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Abstract

We consider the estimation of a bounded regression function with nonparametric heteroscedastic noise
and random design. We study the true and empirical excess risks of the least-squares estimator on finite-
dimensional vector spaces. We give upper and lower bounds on these quantities that are nonasymptotic
and optimal to first order, allowing the dimension to depend on sample size. These bounds show the
equivalence between the true and empirical excess risks when, among other things, the least-squares esti-
mator is consistent in sup-norm with the projection of the regression function onto the considered model.
Consistency in the sup-norm is then proved for suitable histogram models and more general models of
piecewise polynomials that are endowed with a localized basis structure.

keywords: Least-squares regression, Heteroscedasticity, Excess risk, Lower bounds, Sup-norm, Localized
basis, Empirical process.

1 Introduction

A few years ago, Birgé and Massart [6] introduced a data-driven calibration method for penalized criteria in
model selection, called the Slope Heuristics. Their algorithm is based on the concept of the minimal penalty,
under which a model selection procedure fails. Given the shape of the ideal penalty, which in their Gaussian
setting is a known function of the dimension of the considered models, the algorithm first provides a data-driven
estimate of the minimal penalty. This is done by taking advantage of a sudden change in the behavior of the
model selection procedure around this level of penalty. Then, the algorithm selects a model by using a penalty
that is twice the estimated minimal penalty. Birgé and Massart prove in [6] that an asymptotically optimal
penalty is twice the minimal one, in the sense that the associated selected model achieves a nonasymptotic
oracle inequality with leading constant converging to one when the sample size tends to infinity.

The slope heuristics algorithm has been recently extended by Arlot and Massart [2] to the selection of
M-estimators, whenever the number of models is not more than polynomial in the sample size. Arlot and
Massart highlight that, in this context, the mean of the empirical excess risk on each model should be a good,
rather general candidate for the - unknown - minimal penalty. In addition, they note that an optimal penalty
is roughly given by the sum of the true and the empirical excess risks on each model. A key fact underlying
the asymptotic optimality of the slope heuristics algorithm is the equivalence - in the sense that the ratio
tends to one when the sample size tends to infinity - between the true and empirical excess risk, for each
model which is likely to be selected. Generally, these models are of moderate dimension, typically between
(log (n))® and n/ (log (n)), where c is a positive constant and n is the sample size. This equivalence leads,
quite straightforwardly, to the factor two between the minimal penalty and the optimal one.

Arlot and Massart prove in [2], by considering the selection of finite-dimensional models of histograms in
heteroscedastic regression with a random design, that the slope heuristics algorithm is asymptotically optimal.
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The authors conjecture in [2], Section 1, that the restriction to histograms is “mainly technical”, and that the
slope heuristics “remains valid at least in the general least squares regression framework”.

The first motivation of the present paper is thus to tackle the challenging mathematical problem raised
by Arlot and Massart in [2], concerning the validity slope heuristics. More precisely, we isolate the question
of the equivalence, for a fixed model, between the true and empirical excess risks. As emphasized in [2], this
constitutes the principal part of the conjecture, since other arguments leading to model selection results are
now well understood. We thus postpone model selection issues to a forthcoming paper, and focus on the fixed
model case.

We consider least squares regression with heteroscedastic noise and random design, using a finite-dimensional
linear model. Our analysis is nonasymptotic in the sense that our results are available for a fixed value of the
sample size. It is also worth noticing that the dimension of the considered model is allowed to depend on the
sample size and consequently is not treated as a constant of the problem. In order to determine the possible
equivalence between the true and empirical excess risks, we investigate upper and lower deviation bounds for
each quantity. We obtain first order optimal bounds, thus exhibiting the first part of the asymptotic expansion
of the excess risks. This requires to determine not only the right rates of convergence, but also the optimal
constant on the leading order term. We give two examples of models that satisfy our conditions: models of
histograms and models of piecewise polynomials, whenever the partition defining these models satisfy some
regularity condition with respect to the unknown distribution of data. Our results concerning histograms
roughly recover those derived for a fixed model by Arlot and Massart [2], but with different techniques. More-
over, the case of piecewise polynomials strictly extend these results, and thus tends to confirm Arlot and
Massart conjecture on the validity of the slope heuristics.

We believe that our deviation bounds, especially those concerning the true excess risk, are interesting by
themselves. Indeed, the optimization of the excess risk is, from a general perspective, at the core of many
nonparametric approaches, especially those related to statistical learning theory. Hence, any sharp control of
this quantity is likely to be useful in many contexts.

In the general bounded M-estimation framework, rates of convergence and upper bounds for the excess risk
are now well understood, see [18], [17], [13], [4], [10]. However, the values of the constants in these deviation
bounds are suboptimal - or even unknown -, due in particular to the use of chaining techniques. Concerning
lower deviation bounds, there is no convincing contribution to our knowledge, except the work of Bartlett
and Mendelson [4], where an additional assumption on the behavior of underlying empirical process is used to
derive such a result. However, this assumption is in general hard to check.

More specific frameworks, such as least squares regression with a fixed design on linear models (see for
instance [6], [3] and [1]), least squares estimation of density on linear models (see [?] and references therein),
or least squares regression on histograms as in [2], allow for sharp, explicit computations that lead to optimal
upper and lower bounds for the excess risks. Hence, a natural question is: is there a framework, between
the general one and the special cases, that would allow to derive deviation bounds that are optimal at the
first order ? In other words, how far could optimal results concerning deviation bounds been extended ? The
results presented in this article can be seen as a first attempt to answer these questions.

The article is organized as follows. We present the statistical framework in Section 2, where we show in
particular the existence of an expansion of the least squares regression contrast into the sum of a linear and a
quadratic part. In Section 3, we detail the main steps of our approach at a heuristic level and give a summary
of the results presented in the paper. We then derive some general results in Section 4. These theorems are
then applied to the case of histograms and piecewise polynomials in Sections 5 and 6 respectively, where in
particular, explicit rates of convergence in sup-norm are derived. Finally, the proofs are postponed to the end
of the article.

2 Regression framework and notations

2.1 least squares estimator

Let (X,7x) be a measurable space and set Z = XxR. We assume that &, = (X;Y;) € xR, i € {1,...,n},
are n i.i.d. observations with distribution P. The marginal law of X; is denoted by PX. We assume that the



data satisfy the following relation
YVi=s.(X;) +o(Xi)ei, (1)

where s, € Lo (PX ), €; are i.i.d. random variables with mean 0 and variance 1 conditionally to X; and o :
X —R is a heteroscedastic noise level. A generic random variable of law P, independent of (£;,...,&,,), is
denoted by £ = (X)Y).

Hence, s, is the regression function of Y with respect to X, to be estimated. Given a finite dimensional linear
vector space M, that we will call a “model”, we denote by sj; the linear projection of s, onto M in Lo (PX )
and by D the linear dimension of M.

We consider on the model M a least squares estimator s,, (possibly non unique), defined as follows

n
Sn Earggelij\r}{;;(ﬁ —s(Xi))z} : (2)
So, if we denote by .
Po = % ;5(&%)
the empirical distribution of the data and by K : Lo (PX ) — L; (P) the least squares contrast, defined by
K(s)=(z,9) € Z— (y—s(x)?, se Ly (PY),
we then remark that s, belongs to the general class of M-estimators, as it satisfies

sn € arg min { Py (K (s))} - (3)

2.2 Excess risk and contrast

As defined in (3), s, is the empirical risk minimizer of the least squares contrast. The regression function s,
can be defined as the minimizer in Lo (PX ) of the mean of the contrast over the unknown law P,

5, = arg seg%r}gx)PK (s) ,

where
PK (s) = P(Ks) = PKs = E[K (s) (X,Y)] = B [(Y _s (X))Q]

is called the risk of the function s. In particular we have PKs, = E [0% (X)]. We first notice that for any
s€ Lo (PX)7 if we denote by
1/2
Isl = ( [ 2ar¥)
X

its quadratic norm, then we have, by (1) above,

PKs— PKs,=P(Ks— Ks,)
=B (Y =5 (X)) = (¥ = . (X))?]

:E[(s* —)2(X)| + 2B | (5. — ) (X)B[Y — s, (X) |X]

=0

— s —s.2>0.

The quantity PKs — PKs, is called the excess risk of s. Now, if we denote by sj; the linear projection of s,
onto M in Lo (PX), we have
PKsy — PKs, = in]‘f/[{PKs—PKs*} , (4)
EIS]



and for all s € M
PX (s (s —8:))=0. (5)

From (4), we deduce that
Sp = argneli]\r/}PK (s) .

Our goal is to study the performance of the least squares estimator, that we measure by its excess risk. So we
are mainly interested in the random quantity P (Ks, — Ks.). Moreover, as we can write

P(Ks,— Ks,) =P (Ksp, — Ksy)+ P(Kspy — Ks.)

we naturally focus on the quantity
P(Ksp—Ksy)>0

that we want to bound from upper and from below, with high probability. We will often call this last quantity
the excess risk of the estimator on M or the true excess risk of s,, in opposition to the empirical excess risk
for which the expectation is taken over the empirical measure,

P, (Ksy —Ksp)>0.

The following lemma establishes the expansion of the regression contrast around s,; on M. This expansion
exhibits a linear part and a quadratic parts.

Lemma 1 We have, for every z = (x,y) € Z,

(Ks) (2) = (Ksm) (2) = Yiar (2) (s = sm) (2) + 5 ((s = smr) (2)) (6)
with ¥ 5 (2) = =2 (y — su (@) and 1y () = ¢2, for all t € R. Moreover, for all s € M,

P(’(/JLM'S):O. (7)
Proof. Start with
(Ks) (2) = (Ksu) (2)
= (y—s(2))" = (y — sn (@)
= ((s = sn) (2)) ((s = sar) () = 2(y — s (2)))
= —=2(y —sum (@) ((s = sar) (@) + ((s = sa1) ()

which gives (6). Moreover, observe that for any s € M,

P (1 8) = —2B[(Y — 5. (X)) s (X)] + 2B [s (X) (smr — s4) (X)] (8)
We have
BIY — 5. (X)) (X)] =B |E[(Y — s, (X))|X]s (X)| =0. (9)
=0
and, by (5),
Bs (X) (sar — 5.) (X)] = PX (s (sn1 — 5.)) = 0. (10)

Combining (8), (9) and (10) we get that for any s € M, P (1, 5, - s) = 0. This concludes the proof. B



3 Outline of the approach

Having introduced the framework and notations in Section 2 above, we are now able to explain more precisely
the major steps of our approach to the problem of deriving optimal upper and lower bounds for the excess
risks. As mentioned in the introduction, one of our main motivations is to determine whether the true excess
risk is equivalent to the empirical one or not:

P (Ks, —Kspy) ~ P, (Ksy — Ksy) ? (11)

Indeed, such an equivalence is a keystone to justify the slope heuristics, a data-driven calibration method first
proposed by Birgé and Massart [6] in a Gaussian setting and then extended by Arlot and Massart [2] to the
selection of M-estimators.

The goal of this section is twofold. Firstly, it helps the reader to understand the role of the assumptions made
in the forthcoming sections. Secondly, it provides an outline of the proof of our main result, Theorem 2 below.
We suggest the reader interested in our proofs to read this section before entering the proofs.

We start by rewriting the lower and upper bound problems, for the true and empirical excess risks. Let C
and «a be two positive numbers. The question of bounding the true excess risk from upper and with high
probability can be stated as follows: find, at a fixed a > 0, the smallest C' > 0 such that

P[P (Ks,— Ksy) >C]<n™%.

We then write, by definition of the M-estimator s,, as a minimizer of the empirical excess risk over the model
M

)

P[P (Ks, — Ksp) > C)|

< P| inf P,(Ks— K > inf P,(Ks—K
< |:Sé1}4c (Ks SM)_sell\I}gc (Ks sM)}
= P[sup P, (Ksy — Ks) < sup P,L(KSM—KS)] ) (12)
seMc¢ seEMsc
where
Mc:={seM; P(Ks—Ksy) <C}
and

Msc = M\M¢c ={s€ M ; P(Ks— Ksy) > C}

are subsets of the model M, localized in terms of excess risk. As a matter of fact, M¢ is the closed ball of
radius C'in (M, ||-||5). In the same manner, the question of bounding the true excess risk from below and with
high probability is formalized as follows: find the larger C' > 0 such that

P[P (Ks, — Kspy) <C]<n™*.
We then have, by definition of the M-estimator s,,,
P[P (Ks, — Kspy) < C)]

< P{inf P, (Ks— Ksy) < inf Pn(Ks—KsM)}

s€Mc sEM~c
= P|sup P,(Ksy —Ks)> sup P, (Ksy —Ks)| . (13)
seMc s€EM~c

Expressions obtained in (12) and (13) allow to reduce both upper and lower bounds problems for the excess
risk to the comparison of two quantities of interest,

sup P, (Ksyr — Ks) and  sup P, (Kspy — Ks) .
sEM¢c sEMsc



Moreover, by setting Dy, = {s € M ; P(Ks, — Ksy) = L}, we get

sup P, (Kspy — Ks) sup {sup Pn(KsM—Ks)}
seEMc 0<L<C |seDy

=  sup {Sup {(Pn—P)(KsM—Ks)—i—P(KsM—Ks)}}

o<r<C |seDy
= sup { sup {(P, — P) (KsM—Ks)}—L} (14)
o<r<c lsepy
and also
sup P, (Ksy — Ks) = sup { sup {(P, — P) (Ksy — Ks)} — L} . (15)
sEMsc L>C \seDy,

The study of the excess risk thus reduces to the control of the following suprema, on the spheres Dy, of radius L
in (M, ||-]|,), of the empirical process indexed by contrasted increments of functions in M around the projection
sy of the target,

sup {(P—P,)(Ks—Ksy)} , L>0. (16)

seDy,

Similarly, the empirical excess risk can be written, by definition of the M-estimator s,,,

P, (Ksy — Ksp) = sup P, (Ksy — Ks)
seM
= sup{ sup P, (Ksy — Ks)}
L>0 \seDp
= sup{ sup {(P, — P) (KSM—KS)}—L} . (17)
L>0 \seDr

Hence, the study of the empirical excess risk reduces again to the control of the quantities given in (16). As
these quantities are (local) suprema of an empirical process, we can handle, under the right hypotheses, the
deviations from their mean via the use of concentration inequalities - deviations from the right being described
with optimal constants by Bousquet inequality (Bousquet, [8], recalled in Section 7.5 at the end of the present
paper) and deviations from left being controlled with sharp constants by Klein and Rio inequality (Klein and
Rio [12], also recalled in Section 7.5). We can thus expect that, under standard assumptions, the deviations
are negligible compared to the means with large enough probability, at least for radii L not too small,

Sselg) {(P-PF,) (Ks—Ksy)} ~E Sselg) {(P-PR,) (Ks—Ksy)}| - (18)

Remark 1 It is worth noting that the above computations, which allow to investigate both upper and lower
bound problems, only rely on the definition of s, as a minimizer of the empirical risk over the model M, and
not on the particular structure of the least squares contrast. Thus, formula (12), (18), (14), (15) and (17) are
general facts of M-estimation - whenever the projection sp; of the target onto the model M exists. Moreover,
although presented in a quite different manner, our computations related to the control of the true excess risk
are in essence very similar to those developed by Bartlett and Mendelson in [4], concerning what they call "a
direct analysis of the empirical minimization algorithm". Indeed, the authors highlight in Section 3 of [4] that,
under rather mild hypotheses, the true excess risk is essentially the maximizer of the function V, (L) — L,
where we set

Vo (L) :=FE selg) {(P-F,) (KS—KSAI)}:l .

Now, combining (12), (13), (14) and (15), it is easily seen that in the case where s, is unique and where

YC >0, sup P, (Ksy — Ks) is achieved < max P, (Ksy — Ks)> ,
s€Dc s€Dc



we have in fact the following exact formula,

P(Ks,—Ksy) = argmax{maxPn(KsMKs)}
L>0 | s€Dg
= argrilg%({sné%)i (P-PFR,) (KS—KSM)—L} . (19)

So, if (18) is satisfied with high probability, we recover Bartlett and Mendelson’s observation, which is

P(Ks, — Ksp) ~ arg max {Vn(L)-L} . (20)

In Theorem 3.1 of [4], a precise sense is given to (20), in a rather general framework. In particular, a lower
bound for the excess risk is given but only through an additional condition controlling the supremum of the
empirical process of interest itself over a subset of functions of “small” excess risks. This additional condition
remains the major restriction concerning the related result of Bartlett and Mendelson. In the following, we show
in our more restricted framework how to take advantage of the linearity of the model, as well as the existence of
an expansion of the least squares contrast around the projection sp; of the target, to derive lower bounds without
additional assumptions on the behavior of the empirical process of interest. Moreover, our methodology allow to
explicitly calculate the first order of the quantity given at the right side of (20), thus exhibiting a rather simple
complexity term controlling the rate of convergence of the excess risk in the regression setting and relating
some geometrical characteristics of the model M to the unknown law P of data.

Remark 2 Formula (17) and (19) above show that the true and empirical excess risks are of different nature,
in the sense that the first one is referred to the arguments of the function

I'p:L(>0)— max (P—P,) (Ks— Ksy)— L,
seDy,
whereas the second one is measured from the values of the function T',,. Hence, the equivalence between the
true and the empirical excess risks, when satisfied, is in general not straightforward. It is a consequence of the
following “fized point type” equation,

arg I%zix {Th} ~ I%ix {Tn} .

Considering that the approximation stated in (18) is suitably satisfied, it remains to get an asymptotic
first order expansion of its right-hand term. Such a control is obtained through the use of the least squares
contrast expansion given in (6). Indeed, using (6), we get

B [selg, (P - Py (Ks— KSM)}}

- E [sup {(P=P,) (101 (s — SM))}] +E [Sup {(P —PB) ((s - sM)z)}} . (21)

seDy, seDy,

principal part residual term

In order to show that the residual term is negligible compared with the principal part, it is natural to use a
contraction principle (see Theorem 4.12 of [15], also recalled in Section 7.5). Indeed, arguments of the empirical
process appearing in the residual term are related to the square of the arguments defining the empirical process
in the principal part. Moreover, it appears by using the contraction principle, that the ratio of the residual
term over the principal part is roughly given by the supremum norm of the indexes: sup,cp, |(s — sar) ()| (see
Lemma 14 in Section 7.4 for more details). Now, using assumption (H3) of Section 4.1, concerning the unit
envelope of the linear model M, we get that the last quantity is of order v/DL. Since the values L of interest
are typically of order D/n, the quantity controlling the ratio is not sharp enough as it does not converge to
zero as soon as the dimension D is of order at least y/n.



We thus have to refine our analysis in order to be able to neglect the residual term. The assumption of
sup-norm consistency, of the least squares estimator s,, toward the projection s, of the target onto the model
M, appears here to be essential. Indeed, if assumption (H5) of Section 4.1 is satisfied, then all the above
computations can be restricted with high probability to the subset where belongs the estimator s,,, this subset
being more precisely

BLao (SN[,RH’D’Q) = {S eM 3 ||S — SMHoo < Rn,D,a} cCM s (22)

R, Do < 1 being the rate of convergence in sup-norm of s, toward sas, defined in (H5). In particular, the
spheres of interest Dy, are now replaced in the calculations by their intersection D, with the ball of radius
R, D in (M, H”oo)v ~

D, =D N BL(x) (SM, RM77L7Q) .

The ratio between the consequently modified residual term and principal part of (21) is then roughly controlled
by Ry.p.o (see again Lemma 14 in Section 7.4), a quantity indeed converging to zero as desired. Hence, under
the assumption (H5), we get

E stgo {(P-P,) (KsKsM)}l ~ E lmg) {(Pan) (w17M~(sfsM))} . (23)

A legitimate and important question is: how restrictive is assumption (H5) of consistency in sup-norm of
the least squares estimator ? We prove in Lemma 5 of Section 5 that this assumption is satisfied for models
of histograms defined on a partition satisfying some regularity condition, at a rate of convergence of order
v/DlIn(n) /n. Moreover, in Lemma 8, Section 6, we extend this result for models of piecewise polynomials
uniformly bounded in their degrees, again under some lower-regularity assumption on the partition defining
the model; the rate of convergence being also preserved. A systematical study of consistency in sup-norm of
least squares estimators, on more general finite-dimensional linear models, is also postponed to a forthcoming
paper.

The control of the right-hand side of (23), which is needed to be sharp, is particularly technical, and is
essentially contained in Lemmas 12 and 13 of Section 7.4. Let us shortly describe the mathematical figures
underlying this control. First, by bounding the variance of the considered supremum of the empirical process
- by using a result due to Ledoux [14], see Theorem 24 and also Corollary 25 in Section 7.5 -, we roughly get,
for values of L of interest,

E | sup {(P— P,) (1/11,2\/1 (s—sm))}

SG'[)L

2
~ E/? (sup{(P—Pn)(z/)LM~(s—sM))}> . (24)

seDy,

Then, by assuming that the model M is fulfilled with a localized orthonormal basis, as stated in assumption
(H4) of Section 4.1, it can be shown that the localization on the ball Br__ (Sar, Rarn.a) can be removed from
the right-hand side of (24), in the sense that

2 2
EY/? (sup {(P=P,) (Y1 - (s— sM))}> ~ E'/? l( sup {(P — P,) (¢y 0+ (s — sM))}> ] . (25)

seDy, se€Dyr,

The property of localized basis is standard in model selection theory (see for instance Chapter 7 of [16]) and
was first introduced by Birgé and Massart in [5], also for deriving sharp exponential bounds in a M-estimation
context. We show in Lemmas 4 and 7 that this assumption is satisfied for models of histograms and piecewise
polynomials respectively, when they satisfy a certain regularity assumption concerning the underlying partition.

Finally, as Dy, is a sphere in (M, ||-||,), we simply get, by the use of Cauchy-Schwarz inequality, that the

right-hand side of (25) is equal to \/(L/n) : 25:1 Var (11 5 - ¢1,), where (@k)szl is an orthonormal basis of



M. Gathering our arguments, we then obtain

P (Ks, —Ksp) ~ argmax{sup E[(PnP)(KsMKs)]L}
L>0 \seDy

L3238 Var ($1.0r - #1) 1Dur
~ argmax \/ n - L _ZTICLM’ (26)

_1
D

K1, is independent of the choice of the basis (S%)szl and is, under our assumptions, of the order of a constant.
Concerning the empirical excess risk, we have

where IC%M = kD:Ml Var (1/)17M - ). As shown in Section 4.3 below, the (normalized) complexity term

P, (Ksy — Ksp) = max{ sup E[(P, — P) (Ksy — Ks)] — L}
L>0 \sepy
L-Y oMV : 1D
~ max \/ 2= Var (wl’M <pk) — L3 = f—MIC% M- (27)
L>0 n 4 n ’

In particular, the equivalence

P(Ksy, — Kspy) ~ Pp(Ksy — Ksy) (N leDTiwICiM>
is justified.

In Theorem 2 below, a precise, non-asymptotic sense, is given to equivalences described in (26) and (27).
This is done under the structural constraints stated in conditions (H4) and (H5), for models of reasonable
dimension. Moreover, we give in Theorem 3 upper bounds for the true and empirical excess risks, that are less
precise than the bounds of Theorem 2, but that are also valid for models of small dimension. Corollaries of these
theorems are given in the case of histograms and piecewise polynomials, in Corollaries 6 and 9 respectively.
Indeed, we show that in these particular cases, our general conditions (H4) and (H5) essentially reduce to a
simple lower-regularity assumption on the underlying partition.

4 True and empirical excess risk bounds

In this section, we derive under general constraints on the linear model M, upper and lower bounds for the
true and empirical excess risk, that are optimal - and equal - at the first order. In particular, we show that
the true excess risk is equivalent to the empirical one when the model is of reasonable dimension. For smaller
dimensions, we only achieve some upper bounds.

4.1 Main assumptions
We turn now to the statement of some assumptions that will be needed to derive our results in Section 4.2.

These assumptions will be further discussed in Section 4.3.

Boundedness assumptions:

e (H1) The data and the linear projection of the target onto M are bounded: a positive finite constant A
exists such that
[Y:| < A a.s. (28)

and
[smlloe <A - (29)



Hence, from (H1) we deduce that

[sclloe = IBY | X =]l < A (30)
and that there exists a constant o, > 0 such that
0% (X;) <02, < A% as. (31)

Moreover, as 7/11,M (2) = —2(y — spr (x)) for all z = (x,9) € Z, we also deduce that
|y (X3, Y5)| <4A aus. (32)

e (H2) The heteroscedastic noise level ¢ is uniformly bounded from below: a positive finite constant o,
exists such that
O0<omin<o (Xz) a.s.

Models with localized basis in L, (PX):

Let us define a function ¥, on X, that we call the unit envelope of M, such that

1
U (2) = NI |s ()] - (33)

As M is a finite dimensional real vector space, the supremum in (33) can also be taken over a countable subset
of M, so ¥, is a measurable function.

e (H3) The unit envelope of M is uniformly bounded on X': a positive constant As s exists such that
||\I/]\4||Oo < A37M < 00 .
The following assumption is stronger than (H3).

e (H4) Existence of a localized basis in (M, ||-||,): there exists an orthonormal basis ¢ = (gpk)szl in
(M, ||-||,) that satisfies, for a positive constant ras (¢) and all 8 = (Bk)l?zl € RP,

D
Zﬂk%’k
k=1

where |3|, = max {|5|;k € {1,..., D}} is the sup-norm of the D-dimensional vector f3.

<ru () VDBl

o0

Remark 3 (H4) implies (H3) and in that case Az pr =7 (@) is convenient.
The assumption of consistency in sup-norm:

In order to handle second order terms in the expansion of the contrast (6), we assume that the least squares
estimator is consistent for the sup-norm on the space X'. More precisely, this requirement can be stated as
follows.

e (H5) Assumption of consistency in sup-norm: for any Ay > 0, if M is a model of dimension D satisfying
n

(Inn)*’

then for every a > 0, we can find a positive integer n; and a positive constant A.,,s satisfying the
following property: there exists R, p.. > 0 depending on D, n and «, such that

D<A,

Ry pao < Acons (34)
Inn
and by setting
Qoo,a = {llsn — SMHOO <Rupa}t , (35)
it holds for all n > nq,
PQeal >1—n"%. (36)
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4.2 Theorems

We state here the general results of this article, that will be applied in Section 5 and 6 in the case of piecewise
constant functions and piecewise polynomials respectively.

Theorem 2 Let Ay, A_,a > 0 and let M be a linear model of finite dimension D. Assume that (H1), (H2),
(H4) and (H5) hold and take (gpk) _, an orthonormal basis of (M, |-||,) satisfying (H4). If it holds

A_(nn)*<D<A —— (37)

(In n)2 7

then a positive finite constant Ag exists, only depending on o, A_ and on the constants A, omin, 0 () defined
in assumptions (H1), (H2) and (H4) respectively, such that by setting

Inn 1/4 Dlnn 1/4
n=Agmaxd (50) L (Z2) L VRpa | )

n

we have for alln > ng (A—, Ay, A, Acons, "a1 (©) , Omin, N1, @),

D .

P [P (Ksp,— Ksy) > (1 —¢,) 7#6%}]” >1-5n"%, (39)
1D 2 ] —a

PP (Ksp = Ksu) < (1+en) 7 —Kip | 21=5n7", (40)
2 1D 2 : —a

PPy (Ksy = Ksp) 2 (1—e) 7 =Ky 21 -207%, (41)
2 1D 2 ] —«

P|P, (Ksy — Ks,) < (1+¢2) iR = ek (42)

where K2 M=D Zf L Var (Y1 a7 - @) In addition, when (H5) does not hold, but (H1), (H2) and (H4) are
satisfied, we still have for allm > ng (A_, Ay, A, rpr (©) , Omin, @

P (Pn (Ksy — Ks,) > (1 —Aomax{\/H Dln"}) ) >1-2n" . (43)

In Theorem 2 above, we achieve sharp upper and lower bounds for the true and empirical excess risks on M.
They are optimal at the first order since the leading constants are equal for upper and lower bounds. Moreover,
Theorem 2 states the equivalence with high probability of the true and empirical excess risks for models of
reasonable dimensions. We notice that second orders are smaller for the empirical excess risk than for the true
one. Indeed, when normalized by the first order, the deviations of the empirical excess risk are square of the
deviations of the true one. Our bounds also give another evidence of the concentration phenomenon of the
empirical excess risk exhibited by Boucheron and Massart [7] in the slightly different context of M-estimation
with bounded contrast where some margin condition hold. Notice that considering the lower bound of the
empirical excess risk given in (43), we do not need to assume the consistency of the least squares estimator s,
towards the linear projection sj;.

We turn now to upper bounds in probability for the true and empirical excess risks on models with possibly
small dimensions. In this context, we do not achieve sharp or explicit constants in the rates of convergence.

Theorem 3 Let a, A+ > 0 be fized and let M be a linear model of finite dimension

1<D<A,——
(lnn)

Assume that assumptions (H1), (H3) and (H5) hold. Then a positive constant A, ezists, only depending on
A, Acons, Az m and o, such that for all n > ng (AconssM1),

DV1
P|P(Ksy— Ksp) > Ay 220 < 3@ (44)
n

11



and
DVinn

P Pn(KsM—Ksn)ZAuT <3n"*. (45)
Notice that on contrary to the situation of Theorem 2, we do not assume that (H2) hold. This assumption
states that the noise level is uniformly bounded away from zero over the space X', and allows in Theorem
2 to derive lower bounds for the true and empirical excess risks, as well as to achieve sharp constants in
the deviation bounds for models of reasonable dimensions. In Theorem 3, we just derive upper bounds and
assumption (H2) is not needed. The price to pay is that constants in the rates of convergence derived in (44)
and (45) are possibly larger than the corresponding ones of Theorem 2, but our results still hold true for small
models. Moreover, in the case of models with reasonable dimensions, that is dimensions satisfying assumption
(37) of Theorem 2, the rate of decay is preserved compared to Theorem 2 and is proportional to D/n.
The proofs of the above theorems can be found in Section 7.3.

4.3 Some additional comments

Let us first comment on the assumptions given in Section 4.1. Assumptions (28) and (H2) are rather mild
and can also be found in the work of Arlot and Massart [2] related to the case of histograms, where they are
respectively denoted by (Ab) and (An). These assumptions state respectively that the response variable Y is
uniformly bounded and that the noise level is uniformly bounded away from zero. In [2], Arlot and Massart
also notice that their results can be extended to the unbounded case, where assumption (Ab) is replaced by
some condition on the moments of the noise, and where (An) is weakened into mild regularity conditions for
the noise level. We believe that moments conditions on the noise, in the spirit of assumptions stated by Arlot
and Massart, could also been taken into account in our study in order to weaken (28), but at the prize of
many technical efforts that are beyond the scope of the present paper. However, we explain at the end of this
section how condition (H2) can be relaxed - see hypothesis (H2bis) below.

In assumption (H4) we require that the model M is provided with an orthonormal localized basis in Lo (PX )
This property is convenient when dealing with the L.,-structure on the model, and this allows us to con-
trol the sup-norm of the functions in the model by the sup-norm of the vector of their coordinates in the
localized basis. For examples of models with localized basis, and their use in a model selection framework,
we refer for instance to Section 7.4.2 of Massart [16], where it is shown that models of histograms, piecewise
polynomials and compactly supported wavelets are typical examples of models with localized basis for the
L (Leb) structure, considering that X CRF. In Sections 5 and 6, we show that models of piecewise constant
and piecewise polynomials respectively can also have a localized basis for the Lo (PX ) structure, under rather
mild assumptions on PX. Assumption (H4) is needed in Theorem 2, whereas in Theorem 3 we only use the
weaker assumption (H3) on the unit envelope of the model M, relating the Lo-structure of the model to the
Loo-structure. In fact, assumption (H4) allows us in the proof of Theorem 2 to achieve sharp lower bounds
for the quantities of interest, whereas in Theorem 3 we only give upper bounds in the case of small models.
We ask in assumption (H5) that the M-estimator is consistent towards the linear projection sps of s, onto the
model M, at a rate at least better than (In n)71/2 . This can be considered as a rather strong assumption, but
it is essential for our methodology. Moreover, we show in Sections 5 and 6 that this assumption is satisfied
under mild conditions for histogram models and models of piecewise polynomials respectively, both at the rate

Dlnn
Rn,D,a X .
n

Secondly, let us comment on the rates of convergence given in Theorem 2 for models of reasonable dimensions.
As we can see in Theorem 2, the rate of estimation in a fixed model M of reasonable dimension is determined
at the first order by a key quantity that relates the structure of the model to the unknown law P of data. We
call this quantity the complezity of the model M and we denote it by Cps. More precisely, let us define

1
CM == Z.D X IC%M

12



where

e
Kim = ) ;Vﬂ (V100 2r)

for a localized orthonormal basis (@k)szl of (M, |-||5) . Notice that i s is well defined as it does not depend
on the choice of the basis (gpk)szl . Indeed, since we have P (wl)M . <pk) = 0, we deduce that

D
1
IC%,M =P ('L/)%,M : (D Z@i)) .
k=1

Now observe that, by using Cauchy-Schwarz inequality in Definition (33), as pointed out by Birgé and Massart
[5], we get

D
1
vl = D Z i (46)
k=1
and so
’C%,M =Pr (T/J%,M‘I’?w)
= 4E [E [(Y — sy (X)) \X] 02, (X)]
=4 (B [0* (X)W}, (X)] + B (s — 5.)” (X) 93, ()] ) . (47)
On the one hand, if we assume (H1) then we obtain by elementary computations
Kim <20max +4A <64 . (48)

On the other hand, (H2) implies
Kim > 20min > 0. (49)

To fix ideas, let us explicitly compute IC%V a in a simple case. Consider homoscedastic regression on a histogram
model M, in which the homoscedastic noise level ¢ is such that

o?(X)=0% as.,

so we have
B [0 (X) W, (X)] = 0B [¥}, (X)] = o

Now, under notations of Lemma 4 below,

sw =S B[V, (X)]g, = S BY|Xel]1,,
IeP IeP
thus we deduce, by (46) and the previous equality, that
1 -
B (s — 5.) (X) W3 (X)] = 1 2 B (o = ) (X) o} ()]
Iep

_ WH;E :(E V|X €I]-E[Y X)) Pljff;)}

ZLZE'(E[Y|XGI]—E[Y|X])2|XGI]
|P|Ie7> i

:%ZV[E[Y\XHXGI} ,
IeP
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where the conditional variance V [U |A] of a variable U with respect to the event A is defined to be
V[UIA] = B[(U ~EU|A)?|A] =B [U?|A] - (B[U]A) .

By (47), we explicitly get

1

IC%M4<02+|ZV[E[Y|X]|X€I]> . (50)

Plicz

A careful look at the proof of Theorem 2 given in Section 7.3 show that condition (H2) is only used through
the lower bound (49), and thus (H2) can be replaced by the following slightly more general assumption :

(H2bis) Lower bound on the normalized complexity Kq as @ a positive constant A, exists such that

ICLJW > Amin >0.

When (H2) holds, we see from Inequality 49 that (H2bis) is satisfied with A, = 20 min. For suitable models
we can have for a positive constant Ay, and for all z € X,

Uy (z) > Ay >0, (51)

and this allows to consider vanishing noise level, as we then have by (47),

Kim > 2A5VE 02 (X)] =244 [lofl, > 0.

As we will see in Sections 5 and 6, Inequality (51) can be satisfied for histogram and piecewise polynomial
models on a partition achieving some upper regularity assumption with respect to the law PX .

5 The histogram case

In this section, we particularize the results stated in Section 4 to the case of piecewise constant functions. We
show that under a lower regularity assumption on the considered partition, the assumption (H4) of existence
of a localized basis in Lo (PX ) and (H5) of consistency in sup-norm of the M-estimator towards the linear
projection s, are satisfied.

5.1 Existence of a localized basis

The following lemma states the existence of an orthonormal localized basis for piecewise constant functions in
Lo (PX ), on a partition which is lower-regular for the law PX.

Lemma 4 Let consider a linear model M of histograms defined on a finite partition P on X, and write
|P| = D the dimension of M. Moreover, assume that for a positive finite constant cy p,

|P| 111617f)PX (I)>cmp>0. (52)
Set, for I € P,
o1 = (PX (D)1,
Then the family (¢1);cy,, 8 an orthonormal basis in Lo (PX) and we have,
for all 8= (B;);cp € RP, ZBI<,DI SC&I’P\@W\M . (53)
Iep .

Condition (52) can also be found in Arlot and Massart [2] and is named lower regularity of the partition P for
the law PX. It is easy to see that the lower regularity of the partition is equivalent to the property of localized
basis in the case of histograms, i.e. (52) is equivalent to (53). The proof of Lemma 4 is straightforward and
can be found in Section 7.1.

14



5.2 Rates of convergence in sup-norm

The following lemma allows to derive property (H5) for histogram models.

Lemma 5 Consider a linear model M of histograms defined on a finite partition P of X, and denote by
|P| = D the dimension of M. Assume that Inequality (28) holds, that is, a positive constant A exists such
that |Y| < A a.s. Moreover, assume that for some positive finite constant car,p,

P Ilgj PX(I) > emp >0 (54)

and that D < Ayn (lmn)_2 < n for some positive finite constant Ay. Then, for any a > 0 and for all
n > ng (o, cm,p, Ay), there exists an event of probability at least 1 —n~ on which s, exists, is unique and it
holds,

Dlnn

llsn — SMHOQ < LA+7A70M,P704 0 (55)

In Lemma 5 we thus achieve the convergence in sup-norm of the regressogram s, towards the linear projection
sy at the rate /Dln(n) /n . Tt is worth noticing that for a model of histograms satisfying the assumptions
of Lemma 5, if we set

[Dlnn
Acons == LA,CMYP,OL \V/ A+ , N1 =Ny (Ol, CM,P7A+) and Rn,D,a == LA+,A,CM,p,a Ta

then Assumption (H5) is satisfied. To derive Inequality (55), we need to assume that the response variable
Y is almost surely bounded and that the considered partition is lower-regular for the law PX. Hence, we fit
again with the framework of [2] and we can thus view the general set of assumptions exposed in Section 4.1
as a natural generalization for linear models of the framework developed in [2] in the case of histograms. The
proof of Lemma 5 can be found in Section 7.1.

5.3 Bounds for the excess risks
The next results is a straightforward application of Lemmas 4, 5 and Theorems 2, 3.

Corollary 6 Given A, A_,«a > 0, consider a linear model M of histograms defined on a finite partition P
of X, and write |P| = D the dimension of M. Assume that for some positive finite constant ¢y, p, it holds

[Plinf PX(I) = earp >0 . (56)

If (H1) and (H2) of Section 4.1 are satisfied and if

(Inn)?

A_ (lnn)2 <D<A,

)

then there exists a positive finite constant Ay, only depending on o, A, 0min, A—, Ay, ey, p such that, by setting

Inn 1/4 Dinn\ /4
En:AomaX j 5 n

we hcwe, fO?” alln > no (A—’ A+v A7 » Omin, CM, P, Oé),

1D 1D
P [(1 +en) ZEK%’M > P (Ksp,—Kspy) > (1—ep) 4nK%,M] >1—-10n"° (57)

and
1D 1D
P [(1 +¢2) ZZK%M > P, (Ksy — Ksp) > (1—¢2) 4nK%’M} >1-5n"". (58)
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If (56) holds together with (H1) and if we assume that

n
1<D<A, ",
- +(lnn)2

then a positive constant A,, exists, only depending on A, car,p, Ay and o, such that for alln > ng (A, cm.p, A+, @),

P {P (Ksp — Ksp) > AuDVh’"} <30
n
and Dyl
P [Pn (Ksar — Ksp) > Auvn”} <3n°.
n

We recover in Corollary 6 the general results of Section 4.2 for the case of histograms on a lower-regular
partition. Moreover, in the case of histograms, assumption (29) which is part of (H1) is a straightforward
consequence of (28). Indeed, we easily see that the projection sps of the regression function s, onto the model
of piecewise constant functions with respect to P can be written

sy=>» BY|Xelll,. (59)
IeP

Under (28), we have |[E[Y |X € I]| <[V, < A for every I € P and we deduce by (59) that [[sa/]|,, < A.

5.4 Comments

Our bounds in Corollary 6 are obtained by following a general methodology that consists, among other things,
in expanding the contrast and to take advantage of explicit computations that can be derived on the linear
part of the contrast - for more details, see the proofs in Section 7.3 below. It is then instructive to compare
them to the best available results in this special case. Let us compare them to the bounds obtained by Arlot
and Massart in [2], in the case of a fixed model. Such results can be found in Propositions 10, 11 and 12 of [2].
The strategy adopted by the authors in this case is as follows. They first notice that the mean of the empirical
excess risk on histograms is given by
D
& [Pn (KS]M - KSn” = f’Cl M -

dn >
Then they derive concentration inequalities for the true excess risk and its empirical counterpart around their
mean. Finally, the authors compare the mean of the true excess risk to the mean of the empirical excess risk.
More precisely, using our notations, inequality (34) of Proposition 10 in [2] states that for every x > 0 there
exists an event of probability at least 1 — e!~® on which,

|P, (Ksyr — Ksp) — B[Py (Ksy — Ksy)l

L A’E [P, (Ksy — Ks
D P(Ksy — Ksy) + [P (U?nf )l (Vo +az)| ,
for some absolute constant L. One can notice that inequality (60), which is a special case of general concen-
tration inequalities given by Boucheron and Massart [7], involves the bias of the model P(Ksy; — Ks.). By
pointing out that the bias term arises from the use of some margin conditions that are satisfied for bounded
regression, we believe that it can be removed from Proposition 10 of [2], since in the case of histograms models
for bounded regression, some margin-like conditions hold, that are directly pointed at the linear projection
sy~ Apart for the bias term, the deviations of the empirical excess risk are then of the order

In(n) Dy

)
n

<

(60)

considering the same probability of event as ours, inequality (60) becomes significantly better than inequality
(58) for large models.
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Concentration inequalities for the true excess risk given in Proposition 11 of [2] give a magnitude of deviations
that is again smaller than ours for sufficiently large models and that is in fact closer to €2 than &, where ¢, is
defined in Corollary 6. But the mean of the true excess risk has to be compared to the mean of the empirical
excess risk and it is remarkable that in Proposition 12 of [2] where such a result is given in a way that seems
very sharp, there is a term lower bounded by

—1/4 D\ /4
(n x inf P¥ (I)) x () ,
IeP n

due to the lower regularity assumption on the partition. This tends to indicate that, up to a logarithmic factor,
the term proportional to (D 1“”) 14 appearing in €, is not improvable in general, and that the empirical excess
risk concentrates better around its mean than the true excess risk.
We conclude that the bounds given in Proposition 10, 11 and 12 of [2] are essentially more accurate than
ours, apart for the bias term involved in concentration inequalities of Proposition 10, but this term could
be removed as explained above. Furthermore, concentration inequalities for the empirical excess risk are
significantly sharper than ours for large models.
Arlot and Massart [2] also propose generalizations in the case of unbounded noise and when the noise level
vanishes. The unbounded case seems to be beyond the reach of our strategy, due to our repeated use of
Bousquet and Klein-Rio’s inequalities along the proofs. However, we recover the case of vanishing noise level
for histogram models, when the partition is upper regular with respect to the law PX, a condition also needed
in [2] in this case. Indeed, we have noticed in Section 4.3 that assumption (H2) can be weakened into (H2bis),
where we assume that

]CI,M Z Amin >0

for some positive constant Ani,. So, it suffices to bound from below the normalized complexity. We have from
identity (47),
K3 p > 4E [0” (X) U3, (X)] .

Moreover, from identity (46), we have in the case of histograms,

\112 |P|Z xe[ ,forallxe)(.

Now, if we assume the upper regularity of the partition P with respect to PX, that is

[Pl sup PX(I) < ¢y p < +0 (61)

for some positive constant CXL p, we then have
—1
U2, (z) > (CL’P) >0, forallz e X',
—1/2
and so Apin = 2 (c]\} P) llo]l, > 0 is convenient in (H2bis).

6 The case of piecewise polynomials

In this Section, we generalize the results given in Section 5 for models of piecewise constant functions to models
of piecewise polynomials uniformly bounded in their degrees.

6.1 Existence of a localized basis

The following lemma states the existence of a localized orthonormal basis in (M, ||-||5), where M is a model of
piecewise polynomials and X =0, 1] is the unit interval.
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Lemma 7 Let Leb denote the Lebesgue measure on [0,1]. Let assume that X =[0,1] and that P* has a
density f with respect to Leb satisfying, for a positive constant cyin,

f (33) 2 Cmin > 0, S [O, 1} .

Consider a linear model M of piecewise polynomials on [0,1] with degree r or smaller, defined on a finite
partition P made of intervals. Then there exists an orthonormal basis {gol,j, Iep, je{0,.., 7“}} of (M, -]l5)
such that,

forall j € {0,...,1}, ¢r,; 18 supported by the element I of P,

and a constant L, . . depending only on v, cmin exists, satisfying for all I € P,

sl S P s (62

As a consequence, if it holds
|P] 111617f) Leb (I) > ¢, Leb (63)
a constant Lyc,... car 1oy depending only on v, cyin and cpr Leb exists, such that for all 8 = (’BIvj)IGP,jG{O ,,,,, " S

RD

)

Zﬁ[,j‘pl,j S LrycmingCM,Leb\/E‘BL)o (64)
Ij

o0

where D = (r 4+ 1) |P| is the dimension of M.

Lemma 7 states that if X =[0,1] is the unit interval and if PX has a density with respect to the Lebesgue
measure Leb on X, which is uniformly bounded away form zero, then there exists an orthonormal basis in
(M, ]|-|l,) satisfying good enough properties in terms of the sup-norm of its elements. Moreover, if we assume
the lower regularity of the partition with respect to Leb, then the orthonormal basis is localized and the
constant of localization given in (64) depend on the maximal degree . We notice that in the case of piecewise
constant functions we do not need to assume the existence of a density for PX or to restrict ourselves to the
unit interval. The proof of Lemma 7 can be found in Section 7.2.

6.2 Rates of convergence in sup-norm

The following lemma allows to derive property (H5) for piecewise polynomials.

Lemma 8 Assume that Inequality (28) holds, that is a positive constant A exists such that |Y] < A a.s.
Denote by Leb the Lebesque measure on [0,1]. Assume that X =[0,1] and that PX has a density f with
respect to Leb, satisfying for positive constants cpin and cmax,

0 < min < f (%) < cmax < 00, £ €[0,1] . (65)

Consider a linear model M of piecewise polynomials on [0, 1] with degree less than r, defined on a finite partition
P made of intervals, that satisfies for some finite positive constants cas 1.ep

|P| 1127f3 Leb (I) > camreb > 0 . (66)

Assume moreover that D < Ayn (In n)72 for a positive finite constant Ay. Then, for any o > 0, there exists
an event of probability at least 1 — n~% such that s, exists, is unique on this event and it holds, for all
n Z no (Tﬂ A+) Cmin, CM,Leb7 OZ),

/Dlnn
llsn — SMHOO < LA5T1A+7Cminacmax7CM,Leb’a “n (67)
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In Lemma 5, we thus obtain the convergence in sup-norm of the M-estimator s,, toward the linear projection
sy at the rate /DlIn(n)/n . It is worth noting that, for a model of piecewise polynomials satisfying the
assumptions of Lemma 5, if we set

[Dlnn
Acons - LA7T7A+>Cn1in1CmaxycI\/I,Leb7a V A+ ) RTLVD,C% = LA7T7A+7CminvcnlaxycI\J,Lebyoé n )
n1 = 1o (7, Ay, Cmins CM,Leb, @)

then Assumption (H5) is satisfied. The proof of Lemma 8 can be found in Section 7.2.

6.3 Bounds for the excess risks

The forthcoming result is a straightforward application of Lemmas 7, 8 and Theorems 2, 3.

Corollary 9 Denote by Leb the Lebesgue measure on [0,1] and fix some positive finite constant «. Assume
that X =1[0,1] and that PX has a density f with respect to Leb satisfying, for some positive finite constants
Cmin and Cmax

0 < Cmin S f (.I‘) S Cmax < +OO, RS [05 1] . (68)

Consider a linear model M of piecewise polynomials on [0, 1] with degree less than r, defined on a finite partition
P made of intervals, that satisfy for a finite constant cpr Leb,

|P| 1127f3 Leb (I) > camreb > 0 . (69)

Assume that (H1) and (H2) hold. Then, if there exist some positive finite constants A_ and Ay such that

A_ (lnn)2 <D< A+L2 ,
(Inn)

then there exists a positive finite constant Ao, depending on o, A, Omin, A=, A4, 7, Ca Leb, Cmin 0Nd Crmax Such

that, by setting
{<1nn>1/4 (Dlnn)l/4}
&n = Apmax —_— ,
D n

we h(l’l)@, fOT alln Z 1o (A,, A+, Aa Ty Omin; CM,Leb; Cmin; Cmax» a)}

1D 1D
P |:(1 +€n) EEIC%’M > P(Ksn —KSM) > (1 _511) 477,’C%’]M:| > 1-10n""

and
1D 1D
P [(1 +e2) gg’qM > P, (Ksy — Ksp) > (1—¢€2) 4nlciM} >1—5n"".
Moreover, if (68) and (69) hold together with (H1) and if we assume that
"
(Inn)*’

then a positive constant A, exists, only depending on Ay, A,7,carLebs Cmin and &, such that for all n >
no (A-i-a A7 Ty Cminy Cmax; CM,Leb> Oé),

1<D<A,

DVinn

P {P (Ksy, — Ksy) > Ay
n

} <3n ¢

and

DV1
P {Pn (Ksyr — Ksn) > Ayt 20 n”} <3no.
n
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We derive in Corollary 9 optimal upper and lower bounds for the excess risk and its empirical counterpart in
the case of models of piecewise polynomials uniformly bounded in their degree, with reasonable dimension.
We give also upper bounds for models of possibly small dimension, without assumption (H2). Notice that
we need stronger assumptions than in the case of histograms. Namely, we require the existence of a density
uniformly bounded from above and from below for the unknown law P¥, with respect to the Lebesgue measure
on the unit interval. However, we recover essentially the bounds of Corollary 6, since by Lemma 8, we still
have R, p.o o< y/Dln(n) /n.

Moreover, as in the case of histograms, assumption (29) which is part of (H1), is a straightforward consequence
of (28). Indeed, we easily see that the projection s, of the regression function s, onto the model of piecewise
polynomials with respect to P can be written

SM = Z P (Y<P1,j) $r,j >
(1,5)ePx{0,...,r}

where ¢; ; is the orthonormal basis given in Lemma 7. It is then easy to show, using (62) and (28), that

[0 lloe < LAr,cmin,cmax-
Again, we can consider vanishing noise at the prize to ask that the partition is upper regular with respect to
Leb. By (H2bis) of Section 4.3, if we show that

]Cl,]M Z Amin >0

for a positive constant A, instead of (H2), then the conclusions of Corollary 9 still hold. Now, from identity
(47) we have
K3 > 4E [0 (X) W3, (X)]

Moreover, from identity (46), it holds in the case of piecewise polynomials, for all z € X,

1 1 ]-a: I
U3 (1) = —— % > 07> > o (70)
(r+DIPL erxtonn (r+ D[Pl {z PX (1)

Furthermore, if we ask that

|P| sup Leb (I) < ¢jy p < +00 (71)

for some positive constant CJT/L p» then by using (68), (70) and (71), we obtain for all z € X,

—1
U2 (z) > (cmax X CLJ) x (r+ 1)) >0,

—1/2

VE[02(X)] > 0 is convenient in (H2bis).

and so Apin = 2 (cmax X CXLP x (r+ 1))

7 Proofs

We begin with the simpler proofs of Sections 5 and 6, in Sections 7.1 and 7.2 respectively. The proofs of
Theorems 2 and 3 of Section 4.2 can be found in Section 7.3.

7.1 Proofs of Section 5

Proof of Lemma 4. It suffices to observe that

Z Brer

< [Blog sup 101
ot Iep

oo

= 18], sup (PX (1))
IepP

<y pVDIBly -
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We now intend to prove (55) under the assumptions of Lemma 5.

Proof of Lemma 5. Along the proof, we denote by abusing the notation, for any I € P,

P(I):=P(I xR)=PX(I) and P, (I) := P, (I xR) .

2

Let o > 0 be fixed and let 8 > 0 to be chosen later. We first show that, since we have D < Ayn (Inn) =, it
holds with large probability and for all n sufficiently large,

inf P, (I) >0.

IeP
Since

|17, <1 and E[17]=P(),
we get by Bernstein’s inequality (230), for any = > 0 and I € P,
2P (I
P||(P. — P)(D)| > ;’”%% < 2exp(-a) . (72)

Further note that by (54), D > ¢}, pP (I)
deduce from inequality (72) that there exists a positive constant L
such that, for any I € P,

> 0 for any I € P, and thus by taking x = flnn, we easily
1)

Biem,pAy

[(Pn = P) (1) (1) /DInn i
fon VN> 2R < ,
P (I) 2 Lgcnpa, | =2 (73)

Now, as D < Ay n(In n)_2 for some positive constant A, a positive integer ng (8, car,p, A4 ) exists such that

(1) Dlnn 1
L57CM1P,A+ \/ - < 3 for all n > ng (6, cam,p, At) - (74)

Therefore we get, for all n > ng (5, car,p, A+),

only depending on ¢y, p and 3

P

PVl € P, P, (I)> 0]

>P [VI P, P > |[(P, — P) (I)I}

2
(P = P)YD)] _ ;) Dlnn
>P (VI eP, W < Lﬁ,CM,P,A+ " by (74)
>1-2Dn"".

Introduce the event
Qp={vIieP, P,(I)>0} .
‘We have shown that
P[Q,]>1—-2Dn"" . (75)

Moreover, on the event €2, the least squares estimator s,, exists, is unique and it holds

P, (yleI)

Bo(1)

Sp =
IeP

21



We also have

Hence it holds on €,
P (yleer) _ P(ylier)
P (1) P(I)

= sup Pn (yleI) _ P(ylweI)
P,—P)(I
1eP | P(I) (1+( P(I))()) P(I)

[$n — samll o = sup
IepP

< sup|_Po = P) (1)

P,—P)(I
1P| P(1) (14 Lap 0

1

xsup |1 — ——5——5
rep| 14 Bz

P (ylmEI)

+ sup D (I)

IeP

Moreover, by Bernstein’s inequality (230), as
lyleerlla <4 and  B[(Vixer)®| < 42P(1)
we get for all I € P,

242P(Iz Az
P, - P)(yl, >\ + —
Py P) (L) ez, 2

P < 2exp(—2z) .

By putting x = S1lnn in the latter inequality and using the fact that D > C?W, pP(I )~ it follows that there

exists a positive constant LS)CM P8 AL only depending on A, cas,p and 3 such that

|(P — P) (yleer)| ) Dlnn _3
P ) 2Ly vpA, - <2n (77)
Now define
_ (Po=P)I)| ) Dlnn |(Pn = P) (yleen)| (2 Dinn
9172 - IDD {{ P([) < Lﬁ CM,PA L n ﬂ P(I) LA sem,pyB At n :
Clearly, since D < n we have, by (73) and (77),
P[Qf,] <4n~FH1. (78)
Moreover, for all n > ng (8, car,p, Ay), we get by (74) that
(P - P)(D] _ 1
P(I) 2
on the event Q4 2, and so, for all n > ng (5, car,p, A+), Q1,2 C Q4. Hence, we get that
P) (y]-mef) P (y]-IGI) 1
sup +sup |———%| xsup |l — ————5++
1eP | P (I ( P(I) ) rer| P(I) IeP 1+ w
< oung [P =PI )|y 5 | PULac) | PP
IeP P(I) rep| P(I) 1ep P(I)
(2) Dlnn (1) Dlnn P (ylyer)
< 2L \/ 2L sup | —=—-—> 79
Asem,p.BAs n T elBenpa, n X?gg P(I) )
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Finally we have, for any I € P,
[P (yleer)| < P(ly[1aer) < AP(I), (80)

so by (76), (79) and (80) we finally get, on the event Q5 2 and for all n > ng (8, camr.p, A1),

2 1 Dlnn
Isn — sarll. < (2L<A}CM,PM+ +24rM ) .

Biem,pA n

Taking 8 = a + 3, we get by (78) for all n > 2, P [Qf ;| < n™* which implies (55).

7.2 Proofs of Section 6

Under the assumptions of Lemma 7, we intend to establish (64).

Proof of Lemma 7. Let I be any interval of [0,1] and w a positive measurable function on I. Denote by
L, (I, Leb) the space of square integrable functions on I with respect to the Lebesgue measure Leb and set

Ly (I,w) = {g:I—»R s gvVw € Lo (I,Leb)} .

This space is equipped with the natural inner product
@)1= [ 9@ h@)w(@)do.
zel

Write ||.; ,, its associated norm.
Now, consider an interval I of P with bounds a and b, a < b. Also denote by fi; : z € I — f(z) the
restriction of the density f to the interval I. We readily have for g, h € Lo (I, fII) ,

[ s@n@ @)

xel

- / (- a)y+a)h((b—a)y+a) fir ((b—a)y+a)dy . (81)
y€[0,1]

Define the function f! from [0,1] to R, by
)= fir(b—a)y+a), yel0,1] .

If (pr,0,p11,-.-p1,r) is an orthonormal family of polynomials in Lo ([O, 1] ,fI) then by setting, for all x € I,
j 6 {07""T}7

@1, (%) =pr; (3:2) \/%(I) ,

we deduce from equality (81) that ($; ;). . is an orthonormal family of polynomials in L (1, fi;) such that

deg (@I,j) = deg (pr,5)-

Now, it is a classical fact of orthogonal polynomials theory (see for example Theorems 1.11 and 1.12 of [9])
that there exists a unique family (qr.0, 47,1, ...qr,») of orthogonal polynomials on [0, 1] such that deg(gr,;) = j
and the coefficient of the highest monomial z7 of qr,; is equal to 1. Moreover, each gy ; has j distinct real
roots belonging to ]0, 1[. Thus, we can write

T
Jj=0

J
qr,j (z) = H (z— a’f’j) ) o/}’j €10,1[ and o/f’j # all’j for k#1 . (82)
k=1
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Clearly, [lq7,5l ., < 1. Moreover,
lar5 e = [ (01" f1da
[0.1]
2 Cmin / (q[,j)Q dx .
[0.1]

Now we set B (a,7) = Jao — r,a + 7| for @ € R, so that by (82) we get

va € 0,1\ U, B (of 1 (4)7Y) ) lans (@) > (A7) 7
and
Leb ([0, 1\ Ui, B (af ;. (47) 1)) = 5
Therefore,
HQI,‘7‘||[20,1M1 > Cmin / (a1,)" dw
[0,1]
2 Cmin t//n ( (Z]',]‘) 2 dx

[0,1\U_, B(ak ;,(45)7")
Cmin N—2
> 20 (45)7 .
> = (4))
Finally, introduce p; ; = ||q1,j||[511] 41 ar,j and denote by ¢y ; its associated orthonormal family of Ly (1, fir) -
Then, by considering the extension ¢; ; of @ ; to [0,1] by adding null values, it is readily checked that the
family
{tpLj, IeP,jefo,..,r}}

is an orthonormal basis of (M, |-||,) . In addition,

sl = 125l
—1 —-1/2
= llarllioy. o lar sl Leb (1)~
< V2 /% (4r)" Leb (1) /2 (83)
< V23] Lt (A7) (r+ 1) 72 VD (84)

where in the last inequality we used the fact that

|P| Iig;Leb (I) > cmren and D = (r+1)|P| .

For all j € {0,...,7}, ¢; ; is supported by the element I of P, hence we deduce from (83) that the orthonormal
basis {¢; ;, I € P, j € {0, s} } of (M, ||-]|,) satisfies (62) with

Lo = Ve /2 (4r)" .

min

To conclude, observe that

T
> Brgers| =max{ > Bryer,
Lj j=0

oo oo

T
< 1oleo iz ) 2_llesle
=

<0+ 0 ey s (o))
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and thus, by plugging (84) into the right-hand side of the last inequality, we finally obtain that the value

Lrcmerrnen = V201 penCo” (47)" (r+ 1)

gives the desired bound (64). B

We now turn to the proof of (67) under the assumptions of Lemma 8. The proof is based on concentration
inequalities recalled in Section 7.5 and on inequality (62) of Lemma 7, that allows us to control the sup-norm
of elements of an orthonormal basis for a model of piecewise polynomials.

Proof of Lemma 8. Let o > 0 be fixed and v > 0 to be chosen later. The partition P associated to M will
be denoted by

P={ly,....n-1} ,

so that |P| = m and D = (r + 1) m where D is the dimension of the model M. By (62) of Lemma 7 there
exist an orthonormal basis {‘pIk,ﬁ ke{0,...m—1}, j €0, ...,r}} of (M, Lo (PX)) such that,

¢r, ; is supported by the element I; of P, for all j € {0,...,7}

and a constant L depending only on 7, ciyin and satisfying

7,Cmin

1
max - <Lp..———— forallke{0,....,m—1}. 85
jemax €53l < Lricmin b () { } (85)

In order to avoid cumbersome notation, we define a total ordering < on the set
T={(I},5);ke{0,...m—1}, j€{0,....r}} ,
as follows. Let < be a binary relation on Z x 7 such that
(I, j) =< (I1,3) if (K<l or (k=1 and j<1i)),
and consider the total ordering < defined to be
(e, 7) = (L, 4) if (I, g) = (D1,0) or (Ix,J) < (11,9)) -

So, from the definition of <, the vector 5 = (51k 7)
and the matrix

(In.j)ET € RP has coordinate Br, ; at position (r+1)k+j+1

DxD
A= (A(Ik’j)’(flai))(Ik,j),(ll,i)elxl' eRTT,

has coefficient A;, ;) (1,,4) at line (r +1)k +j 4 1 and column (r + 1)1 44+ 1.
Now, for some s = Z(Ik)j)ezﬁfmgplk,j € M, we have

2
P, (K (s)) =P, Y- Z IBIngpfzmj (z)
(Ik.J)ET
= n’y2 -2 Z /Blk,an (y<PIk,j (if)) + Z Blwﬂluipn (9011971901172') :
(Ix,J)ET (Ik.3),(I1,3)EIXT

Hence, by taking the derivative with respect to 3/, ,j in the last quantity,

2
1 0
§an Yy — Z BIk,jQDIk,j ()
Terd (In.j)€T
=-P, (yﬁozk,j (z)) + Z Br,.iPn (<PIk,j<PIZ,i) . (86)
(Il,i)el—
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We see that if 8™ = (ﬁ(n)

, € RP is a critical point of
I’“J)uk,j)ez P

2
P, Yy — Z Bfk,jSOIk,j () )
(Ix,4)€T
it holds )
9 n
an Y- Z ﬁjk,jsplk,j () (ﬁ( )) =0
Terd (In.j)€T

and by combining (86) with the fact that

P(py ;) =1, forall (It,j)€T and P(py op,) =0 if (In,j§) # (i)
we deduce that B(”) satisfies the following random linear system,
(Ip + Ln,p) B™ = Xy (87)

where X, ,, = (Pn (ycplk j (x)))(bC ez € RP, Ip is the identity matrix of dimension D and

L,p= ((anD)(Ik,j),(Il,i) o (i) ez T is a D x D matrix satisfying

(Ln,D) (1, jy 1y = Pn = P) (1, 501,4) -

Now, by inequality (99) in Lemma 10 below, one can find a positive integer ng (7, A, Cmin, Ca,Leb, ) such that
for all n > ng, we have on an event €2, of probability at least 1 —3Dn™7,

[ Ln,pll < (88)

N =

where for a D x D matrix L, the operator norm ||-|| associated to the sup-norm on vectors is

L]y

[|L]| = sup
x#0

%] oo

Then we deduce from (88) that (Ip + L, p) is a non-singular D x D matrix and, as a consequence, that the
linear system (87) admits a unique solution ﬁ(") on Q,, for any n > ng (r, A4, Cmin, i, Leb, Y). Moreover, since

2

P, (y - (Z(Ik ez B P15 (x))) is a nonnegative quadratic functional with respect to (ﬂlw) (Tegyer € RP
2

we can easily deduce that on €, 8™ achieves the unique minimum of P, (y — (Z(Im)ez Br..iPIx. (:z:)))

(n)
Sn = Z Blklngolkvj

(Ir,J)€ET

on RP. In other words,

is the unique least squares estimator on M, and by (87) it holds,
B |1+ D2 (Pa=P) (or0n4) | = Pu(yer, ; (@), forall (I, j) € T. (89)
(I1,3)eT

Now, as ¢y, ; and ¢y, ; have disjoint supports when k # [, it holds ¢, ;¢ ; = 0 whenever k # [, and so
equation (89) reduces to

B x (1 +> (P, - P) (salk,mk,i)> =P, (ygy, ; (x)) , forall (I,j) €T . (90)
1=0
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Moreover, recalling that sy =2, »er P (yer, ; () @1, ; » it holds

lsn = sulle = || S (85 = P vy @) #1,

(Ix,3)ET o

(n)
< el ; (Bh = P (yer, (x))) Or, i

(o]
<(r+1) P { (je{o’ ) ﬁzk = P yer, (@) D

Xjeggﬁ?gr}lm,ﬁu} (91)

where the first inequality comes from the fact that ¢, ; and ¢y, ; have disjoint supports when &k # [. We next
turn to the control of the right-hand side of (91). Let the index (I, j) be fixed. By subtracting the quantity

(L4 (P —P) (¢5, j%r1..4)) X P (ye5, ; (%)) in each side of equation (90), we get

(ﬁg:,)J (ysﬁlk,j (96))) X (1 + Z (P — P) (@Ik,j%k,i)>

i=0
= (P, — P) (yey,,; (x)) — (Z (P, — P) (m,jwzk,i)> x P (yeq, ; (2)) - (92)
i=0
Moreover, by Inequality (100) of Lemma 10, we have for all n > ng (7, A+, Cmin, €M, Lebs Y)
(P P <L Inn <3 1 93
; |( w — P) (@Ik,jsﬁzk,iﬂ = Lir Ay emin,Ca,Leb Y m (93)
on the event £2,,. We thus deduce that
u 1
‘(BIW (y%’]k,j (30))) X <1 + Z (Pn— P) ((PIk,j(wpIk, )) =3 ‘51k i (y@1k7.j (ac))‘ (94)
i=0
and
Inn

| <Z (P, — P) (<P1k,j801k,i)> x P (y<PIk,j (z))

=0

S LT7A+7Cmin>CM,Leb7’Y m X |P (ygolkh] (x))| . (95)

Moreover, by (28), (65) and (85) we have
[P (yer,g @)] < Aller ll o P (Tk)
< Acmax H@Ik,j Hoo Leb (Ik)
S Acmaer,cm;n Leb (Ik)
< LA,T,Cmin,Cmax Leb (Ik) . (96)
Putting inequality (96) in (95) we obtain
" Inn
Z (Pn - P) (@I}c,j(plmi) x P (ySDIk,j (.’E)) < LT7A+7CInin)anaxycIW,cha’Y T : (97)
=0

Hence, using inequalities (94), (97) and inequality (101) of Lemma 10 in equation (92), we obtain that

[Inn
‘5%)3 - (ﬁU(P],“]‘ (3?))‘ < LA7T7A+)anin7clnaX)CZ\/I,chy’Y T
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on (2,. Since the constant LA, 4., does not depend on the index (Ij,7) we deduce by (85)

Cmin;Cmax,CM,Leb,?Y

that
(a-e?(i?’ir} — P (yer, (x))D X max o,
|
< LA,T,AJr,Cmin,cmax,CM,LebfY % X e?olax HSOIA ’JH

Inn

S LAr Ay cminsComassCr Lebyy wLeb (Iy) ° (98)

Finally, by using (66) and (98) in (91), we get for all n > ng (r, AL, Cmin, CM Leb, Y), On the event 2, of
probability at least 1 —3Dn™"7,

[ S +1
oo = sl < (40, _ o {( x|

< lnn
— A,r, Ay Cmin,C s 5
* e N T e o 1}\/Leb (Ir)

P (yer, (@)D X max ||‘P1k,jHoo}

J€{0,...,r}

|P|lnn
< LA,T',A+7Cmin7C1\4,Leb7'Y n

Dlnn
§ LA,r,A+,cmm,CM,Leb7’Y n :

To conclude, simply take v = 23 4+ « + 1, so that it holds for n > 2, P[Q¢] < n=* which implies (67).

It remains to prove the following lemma that has been used all along the proof.

Lemma 10 Recall that L, p = ((Ln,D)
{Oa sy T — 1}2 ) (]71) € {07 "'7T}2 s
(L”vD)(Ik,j),(Iz,i) = (Pn - P) (Qolk,j('oll,i) :

(Ik,j),(lz,i))(lk D eTxT is a D x D matriz such that for all (k,1) €

Also recall that for a D x D matriz L, the operator norm ||| associated to the sup-norm on the vectors is
Lx
L) = sup F2e
220 7)o

Then, under the assumptions of Lemma 8, a positive integer ng (7, A+, Cmin, CM,Leb,Y) €xists such that, for all
n > no (7, A+, Cmin, CM,Leb,Y), the following inequalities hold on an event Q,, of probability at least 1 —3Dn~7,

1
”LmDH < LT7A+7Cmin701\/I,Leb7'Y n < 5 (99)
and for all k € {0,....m — 1},
max il(m—m (ProiPrei)| p < Lra cminne on 1 (100)
ie{0,.r} | = ko] Tkt = A i ML TN [ Teb (I) — 2
Inn
s |(Po = P) (yer, 5 (@) < Laasremmertiann\| - - (101)

Proof of Lemma 10. Let us begin with the proof of inequality (101). Let the index (I, j) € Z be fixed. By
using Bernstein’s inequality (230) and observing that, by (28),

Var (yey, ; (2)) < P | (yer, ; (@)°] < V)2 < 4%
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and, by (28), (85) and (66),

Yo, ; Ol < Aller; (Ol
1

Leb (1)
< LAarvcminaCIM,Leb \Y |P|
< LAv"'vcmimCI%,Leb\/E )

S ALchmin

we get

L TyCmin,C e \/5
[(Pa = P) (yor, 5 (@)] = /2425 4 ZAmtunive,

P

3

x] < 2exp(—x) . (102)

By taking = «vInn in inequality (102), we obtain that

1 Larcoan . vVDvlnn
|(Pn = P) (y¢r,; (2))| > \/2A27%+ A ’C”g;b i ] <o, (103)

Now, as D < Ayn (Inn)~ 2, we deduce from (103) that for some well chosen positive constant Laa,,
we have

P

73Cmin,CM,Leb,7Y?

Inn _
P |(P” - P) (ycpfk,j (:E))‘ 2 LA7A+aermin7C1M,Leb1'Y ’I’L] <2n K
and by setting
(1) lnn
Qn = ﬂ ’(Pn - P) (ygolk,_] (.’,C))‘ S LA,A+7’I‘,C,,,in7cM,LCb,'y T
(Ik,j €z
we deduce that
P (95})) >1-2Dn"7 . (104)

Hence the expected bound (101) holds on QY for all n > 1.
We turn now to the proof of inequality (100). Let the index (Ix, j) € Z be fixed. By Cauchy-Schwarz inequality,
we have

T

ST B = P) (o1, 00,0 | VLD ((Pa = P) (01, 501,.0)" - (105)

=0 i=0

Let write

XIz,j = Z ((Pn - P) (¢1k,j¢lk,i))2 and By, = {Z ﬁfk,z'@lk,i ; (51,9,1')::0 e R™"! and Zﬁ?u < 1} .

i=0 i=0 i=0
By Cauchy-Schwarz inequality again, it holds

X1,,,5 — Sup |(Pn - P) (@lk,j5)| .
sEBy,

Then, Bousquet’s inequality (231), applied with ¢ = 1 and F =By, , implies that

T 4by,
Pxn.;— B [xn.;] 2/ 207, 5 TE (X1,5] + gikhj < exp(—2) (106)

where, by (85),

2 Lyc,,
O%kyj = Szlg? Var (9011«,]'5) < H(’ka,jHoo < Leb (Ik) (107)
k
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and
br,j < 2821]131; len 55l <2len il 521]131?; lIslloo -

Moreover, for s = Y7 B, 1, ; € Br,, we have max; |8, ;| < />0, B%m <1, so by (85),

LT,Cmin

sup sl <> [lerll, < e
sEBJ,, i—0 || * ||OO \/Leb(Ik)
and injecting the last bound in (108) we get

LT‘,Cmin LT‘,Cmin

Leb (I;) ~ Leb (L) -

E [X]k,,j] < \/M: \/Z 0 i Iy,j Ik,z)

Z::O P (‘P%kz)

n

brg < lensllo

In addition, we have

< [lrillc

r+1
= llenill n

1
< Lyepint | = -
— »Emin nLeb (Ik;)

Therefore, combining (107), (109), (110) and (106) while taking = yInn, we get

. - 1 N Inn n Inn < 7
. r B B n '
Xig = Sreminy \\[ 0 Teb (I) * \ nLeb (Ir) * nLeb (Ir)

Now, since by (66) and the fact that D < A n (Inn)~> we have

n

(Inn)*

—2 —2
< CM,LebD < CM,LebA+ )

Leb (Ik)

(108)

(109)

(110)

(111)

we obtain from (111) that a positive constant L, A, c.i..car e,y €Xists, depending only on v, 7, Ay, cmin and

€M Leb Such that

Inn _
P [Xfw = Lr,A+,cmm,cM,Leb,ﬂl nLeb(Ik)] <n”7.

Finally, define

Inn
(2) — [ ] .
Qn = {XIk,j < LT,A+7CminaCM,chy'Y n Leb (Ik)} :

(Ix,j)ET

For all n > ng (1, A+, ¢min, CM Leb, Y), We have

Inn
VI +1X L Ay e R II IR
AL ,c sCM ,Leb,Y nLeb (Ik)

Dlnn

S LT,A+,ijn,CM,Leb”Y
n

1 1
< LT,A+,Cmin,CM,Leb7’Y <5

Inn — 2
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Moreover by (112) it holds
P (ng”) >1-Dn™" (114)

and, by (105), the expected bound (100) holds on Qg), for all n > ng (7, A+, Cmin, €M Leb, Y)-

Next, notice that for a D x D matrix L = (L([k 7j)7(Il’i))(Ik (hierxT Ve have the following classical formula,

IL| = max > [Liy jym) -
k (I1i)eT

Applied to the matrix of interest L,, p , this gives

[ Ln,pll = nax Z |(Pn = P) (#1,,5¢1.,1)|
(IZ,Z)EI

T he{Omm—1} je{0nr) (IZ):EI (Po=P) (orsena)l - (115)
152

Thus, using formula (115), inequalities (100), (66) and (113) give that for all n > ng (r, AL, Cmin, CM Leb, Y),

/DlInn
||LTL,D|| < LT)A+)CInin7CIW,LCb7’Y n <

Finally, by setting €, = Q) N 0P we have P(£,) > 1—3Dn"7, and inequalities (100), (99) and (101) are
satisfied on Q,, for all n > ng (r, A4, Cmin, €M Leb, ), Which completes the proof of Lemma 10. H

we have on Qg? )7

N =

7.3 Proofs of Section 4

In order to express the quantities of interest in the proofs of Theorems 2 and 3, we need preliminary definitions.
Let o > 0 be fixed and for R,, p o defined in (H5), see Section 4.1, we set

Dlnn
Rn,D,a = max {Rn,D,a i Aso } (116)

n

where Ao, is a positive constant to be chosen later. Moreover, we set

Inn Dlnn
n = D ; y fin Do ¢ - 11
v max{\/ 1/ - R, p, } (117)

Thanks to the assumption of consistency in sup-norm (HS5), our analysis will be localized in the subset

Bor,no) <5M7Rn7D7a) = {8 € M,|ls —smll < Rn7D7a}

of M.
Let us define several slices of excess risk on the model M : for any C' > 0,

Fo={se M,P(Ks— Ksy) < C}ﬂB(M,LOO) (3M7Rn,D,a)
‘7:>C = {S S M,P(KS — KSM> > C}mB(M,Lm) (SM7R77,7D7O¢)

and for any interval J C R,

Fy={s€ M,P(Ks—Ksu) € J} B (SM, Rn,D,a) .
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We also define, for all L > 0,
DL = {S - M,P(KS —KSM) = L}ﬂB(MyLoo) (SM,RH,D,Q) .

Recall that, by Lemma 1 of Section 2.2, the contrasted functions satisfy, for every s € M and z = (z,y) € XXR,

(Ks) (2) = (Ksar) (2) = 10 (2) (s = sar) (2) + P2 ((s — s00) (2))

where ¥y 3/ (2) = =2 (y — su (x)) and ¥, (t) = ¢, for all ¢ € R. For convenience, we will use the following
notation, for any s € M,

oo (s —sm):x€X 1y ((s—su) (2)) -
Note that, for all s € M,
P (10 -5) =0 (118)
and by (H1) inequality (32) holds true, that is

|1 ar], <44 . (119)

Also, for Ky s defined in Section 4.3, we have

D
1
Kim = ) ;V?ﬂ (V100 - 2x)

for any orthonormal basis ((pk)szl of (M, ]|-||l5) - Moreover, inequality (48) holds under (H1) and we have
Kias < 20max +4A < 6A . (120)

Assuming (H2), we have from (49)
0 < 20min < Kl,JW . (121)

Finally, when (H3) holds (it is the case when (H4) holds), we have by (33),

sup  |lsllo, < Az VD (122)
seM, sll,<1

and so, for any orthonormal basis (cpk)k[,):l of (M, |-|l,), it holds for all k € {1,...,D}, as P (¢3) =1,
leplloe < As VD . (123)

7.3.1 Proofs of the theorems

The proof of Theorem 2 relies on Lemmas 16, 17 and 18 stated in Section 7.4, and that give sharp estimates
of suprema of the empirical process on the contrasted functions over slices of interest.

Proof of Theorem 2. Let a > 0 be fixed and let ¢ = (@k)kD:l be an orthonormal basis of (M, ||-||,) satisfying
(H4). We divide the proof of Theorem 2 into four parts, corresponding to the four Inequalities (39), (40), (41)
and (42). The values of Ay and A, respectively defined in (38) and (116), will then be chosen at the end of
the proof.
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Proof of Inequality (39). Let r € (1,2] to be chosen later and C' > 0 such that

D
rC = @KiM : (124)

By (H5) there exists a positive integer ny such that it holds, for all n > nq,
P (P (Ksp — Ksy) < C) <P ({P (Ksn — Ksar) < CY[) Qoo7a> T (125)
and also
P ({P (K, — Ksar) < CY[) Qoo,a)

§]P’<1nf P,(Ks— Kspy) < inf P, (Ks—KsM))

seFc s€EF>c

§P<inf P, (Ks— Kspy) < inf Pn(KsKsM)>
seFc s€F(c,ro]

=P| sup P, (Ksy — Ks)> sup P, (Ksy—Ks)|. (126)
seFc s€F(c,rc)

Now, by (124) and (121) we have

D o D
% min < C< (1 + A4V7L) %’C%,M

where Ay is defined in Lemma 16. Hence we can apply Lemma 16 with « = 8, A; = 02, /2 and A3 s = ras (),
by Remark 3. Therefore it holds, for all n > ng (Acc, Aconss Aty Omin, @),

CD
P | sup P, (Ksy — Ks) > (1 F LA Arai(9),omimAa X l/n) 1/ lCl mM—C| <2n™% . (127)
seFc
Moreover, by using (121) and (120) in (124) we get
D D
— I2nln <rC<— (Umax + 2A)2
n n
We then apply Lemma 18 with
a = ﬂa Al - O—mlnv Au = (O'max + 2A)2
and
Ao > 64V2Bo A (0umax + 24) o trar (9) (128)

so it holds for all n > ng (A—, Ay, A, Ao, Aconss B2, i (©) 5 Omaxs Omin, @),

[rCD
IP’( sup P, (Ksy — Ks) < (1 =LA A A 0masominrar (), X l/n) r K1 — rC’) <2n=%. (129)

SE}—(CJ.C]

Now, from (127) and (129) we can find a positive constant Ay, only depending on A_, A, Aoy, Trmax, Tmins 7z ()
and «, such that for all n > ng(A_, A4, A, Aso, Acons, B2, " (¢) , Omax, Omin, @), there exists an event of
probability at least 1 — 4n~% on which

D
sup Py (Ksy — Ks) < (1 + Aoun) JLx - (130)
seFc n
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and

- CD
sup P, (Ksy — Ks) > (1 — Aoun) r Kiy—rC . (131)
SE?(CJ.c] n
Hence, from (130) and (131) we deduce, using (125) and (126), that if we choose r € (1, 2] such that
~ /CD ~ CD
(1 + Aolln) 7’C1)M -C< (1 — AOVn) r ICLJM —rC (132)
n n

then, for all n > ng (A—, Ay, A, Ao, Aconss B2, Tar (©) s Omaxs Omin, 11, &) We have

with probability at least 1 — 5n~%. Now, by (124) it holds

[rCD 1D
K =2rC = - —K?
n 1,M r 9 VLM

and as a consequence Inequality (132) is equivalent to

(1—2Am%)r—2(1+Am%)v?+1>o. (133)
Moreover, we have by (117) and (H5), for all n > ng (AJr,A,, Acons, Ao, a),
~ 1
Aovn < — (134)
4
and so, for all n > ng (A+, A_, Acons, Ao, a), simple computations involving (134) show that by taking

r=1+48\/ Ao, (135)
inequality (133) is satisfied. Notice that, for all n > ng (A+, A_, Aons, Ao, a) we have 0 < 48v/Agv, < 1, so
that r € (1,2). Finally, we compute C by (124) and (135), in such a way that for all n > ng (A+, A_, Acons, Ao, a),

1 1D ~ 1D
C = r¢ _ Kin > (1 — 48 AoVn> Z;’C%M >0 (136)

P 1448y Ag, 4 Y

which yields the result by noticing that the dependence on o« can be released in ng and Ay since by (H1)
we have 0. < A.

Proof of Inequality (40). Let C > 0 and ¢ € ((), %) to be chosen later in such a way that

D
u-&czzfﬁl (137)

and ) D
C Z Z (1 + A5Vn)2 glciM 5 (138)

where As is defined in Lemma 17. We have by (H5), for all n > n;,

PumK&_JQM)>0)gp(ng%-JﬁM)>chQm@)+nﬂ (139)
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and also
P ({P (Ks, — Ksy) > C} ﬂﬂwa)

§P(inf P, (Ks— Ksy) > '}_1_f Pn(Ks—KSM))

seFc seFsc

=P| sup P, (Ksy — Ks) < sup P, (Ksy — Ks)
seFc seFsc

<P sup P, (Ksy —Ks)< sup P, (Ksy—Ks) | . (140)

- 36.7:(%7(1_6)0] s€Fsc

Now by (138) we can apply Lemma 17 with o = 8 and we obtain, for all n > ng (Aso, Acons, A+, @),

sEFsc

P [ sup P, (Ksy — Ks) > (1+ Asvp) 1/ C—DICLM - C} <2n ¢ (141)
n

where As only depends on A, As ar, Aoo, Omin, A— and a. Moreover, we can take As yr = ras (¢) by Remark 3.
Also, by (137), (121) and (120) we can apply Lemma 18 with the quantity C' in Lemma 18 replaced by C/2,
a=p8,r=2(1-0), Ay = (Omax +24)%, A; = 02, and the constant A, satisfying
Ano > 64V2Bo A (0max + 2A) 0t 701 () (142)
and so it holds, for all n > ng (A_, A+, A, Ao, Acons, B2, a1 (¢) ; Omax, Omin, @),
SUPser, P, (Ksy — Ks)
(§.a-ac] <o, (143)

S (1= La_ A A 0muesomimrar(@)ia X Vn) \/ U=9CDjec) v~ (1-8)C )

Hence from (141) and (143), we deduce that a positive constant Ay exists, only depending on A_, A, Ao, Cmaxs Omin, M (p)
and «, such that

for all n > ng(A_, AL, A, Ao, Acons, B2, 701 (©) 5 Omaxs Omin, @) it holds on an event of probability at least

1—4n=“

P

)

sup P, (Ksy — Ks) > (1— Agvy,) EL;QEQKMW7075M7 (144)
SE}-(%,(I—S)C]
and
. CD
sup P, (Ksy — Ks) < (1 + A(]l/n) —Kiu—-C. (145)
s€Fsc n

Now, from (144) and (145) we deduce, using (139) and (140), that if we choose 6 € (0, 3) such that (138) and

(14 Aovy) \/CTDICLM —C < (1—Agy) %KLM -(1-90)C (146)
are satisfied then, for all n > ng (A_, A4, A, A, Acons, B2, 71 (©) 5 Omaxs Omin, 71, ),
P(Ks, —Ksy)<C,
with probability at least 1 — 5n~%. By (137) it holds

1-6)CD 1D
L——L—m;Mzzu—aczigxﬁp

and by consequence, inequality (146) is equivalent to

(1—240vy,) (1=6) = 2(1+ Agwn) VI=6+1>0. (147)
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Moreover, we have by (117) and (H5), for all n > ng (A+,A_, Acons, AO,Ag,,oz),

1

72

and so, for all n > ng (A+, A_ Aons, Ao, a), simple computations involving (148) show that by taking

66(\/1470\/\/1475)@, (149)

inequalities (147) and (138) are satisfied and § € (0, %). Finally, we can compute C by (137) and (149), in
such a way that for all n > nyg (A+, A_, Acons, Ao, a)

0<0=(11__535f:(1i5)1DK <+12<\rv\ﬁ) >1DIC17M, (150)

which yields the result by noticing that the dependence on o,,x can be released from ny and Ay since by (H1)
we have 0. < A.

(Ag V A5) v, < (148)

Proof of Inequality (41). Let C = 2IC2 ar > 0and let 7 = 2. By (120) and (121) we have

<rC= —/Cl m < D = (Omax + 24)?
n

mln and Au = (Umax + 2A)2 So if

Aco > 64V2By A (Omax + 24) o lurar () (151)
it holds, for all n > ng (A_, A1, A, Aso, Acons, B2,Ta1 (©) , Omax, Omins ),

[rCD
IP’( sup P, (Ksy — Ks) < (1 =LA A A omansominrar (), X l/n) r K1 —rC) <2n7%. (152)

so we can apply Lemma 18 with o = 3, 4; =

56-7:(0,7‘0]

Since rC = 2 K2 o i we set Ay =2L, A Ao s0mansominrar(@)ye With La a4 g0 i (0),a the constant
n (152), we get
D
P sup P, (Ksy — Ks) < (1 - A()I/n) ZK%’M <2n7%. (153)
SEF(C,TC] n

Notice that
P, (Ksy — Ksy) =sup P, (Ksy — Ks) > sup P, (Ksy — Ks)

seM SE-T(C,TC]
so from (153) we deduce that
- D
P (Pn (Ksar — Ksp) > (1 - Aoyn> 4n/ciM> >1- 207" . (154)

Remark 4 Notice that in the proof of inequality (41), we do not need to assume the consistency of the least
squares estimator s, towards the projection sp;. Straightforward adaptations of Lemma 18 allow to take

5 ma llnin Dlnn
n — X D, n

instead of the quantity v,, defined in (117). This readily gives the expected bound (43) of Theorem 2.
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Proof of Inequality (42). Let
1 D
C=70+ Asvn)? g’C?,M >0 (155)

where Ay is defined in Lemma 17 applied with 8 = . By (H5) we have
P (P, (Ksy — Ksn) > C) <P ({pn (Ksy — Ks,) > CY) Qoo,a) yne (156)

Moreover, on {1 o, We have

P, (Ksy — Ksyp) = sup P, (Ksy — Ks)
SGB(M,LOQ)(SM,RTL,D,Q)
= sup P, (Ksy — Ks) (157)
s€Fso

and by (215) of Lemma 17 applied with o = 3 it holds, for all n > ng (Aso, Acons, 4+, @),

IF’( sup P, (Ksy — Ks) >C’> <2n7“. (158)
s€F>o

Finally, using (157) and (158) in (156) we get, for all n > ng (Aso, Acons, M1, A4, @),

P(P,(Ksy — Ksp) >C)<3n™“.

Conclusion. To complete the proof of Theorem 2, just notice that by (128), (142) and (151) we can take
Ase = 64V2Bs A (0 max + 24) o tirar ()

and by (136), (150), (154) and (155),

Aozmax{48 Ay, 12 (@v \/AT,), \/ATO, \/AT;}

is convenient. W

Proof of Theorem 3. We localize our analysis in the subset

Bovp.) (8, Rupa) ={s € M,|s = snlloo < Rupa} CM .

Unlike in the proof of Theorem 2, see (116), we need not to consider the quantity Rm D,a, @ radius possibly
larger than R, p.. Indeed, the use of Rn,p,a rather than R, p,, in the proof of Theorem 2 is only needed
in Lemma 12, where we derive a sharp lower bound for the mean of the supremum of the empirical process
indexed by the contrasted functions centered by the contrasted projection over a slice of interest. To prove
Theorem 3, we just need upper bounds, and Lemma 12 is avoided as well as the use of Rn, D,a-

Let us define several slices of excess risk on the model M : for any C > 0,

Gc = {S S M,P(KS 7KSM) < C}ﬂB(M,Loo) (SM,Rn,D,a) ,
Goc={s€ M,P(Ks— Ksy) > O}ﬂB(M,LOO) (sm, Rn,p,a) -
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We also define, for all U > 0,
Dy ={s € M,P(Ks— Ksy) =U}(\Barr.) sz, Rnp.a) -
I. Proof of Inequality (44). Let C; > 0 to be fixed later, satisfying
012%::0_>0. (159)
We have by (H5), for all n > nq,
P(P(Ksy — Ksy) > C1) <P ({P (Ks, — Ksp) > C1} ﬂQwQ) yne (160)
and also

P ({P (Ksn — Ksy) > Oy} ﬂQm,a)

§IP’< inf P, (Ks—Kspy)> inf P,(Ks— Ksy)

s€Go, s€G>0

P(sup P, (Ksy — Ks) < sup Pn(KsM—Ks)>

s€Gco, s€G>cq
<P (0 < sup P, (Ksy — Ks)) . (161)
s€g>cl
Moreover, it holds
sup P, (Ksy — Ks)
s€g>cl
= esgup {Pn (7/11,M “(sm —8) —¢Pg0(s— SM))}
= ESQUP {(Pn - P) ("/}171V[ “(sm _5>) = (P = P) (g0 (5= 5m)) _P(KS_KSM)}
= S {(Py = P) (Y11 - (57 = 8)) = P(Ks — Ksar) — (P — P) (30 (s — sm)) }
= Ssup sup {(Pn*P) (¢1,M'(5M*5)) *U*(Pn*P)(wzo(S*SM))}
U>C, s€Dy
D
< sup S VUL D (Pa = P)* (Y- 01) = U+ sup [(Po = P) (30 (s — sn))| ¢ - (162)
U>Cq =1 seGu

Now, from inequality (181) of Lemma 11 applied with 8 = «a, we get

< 2 DVinn —a
P Z (Pn - P) (wl,M ’ (pk) > LA,As,M,Oé T <n . (163)

k=1

In addition, we handle the empirical process indexed by the second order terms by straightforward modifications
of Lemmas 14 and 15 as well as their proofs. It thus holds, by the same type of arguments as those given in
Lemma 14,

E| sup |(Pn—P) (¢35 (s — SM))|] < 8\/CTDR,L,D,Q : (164)

s€Gc,

Moreover, using (164), the same type of arguments as those leading to inequality (208) of Lemma 15, allow to
show that for any ¢ > 1 and j € N*, for all z > 0,

[diC_D 2R? , @C_x 8R2, x
P| sup |(P,—P)(Wy0(s—sm))| > 16 g - R, Do+ ’D’n +§ ’Z’

S€G o

< exp(—z) . (165)
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Hence, taking z = yInn in (165) and using the fact that C_ = Dn=! > n~! we get

JC_(DVinn _
Bl sup |(Po—P) (o (s —sa) = Lay,onBopay] Lo PV 16

S€gqj07 n

Now, by straightforward modifications of the proof of Lemma 15, we get that for all n > ng (Acons),

U(DV1
P YU > C_, sup [(Pn— P) (g0 (s—sm)) < Lagpne,alln,D,a w

seGu n

] >1—n"". (167)

Combining (162), (163) and (167), we have on an event of probability at least 1 —2n~%, for all n > ng (Acons),

U(DvV1 U(DV1
sup P, (Ksy — Ks) < sup ¢ Laag.a Y@V _ U+ Laconeallnp.a U@vinn)
s€G>cy U>Cq ' n n
U(DVinn
< sup {LA,AW,A3,M,Q (14 Rypa) | 200 U} . (168)
U>C, n

Now, as R p,a < Acons (In n)71/2, we deduce from (168) that for
DVin(n

Cl = LAyAco7LS7A3,1\4;a7() > C* (169)

n

with L a large enough, it holds with probability at least 1 — 2n~* and for all n > ng (Acons),

cons, A3, M,

sup P, (Ksy — Ks) <0,

sEg>Cl
and so by using (160) and (161), this yields inequality (44).

I1. Proof of Inequality (45). Let Cy > 0 to be fixed later, satisfying

D

Cy> = =C>0. (170)

We have by (H5), for all n > nq,
P (P (Ksu = Ksn) > Co) <P ({Pu (Ksu — Ksp) > G} Qoca) #1077 (171)

Moreover, we have on Qg o,
P, (Ksy — Ksyp) = sup P, (Ksy — Ks)
SEB(M,Loo)(5MRn, D o)
=max<{ sup P, (Ksy —Ks) ; sup P, (Ksy—Ks)p (172)
s€Gco, S€G>cq

where C is defined in the first part of the proof dedicated to the establishment of inequality (44). Moreover,
let us recall that in the first part of the proof, we have proved that an event of probability at least 1 — 2n=¢
exists, that we call €1, such that it holds on this event, for all n > ng (Acons),

D
[DVinn
(Pn - P)2 (wl,M . @k) < LA,As,M,Dt n ) (173)

k=1
DvVv1
YU > O, sup |(Pa— P) (60 (s = 30))| < Lt R ] o) (174)
seGu
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and
sup P, (Kspy —Ks)<0. (175)

s€g>cl

By (172) and (175), we thus have on Qq, o () Q1, for all n > 1y (Acons),

0<P,(Ksy —Ksp)= sup P, (Ksy —Ks) . (176)

s€Gc,
In addition, it holds

sup P, (Ksy — Ks)

s€Gc,

= Szlép {Pn (7/)1,1\4 : (SM - 3) — g0 (5 - SM))}

= sup {(Po = P) (Y101 - (501 = 8)) = (Po = P) (0 (s — sur)) — P (Ks — Ksur)}

< Sup {(Py = P) (Y101 - (500 = 8)) } + Sup [(Pn = P) (¥g0 (s = sm))l - (177)

Now, we have on Q, for all n > ng (Acons),

D
zlglp {(Pn - P) (%,M “(sm _3))} SRVA Z(Pn _P)2 (¢1,M'80k)
s€Gcy k=1
Ci(DVinn
< Ly % by (173)
DVin(n
= Listnn Dy e0) . ()
and also, by (174) and (169),
Ci(DVinn
sup [P = P)(r0 (s —sa)| < Ly aRupay) S22
s€Gc, n
DV In(n)

S LA7ACU’ILS7A3,1\/1)aRn7D7a (179)

n

Finally, as Ry p,a < Acons (In n)fl/Q, we deduce from (176), (177), (178) and (179), that it holds on Qe o (€2,
for all n > no (Acon8)7

DVin(n)

consaAS,Mva ?

Pn (KSM_K'SH) S LA,A n

and so, this yields to inequality (45) by using (171) and this concludes the proof of Theorem 3. B

7.4 Technical Lemmas

We state here some lemmas needed in the proofs of Section 7.3. First, in Lemmas 11, 12 and 13, we derive some
controls, from above and from below, of the empirical process indexed by the “linear parts” of the contrasted
functions over slices of interest. Secondly, we give upper bounds in Lemmas 14 and 15 for the empirical process
indexed by the “quadratic parts” of the contrasted functions over slices of interest. And finally, we use all
these results in Lemmas 16, 17 and 18 to derive upper and lower bounds for the empirical process indexed by
the contrasted functions over slices of interest.

Lemma 11 Assume that (H1), (H2) and (H3) hold. Then for any 8 > 0, by setting

Inn _ vInn
Tp = LA7A3’1\4,0'min»B 7 v W 7
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It holds, for any orthonormal basis (‘Pk)kD:1 of (M, |ll5),

D
P Z 1/)1 k) > (1+75) \/?’Q,M <n?. (180)

k=1

If (H1) and (H3) hold, then for any 8 > 0, it holds

D 2 DVinn _8
P Z (Pn - P) (wl,M : wk) > LA,As,M,B T <n : (181)

k=1

Proof. By Cauchy-Schwarz inequality we have

Xnm = Z ¢1N1 er) = sup  {|(Po—P) (Y1 9)]} -

k=1 sEM, ||s[;<1

Hence, we get by Bousquet’s inequality (232) applied with F = {1/)17M sy seM, |s|y < 1}, for all z > 0,
0 >0,

1 1\b
Plyy > 1/2025 + 1+ OByl + (= + = ) —| <exp(—2) (182)

n 3 46/ n

where ) )
< s Pl(ia)’] < el <1647 by (119)
seM, |s],<1
and
b<  sup [y arcs— P (g s)|| < 4AVDAs u by (118), (119) and (122).
seM, |s],<1

Moreover,

Exum] < \/E[X?w] = \/?KI,JV[ .

So, from (182) it follows that, for all > 0, § > 0,

D 1 1\ 4AvDA
P |xay > ,/32A2 F(1+0)y =Ko+ =+ 5 | B ME oip (—a) (183)
n 3 46 n
Hence, taking z = S1Inn, § = Y352 in (183), we derive by (121) that a positive constant L 4, om,8 €Xists

such that
Inn  VInn D _
P lXM (1 + LA, A5 01,0 min B (\/ o Vv 711/4>> \/ n’CI,M‘| <n

which yields inequality (180). By (120) we have Ky < 64, and by taking again z = fInn and § = Y52 in
(183), simple computations give

D lnn Dlnn
P Z (P, — P)* (¥, M ©r) = Laas s 32
k=1

and by consequence, (181) follows. B

In the next lemma, we state sharp lower bounds for the mean of the supremum of the empirical process on
the linear parts of contrasted functions of M belonging to a slice of excess risk. This is done for a model of
reasonable dimension.

41



Lemma 12 Let r > 1 and C > 0. Assume that (H1), (H2), (H4) and (34) hold and let ¢ = ((pk,)kD:I be an
orthonormal basis of (M, ||-|l5) satisfying (H4). If positive constants A_, Ay, A;, A, exist such that

(Inn)?

and if the constant Ao, defined in (116) satisfies

Ay

D D
>D>A_(Inn)® and A= <rC <A, =,
n n

Ao > 64BoA\/2A 05 rar () (184)

then a positive constant La a, A, om €TiSts such that, for alln > ng (A_, Ay, Ay, Ai, A, Ba, 701 () , Omin) s

LA A A, O T‘CD
E| sup (P,—P) Wy (smr—5))| > (1— Ll ) \/ Kia - (185)
56]:(6‘,7'0] ( LM ) V D n

Our argument leading to Lemma 12 shows that we have to assume that the constant Ao, introduced in (116)
is large enough. In order to prove Lemma 12 the following result is needed.

Lemma 13 Letr > 1, 8> 0 and C > 0. Assume that (H1), (H2), (H4) and (34) hold and let ¢ = (‘Pk)kD:1
be an orthonormal basis of (M, ||-||,) satisfying (H4). If positive constants A, A_ and A, exist such that

n

A
- (Inn)?

>D>A_ (lnn)z, TCSAuB ,
n

and if
Ao > 32ByAv/2A, U;ilnrM (p)
then for allm > no (A—, Ay, A, Bo, 7 (©) , Omin, B), it holds

VrC (P — P) (1 01 - 1) S Rup.a < 2D +1

P max
= ST
ke{l,....D} \/Zle (Po—P)* (Y0 9;)| "M () vD "

Proof of Lemma 13. By Cauchy-Schwarz inequality, we get

D

XM = Z(PH_P)2 (wl,M"Pk): Zlgp |(P7L_P) (¢1,M'3)} )
k=1 s€oM

where Sy is the unit sphere of M, that is

D D
Sy = SEM,8226k@kand Zﬁizl
k=1 k=1

Thus we can apply Klein-Rio’s inequality (234) to x,, by taking F =Sy, and use the fact that
sup ||y a5 — P (107 5) || <4AVDras(9) by (118), (119) and (H4). (186)
Sm

sE

sup Var (wle -s) = sup P (wl,M . 8)2 <16A? by (118), (119)

SESM se€Snm

and also, by using (186) in Inequality (229) applied to x,;, we get that

_ 4A\/Dr
Blxy] 2 BB, - 222
. [D 4A\Dr
= B;! g’cl,M _ nM ()
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We thus obtain by (234), for all ¢,z > 0,

IP’(XM (1—¢)By \ficlM—\/w?—(bH(Hl) >4A\FJM( )>§exp(—x). (187)

So, by taking € = % and x = Blnn in (187), and by observing that D > A_ (In n)2 and Ky, > 20min, We
conclude that, for all n > ng (A—, A, Ba,rrr (¢) , Omins 8),

B;Y /D
P [XM < % E’CLM

Furthermore, combining Bernstein’s inequality (230), with the observation that we have, for every k €

,..,D},

<n?. (188)

le,M . cpkHOO < 4AvVDry, (p) by (119) and (HA4)
P (10 - S%)z < ||7/11,M||C2>O <1642 by (119)

we get that, for every > 0 and every k € {1, ..., D},

P ‘(Pn - P) (7/)1,M : 901{)} > \/32A2% + ZM\/E?)TM(@)Z} < 2exp(—x)
and so /B
xz  4AvDr T
P Le{ml?}fm |(Pa = P) (Y10 01)| 2 13242 + 3M(@)n] <2Dexp(—z) . (189)

Hence, taking = Slnn in (189), it comes

3242BInn  4AvVDry () Blnn 2D
Plke{mj‘_ﬁD}KPn P) ()| 2 22000 | 44D B

then, by using (188) and (190), we get for all n > ng (A_, A, Ba,rp (), 0min, 5),

SBQ\/TC /32A251nn 4AVDry; (¢) Blnn 2D +1
\/7IC1 u 3n - nf

Finally, as A_s_ﬁ > D we have, for all n > ng (4, A+, ra (9), 8),

4ANDryr () Blnn < [32A251nn
3n - n

and we can check that, since rC < Au% and K1 > 20 min, if

Ao > 32By\/24, 4200k s ()

then, for all n > ng (A_, Ay, A, Ba, 771 (¢) 5 Omins ),
o A [ln] _2D+1
“rm(@V on | T nf
which readily gives the result. B

VrC (P, — P) (1/)1,M'S0k)
XM

We are now ready to prove the lower bound (185) for the expected value of the largest increment of the

empirical process over F(c,.c-

W(Pn_P) (¢1,M‘<Pk:)

XM

max
ke{l,...D}
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Proof of Lemma 12. Let us begin with the lower bound of
2
E2 ( sup (P — P) (V107 - (51 — s))) ,
SE]“(C',«c]
a result that will be need further in the proof. Introduce for all k € {1, ..., D},
VrC (P, —P) (¢1,M '9%)

Bkn: D D)
\/Zj:l (P — P) (wl,M ’ @j)

)

)

and observe that the excess risk on M of (Zszl Brn®r + SM) € M is equal to rC. We also set

Q _ ﬁ . n Do )
{ke{l ’ el < () \/5}

By Lemma 13 we have that for all 5 > 0, if Ay, > 32B2\/2AHA250;111H7”M () then,

for all n > ng (A—, Ay, A, B2,7m (¥)  Omin, B),

2D +1

P (Q) >1- (191)
Moreover, by (H4), we get on the event €2,
S Rn,D,a )
and so, on Q,
D
<3M + Zﬂmﬁ%) € Fercy - (192)
k=1
As a consequence, by (192) it holds
2
E2 ( sup (P,—P) (7/)1,M (sar — s)))
éef(c rC
2
Z E% ((Pn _P <¢1M (Zﬁk 7L<pk>>> 1Q
D
- 8| (2 () ) 10 (199
k=1

Furthermore, since by (118) P (11 5 - ¢;) = 0 and by (H4) [l¢,|l.. < VDras () for all k € {1,...,D}, we
have

<D ,max ‘(Pn — P)2 (¢1,M : %Ok)‘

IRRRE

D
ST (P PY ($101 - 1)
k=1

=D max [P (%100 1)

< Dk:Hll,?_l')fD [ %1, - @k”io

< 16A2D27“12\/[ (p)
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and it ensures

<Z (Pn = P)* ($1,0r - s%)) Ig

k=1

E >E _1642D%2, (@)P{(Q)C] . (194)

<i (Po = P)* (10 - sok))

k=1

Comparing inequality (194) with (193) and using (191), we obtain the following lower bound for all n >
Nno (A—y A+7 Aa B27 M ((p) > Omin, 6)7

S

E

<XD: (Po = P)? (10 - %))]

s€F(c,rc) k=1

< sup (Pn—P)(¢17M~(sM—s))> ZMJE

— 447y (@) DVTFCy [P [(Q) C}

CD 2D +1
Tn ]C171L[—4ATM(QD)D\/TC T;

(195)
We take 8 = 4, and we must have
Aco > 64ABo\/2A,01 ma ()
Since D < A;n (In n)f2 and Ky pr > 20min under (H2), we get, for all n > ng (4, A1, 73 () , Omin),
2D +1 1 rCD
4A DVrCy| —/—mM— < — K 196
rar () DVT e 7@><\/ K (196)

and so, by combining (195) and (196), for all n > ng (A_, A4, A, Ba,ra (¢) , Omin ), it holds

2
E3 <8€;?£Tc] (Py = P) (b1 0 - (501 — 5))> > <1 - jﬁ) rcb Kiar - (197)

Now, as D > A_ (Inn)® we have for all n > ng (A_), D~/2 < 1/2. Moreover, we have K1,m > 20min by (H2)
and rC > A;Dn~1, so we finally deduce from (197) that, for all n > ng (A_, Ay, A, B, A;, 727 (¢) , Omin),

n

2
E2 ( sup (P — P) (¥ - (51 — s))) > O'min\/E% . (198)

SG‘F(C,TC]

We turn now to the lower bound of [sups,e}-(C o (P, — P) (¢17M (sm — s))} . First observe that s € F¢, ¢
implies that (2sa7 — s) € F(c,rc], S0 that

E

sup (P, — P) (TPl,M (smr — 3))1 =E
SEf(c,,.c]

sup ’(Pn - P) (¢1)M (sar — s)) ’] . (199)
s€F(c,rc)

In the next step, we apply Corollary 25. More precisely, using notations of Corollary 25, we set

f:{ﬂiLM'(SMfS) ; SGf(C,rC]}

and

Z = sup |(Pn —P) (¢1,M “(sm —s))| .
SG}-(C,TC]

Now, since for all n > ng (A4, A_, Ao, Acons) We have Rn,p,a < 1, we get by (118) and (119), for all
n > ng (A+a A—7 AOO7ACO7LS)7

sup || f — Pfll, = sup H'(/)LJVI “(sm — S)HOO < 4Aén7D7a <4A
feF

SG.'F(CJ.C]
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we set b = 4A. Since we assume that rC < Au%, it moreover holds by (119),

sup Var (f) < sup P (¢y a7 (sm — 5))2 < 164%rC < 16A2Au9
feFr SE]:(C,T(;] ’ n

and so we set 02 = 16A2Au%. Now, by (198) we have, for all n > ng (A_, A4, A, Ba, A1, 771 () 5 Omin),
D
VEZ7] 2 omin VAL (200)

Hence, a positive constant L4 4, 4, o, ( Max (4A«/AuA;1/2U;i1n ; 2\/ZA;1/40;11H/2) holds) exists such that,
by setting
2, = LAvAlvAuyo'min
n \/5
we get, using (200), that, for all n > ng (A—, A1, A, Ay, A, Ba, o (©) 5 Aconsy Omin),
2
2B (7] > T
n

VB2 2

Sl

Furthermore, since D > A_ (In n)z, we have for all n > ng (A_, A, Ay, Aj, 0min),
sy € (0,1) .

So, using (199) and Corollary 25, it holds for all n > ng (A_, A4, A;, Au, A, Ba, 701 (9) s Omin)s

E l sup (P, —P) (%,M - (sar = 5))

SE,F(CJ‘C]
L 2
A, A1, Aw,Omin 1
> (1 - ZAAnAuOmin ) By sup (P, —P) (v (spr — 8) _ (201)
( \/5 ) <3€-7:(C,7'C] ( LM )
Finally, by comparing (197) and (201), we deduce that for all n > ng (A—, A+, A;, Ay, A, Ba, s (9) ; Omin),
LaaAuom rCD
E| sup (P,—P) (v (sar—9))| > (1 _ LA AL AL Omin Kin
Leﬁc,rm ( W ) VD n

and so (185) is proved. W
Let us now turn to the control of second order terms appearing in the expansion of the least squares contrast,
see (6). Let us define

Qc(x) = sup
s€F(c,rc)

{ |9 ((s = sa) (x)) =y (£ = s0) (2))]
|s (z) =t (2)]

After straightforward computations using that 1, (t) = 2 for all t € R and assuming (H3), we get that, for
allx € &,

 (s.0) € Fo s<x>¢t<x>}.

Qc (z) = 23861? {Is (x) — sar (@)} (202)
<2 (Rn,D,a A @Ag,M> . (203)

Lemma 14 Let C > 0. Under (H3), it holds

E | sup |(P, — P) (¢50 (s — SM))|:| <84/ CTD (RMD@ A \/C’DA37M) )

seFc
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Proof. We define the Rademacher process R,, on a class F of measurable functions from X to R, to be
1 n
Rn == o (Xi) F
(=32 ar (), e

where ¢; are independent Rademacher random variables also independent from the X;. By the usual sym-
metrization argument we have

E {sup |(Pp, — P) (g0 (s— sM))] <2E [sup |Rn (g 0 (s — sar))|
seFco seFc

Taking the expectation with respect to the Rademacher variables, we get

B | sup [Ro (030 (5~ s20)|

seFc

5 [pup e (o= a’)
< (ggsxnﬂc (Xi)) E. b %ifi% ((s —sm) (Xz‘))H (204)

=1

where the functions ¢, : R — R are defined by

oty = { QX)) for It < sup.er, {ls (X0) = s (Xi)[} = 27
! 19¢ (Xi) otherwise

Then by (202) we deduce that ¢, is a contraction mapping with ¢, (0) = 0. We thus apply Theorem 21 to get

1 n 1 n
E. | s — oy — X; < 2E - i (s — X;
E :GI;PC n ;52901 ((s = sar) (X4))|| < 2E Li%_?c n ;51 (s —sum) (Xi)
= 2E. [ sup |R, (s — sM)] (205)
seFc

and so we derive successively the following upper bounds in mean,

B | sup R (6,0 s = san)l| = B[ | sup R (0 (5 = san) |

seEFc se€EFc

<E (1rgg<xnﬂc (X») . lgg igmussm (Xmm by (204)
< 9E Klgllagnﬁc <X1—>) . [segg R (5 — SM)'” by (205)

2F [( max Q¢ (Xi)) sup |Rn (s — SM)I}

1<i<n se€Fc

O )

IN
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We consider now an orthonormal basis of (M, ||-||,) and denote it by (wk)szl. Whence

(Sseufpo IR (s — 3M)|)2‘|

< |z <p{

D D
=VC,|E lz (Rn (s%))ﬂ =4/—,

n
k=1

E

)

k=1

D
Z arRny (@k)

k=1

Q

to complete the proof, it remains to observe that, by (203),

\/]E |:11£1184§)§LQ% (Xz):| S 2 (Rn,D,a AV CDAg’M> .

|
In the following Lemma, we provide uniform upper bounds for the supremum of the empirical process of second
order terms in the contrast expansion when the considered slices are not too small.

Lemma 15 Let A, A_, A;,3,C_ > 0, and assume (H8) and (34). If C_ > Al% and Ain (lnnf2 >D >
A_(In n)2, then a positive constant La_ 4, p exists such that, for all n > ng (Aco, Acons, At, A1),

[CD ~
P|\VC >C_, sup [(P,—P)@Wyo(s—sm))| <La_ a8\ —Rnpal>1— n P .
seFc n

Proof. First notice that, as Ayn (Inn)~ > > D, we have by (34),

5 max {Acons ; Aoo V A+}

Rn,D,a < .

Vinn
By consequence, for all n > ng (Aco, Aconss A+),
Ropa<1. (206)

s =

Now, since Ugsco_Feo C B(M,Loo) (SMan,D,a> where

B (SM7Rn,D,a) = {S € M,|ls —snll < Rn,D,a} )
we have by (206), for all s € Ugsc_Fe and for all n > ng (Aco, Acons, A+t),
2
P(KS — KSM) =P {(S — 81\/[) ]

2
<lls —smll

)
<R, pa.<1l

We thus have, for all n > ng (Aso, Aconss A+t),

Ur- U =

C>C_ C_A1<C<1
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[In(C_ A1)

and by monotonicity of the collection F¢, for some ¢ > 1 and J = L g

J + 1, it holds
J
U Fo C U Feic_-
C_Al<C<1 j=0
Simple computations show that, since D > 1 and C_ > Al% > %, one can find a constant L4, , such that
J < Ly, qlnn.
Moreover, by monotonicity of C' — sup,c .. |(P, — P) (15 0 (s — sa))|, we have uniformly in C' € (¢/'C_,¢’C_],

sup |(Pn = P) ($g0(s—sm))[ < sup  |(Po = P) (Y90 (s —sm))| -

se€Fco Sequ+107

Hence, taking the convention sup,cq |(Pn — P) (¥5 0 (s — sar))| = 0, we get for all n > ng (Aco, Acons, A+) and
any L > 0,

seFc

JiC_D -~
>P|Vje{l,..J}, sup |(Pn—P)(w20(s—sM))|§L\/qCn R, Do

56.7:{1]'07

P |VC >C_, sup |(P,—P) (g0 (s—sun))| < L,/CHDRH,D,Q]

Now, for any L > 0,

JiC_D -~
P V] € {1, -~-aJ}7 sup |(Pn - P) (¢2 © (S - 5M))| < L\/TR'H,D@

SG]“qj07
JiC_D -~
=1-P|3je{l,.,J}, sup |(Po—P)@yo(s—su))|>Ly2 = Rup.a
Squ]'CL
J ¢#C_D -
21—2}? sup |[(P, — P) (W0 (s—sm))| > L - R.pal| - (207)
J=1 56.7:{1]'07

Given j € {1,...,J}, Lemma 14 yields

q]CiD ~

B | sup |(Pn—P)(Po(s—sm))l| <8

n,D,a
SE]'_qj c_

and next, we apply Bousquet’s inequality (232) to handle the deviations around the mean. We have

sup ||y 0 (s = sm) = P (20 (s — sm))lloo

SEquc_

<2 sup H(S—SM)2H SQR%D,Q
86.7:11]'07 o ’

and, for all s € Fic ,
Var (15 0 (s — spr))
<P [(s — sM)ﬂ
< s = sullZ, P (s = sa)?]

S Ri,D,aqjC* .

49



It follows that, for e = 1 and all x > 0,

[¢iC_D - 2R2 | ¢iC_x 8RR,
P sup |(Pn— P)(¥q0(s—sap))| > 16 4 - Ry Do+ ’D’nq —|—§ ’Z’ <exp(—z) .

Sequc_

(208)
By consequence, as D > A_ (In n)2 and as ]:Zn,D,a < 1 for all n > ng (Ao, Acons, A1), taking © = vIlnn in
(208) for some y > 0, easy computations show that a positive constant L4 __ 4, independent of j exists such
that for all n > ng (Aso, Acons, 4+ ),

¢ C_D ~ 1
P| sup [(Pn—P)(go(s—sm))>La_ 4~ nDa| < — .

~
Sequ07 n n

Hence, using (207), we get for all n > ng (Aoo, Acons, 4+),

seFc

[CD -
P|VC >C_, sup [(P,—P)Wyo(s—sm))| <La_ A~ an,D,a]

1

> e
And finally, as J < L4, 4Inn, taking v = 5+ 1 and ¢ = 2 gives the result for all n > ng (Aoo, Acons, A+, A4;).

|

Having controlled the residual empirical process driven by the remainder terms in the expansion of the contrast,
and having proved sharp bounds for the expectation of the increments of the main empirical process on the
slices, it remains to combine the above lemmas in order to establish the probability estimates controlling the
empirical excess risk on the slices.

Lemma 16 Let 8, A_, Ay, A;,C > 0. Assume that (H1), (H2), (H3) and (34) hold. A positive constant Ay
exists, only depending on A, As a1, 0min, 8, such that, if

" _>D>A_(nn)?

AZB <C< 5 >D>
n (Inn)

1 D
<7 (1+ Agv,)? g’C%,M and Ay

where v, = max {\/ 115”7 1/%, Rn’D’a} is defined in (117), then for all n > ng (Acc, Acons, Aty A1),

P

CD
sup Py (Ksyr — K8) > (14 La,,4,Aq ar,0min A ALS X Vn) |/ — K - C] <2n 7.
seFc

Proof. Start with

sup P, (Ksy — Ks) = sup {Py (Y10 (sm —8) — by 0 (s — su)) }
seFc seFc

= S {(Pn = P) (1,00 (a1 = 8)) = (P = P) (30 (s = s0)) = P (Ks — Ksu)}

< ;EL;P {(P, = P) (Y10 (s —5)) = P(Ks— Ksy)}

+ sup (P = P) (¥ 0 (s = sa1))] - (209)

Next, recall that by definition,

Dy, = {S € B, L) (SMaRn,D,oe) , P(Ks—Ksy) = L},
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so we have

- ogs}zug)cssequL {(P = P) (Y100 (sm — 5)) — L}

D
< \/Z Pn _p 2 ) s
N ogSlLlIg)c 1;( )" (Y1 @)

where the last bound follows from Cauchy-Schwarz inequality. Hence, we deduce from Lemma 11 that

P SSEu}PC {(Py=P) (Y10 (sss — ) = P(Ks— Ksy)} > sup {\/E(1+Tn) \/glCLML}] <n?,

0<L<C
(210)
where
Inn  +Inn
Tn = LA, Ag 01,0min.8 D Y
Inn Dlnn
S LA7A3,1\4:0'minaB f \/ n
< LA,As,M,Umin,ﬁ X Up . (211)
So, injecting (211) in (210) we have
b supsefc{(Pn—P) (wl,M-(sM—s))—P(Ks—KsM)} -
/ n
Z SupOSLSC {\/Z (1 + LA7A3,1W>0'min76 X I/TL) %KLM - L}
and since we assume C' < 1 (1 + La A, 1/ 00,8 ¥ Vn)2 %K%,M we see that
D D
sup \/E (1 + LA’A&M’Jmimgl/n) f]CLM — L3 = \/5 (1 + LA’Aa_M’gmimg X Vn) f’CLM -C
0<L<C ’ n ’ n
and therefore
CD 5
IP) SI;.P {(Pn—P) (’(/JLM~(SM—S>) —P(KS—KSM)} Z (1+LA7A3,M,<Tmm,,3Vn) TK:LM_C §n .
seFc
(212)
Moreover, as C > Al%, we derive from Lemma 15 that it holds, for all n > ng (Ao, Acons, A+, A1),
CD - i
P|sup [(P,—P)(Woo(s—sm))|>La_a,p\/—Rnpa|l <n". (213)
seFc n
Finally, noticing that
- D1
Rn,D,a = max {Rn,D,aa Aoo nn}
n
Dl
< La._.,,, max {Rn,D,a, \/ n”} x K1y by (121)
n

S LAOO7O'mjn X Vp X ICI,M ’
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we deduce from (213) that, for all n > ng (Ao, Acons, A+, A1),

/CD _
P|sup [(P,—P) (W0 (s—5m))| > LA ommA_ A8 X Vn TICLM <n B (214)

seFc

and the conclusion follows by making use of (212) and (214) in inequality (209). B
The second deviation bound for the empirical excess risk we need to establish on the upper slice is proved in
a similar way.

Lemma 17 Let 8, A_,Ay,C > 0. Assume that (H1), (H2), (H3) and (34) hold. A positive constant As,
depending on A, As v, Ao, Omin, A= and (3, exists such that, if it holds

1 D
C>=(1+ A5, 2K2,, and A,—-—5>D>A_(Inn)?
4 no (Inn)

where v, = max {\/lr‘D", 1/%, RmD,a} is defined in (117), then for alln > ng (Ao, Acons, A1),

P [ sup P (Ksy — Ks) 2 (14 Asvn) Cj’Q,M - C] <2n P
se€EFsc n

Moreover, when we only assume C > 0, we have for all n > ng (Aso, Acons; A+ ),

IP’[ sup P, (Ksy — Ks) > 1(1+,45yn)2 Qich <o P, (215)
s€F>c 4 n ’
Proof. First observe that
sup P, (Ksy — Ks) = sup {P, (¢ - (551 —8) — g0 (s —sum))}
seFsc seFsc
= sup {(Pn = P) (1,1 - (501 = 5)) = (Po = P) (30 (s — sm1)) — P (Ks — Ksur) }
= sw {(Po = P) (Y10 - (sas = 5)) = P(Ks — Ksny) = (P = P) (Y30 (s — sum)) }
= sup sup {(P, —P) (¢y - (ssr —5)) =L — (P — P) (30 (s —sum))}
L>C seDy,
D
< sup § VLD (P = P)* (107 -91) = L+ sup |(Pr = P) (30 (s = sn))|
L>C b1 sE€EFL
(216)

where the last bound follows from Cauchy-Schwarz inequality. Now, the end of the proof is similar to that of
Lemma 16 and follows from the same kind of computations. Indeed, from Lemma 11 we deduce that

D
D
P Z ’(/}1 M (pk) (1 +La yA3, M T min,B X V’ﬂ) \/:’Cl,M < n_ﬁ (217)

k=1
and, since

1D
C> iglciM > o2

— “min

3T

)

we apply Lemma 15 with A; = 02, | and deduce that, for all n > ng (Aso, Acons, At ),

min’

LD
IP) VL > C’ sup | Pn P) (¢2 M (8 - SA4))| 2 LAocno'mianfaB X Vp 7’C11M S n_ﬁ . (218)
n

seFr
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Now using (217) and (218) in (216) we obtain, for all n > ng (Ao, Acons, A+ ),

/LD
P [ sup P, (Ksy — Ks) > sup {(1 + LA, Ay rr, A oumims A— B X Vi) TICLM = L} <onP (219)

s€F>c L>C

and we set As = La 4,4
11+ Asvy)? DICE ar we get

/D /CD
sup {\E(l + Asvp) A —Kim — L} =1+ Asv,)\/ — K —C
L>C n n

and by consequence,

A_p where L, Ao omm,A_,p i the constant in (219). For C' >

0030 min)

]P’[ sup P, (Ksy — Ks) > (1+A51/n)\/CDlC17M—C] <o A,
n

seFsc

which gives the first part of the lemma. The second part comes from (219) and the fact that, for any value of
C >0,

D D
sup {\/Z(l + Asvy) \/EICLM —L} < (1—|—A5l/n)2 @Kf,M .

L>C

Lemma 18 Letr > 1 and C,8 > 0. Assume that (H1), (H2), (H4) and (34) hold and let ¢ = (gpk)szl be
an orthonormal basis of (M, ||-||) satisfying (H4). If positive constants A_, Ay, Ay, A, exist such that

n

A
- (Inn)?

>D>A_(lnn)2 and AZQSTOSAUB,
n n

and if the constant Ao defined in (116) satisfies

Aoo > 64B2 AN/2Au01 mar ()

then a positive constant Lao_ A, A, ,A,Ae omin,ra(0),8 €TISLS such that,
foralln >ng (A, Ay, Au, A, A, Ao, Acons, B2, 70 () , Omin) s

[rCD _
P ( sup Pn (KSM — KS) < (]. - LA_,Az,AU,A,AOQ,Gmir.,TM(Lp),B X Vn) T’CLM - TC) < 2n s 5

SEF(C’Tc]

where v, zmax{\/l“D”, ,/Dif", Rn,Dﬂ} is defined in (117).

Proof. Start with

sup P, (Ksy — Ks)

SE}-(C,,.c]

= sup {(P,—P)(Ksy —Ks)+ P(Ksy —Ks)}
SEF(C,TC]

> sup (Po—P)(¥yp-(sm—5)— sup (Pn—P)(yo(s—sm))— sup P (Ks—Ksy)
SEF(C,re) SEF(c,rc) s€F(c,ro)

> sup (Po—P) (Y1 (sm—5)) = sup (P —P)(dy0(s—su)) —rC (220)
sEF(c,ro) s€Frc
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and set

Sipc= sup (P, —P) (Y1 (sm—9))

86.7:(017‘0]
Mi,c=E [ sup (P, —P) (1/)17M (sm — 5))]
56‘7:(0,7‘0]
birc = sup H'(/JLM (s —s8)—P (7/’1,M (s — 5))”00

Sef(c rC]

U%,T,C = sup Var (1/11 M (sar— 5)) .
86.7:((' rC|

By Klein-Rio’s Inequality (234), we get, for all §,x > 0,

202 .z 1\ b
P Sipc < (1= 8)Mipc - F - (145) 2] <ew(a (221)
n n

Then, notice that all conditions of Lemma 12 are satisfied, and that it gives by (185),
for all n > no (A,, A+7 A’LH Al7 Aa B27 ™ (VJ) ) Umin)7

L oo rCD
ooz (1 L) OB -

In addition, observe that

02, o< sup P (1/)1 v (sar — 5)2) <16A%C by (119) (223)
56.7:(0 rC]
and
birc = ]s:up H?/}LM < (sym — s)”oo <4Ary () VrCD by (119) and (H4) (224)
s€F(c,ro)

Hence, using (222), (223) and (224) in inequality (221) we get for all z > 0 and
foralln > ng (A_, Ay, Ay, A, A, Bo,rar (¢) , Omin )

2 4A D
P(SI,T,csu—a)(l LAAu ) W ( > rM<T>lWx>

<exp(-z) .

Now, taking x = fBlnn, § = anf}f and using (121), we deduce by simple computations that for all n >

1o (A—)A—‘raAua Ala Aa B%TM (90) 70min)a

/Inn  VInn [rCD _
P (Sl,'r,c S (1 - LA,Az,Au,O’min,TM(‘P)»B X ( 7 v 711/4 >> n Kl,M) S n A (225)
lnn lnn Dlnn <
n1/4 - Vn

(225) gives, for all n 2 no (A—7 A+7 Aua Ala A7 BQ) ™M (QD) 7Umin)7

rCD _
P (51,r,c < (L= Laa, Ay ommrni(0),8 X Vn) \/ K1 M) <nP. (226)

Moreover, from Lemma 15 we deduce that, for all n > ng (Aso, Acons, A+, A1),

[rCD ~
P [ sup [(Pn — P) (g0 (s —sm))| > La_ a,p n Rn.pa

s€eFrc

and as

<nP (227)
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and noticing that

~ Dlnn
Rn,D,a = max {Rn,D,a 5 A n }

Dlnn
n

< La om, MaX {RMD@ ; } X IC1,m by (121)

<Ly X Uy X K101 s

000 min

we deduce from (227) that for all n > ng (Ao, Acons, A+, A1),

P

seFrc

rCD _
sup [(Pn —P) (Wy0(s—sm))| > La_ A, Au0mm,B X Vn X 4/ nICLM} <nh. (228)

Finally, using (226) and (228) in (220) we get that,
for all n > no (A—7 A—i—, Au, Al> A, Aooa Aconsa B27 ™M (90) ) gmin)a

CD
P < sup Po (Ksar = Ks) < (1= La_ 4,4, A A Gmimras (90,8 X Vn) |/ : —Kim - TC) <7,

SE.F(CJ,C]

which concludes the proof. B

7.5 Probabilistic Tools

We recall here the main probabilistic results that are instrumental in our proofs.
Let us begin with the L,-version of Hoffmann-Jgrgensen’s inequality, that can be found for example in [15],
Proposition 6.10, p.157.

Theorem 19 For any independent mean zero random variables Y;, j = 1,...,n taking values in a Banach
space (B, ||.||) and satisfying E[||Y;||"] < +oo for some p > 1, we have

p
n n P
5|3 v| <5, (B3 w |+ 8 (e 1))
j=1 ==

j=1
where B, is a universal constant depending only on p.

We will use this theorem for p = 2 in order to control suprema of empirical processes. In order to be
more specific, let F be a class of measurable functions from a measurable space Z to R and (X1, ..., X;,) be
independent variables of common law P taking values in Z. We then denote by B = [°° (F) the space of
uniformly bounded functions on F and, for any b € B, we set ||b]| = sup ¢ £ [0 (f)|- Thus (B, ||.||) is a Banach
space. Indeed we shall apply Theorem 19 to the independent random variables, with mean zero and taking
values in B, defined by

Vi={f(X;)-Pf, feF}.

More precisely, we will use the following result, which is a straightforward application of Theorem 19. Denote

by
1 n
Pn:ﬁ;(sX,;

the empirical measure associated to the sample (X1, ..., X,;) and by

|[Pn — Pz = sup [(Pn — P) (f)]
feF
the supremum of the empirical process over F.
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Corollary 20 If F is a class of measurable functions from a measurable space Z to R satisfying

sup sup |f (2) — Pf| =sup || f — Pfll,, < +o0
z€Z feF feF

and (X1,...,Xn) are n i.i.d. random variables taking values in Z, then an absolute constant Ba exists such

that,
supser IS — Pfoo)

p (229)

B (17, - PIE] < B2 (BIIP, - Pl +

Another tool we need is a comparison theorem for Rademacher processes, see Theorem 4.12 of [15]. A function
¢ : R — R is called a contraction if |¢ (u) — ¢ (v)] < |u —v| for all u,v € R. Moreover, for a subset T' C R”
we set

1B @)l = [l = sup [k (D) .
teT

Theorem 21 Let (g1, ...,e,) be n i.i.d. Rademacher variables and F : Ry — Ry be a convex and increasing
function. Furthermore, let ¢, : R — R, i < n, be contractions such that p; (0) = 0. Then, for any bounded

subset T C R™,
i T i T

The next tool is the well known Bernstein’s inequality, that can be found for example in [16], Proposition 2.9.

Theorem 22 (Bernstein’s inequality) Let (X1, ..., X,,) be independent real valued random variables and define

n

1

S = ﬁZ(XZ——E[Xi]).
i=1
Assuming that
1 n
v==> E[X]] <o
s
and
|X:| <b a.s.

we have, for every x > 0,

P [|S > ,/21)% + gﬂ < 2exp (—z). (230)

We turn now to concentration inequalities for the empirical process around its mean. Bousquet’s inequality
[8] provides optimal constants for the deviations at the right. Klein-Rio’s inequality [12] gives sharp constants
for the deviations at the left, that slightly improves Klein’s inequality [11].

Theorem 23 Let (£q,...,&,) be n ii.d. random wvariables having common law P and taking values in a
measurable space Z. If F is a class of measurable functions from Z to R satisfying

f(€)—Pfl<b as., foral feF, i<n,

then, by setting
0% = sup {P () - (Pf)’},

fer

we have, for all x > 0,
Bousquet’s inequality :

b
P |17~ Pl ~ BlIP, - Pl 2 203 + 2812, - PLD E + ] <o (-0) (230
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and we can deduce that, for all e,x > 0, it holds

1 1\ b
|17~ Pl —BlIP - PI 2 /2032 +BlIR, - PLA+ (24 3) 2] som(-a). 32

9 n

Klein-Rio’s inequality :

P[BUIP, -~ PIA- 1P~ Pl 2 203 4 280P - PLD S+ 2] sep(-a) )

and again, we can deduce that, for all e,x > 0, it holds

1 b
P |BUIP - Pl - 1P~ Pl 2 2032 4 BIP - P+ (1 41) 2] sop(-a). @30

n

The following result is due to Ledoux [14]. We will use it along the proofs through Corollary 25 which is stated
below. From now on, we set for short Z = ||P,, — P|| ~.

Theorem 24 Let (&4, ...,&,,) be independent random with values in some measurable space (Z,T) and F be
some countable class of real-valued measurable functions from Z. Let (5’1, e E;L) be independent from (€4, ...,&,,)
and with the same distribution. Setting

v=FE supr(f(fi)_f(gg))z

then
E (2% -E[2)

IN

Corollary 25 Under notations of Theorem 23, if some s, € (0,1) exists such that

[V

2B [27] > T
n
and

s/ B[Z%] >

SRS

then we have, for a numerical constant Ay _,

(1- A1) VEZ <E[Z] .

Proof of Corollary 25. Just use Theorem 24, noticing the fact that

VE[Z?] -E[Z] < vV (Z)
and that, with notations of Theorem 24,
v < 20% + 326E[Z] .

The result then follows from straightforward calculations. l
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