (Ad) and (Pol) hold.
Forn > 29, set 0 < e <1 such that

4(¢(¢) 2 2

1300 "0 ST C@m-n-2 " (61)

where ((€) = [1 — (1+¢€)~®|. Furthermore, let us choose 1 < p < n — 1 satisfying

4((e) 2 1+ ¢(e)

(Ran) 5@ Y R 133000

P 2
s s o2 ¢

with 0 < o, B < 1,
Then, there exists a set 0, (¢) of probability larger than 1 — o(1/n?) such that

) 7®’ 7 75
n k(e, s na 0,0)

)

E[]l . —Am2}<r,, inf IE[ _3 2}
Q.0 s = sall™| < (6045)m1€1}wn Is — Smll

where T'(e,a, B) > 1 is a constant (with respect to n) independent from s and k(e,s,®,a,3,6) > 0 is
another constant.

REMARKS:

e The existence of € satisfying the inequality (6.1) stems from a technical lemma (Lemma 6.4.1) given
in the proof of Theorem 6.2.1.

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

e As it is made clear from the proof of Lemma 6.4.1, 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.

e In the previous result, the o (1 / 712) term depends on € as explained in the proof.

Without any more assumption, we also derive the following corollary in which the expectation of the
left-hand side is computed over the whole space.

Corollary 6.2.1. With the notations of the previous theorem, we have for any € > 0,
N . N k(e, s, P, 8,0) 1

]E|: — %a 2:| <C ., f E|: _ 2i| 5 9y by My =,
s = 5al’] < Clea8) inf E[lls— 5| + D0220BY 4o ()

where C(e,a, ) > 1 is a constant independent from s and (e, s, ®,a, 5,6) > 0 is a constant.

Indeed at the price of a o (1 / nz), we may derive the same inequality as in Theorem 6.2.1, but on the whole
space rather than on an event of high probability.
REMARKS:

e This remainder term turns out to be o(1/n?), for any v > 0. Indeed, it is directly related to the
probability in Lemma 6.2.4. Actually, we have an explicit (non-asymptotic) expression for it as we
can check in the proof of Theorem 6.2.1.

e 0(1/n?) depends on € as well as some other constants of the problem.
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Preliminaries The proof of Theorem 6.2.1 is rather technical and relies on several intermediate results.
In order to enlighten as clearly as possible our reasoning rather than the involved technicalities, we
provide these results beforehand. Some of the proofs are postponed to Section 6.4.

We give a few notations. For any p € {1,...,n — 1} the Lpo risk estimator associated with the
estimator §,,, is denoted by R,(m). For the sake of clarity, we define

vm, L,(m) =ER,(m),

such that L,(m) := E [Z-Azp(m)}

Moreover, we set

- For each m, {gp,\}/\eA(m) denotes an orthonormal basis of S,.
m=m

(bm: Z Sﬁi and Vm:E[¢m(X)]a

AEA(mM)
Sm= Y Bapa and B = Pox,
AEA(m)
gm = Z BA@A and BA = Pn‘p)\v
AeA(m)
Xm) = sm=3al® =D valen),
A
2n —p
E,, =E[x*(m and Opnp=—""-
bm)] ? = D)

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

We also stress two elementary but useful properties that will be repeatedly used in the following. For
any a,b > 0,

(Roo) Va+b<a+ b,
(Squ) 2ab < ma® + 1%, Vn > 0.

The first intermediate result deals with the relationship between ﬁp and its expectation for each model.

Lemma 6.2.3. For any m € M,,

Lym) = Ly() = (B = B = (lls = sall* s = sll*)

}Azp(m) - Lp(m) = Onp Vn(‘b?ﬂ) - (1 + en,p) [Xg(m) - Em] - 2(1 + en,p)yn(sm)-

In Lemma 6.2.3, we see that v, (¢,,) appears in the expressions. The following Proposition enables to
upper bound the deviation of this quantity. It is a consequence of Bernstein’s inequality [26].

Proposition 6.2.2. With the above notations, let z > 0 and C > 0 be any positive constants and for each
m, let us define y,, = z + CnE,,. Then, we have

(v ()] > Qlelﬂér:lllmym N ||¢Z||ooym] S

Moreover if (Ad) holds, we have

VYmeM,, P

S Z16727

P [am € My | (6n)| 2 (20 1O ley oy Tomlee

where Y1 is a positive constant independent from n.
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We now recall that x?(m) = >, v2 (¢5). A handy way to study this x>-like statistic is to introduce an
event of large probability on which we are able to get some control. That is the reason why we introduce
the event Q,, (¢) for any € > 0.

2¢||s| logn}
Q,(e) =<Vm e M, VA € A(m), n < ——=—7,
@ = {wm (mh, I ()] < 28

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

Lemma 6.2.4. Set € > 0 and assume that (Reg) , (Reg2) and (Pol) hold. Then,

Va > 0, P[Q¢(e)] < 2n2F0 e~ gt togn)® _ (1> ;

nOé

262

where (t) = SmyGmTm

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 [26] and is a consequence of Talagrand’s inequality.

Proposition 6.2.3. With the above notations, set € > 0 and for any C', z > 0, x,, = 2+ C'nE,,.
Assume that (Reg) , (Reg2) and (Pol) are fulfilled. Then,

vYm € M, P {\/ﬁx(m)]lgn(ﬁ) >(1+¢) ( nEy 4+ 1/2 5 xm> } < e Fm,

Furthermore if (Ad) holds,

P {Elm € M, | Vnx(m)lg, @ > (1+€) ( nEy 4+ 1/2 5] xm>} <3pe 7

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

Finally, in Lemma 6.2.3, it remains v,,(s,,) for which nothing has already been made. The control of
this quantity comes from an upper bound, which results from the following lemma.

Lemma 6.2.5. Set m, m' € M,,. Then for any p > 0,

t _
sup 12 () < (L4 p2(m) + (L4 ().
teSm+S, Il

m

Proofs

Proof. (Theorem 6.2.1)
We are now in position to give the main inequality from which we derive Theorem 6.2.1.
From the definition of m as m = Argmin,, ¢\, R,(m), we deduce that

VmeM,,  R,(m) < R,(m),
which implies
| By() = Ly() | < [ By(m) = Ly(m) | + [Ly(m) = Ly ()], (6.2)
Then, we apply Lemma 6.2.3 to (6.2) and get

~

Is = sall* + n0npEa — (14 00 )X2(0) < |ls = sll* + 100 p B — (1 + 05 ) x> (m) +
OnpVn (Om — Oi) +2(1 + 05 p)vn (S5, — Sm) -(6.3)

REMARKS:
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e An upper bound for v, (¢, — ¢7) may be obtained through Bernstein’s inequality, so that we may
relate vy, (¢#) to Eg. This is reached thanks to Proposition 6.2.2.

e Ideally in the oracle inequality we have in mind, the left-hand side of the final inequality is something
like E {Hs - /S\ﬁl||2:|7 which is equal to E [Hs - smHﬂ + E[x*(m)] with the present notations.

However in (6.3), we observe that the left-hand side is E [||s - th||2i| + E[FEs]. In order to relate

E[Ez] to E[x?(M)], we will uniformly control the discrepancy E,, — x*(m) over M,, thanks to
both Lemma 6.2.4 and Proposition 6.2.3.

e Finally, v, (87 — $m) may be upper bounded thanks to Lemma 6.2.5, independently from FEj and
will therefore be dealt with later.

According to the preceding remarks, we first apply Proposition 6.2.2 to v, (¢, — ¢#). The successive
use of (Reg) , (Squ) with any n > 0, and (Roo) provides

Pmll oo
Vm%ym < V2V PYm,
Moreover, note that
Vin = ZE [Soi(X)] =nky, + ||5m||2 <nkEp + ”5”2
A

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

\/ 2Vm%ym < [n® + 07 C ) nEy +1® s[> + 77 2.

Similarly, (Reg) entails that

dmll o oC e
< —nF,,
3n 3 T3 3

which leads us to

C C P
[Vn (dm — &5)| < nEm n<I>+Cn1+<I>3} +nFEp [nq>+0n1+q>3] +22 {3+n1} +
Mm® 5|,

except on an event of probability less than Xe™%.
Set € > 0 and let us choose n = €”/(3®) and C = 2¢”/ (= + ®/3). Then it comes that

1 3 e’
[Vn (D — b)) < nEpe” +nEge’ + 220 [3 + 6”] + 2§ ||s||27

Plugging this into (6.3) provides
s — an”2 +10np(1 — €") B — (1 + en,p)X2(m) <ls- SmH2 + 105 (1+ €")Ep — (1 + 0,

1
214 05 p)vn (S, — Sm) + O p (22@ [3 + 3”]
€

PIXm) +
25 1) (60

except on an event of probability less than »e™7.

On the other hand, Proposition 6.2.3 implies that for a given € > 0, except on a set of probability less
than Yse™ %, we have

Ym € M, fX( ) n(€) < (1 +6> ( nkp, + \/ 2 HSHOO xm) .
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Using z,, = z + C'nE,, and (Roo) , we get

Viix(ma, o < () (VABy |1+ 21100 | +/21sl 2).

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

2
2(m)lg, o < (1+¢€)? <(1 +2)E,, {1 + 2||S|OOC’] el +x_1)2fJL>OZ> .

It holds for the particular choices =€ and ¢’ = (1 — /1 + 6)2 / (2]|s]| ), which results in

1—-¢" 1—¢" 2|s]
T \P)la, o < (1—€")En o0
(1+6)4X (M), @ < (1—€")Ez + l+e n

z

with probability larger than 1 — Yoe™%.
From the above result and (6.4), it comes that on €, (€), with probability larger than 1 — (X7 + X3) e~ %,
we have

1 _ 6// N
s = s+ (90 55 = (100 ) ) < s =l 1+ €)= (1,3 0) +

21405 p)vn (S5 — Sm) +
1—¢" 1 3
0, —2 20 | — + —
,PZ <€(l+6) HS”oo + |:3 + 6// :|> +

6//

2
20,5 sl

Now for any € > 0, we define € > 0 such that 1 —¢ = (1 + )" and let us take €” satisfying 1 — ¢’ =
/1 = €. Then, the above inequality becomes
s = sl + [0 (1= €) = (14 00p) [X2R) < s = s>+ 100 [ 2= VI= € | By = (14 003 (m) +

21+ 05 p)vn (S, — Sm) +
Niprs 1 3
—2 20 | -+ —————
b (g2 lsle 420 | b e ) 4+
1—-v1-¢
e LR (6.5)

The following point consists in deriving an upper bound for v, (87 — S, ). It results from the following
inequalities and Lemma 6.2.5. Indeed, we have

20 (87 — 8m) < 2u, (sm—sm> s — smll s

Hsﬁz - Sm“
t
< 2 sup v, () HSTAn - 5m|| .
tESm+Sm 1]

Moreover, ||s7 — Sml| < |lsm — s|| + ||s — sm|| and a double use of (Squ) give for any x > 0:
t 2 2, 2 2
2w, (85 —8m) < (14z) sup v2 ()—i— S — 8|17+ = ||sm — s||” -
R N AT
Finally, Lemma 6.2.5 yields that for any p > 0, we have

2
2+

2

W (5= 5m) < () (L pP) + (140~ 0Pm) ]+ 5o i — sl + 2 s — sl

With z = € and p = €/(1 +¢)7 !, we get
1+ 2¢

N 2 2
2, (s = sm) < (L4 26)030) + (14 €)= x3m) + 5 lsm = sl + 5 llsm — sl
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Plugging this in (6.5) yields:
On the event €, (€), with probability larger than 1 — (X1 + X3) e~ %, we have for any m € M,,

e — 20, R 2
o s = sl 4 (18 (1= €)= 204 00, )14 TR < |14 504 600 | s = sl +
00 [2 —Vio e'} B+
14 2€ +2¢?
| A+ O )X (m)+
€
Onp(Az+ B),
(6.6)
where A = (gd:_:;? sll, + 29 [% + 17\/3?}) and B = 21=v1=¢< V?}_E/ IIs]I°.
Then, Lemma 6.2.2 allows us to take the expectation and get the following result.
(61 A2)E [ Lo, s = Sall”| < (s VO E [lls = 3l | + 00y [A(S1+32) + B, (6.7)
where
€ —20,,
b= o

Yo =nbpp (1 —€)=2(1+6,,)(1+¢€)

2
¢3 =1+ ?(1 + 971717)

1 2/ 2/2
g = nbyp p {2—\/1—6/} +(146h,) [—’—el“}

€

In order to obtain a meaningful inequality, a necessary requirement is 1, Y9, 13, ¥4 > 0. This is already
satisfied for 13 and 4. We have only to check it for both 11 and 5.
It turns out that if ¢ > 2/(n — 1), then p must satisfy

4¢' 2 1+¢ P 2

— <=<l-—-— 6.8
1+3e’+n1+3e’_n_ €n—1)—2’ (6:8)

provided
/ /
4e n g 1+e¢ <1 2 7
1+3¢ nl+3¢ e(n—1)—2
which is established by Lemma 6.4.1 for n > 29.

REMARK: In (6.8) since 0 < ¢ < 1 by definition, we have % <1

Finally to assert the existence if the constant I' in Theorem 6.2.1, we need to make sure that the ratio

(3 V1by) / (1 A 1be) is bounded.
It may be easily checked that all ¥,s may be reshaped as

_ Fp.n)
wk_ 1_p/na

where F' is a bounded quantity. Moreover by construction, the bounds in (6.8) lead to ¥y = 0 and ¢2 = 0,
which should be prohibited since we would like to consider the ratio (13 V t4) /(11 V ¥2). That is the
reason why p/n must be slightly larger (resp. lower) 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 x > 0 depending on s and the constants of the problem but independent from n,
such that

1
Y1AY2 T n

which enables to conclude the proof. O
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Proof. (Corollary 6.2.1) From theorem 6.2.1 for any € > 0, we have
JE{I[ . —Am2}<r'f E{ —Amﬂ g
ouo 5= Sall? ST _int B[ lls—5ul”] + 2

Then, we simply add the missing term E []lgn(e)c l|s — §fn||2} to both sides of the inequality. It only

remains to show that this term is of the right order.

~ 2 2 ~ 2
E[lagolls = 5al® | <E[Togo lls = sal® | +E [ Loy Ism — 5al?],

loce Y. [Vn(SD/\)Q]] 7

rem

< lIsI*P[25(e)] + E

From Lemma 6.2.4, the first term in the right-hand side inequality is o (1 / n2).
For the second one, Jensen’s inequality gives

E <E

Z vy (o) Lae (o)

AEm

> (palX) = Pw)Q]ng(a] :

AEM

Moreover, (Squ) with any n > 0 provides
(A(X) = Ppr)* < (1+m)@3(X) + (1+77")Pg3.

Finally, 37\ cx(m) #3 = ¢m and Pog < |95, lead to

_ _ dn .
E|> e lace | < Q+n+0 )E [6alle L] < 2+n+77) —SP[Q5(e)]
e (logn)
thanks to (Reg) , and Lemma 6.2.4 enables to conclude. O

6.2.3 Adaptivity result

In this section, we apply the results of Section 6.2.2 to derive an adaptivity result for densities in some
Hoélder space.

Beforehand, we introduce some notations and specify the models we work with. In the sequel, s denotes
a density on [0,1]. For a given partition of [0,1] in D regular intervals (Ix)yca(,) of length 1/D, let us
define the model

Sm=<t|t= Z axex, (an), €R o,
AEA(m)

where @y = 15, /+/|I5| and |I| denotes the length of Iy. S, is the vector space of dimension D,, = D
spanned by {@a},c A(m)- It is made of all piecewise constant functions defined on the partition I =
(I1,...,Ip,,). The histogram estimator built from model S, is defined by

Am: P, = E ]lIA
3 > Paprgoa= Y, AR

AEA(m) AEA(m)

where ny = Card ({i | X; € In}). We consider the collection S = Upenm, Sm such that m — D, is a
one-to-one application from M,, towards D = {D,,, | m € M, } and

max (D) = N,, < ®n/ (logn)>.

REMARKS:
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e This assumptions is the same as (Reg) in the previous section. Since ¢y = 1, /+/|1x],

lomlls= > | D @) ],

te[0,1] \AEA(m)
1
= max = m-
AeA(m) 1]

Then sup,,cuq, [|@mlloo < @1/ (log n)? amounts to require that

max D,,, = N,, < ®n/ (logn)>.

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

e Note that by construction, (Pol) is satisfied since our collection is made of only one model for each
dimension.

In the sequel, we further assume that (Ad) and (Ran) hold so that Theorem 6.2.1 applies.

Our purpose is to show that the Lpo-based approach leads to an adaptivity property when s belongs
to an unknown Holder space H(L*,a*) for L* > 0 and o* € (0,1]. A function f: [0,1] — R belongs to
H(L*, o) if

Yo,y € [0,1], [f(x) - fWl <L |z —y|* .

We refer to [18] for an extensive study of a wide range of functional spaces.

An estimator is said to be adaptive for (L*,a*) if, without knowing (L*, «*), it “works as well as” any
estimator which would exploit this knowledge. For us, the effectiveness measure is the L?-risk and we say
that an estimator enjoys such an adaptivity property if its risk is nearly the same (up to some constants)
as the minimax risk with respect to H (L*, a*):

inf  sup E {Hs - §||2} < sup E [Hs - /S\m||2:| <Cinf sup E [||s— §||2} )

s sEH(L*,a*) sEH(L*,a*) 5 seH(L*,a*)

where the infimum is taken over all possible estimators. Note that very often, C' > 1 depends on the
unknown parameters (L*, a*), but neither from s nor from n.

If this property holds for every parameters (L,a) = 6 in a set ©, then 5z, is said to be adaptive in the
minimax sense with respect to the family {H(0)},co- For a unified presentation about various notions of
adaptivity, see Barron et al. [5].

As for the problem of density estimation on [0,1] when s belongs to some Holder space, it is known
since the early 80s [21] that the minimax rate with respect to H (L, a) for the quadratic risk is of order
Lﬁn_%, with any L > 0 and a > 0.

REMARK: However when the problem is the estimation over R, things turn out to be very different.
For instance, the minimax rate now depends on the value of regularity parameter o with respect to the
parameter p of the LP-norm used for the assessment [22].

The following results settles that the Lpo-based procedures yields an adaptive in the minimax sense
estimator of the density on [0, 1].

Theorem 6.2.2. With the above notations, assume that (Reg) , (Ad) and (Ran) hold and that the
collection of models is that one previously described in this section. Furthermore, assume that the target
density s € H(L,a) for L >0 and o € (0,1]. Then,

[e3 ].
supE [||5 - ’s\mHZ] < Ko LTP n T3 + 0 () , (6.9)
s n

for a given constant K, independent from n and s.
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Since the minimax risk is of order LZarin~ 21311, we deduce from this result that 5 is adaptive in the
minimax sense with respect to {H (L, @)} ;-0 ae0,1)-

REMARK: As we will see in the proof, this result remains true with any polynomial collection of models

satisfying the requirements of Theorem 6.2.1, and including models with dimension of the order of
1

1
L1+2a nitaa,

Proof. The idea is simply to use Theorem 6.2.1 and to derive the upper bound from
E[lls = 5mll*] = lls = smll® + E [ lsm = 3l*] -

For the bias term, we have

Is=snl® = 3 o [ (/Ix[su)—s(x)]dx)gdt,

AEA (M)
2
< > LQD,Qn/( |t—x|°‘dm> dt (s e H(L,a)),
AEA(M) Ix Ix

< C,L*D,** (after integration),

—1
where C,, = 4 (o + 2) [(1—&—04)2 (204—1—3)} .
On the other hand,

. Vin — |[sm]?
E o~ 5a?] = Ym=loml

Vin

)

n
[[&mll o
?

n
SUD,e[0,1] 2oAeA(m) ei(@) D

IN

IN

n

n
Hence under the same assumptions as Theorem 6.2.1, we get that it exists C' > 1 and s > 0 such that
D 1
VmeM,, E [||3— §m||2} <C (CQLQD,;%—F m) +240 <2> .
n n n
Now, let us define the sequence {D,,, },, such that for each n,
1. . 1 ST
§L TH2o pItza < Dm" < 2L7%2a pT¥2a,

Then, we derive that it exists K/, > 0 such that

~ D 2 _
inf E[Hs—smnz} SCQLQD;LQO‘—F—W' SK;LH'Q"TL TH2a
meMy, n

hence the expected result. O

6.3 Exponential complexity

6.3.1 Limitations of the CV approach

From Section 6.2.1, we know that Lpo overpenalizes. According to Section 2.2.1 and as we will see in
Section 6.5, it enables to somewhat balance the overfitting phenomenon that may result from a too
high collection complexity, even in the polynomial complexity framework. Our present purpose is to
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Figure 6.1: Plot of the density s.

illustrate that this amount of overpenalization is not sufficient to cope with an exponential complexity in
a satisfactory way, at least for small values of p.

Indeed, this idea is already suggested through the comparison of the Lpo with other penalized criteria, at
least in the linear regression framework. The Loo is shown to be asymptotically equivalent to Mallows’
C, by Li [24], while the general Lpo pursues the same (asymptotic) consistency purpose as BIC, provided
p/n — 1 [31]. Zhang [41] concludes that Lpo and FPE, with o > 2 are asymptotically equivalent if
a=(2—=X)/(1—=X), where p/n = XA + o(1). Finally, Shao [32] carries out a wider comparison between
several penalized criteria, leading to the asymptotic equivalence of the general GIC), criterion and the
Lpo when A = (2—p/n) /(1 —p/n). It states that the Lpo-based procedure follows several behaviors,
depending on the choice of p/n. For p/n close to 0, it is very similar to C)-like criteria and should therefore
be well suited in the polynomial framework, while the choice p/n = (logn — 2) /logn — 1 < 1 provides a
penalty almost the same as BIC, which means that the Lpo tries to recover (the best approximation of)
the true model.

However in the exponential complexity framework, all the C)-like penalties turn out to be useless. This
point is stressed by Breiman [14] or Birgé and Massart [10] to name but a few. In such frameworks, the
latter authors have developed some penalties like for instance

pen(m) = cl% + 02% log (ﬁ)

in the change-points detection, where c1,co > 0 are universal constants. These penalties have demon-
strated very good performance in a wide range of applications [23]. Moreover, very similar penalties
have been independently advocated by others researchers (see [1] for some of them). Subsequently even
if a logn term may be reached by the Lpo procedure for an adequate choice of p/n, it may only appear
as a rough approximation of the above penalties since the dimension cannot be taken into account in
the choice of p for instance. Furthermore, the intuition says that trying to estimate a density with
several sharp thin picks by removing nearly all the data from the training set may prevent us from
recovering an estimate with the right number of picks for instance. Nevertheless, more insight in the
relationship between the choice of p and the complexity is required before drawing any definitive conclusion.

In what follows, we provide an illustration of this phenomenon where the problem is the estimation of
the density s, displayed in Figure 6.1. In this example, we consider a subdivision of [0,1]: 0 =ty < t; <
...,txg =1 where K = 100 and t; = i/K. All the partitions of [0,1] derived from this subdivision with
D,, < 50 intervals are used. In this setting, a model is uniquely associated with such a partition, which
defines our collection of models. The size of the sample is n = 1000.

The procedure consists in the following steps:

Algorithm 6.3.1.
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Figure 6.2: Plot of the Lpo risk estimators for p = 1 (bottom plain line), p = 50, p = 100, p = 250 (dashed
lines) and p = 500 (top -+-’ line) in the exponential setting.

1. The Lpo risk estimate is computed for each m € M,,.
2. Models are gathered according to their dimension.

3. For each dimension 1 < D < 50, we choose the model with the lowest estimated risk, which provides
us with a sequence of models {Mp}, . p<sp-

Since this procedure is computationally intractable, we use the dynamic programming algorithm
introduced by Bellman and Dreyfus [7], which yields the optimal model for each dimension with a
quadratic instead of exponential algorithmic complexity. At the end of the process for each p, we get the

sequence {EP(D)} of the Lpo estimates for each mp.
1<D<50

Let us focus on Figure 6.2, which depicts the curve D +— E,,(D) for each value of p = 1,50, 100, 250,
and 500. From a general point of view, we observe that after the bias has disappeared (D < 5), all the
curves still decrease for a while before starting their growth more or less late (D =~ 15). Note that the
dimension of the oracle model is 5, which is also that of the true model according to Figure 6.1. Therefore,
the conclusion is that the Loo as well as Lpo for p < n/2 suffers some possibly high overfitting and would
lead to poor estimators.
We also observe that for a given dimension (larger than that of the oracle), the Lpo estimate is an
increasing function of p, which confirms the ability of Lpo to somewhat balance this deficiency of the Loo.

Let us consider Figure 6.3. The same curves are displayed, but moreover with several larger values of
p = 750,900 and 950 (top lines). We observe that larger values of p lead to “corrected” curves. The Lpo
algorithm with p = 750 still suffers some overfitting, while p = 950 does not. Whereas p = 900 seems to
completely balance overfitting in the left panel, the right one contradicts this conclusion. Besides, when
the correction is large enough to overcome overfitting (p 2 900), the dimension of the selected model is
4. Indeed according to Figure 6.1, all the successive values of the true density but one are well separated.
Thus, removing too much points from the training set prevents us from detecting this harder to detect
difference, and results in a partition with only 4 intervals.

OPEN QUESTIONS:

e Subsequently, p very close to n acts as a logn term and balances overfitting even if any recipe about
this choice cannot yet be given here. On the other hand, such a high p may lead to selection of a
model with a too small dimension with respect to the oracle. That is the reason why the use of Lpo
in the exponential complexity framework deserves some further work.
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Figure 6.3: Plot of the Lpo risk estimators for p = 1 (bottom plain line), p = 50, p = 100, p = 250 (bottom
middle dashed lines), p = 500, p = 750 (top middle -+-’ lines), and p = 900, p = 950 (top ’-o-’ lines) in
the exponential setting. Left and right panels depict results with two different samples.

e However, it still appears as a rough criterion in this setting, in comparison to more refined log-based
penalties. Indeed whereas these penalties independently penalize a given model for its own complex-
ity (c1D,,/n) and also for the richness of the whole collection (coD,,/nlog(n/D,,)), Proposition
6.2.1 demonstrates that there is not such distinction in the Lpo penalty.

6.3.2 Oracle inequality

Section 6.3.1 has enlighten an issue encountered by the Lpo in the exponential complexity framework.
Indeed, the Lpo criterion turns out to be not well suited to take into account a too large collection
complexity. Following the last remark of the previous section, we propose to add a new term to the Lpo
risk estimator, designed to cope with exponential collection complexity.

In order to design this “complexity term”, we restart the proof of Theorem 6.2.1 from the beginning,
but in the exponential setting. This strategy is applied to the specific case of histograms essentially for
the sake of simplicity, but it could be generalized to some kinds of localized bases such as piecewise
polynomials for instance (with appropriate assumptions).

Main result In the sequel, we define a regular partition of [0,1] in N,, intervals of length 1/N,,. Let us
consider the set of all the partitions of [0,1] with 1 < D < N, intervals (I1,...,Ip) we may build from the
thinnest one in NN,, intervals. To each partition corresponds a model S, of piecewise constant functions.
Sm is the finite vector space of dimension Dy, spanned by {x},cp () Where o5 = 11,/+/II\]. For each
m € My, {¢x}, is then an orthonormal basis of S,,. We recall that

_ 2n —p
P (n=1)(n—p)’
Om = Z @i and Vin = E¢p(X),
AEA(m)

where X ~ s.
The description of our procedure starts with the definition of m for each 1 <p <n — 1:

m = Argmin,, c v {ﬁp(m) + pen(m)} ,

where pen(-) : M, — R, denotes the penalty term which is to be designed. The following result

warranties the performance of this procedure through an oracle inequality with a properly chosen penalty.
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Theorem 6.3.1. With the same notations as above, let s denote a bounded density on [0,1] and X1,..., X,
n i.4.d. random variables drawn from s. Let us assume that there exists ® > 0 independent from n satisfying

n

(Reg) Sup - |[fmlloe < ——3,
meM, (logn)

and that there exists ¥ > 0 and a set {Lm}meMn of nonnegative weights such that

Y etn <Y <400 (6.10)
meM,,

where ¥ does not depend on n.
Let us assume n > 29 and set 0 < € < 1 such that

acle) 2 2

sl T om-n 2 ©

14 3¢(e) 1

)

where ((e) = [1 -1+ 6)78 . Furthermore, let us choose 1 < p < n — 1 satisfying

4¢le) 2 1+((e) p 2
(Ran) 1+3<(6)+El+3<(€)+a§ﬁ§1—m_ﬁ
with 0 < o, f < 1.
As a penalty, set
P 4(1+€)4_1> 6 sl
Vm € M,, =Oplms | 1 |13 gy
m pen(m) = b 3<<1+e>4—1 Pa+ot[aa+a 1]

Then, there exists a set ,(¢) of probability larger than 1 — o(1/n?) such that

Lo Dl
O (1+e¢)

~ -~ Lm
E[hmq%—smw}<F<EDB—8mf}+TL

> + g (6.11)

where ' =T'(e, 0, B, P) > 1 is a constant independent from s and k = k(s,€,a, 3, P,%) > 0 is a constant.

REMARKS:

e The penalty depends on ® and ||s||,,. Whereas ® is known from a given basis of functions, ||s||, is
a priori unknown and has to be estimated beforehand for the procedure to be applicable. Note that
the same issue arises in [26].

e Assumption (Ad) from Theorem 6.3.1 is related to (6.10), since provided the collection is polynomial
and the weights L,, = nEx?(m), (6.10) is implied by (Ad) .

e Note that by construction, the cardinality of the models with the same dimension D is (gj), which
corresponds to the exponential complexity framework.

For the same reasons as Corollary 6.2.1, we deduce from Theorem 6.3.1 the following result in which the
expectation of the left-hand side is computed over the whole space.

Corollary 6.3.1. With the notation of the previous theorem and under the same assumptions, we have
for any € > 0,

~ . e SH K 1
E[ . m2}<r f E[ - 2} Il 7 r ~,
Is=5alt] < e (B[1s 5P+ oo p, ) 4 5o ( ]

where T' =T'(e, 0, B, P) > 1 is a constant independent from s and k = k(s,€,a, 3, P, %) > 0 is a constant.

Proof. The proof is exactly the same as that of Corollary 6.2.1. O
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Comments on the proof of Theorem 6.3.1 The proof of Theorem 6.3.1 is very similar in the spirit
to that of Theorem 6.2.1. For the sake of completeness, it is nevertheless provided in Section 6.4.2.
In the sequel, we detail the main differences in the strategy.

e Unlike Theorem 6.2.1, the goal of this proof is to design a penalty term, which is able to take into
account the complexity of rich collections of models.

e The proof relies on the same concentration inequalities as that of Theorem 6.2.1 (Proposition 6.4.1
and Proposition 6.4.2). In both these propositions without any further specification of the weights
L,,s, we choose y,, = z + L, and respectively x,, = z + L,

e Due to the exponential complexity setting and the specific choice of a localized basis, we define a set

Q,,(€) such that

instead of

Choice of weights L,,

P[QC()] < 2ne " 1F togm)?
P[QS ()] < 202+ e~ 2 (og )

We now study which are the minimal weights we may choose so that (6.10) is

fulfilled. If we make the classical assumption that L,, = L(D,,) for any m € M,, [8, 10, 26], we get

Z e~ Lm  — Z ¢~ L(Dm)

meM,, meMy,

D=1m/ D,,=D
N7Z

- Ze D)+log | M(D)|

where M(D) = {m € M,, | D,,, = D}.

In our setup,

Mol =(571):

which implies that (6.10) becomes

Let us notice that

Nn
Z o~ Lm e*L(D)Jrlog p_1) < ¥ < +o0o.
meM, D=1
% 1
= (5"

is a convergent numerical series for a > 0. Indeed for any a > 0, set

Then, we see that S,41(a) < 1+ 5, («) and since S, () > 0, we conclude that for any a > 0, (S, («))

Vn € N*, i(”_l)_a.

D=1

neN*

is a convergent sequence, hence the convergence of any subsequence of it. Thus, (S, («)), converges for

any increasing (Ny),,, in particular such that N, < ®n/ (log n)?.
Therefore, the “minimal” choice of weight is

N, —1
VYm € M, L,, =Clog (D’ITLL B 1),
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with any constant C' > 1.
REMARK: Note that “minimal” refers to the fact that smaller weights do not provide the result, while
large wrights give a rougher inequality (6.11).

OPEN QUESTIONS:

e We have pointed out earlier that the penalty definition has the drawback of depending on ||s|| .,
which has to be estimated beforehand. We do not know whether it is possible to remove this type
of dependency, probably with another scheme of proof.

e Moreover, note that the choice of weight mentioned above induces another (universal) constant,
that has to be determined. A similar problem occurs with generalizations of Mallows’ C}, penalties
[8, 15, 16, 26]. When the empirical contrast is used, instead of the Lpo risk estimator for us, an
data-driven approach has been developed by Birgé and Massart [10] who establish its theoretical
properties in a gaussian setting. This strategy is called the slope heuristics and has been successfully
applied by Lebarbier [23] for instance. In a general heteroscedastic framework Arlot and Massart [3]
have proved this strategy to be effective with not too rich collections. We may hope that a similar
approach could be used in our setting.

6.4 Proofs

6.4.1 Polynomial complexity
Proof of Useful Lemma

Proof. Set Z =X —Y — Ky. We have

P(Z > K1z) < Ze™ 7.

Then,
+oo
EZ < E[/ ll(tgz)dt],
0
+oo
=/ E[1¢<z)] dt,
0
+oo
:/ Plt< Z] dt,
0
“+oo
S Kl/ Ee_ZdZ:Klz.
0

Proof of Proposition 6.2.2

Proof. Bernstein’s inequality [26] states
1 b _
Vo >0, P |Vn(¢m)|2—\/2v:c+3—x <e’ ",
n n

with b > |9 (X;) — B¢ (X;)| and v = Z?:l Var [ ¢m (X;) ]
Since X; are i.i.d. and ¢, > 0, we have

b=llpmlle — and v <nVy|dml,
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hence the first part of the proposition.
For the second part of the result, a union bound provides

P [am & M | I (9m)] 2 yf2ViL0mloe ¢mwym]
n n
Pl lémll
<Y P[|un<¢m>|z\/m+nym],

meM,,
§ Z e ym7
meM,,
<e % Z e~ Cnkm (Yym = z+ CnE,,),
meM,
<e* Z e~ CEPm (Ad)
meM,,
<e? Z efchJrSlog(D), (POZ),
D>1
< 21 e ”
O
Proof of Lemma 6.2.4
Proof. We recall that
2¢||s]| logn}
Qn(e) = <Vm e M, YA € A(m), |v, <0 -2 1.
@={ (). ()] < 28
Then, we deduce that
2¢e||s|| ., logn } ]
PO (e = P|<dmeM,, IxeAlm)]||v > ——_— ,
250) = P|{3m et e am) | (o) > 2t
2¢e||s|| ., logn
: {2 2t} |
PN {0V
< Z D,, e~ el (log m* (Bernstein and (Reg2))
meM,,
Il oo () 2
< Y pittem (e (Pol)
D>1
< 2 Hﬂllogn(E)(logn)2, (D <n)
62
where 7(t) = ‘n(t)(n(Qt)Jrzt/:s) : -

Proof of Proposition 6.2.3

Proof. First, we notice that x(m) = 1/x2(m) may be also expressed as
x(m) = sup Un, Z axex || > sup v, Z axex ||,
a/ ¥xea(m) @A3=1 AEA(m) acA AEA(m)

where A is dense subset of

a=(ay,...,ap,) € RP™ | Z o3 =1 and Z lax] <
AEA(m) AEA(m)

N |+
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Moreover, if we define the event
Q=4 sup vu(pr) <t
AEA(m)

for t > 0, then we deduce that

x(m) < sup (v, Z arex (6.12)
a€A AEA(m)

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

Un (Z,\eA(m) aMﬂ,\)‘ gives for € > 0

2
Vx > 0, P |1qsup|v, Z arxe (I+e) (\/ m) 4+ —= Is ” ) <e ",
acA

AEA(m)

with z = /2[s]| /n and t = 2¢|s]| [Kz(e)@n/(logn)Q]_l

Finally, the first result comes from both (6.12) and Q,(e) = 2.

As for the second inequality,

P {Elm eM, | \/ﬁx(m)]lgn(e) >(1+e¢) ( nEm + /25l xm) }

mEMn
<e? Z 670/ nE'm, (xm _ Cf/é~ D,, + Z)
meM,,
<e 7Y e CNeDHsD - (Ad) and (Pol)
D>1
S 22 e ~.

Proof Lemma 6.4.1

Lemma 6.4.1. Forn > 29, there exists 0 < € < 1 such that

2 Ale) 2 2
R G IO B A

¢(e) >

where ((€) = [1 —(1+e)7 8.

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

dn—1)=<C(e)(n—1) — 2.

After some calculations, it is easy to see that

4¢(e€) 2 2
——t <1,
1+3¢(e) n (e)(n —1) =2
-1 2 1
N 52n—|—6_5n O+ n+ O<O,

n n (n— 1)2
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which is a polynomial of degree 2 in §.
For n > 29, the discriminant is positive and any § between the two distinct zeros yields a value for ((e)
such that

4((e) 2 2

1130 0 T {Om-D -2

which enables to conclude. O

6.4.2 Exponential complexity
Proof of Theorem 6.3.1

Preliminaries

Proposition 6.4.1. With the same notations as Theorem 6.5.1, let z > 0 be any positive constant and
for each m, let us define y,, = z 4+ Ly,. Then, we have

Moreover if (Ad) holds, we have

P lﬂm & My | 1 (6)| 2 2V 0 loey oy Domles

where X > 0 is the positive constant independent from n given in Theorem 6.3.1.

< 2¥e %,

We now provide a similar result to Lemma 6.4.2 to introduce the event ,,(e) for any € > 0.

2¢elogn ||s]] }
Qn =V S Mn, VA S A B n S — )
(© { m (m), o ()] < B

where s(t) = 2(t~! +1/3).
Bernstein’s inequality then provides

Lemma 6.4.2. Set € > 0 and assume that (Reg) hold. Then,
sllogm(e 1
Va>0,  P[0(0)] < 2ne Hosn? —0()7

2¢

where n(t) = oywinTam
This lemma is useful in the following concentration result.

Proposition 6.4.2. With the above notations, set € > 0 and for any C', z > 0, x,, = z + L,,,. Assume
that (Reg) is fulfilled. Then,

Vm € M, P [\/ﬁx(m)]lgn(e) > (1+e€) ( nEm +1/21s] xm> ] <e .

Furthermore if (6.10) holds,

P {Hm e My | Vnx(m)lg, o > (1+¢) ( nE, + /2 ||s||ooxm>} <Xe %

where X > 0 is the same positive constant as in Theorem 6.3.1.
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Proof We are now in position to give the proof of the main result.

Proof. (Theorem 6.3.1) From Lemma 6.2.3, we still derive

s — SﬁLHQ + by pErm — 1+ 9,171,))(2(7/7\1) < ls— SmH2 + 1 pEm — (1+ en,p)Xz(m) +
OnpVn (D — D) + 2(1 + 05 p)n, (S — Sm) + A(m, M),

where A(m,m’) = pen(m) — pen(m’), which is nearly the same as (6.3).
We first apply Proposition 6.4.1. To do so, let us notice that we have

\/2Vm%ym < n¢nEm+n_1Lm+n_lz+n¢ ||S||io7

Omll o
%ym < g(z"'Lm)v

which entails that with probability at least 1 — 2Xe™%, for any n > 0,

P
VYm € M, |Un (b — b)) < n®nEsz;+n®nE, + (77_1 + 3> (L + L) +

P
22 (77_1 + 3> + 209 |52,
Set ¢’ > 0 and let us choose n = ¢’®~!. It provides

ls = sall* + n6np (1 =€) Esy = (14 00,)xX (M) < ls = smll” + 06y (14 €7) B = (14 0n)x>(m) +
1 1 1 1

20 p e’ ”5”§o +2(1+ 0n,p)’/n (8 — 8m) + A(m,m).
Then, Proposition 6.4.2 gives that with probability at least 1 — ¥ e™*, we have

9 1—¢" 1—¢"
My (1 =€) Ep > nbnpx (m)i)ﬂnn(e) — 2|5l 0

(1+¢ 1(Lm+z).

n.p (1 + 6)2 _

Now, if we set €/ > 0 such that 1 — ¢’ = (1 4 €)% and define 0 < € < 1 such that /1 —¢€ = (14 ¢€)7%,
we obtain that on the event €, (¢),

|‘S_5m||2+n9n,p (1_€l) XQ(m>_(1+9n’p)X2(m) < ||3_3m||2+n9n,p (1+6//)E —(1+0np)x (
1 1 1
Onp® (6” + 3) (L + L) + 220, (// ) +

1—¢
Pl _V1=¢
20,,p ¢’ ||SHio +2(1 + en,p)yn (8m — 8m) + A(m, m).

2||s]| . ¢ (L +2) +

In the same way as in the proof of Theorem 6.3.1 and thanks to Lemma 6.2.5, we have that

N9 ,1—1—26’ 9 2 5
2 (s = 5m) < (1 2) (@) + (14 €)—x3(m) + 5 llsm = I + 5 llsm — s>

2
24¢
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From this, we derive that on Q,(¢), with probability at least 1 — 3X e~ %,

N '+2(1+6,
I = sl 4 [y (1= ) =20 +00,) (L ]om) < 2Tl ey

O (1+€") Ep +

€ —20,,
2+ ¢

(146,,) [2(1 +€)+ 61,} *(m) +

Lo DY op) l-< 1.
1.1 g o 1—€¢
nT 3 ©1_Vi-¢ |

1 1\ ]
st [#(345) |+
I 1 1 1—¢ ]
Hn,pZ _(I)<E"+3> +2HS||001_7\/?€I- +

2B 52 + A(m, 7).
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with 1,19,13 and 14 the same as in the proof of Theorem 6.3.1. Subsequently provided (Ran) holds,
there exists I' > 1 independent from n and x > 0 depending on s such that
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Proof of Proposition 6.4.1

Proof. The proof is the same as that of Proposition 6.2.2, except that we do not require (Ad) and (Pol)
to hold, but only set y,, = 2 + L,,, with the assumption that ZmGMn e Lm <% where ¥ is independent
from n.

O
Proof of Lemma 6.4.2
Proof. We recall that
Q) {v € My, YA €A, |vm (o2)] < 26”3”0010”}
n(€) = m ny m), Vn S ——— ).
7 k(e)V®n
Thanks to the localization of the basis, we have that
2¢||s]| 1ogn} { 2¢||s| logn}
dm e M,, Ixe A(m) | |v, > ——2 > L =<3IAeA(m Un > —— > .
{ (m) o ()] > * e 28 (ma) o o2)| =
where my is the index corresponding to the thinnest partition.
Thus, it comes straightforwardly that
JUACI D DI (AN
! - AEA(MmN) - H(E) on
< Z o ||8H0377(e) (log n)27 (Bernstein>7
AEA(MmN)
< Ny \\S\\o$77(6)(10gn)2’
n Isllogm(e) 2
< ——22——(logn) R
< loene® , (Reg)
2

where n(t) = m, hence the result. -

Proof of Proposition 6.4.2

Proof. The proof is the same as that of Proposition 6.2.3, except that xz,, = z + L,, and the L,,s are
required to satisfy >, e~ Im <% with ¥ independent from n.
O

6.5 p as a regularization parameter

6.5.1 Overfitting in the polynomial framework

Two main situations are often distinguished in model selection, depending on the complexity of the
collection of models [8, 15, 5, 26]. Indeed, Birgé and Massart [10] prove that polynomial complexity
problems can be efficiently dealt with, thanks to penalties like ¢; D,,/n, whereas exponential complexity
problems definitely require penalties of the type ¢1D/n + coD/nlog(n/D), since the former ones are
shown to be misleading in this setting.

As already explained, these penalties result from upper bounds and depends on some constants (c1, ¢2),
which must be determined afterwards, for instance by an intensive simulation study [23].

As an alternative to this approach, CV methods rely on the estimation (rather than majorization) of
the risk. Moreover, such methods are known to provide reliable results in a wide range of frameworks
(density estimation [33, 8], regression [37, 38], classification [12, 39]) and it is probably not the least
contribution to their success.
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Figure 6.4: Example of histogram built from a given irregular partition, which belongs to Z16 49. A = k/40
and p = ¢/40.

However, one drawback of these methods is their sensitivity to the collection complexity, as in the
exponential setting for instance (see Section 6.3.1), where it results in some misleading overfitting.
The main point here is that the overfitting issue already arises in the polynomial framework. To our
knowledge, this aspect is usually not mentioned in the literature.

A case example Let us start with an example to illustrate this phenomenon. Beforehand, we describe
the collection of models we use.

From a regular partition of [0,1] into N intervals of length 1/N, let us consider all the partitions we
can build from the regular one, made of k regular intervals of length 1/N from 0 to k/N, a wide central
interval, and N — ¢ regular intervals of length 1/N from ¢/N to 1, with 0 < k < £ < N. The set of all
partitions of [0, 1] into D intervals built from the regular one is denoted by Zp n.

Furthermore, several values of N are used so that we define the set Z of all the partitions of [0,1] we
consider by

T = U1<D<Npo Z(D)  with Z(D) = Ui<N<N,.e ZD.N,

where N,,q, denotes the maximal number of intervals of the largest regular partition of [0, 1] we consider.
An example of the histograms we consider is given on Figure 6.4. This collection of partitions has already
been used in the multiple testing context (Section 5).

Now, with each partition I(m) € Z is associated a model S, of dimension D,,, spanned by the
corresponding family {¢x}ycp (), where oy = 1y, //|1x[ with Iy € I(m).

REMARK: For a given dimension D and N > D, Card[Zp n] = D — 2, so that for any Npax > D,
Card[Z(D)] = (D—2)(Nmax — D) = Card [ M(D)]. Subsequently, the polynomial complexity assumption
holds.

Our example consists in the estimation of three piecewise constant densities with respectively 2, 4 and
6 pieces as we can see on Figure 6.5. Note that these densities all belong to the collection of models we
use. We have compared the loss of the histogram chosen according to the Loo to that of the oracle from
Nb = 200 samples of size n = 250. These comparisons have been carried out for three values of Ny ax:
20,40 and 60. Note that as underlined by the preceding remark, Np,.x determines the complexity of the
collection of models we consider: the higher Ny, .y, the more complex the collection. The same simulations
have been performed with n = 1000 as well (data not shown here), but results lead to the same conclusion.

Results are given in Table 6.1 where D* denotes the dimension of the oracle. We observe that for a
given experimental condition, the increase of Nyax induces the growth of the average loss of the Loo-based
histogram. This trend arises with each one of the three densities, which confirms our intuition about the
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Figure 6.5: Graphs of three densities s built from a partition of [0,1] in D* = 2,4 and 6 intervals.

overfitting in a polynomial setting. We think that this illustration is representative of how misleading Loo
may be when no attention is paid for collection complexity.

Heuristics If we come back to Theorem 6.2.1, we see that we have required that it exists ( > 0
independent from n such that for any m € M,, nE,, > (D,,. Indeed since we use concentration
inequalities like that of Proposition 6.2.2

e M. P['V"(%)'Z /va||¢2||mym+||¢2||mym] Pr—

D~ Nmax 14 (S; gLoo )

2 20 0.0368 £ 0.042
40 0.0699 £ 0.061
60 0.0702 £ 0.073

4 20 0.0307 £ 0.048
40 0.0435 £ 0.063
60 0.0458 £ 0.074

6 20 0.0402 £ 0.023
40 0.0589 £ 0.038
60 0.0703 £ 0.047

Table 6.1: Average loss of the Loo-based histogram estimator £ (s, § 1,0, ) for 200 trials. Results are given
with + one standard deviation. D* denotes the dimension of the oracle. The sample size is n = 250.
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it is necessary to make sure that

D eV << 4o (6.13)
meMn

for a constant ¥ > 0 independent from n.

However, the choice y,, = nE,, (if we drop z) may somehow seem arbitrary and we may search
for the minimal weight which fulfills the requirement in (6.13). Let us assume that for any dimension
Card [M(D)] = D?, where § comes from the polynomial complexity definition and M (D) denotes the set
of all the models of dimension D. Then assuming that y,, = y(D,,) only depends on the model m through
its dimension, we have

Np,
T e = 3 D HosCaraM(D)]),
meMy, D=1

where N,, = max{D,, |m € M,}. It suggests a choice of y,, = y(D,) of the shape y(D) =
alog (Card [M(D)]), which gives y,, = adlog D due to the polynomial framework. Moreover assum-
ing that § > 1, we deduce that a > 2 provides the desired control

Z e_ynl é Z e—(a—l)élogD S » < +o0.
meMny, D>1

Thus under all these requirements, we could choose y,, = alog Card [ M(D,,)] with a > 2. If we now
rewrite the summation so as we make nF,, appear, it comes that

Z e~ Ym  — Z o Em [810g Dy /(nEm)]

meM,, meMy,

Then, the quantity in square brackets is increasing with respect to d and could be related to the
constant C' in Proposition 6.2.2. Remembering that in the proof of Theorem 6.2.1, ¢ may be written
as an increasing function of C, we could interpret € as an increasing function of the complexity instead
of a user specified constant. Thus, we notice that the bounds in condition (Ran) in Theorem 6.2.1
are increasing functions of the complexity as well. We see that an increase (at least in the polynomial
range) of the collection complexity requires the choice of large values of p for the oracle inequality to apply.

REMARK: Note that in no way we state the above reasoning as a mathematical established result. We
only provide this heuristics because of the interesting relationship between the complexity and the choice
of p it enables.

6.5.2 Simulations

In order to go further in the study of the overfitting phenomenon as well as to provide a potential solution
to this issue, we show the results of the simulation experiment we have carried out. The setting is exactly
the same as that described in the small illustration of Section 6.5.1. Actually, the difference lies in the
wider range of Lpo algorithms we explored in order to understand to what extent an increase in p may
overcome the overfitting issue.

Results are displayed in Table 6.2 and have been obtained for a sample size n = 1000. Very similar
conclusions may be drawn from the same simulations with n = 250.
We may distinguish two different behaviours with respect to the amount of complexity. For the small
values of p (p < n/2), we always observe an increase in the average loss as the complexity level grows.
On the contrary, this is not always true for large values of p (p > n/2) where we may observe a decrease
(p = 750).
Besides in the easiest problems (D* = 2 and D* = 4), overpenalizing with very large p enables to be very
close to the oracle performance. Thus for a given experimental condition and given Np.x, we notice a
constant decrease in the average loss as we rise p. This is no longer true when the problem is harder, that
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D* Nmax V4 (87 /S\Loo ) 14 (S, :9\0,1 ) V4 (57 /8\0,2 ) V4 (87 §0,5 ) 4 (S, §0,75 ) V4 (8, §0,9 )
2 20 9.39 4+ 0.64 8.52 + 0.63 7.27 £ 0.6 3.49 + 0.47 0.631 £+ 0.2 0+0
40 133+ 1.1 124+ 1.1 9.39 + 0.98 4.19 + 0.68 1.12 £ 0.39 0.027 £ 0.027
60 155 £ 1.2 13.8 £+ 1.2 115+ 1.1 4.53 + 0.6 1.45 + 0.35 0.025 + 0.025
4 20 6.11 + 0.62 5.49 + 0.6 4.88 £ 0.58 2.97 + 047 0.665 + 0.22 0£0
40 898 + 1 744+ 093 | 58 +0.84 1.9 +0.37 0.0743 + 0.074 0£0
60 119+ 1.3 10.5 £ 1.2 8.43 + 1.1 2.2+ 045 0.218 £+ 0.17 0.156 + 0.16
6 20 9.89 £0.59 | 9.89 £0.59 | 9.79 £ 0.59 | 9.75 £ 0.58 18.2 £ 0.37 20.8 + 0.23
40 12.1 + 0.77 11 + 0.71 10.3 £ 0.69 | 9.95 £ 0.51 17.1 £ 0.38 21.1 £0.2
60 142 +1 13.2 £ 0.97 | 11.8 £ 0.88 | 10.6 £ 0.61 17.3 + 0.46 20.7 + 0.24

Table 6.2: Average loss of various Lpo-based histogram estimators: Loo (¢ (s, S oo )), and Lpo for p = 100
(€ (S, /8\0_1 )), p = 200 (ﬁ (S, :9\0,2 )), p = 500 (f (S, :9\0,5 )), p = 750 (E (S, :9\0,75 )) and p = 900 (é (S, go,g ))
Nb = 200 trials have been used for the averages and the sample size n = 1000. Results are given with
+ one standard deviation and all the values have been multiplied by 1000. D* denotes the dimension
of the oracle. Bold text stresses the minimum value of the line, while underlined text points out the
significantly worse results of the line.

is when several thin picks have to be detected without large difference between the level of one another
(D* = 6). Thus, removing too much data prevents us from recovering a good estimate, which explains we
observe the optimal performance for p = n/2 and then an increase of the average loss as p grows.
Anyway in the explored examples, small values of p definitely lead to very poor estimates.

OPEN QUESTION:
e There is not yet any guideline to appropriately choose the parameter p in any real situation.

e However, it turns out to be a promising direction to further explore, especially because there are still
meaningful things to understand in the way collection complexity interferes in the CV algorithm.

6.6 Two-step algorithm

6.6.1 Description

In Sections 6.3 and 6.5, we have pointed out some issues, which may be encountered by cross-validation
procedures such as the popular Loo for instance. Some of them may be (at least partially) overcome by
the Lpo, thanks to an appropriate choice of p, in the polynomial setting for instance. In the exponential
framework, the addition of a complexity term has been proposed and results in a procedure whose
performance is warranted by an oracle inequality.

However, two main criticisms can be formulated about these two proposals. In the polynomial setting,
we do not yet give any recipe to properly choose p in any realistic situation. As for the exponential
complexity, the proposed penalty could be applied, but at the price of a preliminary estimation step,
since this penalty depends on the unknown ||s|| .

In the sequel, we tackle these questions and remarks from the practical point of view by describing a
fully data-driven procedure, which adapts itself to the problem complexity and provides reliable results
according to our simulation experiments.

As we described in Section 6.3.1, the classical way to cope with exponential complexity of a collection
of models is to gather models with the same dimension, so that we get a family {m (D)} ;. The complexity
of the resulting models is then evaluated through, for instance, the addition of an appropriate penalty
term. The addition of this penalty should be understood as an attempt to estimate the risk of each of the
corresponding estimators 5 (p):
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Following the cross-validation heuristics (Section 3.2.1), we see that an alternative way to estimate this
risk is to use CV. Due to the lack of closed-form expression for the Lpo risk estimator of any of the 5 5,(p)s,
we decide to use the VFCV algorithm. Indeed for a given 1 <V < n, we obtain

~

~ 1 v e’ 35 . ~
E [Hs - an(D)H2} ~v ZPneW (fp“) =: Ryrcv,v(D) with Ip = Sm(D)
v=1

where eq,...,ey denotes the V elements of the partition of {1,...,n} in subsets of cardinality n/V
(assuming that V' divides n). Af)’” denotes the estimator fD computed from the data in the training set
{Xi|i€eg}, and Pv = V/n) ., 0x,. Thus, the final dimension is chosen by minimization of the
VFCYV criterion as a function of D.

The above algorithm, denoted by A, can therefore be summarized in the following way:

Algorithm 6.6.1.

1. For each dimension D,

m(D) = Argmin,, e vy Pn Y (5m),

2. Then,
D = Argminp, Ryrov.v (D),
where EVFCV,V(D) denotes the V-fold estimator of the risk of §7(p)-

3. Finally,

6.6.2 Simulations

Our present purpose is to illustrate through some simulations that this data-dependent algorithm outper-
forms Lpo for small values of p in both the polynomial and the exponential complexity frameworks.

Polynomial setting

The experimental design is the same as that of Section 6.5.2, except we used two more densities with
respective dimension 3 and 4, displayed on Figure 6.6.

The comparison between Loo and algorithm A is therefore carried out on 6 densities (see Figure 6.5
and Figure 6.6), from samples of size n = 1000. The collection of models we use is the same as that of
Section 6.5.2.

The results of this comparison are displayed in Table 6.3 where we see the average loss of the estimator
selected by each algorithm in the different experimental conditions.

We observe that algorithm A nearly always outperforms the Loo. The discrepancy is even significant

in half of the simulation conditions. We also notice that the loss of algorithm A seems more stable as
the complexity grows than that of Loo, which suggests that A is not as sensitive to an increase in the
polynomial complexity as Loo.
However, we also see that the gain in the use of A is no longer that high in the last experimental condition
where both criterion are very similar. We conclude that there may be a great interest in the use of algo-
rithms such as A, even in the polynomial setting. Nevertheless, some further (theoretical and experimental)
study is required to get insight in the relationship between resampling in general and complexity.
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Figure 6.6: Examples of piecewise constant densities built from a partition in 3 and respectively 4 intervals

D*  Numax || £(5, $100) (s, 54)
2 20 5.21 £ 0.56 | 4.68 £+ 0.55
40 8.02 + 1 5.92 + 0.88
60 6.95 + 0.84 | 6.45 + 0.81
3 20 4.05 + 0.56 | 3.71 + 0.58
40 6.51 + 0.83 | 3.76 + 0.66
60 7.35 + 094 | 3.71 + 0.64
4 20 5.89 + 0.62 | 3.42 £+ 0.52
40 6.87 + 0.85 | 4.34 + 0.74
60 8.09 + 1 5.74 £+ 0.85
4 bis 20 5.22 + 0.7 4.21 £+ 0.63
40 6.61 = 0.99 | 5.03 + 0.83
60 6.02 + 0.77 | 3.92 + 0.66
6 20 10.4 + 0.59 | 10.5 £+ 0.61
40 122 £ 0.77 | 11.4 £ 0.75
60 142+ 1 14.1 + 0.94

Table 6.3: Average loss of the histogram estimators

(£(s,54))

chosen by Loo (£(s, S )) and algorithm A

S 4 denotes the estimator resulting from algorithm .A.

Nb = 200 trials have been used

for the averages and the sample size n = 1000. Results are given with 4+ one standard deviation and all
the values have been multiplied by 1000. D* denotes the dimension of the oracle. Bold text stresses the
minimum value of the line, while underlined text points out the significantly worse results of the line.
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Exponential setup

In Section 6.3.1, we have pointed out some deficiencies of the Lpo with small values of p in the exponential
setting. Indeed Figure 6.2 has highlighted that Loo suffers from some strong overfitting with such “rich”
collections of models.

We perform a few simulations that clearly illustrate this deficiency of the Lpo when p < n/2, and
enlightens the weaker sensitivity of algorithm A to collection complexity.

We generate samples of size n = 250 and n = 1000 from two of the densities displayed on Figure 6.5
with respective dimensions D = 4 and 6. We used the same subdivision ¢, ...,tx of [0,1] with t; = i/K
and K = 100 as in the illustration provided in Section 6.3.1. All the partitions of [0, 1] defined from this
subdivision are used. For each experimental condition, we draw Nb = 200 trials and we only consider
models of dimension less or equal to 50. Results are provided in Table 6.4.

D* n A p=1 p/n=0.1 p/n=0.2 p/n=0.5

4 250 || 11.5 = 0.88 25+ 0.5 23 +0.48 21.5 £ 048 15+ 0.37
1000 || 9.45 £ 0.65 25.1 £0.54 232+ 0.53 21.5+0.53 _14.9 4+ 041

6 250 || 9.03 £0.46 19.5 +0.32 18.2 + 0.3 17 +0.29 11.9 + 0.22
1000 || 5.87 = 0.33 _20.7 £+ 0.33 19.4 + 0.3 18.3 £ 0.3 12.6 + 0.25

Table 6.4: Average loss values for the different tested algorithms A, and Lpo with p = 1, p = 0.1n,
p=0.2n and p = 0.5n. In each experimental condition, the sample sizes are n = 250 and n = 1000.

Let us consider Table 6.4 where we give the average loss value of the final estimator selected by each

algorithm.
At first glance, we notice that the values of the best algorithm are quite high. It must be related to
the unavoidable logn term, which is the price to pay for such a high complexity ([9, 10]). Especially, it
explains the increase in the loss as the sample size grows.
We observe that all the considered Lpo-based algorithms have significantly worse performances than al-
gorithm A, and strongly suffer from overfitting.
In order to illustrate the behaviour of A, we also provide Figure 6.7, which depicts the estimated risk of
each estimator 55,(p,qq) With respect to the dimension for one trial, where alg denotes one of the com-
peting algorithms. This graph is obtained from the estimation of the density in Figure 6.5 with dimension
D* =6.

We notice that unlike the Lpo curves for p < n/2, which still decrease for a while after the bias vanishes,
that of A reaches its minimum nearly the dimension of the true model (D* = 6).

6.7 Discussion

One of the main interest of this chapter is the interaction between the Lpo algorithm and the complexity
of the collection of models we consider. Throughout this study, several aspects have been explored.

In the case of a polynomial complexity, the Lpo algorithm enjoys some optimality properties in terms of
an oracle inequality, which holds for any projection estimator. In the example of the histogram estimator,
an adaptivity result in the minimax sense has been obtained.

If we consider the exponential setup, we observe that the widespread leave-one-out algorithm fails dra-
matically as well as some Lpo algorithms when p is small with respect to n. In order to take into account
the richness of the collection of models, we propose to add a penalty term to the Lpo estimator of the risk.
An oracle inequality is also derived for this procedure.

In this study, we also consider some practical aspects through some simulation experiments, which high-
light the overfitting suffered by the Loo algorithm, even in the polynomial framework. The Lpo with
larger values of p > 1 is shown to balance this overfitting phenomenon. We also propose a data-driven
procedure, which exhibits an automatic adaptation property to the complexity of the model collection.
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Figure 6.7: Plot of the Lpo risk estimators versus the dimension: Loo ("~ bottom dashed line), Lpo with
p = 100,200 (2’ middle dotted lines), Lpo with p = 500 (*-+-’ line). The estimated value provided by
algorithm A corresponds to the -’ top plain line. The sample size is n = 1000.
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Chapter 7

Change-points detection via
resampling

This chapter is a joint work with Sylvain Arlot initiated since Jan-
uary 2008, and is devoted to the change-points detection problem.
Our approach is based on two remarks. A wide range of existing
methods rely on a homoscedasticity assumption and the collec-
tion we consider is rich (exponential complexity). Moreover, we
know that resampling strategies provide reliable results with both
homoscedastic and heteroscedastic data, but only with not too
rich collections. Therefore, our idea is simply to use appropri-
ate resampling-based algorithms as a means to cope with het-
eroscedasticity in the unusual framework of exponential complex-
ity.

We first describe the statistical framework to point out that we are
interested by breakpoints in the mean with possibly heteroscedas-
tic data. Through a parallel with the Birgé and Massart penalty
[16] derived in the homoscedastic setup, we interpret the penalty
as a complexity measure of the collection in hand, which is sup-
ported by the simulations. The proposed algorithm turns out
perform almost as well as Birgé and Massart’s penalty under ho-
moscedasticity in choosing the number of breakpoints, whereas it
outperforms the latter penalty under heteroscedasticity.
Similarly, it is also possible to enhance the procedure by using the
resampling to choose the best segmentation for each dimension,
instead of the empirical risk minimization.

Finally, we apply our algorithms to a real data set and the results
are compared with those yielded by other well known methods,
indicating promising performances.

7.1 Introduction

The change-points detection (also called one-dimensional segmentation) deals with a stochastic process
the distribution of which abruptly changes at some unknown instants. The purpose is then to recover the
location of these changes. Due to a wide range of applications, from voice recognition and time-series
analysis in the financial area [29], to biology and CGH (Comparative Genomic Hybridization) data
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analysis [37], the literature about change-points detection is very abundant. We refer to Basseville and
Nikiforov [13] and to Brodsky and Darkhovsky [18] for a wide range of applications.

Two different approaches have been developed on the matter. The first one aims at detecting any
potential change from the on-line signal, that is as the observations are sequentially given. On the
contrary, the other is said off-line since the data are assumed to be entirely observed at the same time
and the problem is to recover any change a posteriori. The present work belongs to the off-line setting.
The first papers on the subject were devoted to the search for the location of a unique change-point (also
named break-point) [36]. Looking for multiple change-points is a harder task and has been studied later.
For instance, Yao [48] performs the multiple change-points detection from a gaussian signal by use of the
BIC criterion, while Miao et Zhao [35] propose an approach relying on rank statistics.

Two different viewpoints have arisen in the multiple change-point detection problem: one is frequentist
[24, 27] while the other is bayesian [26]. It is interesting to notice that these different conceptions do not
provide the same kind of information about the signal in hand. Indeed, the first one essentially reduces to
find the “best” segmentation, that is the list of the breakpoints which is the solution of an optimization
problem, whereas the bayesian approach rather intends to estimate the distribution of the change-point
at a given location as well as the corresponding confidence interval. Since both of them present some
interesting aspects, Lavielle [25] combines the two strategies by putting an a priori distribution on
segmentations, which is based on the penalized criterion preliminary used to define the best segmentation.
Throughout this chapter, we adopt the frequentist viewpoint and the problem is to recover the potential
multiple change-points locations from the observed signal.

There are numerous asymptotic results [35, 28]. Provided a “true segmentation” exists and belongs to
the set of candidate segmentations, such approaches attempt to estimate consistently the true segmenta-
tion. On the contrary, our approach is fully non-asymptotic, in the same line as that of Lebarbier [30] and
Baraud et al. [10], which are among the few works on this aspect.

In (off-line) change-points detection, we are given n points (t1,Y1),..., (t,, ) € [0,1] x R, which are n
successive observations of a signal Y; at point ¢;, and satisfying

Y, = s(t;) + oi€i, (€); iid., E[e,] =0, Var(e;) =1 and (0y); € (Ry)", (7.1)

where s denotes the unknown regression function. Usually in the change-points detection framework, s
is assumed to be piecewise constant. That is why piecewise constant estimators are used in this setup.
Besides as pointed out by Lavielle [25], several change-points detection problems may be distinguished,
depending on whether we are interested in changes in the mean under constant variance, in the variance
with constant mean or in both the mean and the variance.

In this work, the question we address is different from the previous ones in two respects. Indeed, we
focus on the heteroscedastic case in which we intend to detect changes in the mean of the signal, and
not in its variance. To this end, we use piecewise constant functions as approximation of s. To a certain
extent in this setting, variance could be considered as a nuisance parameter. Moreover, the regression
functions we consider are more general since s may be non piecewise constant. With the latter situa-
tion, we have in mind very smooth (but non necessarily constant) signals with abrupt changes in the mean.

Our approach relies on model selection, which has been introduced in the early 70s by Akaike [2, 3] for
FPE and AIC, Mallows [33] for the C,, criterion and Schwartz [41] for BIC, to name but a few. From a finite
(or at most countable) family of models (S ),,ca, and given a set of associated estimators (5,),,c .
the purpose of model selection is to provide m such that 55 reaches the best performance according to
our criterion among all the estimators §,,.

In model selection, two main objectives can be pursued. We may intend to design a model selection
procedure which finds the estimator with the smallest quadratic risk. This strategy is that of AIC and
Mallows’ C,, for instance. The quality of such a procedure is then measured through an oracle inequality
like
E[ls—5al?] <C inf E[lls—5ul?] + R (7.2)
meMy,

where C' > 1 is a constant and R,, denotes a remainder term. Of course, the closer C' to 1 and R,, to 0,
the better the procedure. On the other hand if we assume that s belongs to one of the S,,s, then we may
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intend to recover it with a probability as high as possible. It is the purpose of BIC for instance (see [47]
for a distinction of these two problems).

Actually, the present work belongs to the former strategy. Indeed, there is not necessarily any true model
in our setting since smooth regression functions with abrupt changes are allowed, while in the same time
we use piecewise constant functions. Besides, we do not try to detect a change-point, which is hidden by
the noise.

In the change-point detection problem requires, the collection of models M, can depend on n. Indeed,
with n points in the design, there are (g) different partitions of [0, 1] into D pieces. Moreover, if s is not
piecewise constant, it is natural to use more parameters to estimate it. Consequently, an oracle inequality
(7.2) has to be satisfied from the non-asymptotic viewpoint: we cannot assume that the collection of model
is fixed and the sample size n tends to infinity.

Two broad situations may be distinguished in the model selection area, depending on the “small”
or “large” number of models with the same dimension in the collection. Typically, the “small” case is
that of polynomial collection complexity. It is the situation where AIC, C, and their variants lead to
good performance [9, 16, 11, 17]. However, these criteria heavily rely on a homoscedastic assumption
which may be violated in various situations with true data. In contrast, there is only very few results
in the heteroscedastic polynomial setting, where the previous penalties have been recently shown to be
suboptimal [7]. Gendre [22] has proposed a model selection procedure that seems to perform quite well, but
he requires that the residuals are gaussian variables. In a recent work in the heteroscedastic framework,
Arlot [5] shows that resampling penalties give promising results without any assumption on the type of
distribution of residuals. Unfortunately, the results he provides only apply in the polynomial setting.

As for the exponential complexity framework, Birgé and Massart [16, 17] advocate penalties like

D,, D,, n
pen(m) = == + = log (Dm> , (7.3)

where ¢; and ¢y are positive universal unknown constants, which may be determined through a simulation
step as successfully carried out by Lebarbier [30]. Similar penalties have been found independently by
several other authors [1] and are shown to provide satisfactory results, except their dependence on the
homoscedastic assumption. Indeed having in mind the deficiency of linear penalties in the heteroscedastic
framework under polynomial complexity [7], we may conjecture that the same issue will arise in the
exponential setting, which we observe in what follows.

The purpose of the present work is therefore to analyze with some theoretical arguments, but mainly
through an extensive simulation study several resampling strategies such as CV in the heteroscedastic
change-points detection setting. We propose a fully data-dependent algorithm, which automatically
takes into account the complexity of the collection of models in hand. In a homoscedastic setting,
these new algorithms provide similar results as (7.3), whereas they turn out to outperform (7.3) in
the heteroscedastic setting. Thus since we do not know in advance whether the noise is constant or
heteroscedastic with real data, these new algorithms appear as reliable and more robust alternatives
to (7.3). Besides, a common strategy in model selection [16] consists in gathering models according
to their dimensions and then, choosing one model for each dimension thanks to the empirical contrast
minimization. The final estimator is selected among the resulting family of estimators (§ﬁ,( D)) DeD?
thanks to penalization. Following the same approach, several simulations experiments are carried out
with different regression functions and heteroscedastic noises in order to understand the behaviour of
the considered algorithms at each step of the described strategy. Thus, we observe that the V-fold
cross-validation (VF) enables to automatically fit the collection complexity, while in many circumstances,
resampling at the first step of the above strategy outperforms upon empirical risk minimization.

The chapter is organized as follows. In Section 7.2, we first describe the change-points detection from
the model selection viewpoint, and then provide non-asymptotic results about the Lpo risk estimator. It
is shown that increasing p is a means to overpenalize, which is a means to balance overfitting. in this
section, we also describe our strategy to study the problem as well as the simulation experiments we
pursue. Section 7.3 is devoted to the description and analysis of resampling as measures of the collection
complexity in order to choose the dimension of the final model. In particular, some comparisons are



162 CHAPTER 7. CHANGE-POINTS DETECTION VIA RESAMPLING

made with penalties like (7.3), which turn out to be in favour of resampling. Besides, we also compare
the empirical risk and resampling algorithms as means to choose the best model for each dimension in
Section 7.4. The proposed algorithms are also compared to widespread methods on CGH microarray data
in Section 7.6. Some comments on alternative complexity measures and model selection strategies are
provided in Section 7.7 as well as some starting points for further works.

7.2 Overview of the problem

7.2.1 Model selection view on change-points detection

From the efficiency viewpoint, a classical strategy in model selection consists in estimating the risk
of each model and then to choose that one with the smallest estimated error. It is the rationale of
penalized criteria such as AIC (Akaike Information Criterion, Akaike [3]), Mallows’ C}, [33], but also that
of CV algorithms (Allen [4], Stone [44], Geisser [21]) and more generally of resampling penalties (see the
introduction of [6] for an overview).

A large number of asymptotic results have been established for such criteria when the number of

competing models in not too high. The asymptotic efficiency of C}, has been proved by Shibata [43], while
the asymptotic equivalence between the C), and Loo is shown in Li [31]. We refer the interested reader
to Shao [42] and the following discussion papers for an extensive review of asymptotic results derived for
linear regression models.
Among the first non-asymptotic results in a regression setting with penalized criteria, we find Barron et
al. [12] and Birgé and Massart [16] in a gaussian homoscedastic framework. Some of these results apply
with “rich” collections of models such as those encountered in all subset selection problem in variable
selection for instance. In a situation where the collection is not too rich, Baraud [9, 11] extends the
preceding results (oracle inequality with C' > 1) with a homoscedastic but unknown noise level. Moreover,
he replaces the gaussian assumption by some requirements on the moments of the residuals. A noticeable
enhancement of these results (constant C,, — 1) in a gaussian homoscedastic setting has been recently
obtained by Birgé and Massart [17] with various family of models.

As for CV, Stone [45] has proved the asymptotic equivalence of Loo and AIC, while more recently,
Dudoit and van der Laan [20] have shown the asymptotic optimality of a model selection procedure
based on various CV algorithms except Loo (see Gyorfi et al. [23] for more asymptotic results). Some
non