ROBUST DENSITY ESTIMATION WITH THE L;-LOSS.
APPLICATIONS TO THE ESTIMATION OF A DENSITY
ON THE LINE SATISFYING A SHAPE CONSTRAINT
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ABSTRACT. We solve the problem of estimating the distribution of pre-
sumed i.i.d. observations for the total variation loss. Our approach is
based on density models and is versatile enough to cope with many
different ones, including some density models for which the Maximum
Likelihood Estimator (MLE for short) does not exist. We mainly illus-
trate the properties of our estimator on models of densities on the line
that satisfy a shape constraint. We show that it possesses some similar
optimality properties, with regard to some global rates of convergence, as
the MLE does when it exists. It also enjoys some adaptation properties
with respect to some specific target densities in the model for which our
estimator is proven to converge at parametric rate. More important is
the fact that our estimator is robust, not only with respect to model mis-
specification, but also to contamination, the presence of outliers among
the dataset and the equidistribution assumption. This means that the
estimator performs almost as well as if the data were i.i.d. with density
p in a situation where these data are only independent and most of their
marginals are close enough in total variation to a distribution with den-
sity p. We also show that our estimator converges to the average density
of the data, when this density belongs to the model, even when none of
the marginal densities belongs to it. Our main result on the risk of the
estimator takes the form of an exponential deviation inequality which
is non-asymptotic and involves explicit numerical constants. We deduce
from it several global rates of convergence, including some bounds for
the minimax IL;-risks over the sets of concave and log-concave densities.
These bounds derive from some specific results on the approximation of
densities which are monotone, convex, concave and log-concave. Such
results may be of independent interest.

1. INTRODUCTION

Estimating a density under a shape constraint has been addressed by
many authors since the pioneer papers by Grenander ((1956;|1981)), Rao (1969)),
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Groeneboom (1985) and Birgé (1989) for estimating a nonincreasing density
on (0,4+00). It is well-known that this problem can elegantly be solved by
the Grenander estimator — see Grenander ((1956)— which is the maximum
likelihood estimator (MLE for short) over the set of densities that satisfy
this monotonicity constraint on (0, +00). Rao (1969) and Grenander (1956;
1981)) established the local asymptotic properties of the Grenander estima-
tor while Groeneboom (1985) and Birgé (1989)) studied its global estimation
errors for the LLi-loss on some functional classes of interest. Birgé proved
that the uniform risk of the Grenander estimator over the set .% (H, L), that
consists of nonincreasing densities bounded by H > 0 and supported on
[0, L] with L > 0, is of order (log(1+ HL)/n)/3. Since this rate is optimal,
the Grenander estimator performs almost as well (apart maybe from numer-
ical constants) as a minimax estimator over .# (H, L) that would know the
values of H and L in advance. Even more surprising is the fact that the
Grenander estimator can converge at a parametric rate (1/y/n) when the
density is piecewise constant on the elements of partition of (0, +00) into a
finite number of intervals — see Grenander (1981), Groeneboom (1985) and
Birgé (1989). As a consequence, the Grenander estimator can nicely adapt
to the specific features of the target density even though these features are
a priori unknown.

Because of these adaptation properties for estimating a monotone den-
sity, the MLE has widely and almost exclusively been used to solve many
other density estimation problems under shape constraints. We refer to
Groeneboom et al (2001) for convex densities and to Balabdaoui and Well-
ner (2007) and Gao and Wellner (2009a)) for k-monotone ones. Although
the construction of the MLE is not based on any smoothness assumption in
these cases, it still needs to have some pieces of information on the support
of the target density. It was already the case for the monotonicity constraint
since the left-endpoint of the support of the density needed to be known to
build the Grenander estimator. This kind of prior information might, how-
ever, not be available in practice and a more reasonable assumption would
be that only an interval containing this support be known. Unfortunately,
under this weaker assumption the MLE does not exist and the search of
alternative estimators becomes necessary to solve this issue.

To our knowledge, the first attempt to solve it dates back to |[Wegman
(1970). He designed a MLE-type estimator restricted to a class of unimodal
densities that attain their modes on an interval of length not smaller than
some parameter € > (. This parameter needs to be tuned by the statistician
and its choice influences the performance of the resulting estimator. Weg-
man and Grenander estimators both converge at the same rate except on
an interval of length ¢ around the mode. Birgé (1997) proposed a different
approach based on data-driven choice of a Grenander estimator among the
collection of those associated to all possible modes. He proved that the Li-
risk of the selected estimator is the same as that of the Grenander estimator
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that would know the value of the mode in advance, up to an additional term

of order 1/4/n.

The situation is different when the density is assumed to be log-concave on
R, or more generally on R? with d > 1. The construction of the MLE is then
free of any assumption on the support of the density. The study the MLE
on the set of log-concave densities has led to an intensive work. We refer
the reader to Diimbgen and K. Rufibach (2009), Doss and Wellner (2016) ,
Cule and Samworth (2010), Kim and Samworth (2016) and Feng et al (2021)
as well as the references therein. Kim and Samworth (2016) described the
uniform rates of convergence of the MLE for the squared Hellinger loss over
the class of log-concave densities in dimension d € {1,2,3} and they proved
these rates to be minimax (up to a possible logarithmic factor). Besides, as
for the monotonicity constraint in dimension one, the MLE also possesses for
log-concave densities some adaptation properties: it converges at parametric
rate (for the Hellinger loss and up to a possible logarithmic factor) when the
logarithm of the target density is piecewise affine on a suitable convex subset
of R? with d € {1,2,3}. This result was established by Kim et al (2018)
when d = 1 and extended to the dimensions d € {2,3} by Feng et al (2021)).
In dimension d > 4, Kur et al. Kur et al| (2019) showed that the MLE
converges at a minimax rate - up to a logarithm factor - for the Hellinger
loss.

In the one dimensional case, our aim is to design a versatile estimation
strategy that can be applied to a wide variety of density models, includ-
ing some for which the MLE does not exist, and that automatically results
in estimators with good estimation properties. In particular, these estima-
tors should keep the nice minimax and adaptation properties of the MLE,
when it exists, for estimating a density under a shape constraint. They
should also remain stable with respect to a slight departure from the ideal
situation where the data are truly i.i.d. and their density satisfies the re-
quired shape. In particular, the estimator should still perform well when
the equidistribution assumption is slightly violated and the data set con-
tains a small portion of outliers. It should also perform well when the shape
of the density is slightly different from what was originally expected, that is,
when the true density of the data does not satisfy the shape constraint but
is close enough (with respect to the Lj-loss) to a density that does satisfy
it. In a nutshell, our aim is to build estimators that are robust. Except for
the Grenander estimator (which is a particular case of a p-estimator — see
Baraud and Birgé (2018)[Section 6]—, we are not aware of any result that
establishes such robustness properties for the MLE.

Actually, we are not aware of many robust strategies for estimating a
density under a shape constraint. For estimating concave and log-concave
densities, Chan et al (2014)) proposed a piecewise linear estimator on a data-
driven partition of R into intervals. Their estimator is minimax optimal on
the sets of concave and log-concave densities and it enjoys some robustness
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properties with respect to a departure (in Li-distance) of the true density
from the model. Their approach is based on the estimation procedure de-
scribed in Devroye and Lugosi (2001) and uses the fact that the Yatracos
class associated to the set of the densities that are piecewise linear on a
partition of the line into a fixed number of intervals is VC. Despite the de-
sirable properties described above, this estimator does not possess some of
the nice ones that makes the MLE so popular. For estimating a log-concave
density, the MLE converges at global rate of order n~=2/° (for the L1 and
Hellinger distances) but, as already mentioned, it also possesses some adap-
tation properties with respect to these densities the logarithms of which are
piecewise linear. The estimator proposed by Chan et al does not possess
such a property. Besides, their approach provides competitors to the MLE
for some specific density models only. Chan et al’'s approach cannot deal
with the estimation of a monotone density on a half-line for example and
therefore cannot be used to provide a surrogate to the Grenander estimator.

In dimension one, Baraud and Birgé (2016])[Section 7] proposed to solve
the problem of robust estimation of a density under a shape constraint by
using p-estimation. Their results hold for the Hellinger loss while ours is
for the total variation one (TV-loss for short). The estimator we propose is
more specifically designed for this loss and quite surprisingly the risk bounds
we get for the TV-loss are slightly different from those obtained by Baraud
and Birgé for the Hellinger one. We do not know if p-estimators would
satisfy the same IL;-risk bounds as those we establish here.

Our procedure shares some similarities with that proposed by Devroye
and Lugosi (2001). When the Yatracos class associated to density model
is VC, the risk bound we establish is similar to theirs except from the fact
that we provide explicit numerical constants. However, unlike them, we also
consider density models for which the Yatracos class is not VC, which is
typically the case for these models of densities that satisfy a shape constraint.
Nevertheless, it is likely that with the same techniques of proofs, we could
establish for Devroye and Lugosi’s estimators the similar results as those we
establish here for ours.

The theory of f-estimation introduced in Baraud (2021]) provides a generic
way of building estimators that possess the robustness properties we are
looking for. Even though the present paper is in the same line, we modify
Baraud’s procedure and establish, for the modified ¢-estimator, risk bounds
with numerical constants that are essentially divided by a factor 2 as com-
pared to his. Another important difference with Baraud’s result lies in the
following fact. When the data are only independent with marginal densi-
ties p7,...,p}, we measure the performance of our density estimator p in
terms of its L;-distance ||p* — p|| between p and the average of the mar-
ginal densities p* = n= 137, p;. In contrast, Baraud considered, as a loss
function, the average of the L;-distances of p to the p}, i.e. the quantity

n~ 3" lp— pill. As a consequence, unlike Baraud, we can establish the
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convergence of our estimator to p*, as soon as its belongs to the model, even
in the unfavourable situation where none of the marginals p; belongs to it.

The risk bounds we obtain hold for very general density models but our
applications focus on the estimation of a density on the line that satisfies a
shape constraint. In a nutshell, we establish the following results which are
to our knowledge new in the literature.

e The procedure applies to a large variety of density model including
some for which the MLE does not exist (the set of all monotone
densities on a half-line, the set of all unimodal densities on R, the
set of all convex densities on an interval, etc).

e The global rates of convergence that we establish for our estimator
are optimal in all the models we consider.

e The estimator possesses some adaptation properties: it converges at
parametric rate when the data are i.i.d. with a density that belongs
to model and satisfies some special properties. In particular, our
estimator shares similar adaptation properties as those established
for the MLE under a monotonicity or a log-concavity constraint.
We also establish some adaptation properties on density models on
which the MLE does not even exist.

e The estimator is robust with respect to model misspecification, con-
tamination, the presence of outliers and is robust with respect to a
departure from the equidistribution assumption we started from.

The paper is organized as follows. The statistical framework is described
in Section [2| and the construction of the estimator as well as its properties
are presented in Section The more specific properties of our estimator
for estimating a mixture of densities that are monotone, convex or concave
can be found in Sections [f] and [f| respectively while the case of a log-concave
density is tackled in [6] respectively. These sections also contain some ap-
proximation results which may be of independent interest and are central to
our approach. The proofs are postponed to Section [7]

2. THE STATISTICAL FRAMEWORK AND MAIN NOTATIONS

Let Xi,...,X, be n independent random variables and Py, ..., Py their
marginals on a measurable space (£, ¢/). Our aim is to estimate the n-
tuple P* = (Pf,..., P}) from the observation of X = (X1,...,X,) on the
basis of a suitable model for P*. More precisely, given a o-finite measure p
on (2,4) and a family M of densities with respect to y, we shall do as if
the X; were i.i.d. with a density that belongs to M, even thgugh tkis might
not be true, and estimate P* by a n-tuple of the form (P,..., P) where
P =P(X)=p-puis arandom element of the set .7 = {P=p- p,pe M}
We refer to .# and M as our probability and density models respectively.
For the sake of simplicity, we abusively identify P* with the distribution
& P7 of the observation X.
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The density models we have in mind are nonparametric and gather den-
sities that satisfy a given shape constraint: monotonicity on a half line,
convexity on an interval, log-concavity on the line, among other examples.

In order to evaluate the accuracy of our estimator, we use the TV-loss d
on the set & of all probability measures on (2", %7). We denote by ||-|| the
Li-norm on the set L; (2", &7, 1) that consists of the equivalence classes of
integrable functions on (£, o, u). We recall that the TV-loss is a distance
defined for P,QQ € & by
(1) d(P,Q) = sup [P(A) — Q(A)]

Aed
and if P and @ are absolutely continuous with respect to our dominating

measure (u,

1|dP dQ
d(P,Q)==|———|.
(FQ) 2‘ du duH
In general, whatever P*, denote by P* the uniform mixture of the marginals:

* 1 = *
Pr==3 P
i=1

In particular, when the data are i.i.d., their common distribution is P* € &.

The quantity d(P*, P) is small as compared to 1 when only a small portion
of the marginals Pj,..., Py are far away from P. Note that this quantity
can be small even if none of the P equals P.

Throughout this paper, we assume the following.

Assumption 1. There exists a countable subset M of M that is dense in
M for the Li-norm.

We recall that a subset of a separable metric space is separable. In par-
ticular, when the space L1 (2", &7, 1) is separable for the LL;-norm, so is any
subset M of densities on (27, o7, u) and Assumption [1|is automatically sat-
isfied. This is in particular the case when (27, &) = (R¥, Z(R¥)), k > 1 and
i is the Lebesgue measure. If a family M of densities satisfies our Assump-
tion |1} so does any subset D of M. The set D may in turn be associated
to a subset D and a probability set ¥ = {P =p- u, p € D} that are both
countable and respectively dense in (D, |-||) and 2 = {P =p-u, p € D}
for the total variation distance d. We may therefore write

inf d(P*, P) = inf d(P*,P).
Pco Pey

We shall repeatedly apply this equality to sets & of interest without any
further notice. As a consequence, replacing a density model D by a countable
and dense subset D changes nothing from the approximation point of view.
Nevertheless, we prefer to work with D rather than D in order to avoid some
measurability issues that may result from the calculation of the supremum
of an empirical process indexed by D.
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Throughout the present paper, we use the same kind of notations as
D,D, 2,2 in order to distinguish between the density model, a countable
and dense subset of it and their corresponding probability models. Following
these notations 4 = {P = p-u, p € M}. An interval I of R is said to
be nontrivial if its interior I is not empty or equivalently if its length is
positive. Given a € RU{—oo} and b € R, (a, b| denotes any of the intervals
(a,b) and (a,b]. When we say that p is a density on a (nontrivial) interval
I, we mean that p is a density that vanishes outside I. The set of positive
integers is denoted N* and |A| is the cardinality of a set A. By convention,
>4 = 0. For an integrable function f on (2" &®") E[f(X)] is the
integral of f with respect to the probability measure @i ; P = P* while
for fon (2 ,47) and S € &, Eg[f(X)] is the integral of f with respect to
S. We use the same conventions for Var (f(X)) and Varg (f(X)).

3. AN /-TYPE ESTIMATOR FOR THE TV-LOSS

_ Let M be a density model that satisfies our Assumption |1| for some M C
M. Given P=p-pand Q = q- p in .4, we define

(2

~—

tipq) = lg>p — P(g>p)=P(p = q) — Lz
Given the family .7 = {t(P,Q)7 (P,Q) € .#?}, we define for P,Q € .# and
xeZm

n n

(3) T(x,P,Q) =Y tipg) (i) =Y [Mgsp(zi) — Plg > p)]

i=1 i=1
and
T(x,P) = sup T(x, P,Q).
QeHn
For ¢ > 0, we finally define our estimator as any (measurable) element
P = p - u that belongs to the set

(4) éa(X):{PE//Z, T(X,P)épinf//[T(X,P’)—l—s}.

3
We call P and p a TV-estimator on .# and M respectively. The parameter
e is introduced in case a minimizer of P +— T(X, P) does not exist on ..
Any e-minimizer would do provided that € is not too large.

The construction of estimators from an appropriate family of test statis-
tics ¢(p,g) is described in Baraud (2021) and our approach is in the same line.
In particular, we use the following key property on the family 7 (which can
be compared to Assumption 1 in Baraud (2021)).

Lemma 1. For all probabilities P,Q) € .# and S € 2,
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In particular,
* 1 < *
(6) d(P,Q) —d(P", Q) < ~ > E [t(pg)(Xi)] < d(P*, P),
i=1
where P* =n=1 3" | PF.

However, our family .7 does not satisfy the anti-symmetry assumption,
namely {pg) = —(@,p), which is required for Baraud’s construction. The
risk bound that we establish below cannot therefore be deduced from Ba-
raud (2021). In fact, for the specific problem we want to solve here the
anti-symmetry assumption can be relaxed which leads to an improvement
on the numerical constants that are involved in the risk bounds.

Our construction also shares some similarities with that proposed by De-
vroye and Lugosi (2001))[Section 6.8 p.55]. However, a careful look at their
selection criterion shows that it is slightly different from ours. They replace
our function T(-, P, Q) given by by

n
TDL("Pa Q) X = Z [Ilq}P(xi) - P(q > p)] :
i=1
Their approach leads to a set of estimators &épr,(X) defined in the same way
as for Tpy, in place of T (with e = 1).

Proof of Lemmalll Let P,Q € .#. Using the definition of t(pg) and
that of the TV-loss given by , we obtain that for all S € &,

Es [t(pg)(X)] = S(¢ > p) — P(q > p) < d(S, P),

which is exactly the second inequality in . To establish the first one, we
use the fact that d(P,Q) = Q(q > p) — P(¢ > p). This leads to

Es [t(po)(X)] = S(a>p) — Qg >p) +1Q(a > p) — P(q > p)]
Finally, @ results from the observation that

% >_E[tpo)(Xi)] = Ep- [tpg)(X)] -
=1
0

3.1. Properties of the estimator. Our main result is based on the key
notion of extremal point in a model.

Definition 1. Let F be a class of real-valued functions on a set 2" with
values in R. We say that an element f € F is extremal in F (or is an
extremal point of F) with degree not larger than D > 1 if the classes of
subsets

¢ (F. ) ={{z e 2 |q(z) > f(@)}, g € F\{f}}



and

¢ (F. ) ={{z € 2 |al2) < f(2)}, ¢ € F\{F}}

are both VC with dimension not larger than D.

Additionally, we say that P is an extremal point of .4 with degree not larger
than D > 1 if there exists p € M such that P = p - p and p is extremal
in M with degree not larger than D. For each D > 1, we denote by O(D)
the set of extremal points p in M with degree not larger than D, O(D) a
countable and dense subset of it, (D) the corresponding set of probability
measures and O = Jps; O(D) the set of all extremal points in M. Finally,

let M be a countable and dense subset of M containing Jp>; O(D).

Theorem 1. Let M be a density model sg,\tisfying our Assumption |1| for
which O is nonempty. Any TV-estimator P on .# satisfies for all &€ > 0
and all product distribution P*, with a probability at least 1 — e~¢, for all
D > 1 and all P € O(D),

(7) d(P,P) < 2d(P*, P) + 20\/% n \/@+ %

In particular,

= D 2(log 2
(8) d(P*,P) < inf [3 inf d(P, P)+20y/ 22| + 20g2+¢) , e
D=1 | peo(D) n n n

with the convention infgz = +o00. As a consequence of ,

(9) E [d(P,P)] < 2d(P*, P)+ 48\/? + %

for all D > 1 and all P € 6(D), moreover by (),
(100 E[d(P*P)] < inf 13 inf d(P*,P)+ 48\/5 +
D21 | Ped(D) n n
Proof. The proof is postponed to Subsection [7.2} O

Let us now comment on this result.

In the favourable situation where the X; are i.i.d. with distribution P*
in 0, infps inf pe 7 py d(P*,P) =0 and we deduce from that the esti-
mator P converges toward P* at rate 1/y/n for the total variation distance.
More precisely, the risk of the estimator is not larger than 48,/D/n +¢/n
when P* belongs to &(D) for some D > 1. Note that the result also holds
when the data are independent only, provided that P* = n=1 3" | P is
extremal. This situation may occur even when none of the marginals P* is
extremal or even belongs to the model .Z .
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In the general case where the data are independent only and their marginals
write for all 1 € {1,...,n} as

(11) P}=(1—-0o)P+aiR =P +a; (R — P)

for some P € O(D) with D > 1, ay,...,a, in [0,1] and distributions
Ri,...,R, in &, we deduce from @D that

o~ Y = D €
E [d(P,P)] < 2d(P*, P) +48\/Z+ =

2 & D ¢
<IN a8y 2 E
n;az—'— n+n

As compared to the previous situation where P* = P € &(D), hence o; = 0
for all ¢, we see that the risk bound we get only inflates by the additional
term 2@ = (2/n) >_1; oy and it remains thus of the same order when @ is
small enough as compared to \/D/n. Note that this situation may occur
even when o; > 0 for all ¢, i.e. when none of the marginals P belongs
to 0(D). In order to be more specific, we may consider the two following
situations. In the first one, there exists some subset of the data which
are i.i.d. with distribution P € &(D) while the other part, corresponding
to what we shall call outliers, are independently drawn according to some
arbitrary distributions. In this case, there exists a subset S C {1,...,n}
such that a; = 1 for ¢ € S and o; = 0 otherwise in . Our procedure
is stable with respect to the presence of such outliers as soon as @ = |[S|/n
remains small as compared to \/D/n. In the other situation, which is called
the contamination case, the data are i.i.d., a portion « € (0, 1] of them are
drawn according to an arbitrary distribution R while the other part follows
the distribution P € (D). Then holds with a; = o and R; = R
for all i € {1,...,n}. The risk bound we get remains of the stable under
contamination as long as the level @ = « of contamination remains small as

compared to \/D/n.
A bound similar to (8) has been established in Baraud (2021) for his
l-estimators. His inequality (48) can be reformulated in our context as

1 = 1
=>"d(Pr,P)<inf |6 inf =" d(Pf,P)| +40 D L g2 2
nizl D>1 ) nizl n n n

Pco(D
1 n
— inf |=) d(P",P)|.
Pec# [n ; & )1
In comparison, equation @D and the triangle inequality imply that

1 n L ) ) 1 n . 5D
n;d(PivP)<Il)gf1 [3 inf [n;d(Pi’P)}—FQOm

Pco(D)

2(log2 + &)

9
+ =
n n
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If we omit the term inf P [ Yo d(Pr, )} that appears in his inequality
and log 2 that appears in ours, all the constants we get are divided by a factor
2 as compared to his.

When the Yatracos class {{p > ¢},p,q € M} is VC with dimension not
larger than D > 1, all the elements of M are extremal with degree not larger
than D and becomes

(12) E [d(P* A)} 3 inf d(P*, P —1-48\/»_}_ hd

Ped

In the particular case of i.i.d. data with common distribution P*, an inequal-
ity of the same flavour was established by Devroye and Lugosi (2001)[Sec-
tion 8.2] for their minimum distance estimate. Both inequalities involve
a constant 3 in front of the approximation term inf,_— d(P*,P). In our
inequality the numerical constants are explicit.

In the next sections, we take advantage of the stronger inequality to
consider density models M for which the Yatracos classes {{p > ¢}, p,q €
M} are not VC.

In the remaining part of this paper, (27,%) = (R, Z(R)) and p is the
Lebesgue measure on R. Since Li (R, Z(R), ) is separable, Assumption [1]is
automatically satisfied. Each of the forthcoming sections is devoted to the
problem of estimating densities or a mixture of densities with respect to p
under the assumption that they satisfy one of the following shape constraint:
monotonicity, concavity, convexity or log-concavity.

4. ESTIMATING A PIECEWISE MONOTONE DENSITY

We denote by A(k) the class of nonempty subsets A C R with cardinality
not larger than & > 1. The elements of A provide a partition of R into

= |Al 4+ 1 < k+ 1 intervals Iy,...,I; the endpoints of which belong to
A. We denote by I(A) the set {Iy,...,1;} of their interiors. Although there
exist several ways of partitioning R into intervals with endpoints in A, the
set I(A) is uniquely defined.

4.1. Piecewise monotone densities.

Definition 2. Let kK > 2. A function g on R is said to be k-piecewise
monotone if there exists A € A(k — 1) such that the restriction of g to each
interval I € I(A) is monotone. In particular, there exist at most k monotone
functions gr on I € I(A) such that

Z gr(x)1y(z) forallz € R\ A.
IeI(A

A k-piecewise monotone function g associated to A € A(k — 1) may not
be monotone on each element of a partition based on A. We only require
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that g be monotone on the interiors of these elements. The function

g: R — R+
1
x ? \/m]l|m|>0

is 2-piecewise monotone, associated to A = {0} € A(1), but g is neither
monotone on (—oo, 0] nor on [0, +00).

We denote by M, the set of k-piecewise monotone densities. The sets
M, are obviously increasing with k for the inclusion. The set My contains
the unimodal densities on the line and in particular all the densities that
are monotone on a half-line and vanish elsewhere.

Of special interest are those densities in M which are also piecewise
constant on a finite partition of R into intervals. More precisely, for D > 1 let
6D,k be the subset of M}, that consists of those densities that are constant
on each element of a class I(A) with A € A(D + 1). The number D is a
bound on the number of bounded intervals in the class, hence on the number
of positive values that a density in Op x may take. The uniform distribution
on a nontrivial interval has a density that belongs to O 2, and also to Op
for all D > 1 and k£ > 2. The sets @D,k with D > 1 and k > 2 are therefore
nonempty. They satisfy the following property which is a consequence of
Proposition 3 of Baraud and Birgé (2016)).

Proposition 1. For all D > 1 and k > 2, all the elements of Opy, are
extremal in My, with degree not larger than 3(k + D + 1).

Proof. The proof is postponed to Subsection [7.3] O

For all D > 1 and k > 2, let Op . be a countable and dense subset of
Op (for the Li-norm) and My a countable and dense subset of M, that
contains Jp~; Op - It follows from Proposition that the elements of Op .
are also extremal in My with degree not larger than 3(k + D + 1) for all
D > 1. We immediately deduce from Theorem [I] the following result.

Theorem 2. Let k > 2. Whatever the product distribution P* of the data,
any TV-estimator P on 4} satisfies

) D+k+1
(13) E [d(P*,P)} < inf |3 inf d(P*,P)+ 83_2\/ﬁ1 + E
D>1 n n

PEﬁDVk

Our approach solves the problem of estimating a nonincreasing density
on a half-line I by taking k = 2. For this specific problem, a bound of the
same flavour was established by Baraud (2021) (see Proposition 6) for his
l-estimator. When the data are i.i.d. with distribution P*, our result shows
better constants in the risk bound as compared to Baraud’s. In partic-
ular, the constant 3 in front of the approximation term inf PEBn d(P*, P)
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improves on his constant 5. Our estimator (as well as Baraud’s) also im-
proves on the Grenander estimator since our construction does not require
the prior knowledge of the half-line I.

For general values of k > 2, the problem of estimating a k-piecewise
monotone density was also considered in Baraud and Birgé (2016). The au-
thors used a p-estimator and the Hellinger loss in place of the total variation
one to evaluate its risk— see their Corollary 2. Their bound is similar to
ours except from the fact that the quantity /(D + k + 1)/n appears there
multiplied by a logarithmic factor. This logarithmic factor turns out to be
necessary when one deals with the Hellinger loss while it disappears with
the total variation one.

In order to specify further the risk bound given by , and see what
properties can be established on our estimator, let us consider different as-
sumptions on the distribution of the data. These assumptions can be done a
posteriori, since the estimator is solely based on the model .#}, (or a dense
subset of it). Such assumptions enable us to bound the quantity

D 1
inf Mpﬁpwsam/+k+1
n

PeOp i

A = inf [3
D>1

that appear in the right-hand side of .

If the X; are not i.i.d. but only independent and their marginals are close
enough to a distribution of the form P = - u, by the triangle inequality we
may bound A by 3d (P*,P) + By, (D) where By, ,(p) is defined for a density
p on the line by the formulas

Dtk+l
Bm@:MFiﬁdm@+%W++
D>1 QElp i n
3 Dtkil
&ELngp—ﬂ+&ﬂVn}

q€0p .k

(14)

This means that as long as 3d(P*, P) remains small as compared to By, (D),

the bound on E[d(P*, ]5] would be almost the same as if the X; were truly
i.i.d. with distribution P = p - u. This property accounts for the robustness
of our approach.

If we apply a location-scale transformation to the data, that is, if in
place of the original data X1, ..., X, with density p we observe the random
variables Y; = 0 X; + m for i € {1,...,n} with (m,0) € R x (0,+00), the
density p,,, of the new data would satisfy By (P, ,) = Bk n(P) since the
set @D,k and the total variation distance remain invariant under such a
transformation. This means that the performance of the TV-estimator is
independent of the unit that is used to measure the data.

In the remaining part this section, we provide upper bounds on the quan-
tity By (p) for some densities p € My, of special interest.
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4.2. Estimation of bounded and compactly supported k-piecewise
monotone densities. For k > 3, let M, be the subset of M}, that consists
of the densities on R which coincide almost everywhere with a density of the
form

k—2
i=1
where
(i) (z:)ie{o,... k—2) 1s an increasing sequence of real numbers;
(ii) wi, . .., Wg_o are nonnegative numbers such that Ef:_f w; = 1;
(iii)  fori e {1,...,k— 2}, p; is a monotone density on the interval I; =

(xi—1,x;) of length L; > 0 with variation

Vi = sup pj(x) — inf pi(z) < +oo.
z€l; zel;

A density p in M} is necessarily bounded and compactly supported. A
monotone density on Ry which is bounded and compactly supported belongs
to Mgo A bounded unimodal density supported on a compact interval
belongs to M .

For p € ﬂzo, we set

2

k—2
(16) Ry.o(p) = inf | 3 \/wilog (1 + L;V)
=1

where the infimum runs among all ways of writing p under the form a.e.
Note that we allow some of the w; to be zero in which case the corresponding
densities p; may be chosen arbitrarily and their choices do not contribute
to the value of Ry, o(p). For k > 3 and R > 0, let M, (R) be the subset of
M, that gathers these densities p for which Ry o(p) < R. When a density
p belongs to M (R), we may therefore write p under the form a.e.

- : k=2 317
with L; and V; such that [Ei:l Vwilog (1+ LZVZ)} < R. The classes of

sets (My )iz and (M; (R))r>3 are both increasing (for the inclusion): if
p € M;°(R) with [ < k, we may write

1—2 1—2 2
p= Z wipily, | 2, a.e. with Z \/wz- log(1+L;V;)| <R
i=1 1=1

and alternatively

-2 k—2

b= Zwlpl]l($1_1,$¢) + Z 0 x ﬂ($i+j—l+1),1‘i+j—l+2) a.ce.
=1 j=l—-1
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hence, p € M,;’O and
2

< R.

-2
Ry 0(p) < !Z \/wi log (1+ L;V;) +0

=1

It is not difficult to check that the set MZO(R) is invariant under a location-
scale transformation.

Theorem 3. Let k >3 and R > 0. If p € My, (R),
R\!/3 2k
(17) B (p) < 41.3 (5> +83.24/ =.

This result is to our knowledge new in the literature. We deduce that the
minimax risk for the Lj-norm over M} (R) is not larger than (R/n)Y/? v
kn=2 up to a positive multiplicative constant. For large enough values of
n, the bound is of order (R/n)Y/? while for moderate ones and values of
R which are close enough to 0, which means that the densities in MZO(R)
are close to a mixture of k — 2 uniform distributions, the bound is of order
VEk/n.

It is interesting to compare this result to that established in Baraud and
Birgé (2016])[page 3900] for their p-estimators. For the problem of esti-
mating a bounded unimodal density p supported on an interval of length
L, which is an element of My, Baraud and Birgé show that the Hellinger
risk of the p-estimator is not larger than (/L [[p]|__/n)"/3logn up to some
numerical constant. With our /f-estimator, the bound we get is of order
(log(1 + L||p|l..)/n)*/? and only depends logarithmically on the quantity
L ||p||o, (which is not smaller than 1 since p is a density).

Proof. The proof of Theorem (3| is based on and the following approxi-
mation result. The complete proof is postponed to subsection [l

Proposition 2. Let V = 0 and I be a bounded interval of length L > 0.
For all D > 1, there exists a partition J = J(D,L,V) of I into D > 1
nontrivial intervals with the following properties. For any monotone density
p on I for which

Vi(p) = supp(z) — inf p(z) <V,
Q?Ej xzel

the function p = p(J) defined by

1
5= 5,1y with P :—/pdu,
J%; J T ) g

is a monotone density on I that satisfies

(18) /yp plap< [+ VDR —1] 2 g 208U V)
I

D
Proof. The proof is postponed to subsection [7.3] O
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Although the result is hidden in his calculations, Birgé (1987)) has estab-
lished a bound of the same flavour except from the fact that the variation V'
is replaced by a uniform bound on p. Unlike his, our bound allows to
recover the fact that when V = 0, i.e. when p is constant on I, the left-hand
side equals 0 as expected. The combination of Theorem [2] and Theorem
immediately leads to the following corollary:

Corollary 1. Let k > 3. If X1,..., Xy is a n sample which density p €
M, (R), then the TV-estimator p on My, satisfies

S R\3 % 2
(19) Ellp -l <526 (%) + 166.4y/ 2% 4 2.
n n n

4.3. Estimation of other k-piecewise monotone densities. Corollary/[l]
provides an upper bound on the LLi-risk of the TV-estimator for estimating
a density p € ﬂzo A natural question is how the estimator performs when
the density p is neither bounded nor supported on a compact interval. Since
for such densities we may write

(20) Bin(p) <_int_ | Il + Bea(p)|

PEM,,
an upper bound on By, ,,(p) can be obtained by combining Theorem with an
approximationt result showing how general densities in M, can be approx-
imated by elements of M,io In this section, we therefore study the approx-
imation properties of the set M;O with respect to possibly unbounded and

non-compactly supported densities. We start with the case of a monotone
density on a half-line and introduce the following definitions.

Definition 3. Given a nonincreasing density p on (a,+00) with a € R, we
define p as the mapping on (0,+00) given by

(21) p(y) =inf{x >0, pla+z) <y} > 0.
We define the x-tail function 7,(p, ) associated to p as
T2 (p;) | [0,400) — Ry
t —> /t+oo pla+ z)dp(z) ’
the y-tail function 7 (p,-) as
Ty(p,-) | [0,400) —> R—:oo
t— [ )
and the tail function 7(p,-) as
(22) 7(p,t) = ;r;g [72(p, st) + Ty(p,p(a+s))] forallt>1.
When p is a nondecreasing density on (—oo, —a) with a € R, we define

T2(p, ), Ty(p,-) and T(p,-) as respectively the x-tail, y-tail and tail functions
of the nonincreasing density x — p(—x) .
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Let us comment these definitions. When p is a continuous decreasing den-
sity from (0, +00) onto (0, +00), p is the reciprocal function p~!. By taking
the symmetric of the graph x — p(z) with respect to the first diagonal, we
easily see that p = p~! is a nonincreasing density on (0, +occ). This prop-
erty remains true in the general case as shown by the lemma below with the
special value B = 0. As a consequence, 7,(p, -) can be interpreted as the tail
of the distribution function associated to the density p while 7,(p, -) is that
of p(a+ ).

Lemma 2. Let p be a nonincreasing density on (a,+0o0) with a € R and p
the mapping defined by . For all B > 0,

@) [ Tlarn) - Blduw) = [ 5)dnt) = )

By changing p into x — p(—=x), we also obtain that when p is nondecreas-
ing on (—o0, —a),
0 +o00
/ [p(—a+x) — B], du(r) = /B p(y)du(y) = 7y(p, B) for all B > 0.
—0o0

Proof. Let y > 0. Since p is nonincreasing density on (a, +00), it necessarily
tends to 0 at +o0o. The set I(y) = {x >0, p(a+z) <y} is therefore a
nonempty unbounded interval with endpoint p(y) < +oo by definition of
p(y). In particular,
(p(y), +o0) C I(y) C [p(y), +o0),
and by taking the complementary of those sets we obtain that for all (z,y) €
(0, +00) x (0, +00)
L i) S Dptata)zy < Lusiiy)-

Integrating these inequalities on (0, +o00) x (B, +00) with respect to u ®
and using Fubini’s theorem, we obtain that

“+oo
/ p(y)du(y)

B

B /B—HX) :/o+oo ﬂx@(y)du(l’)} dp(y) < /;OO [/om Ly(ata)zydu(x) | du(y)
= /0 +OO /;Oo ﬂp(a+w)>ydu(y)} dp(z) = /a " bt ) - Bl dp(x)

< [T Lcpdn)] dut) = [ )dnto),

which proves . O

It follows from that if p is a nonincreasing density on (a, +00), 7(p, t)
also writes for all ¢ > 1 as

“+o00 S
|+ a)duta) + [+ )~ plat s))dua)|

t

7(p.t) = inf
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It is not difficult to check that the mapping 7(p,-) is nonincreasing on
[1,4+00), tends to 0 at +oo and is invariant under a location-scale transfor-
mation, i.e. by changing p into the density o~ 'p[c~—!(-—m)] on (ca+m, +00)
with m € R and ¢ > 0.

We consider the general situation where p is an arbitrary element of M,
with £ > 2. Changing the values of p, if ever necessary, on a negligible set,
which will not change the way it can be approximated in [L;-norm, we may
assume with no loss of generality that it writes as

-1
(24) p=wip1 N —oozy) + O wibily, 2y + Wepediz, | 1oo)

=2
where p; and py are monotone densities on (—oo, 1) and (z¢—1, +00) respec-
tively, w1 = [*L pdp, we = :;Zoopdu and when £ > 2, 11 < 29 < ... < xy_1
is an increasing sequence of real numbers, the p; are monotone densities on
(zi-1,2i) and w; = [77 pdp for all i € {2,...,¢ —1}. For p written under
the form , we set

(25) Too(ps 1) = max }T(pi,t) for all ¢ > 1.
1€

geeey

The mapping t — 7(p, t) is nonincreasing on Ry and tends to 0 at +oo.

Theorem 4. Let £ > 2, k > 20 and R > llog2. If p is a density of the
form a.e.,

R
(26) it p -7l < 2 (poexo (5) 1))
PEM; (R) ¢
Proof. The proof is postponed to Subsection [7.3] O

By combining Theorem [3|and Theorem [4 we obtain the following corollary.
Corollary 2. Let £ > 2 and k > 2¢. If p is a density of the form a.e.,

1/3
(27) Bin(p) < 44.3 (“Og(l””)> + 83.2@

n

where

Clog(1 + t))1/3}

(28) rp = inf {t > 1, 7o0(p,t) < < -

and Too(p, +) is defined by . Then, the TV-estimator p on My, satisfies
Clog(1 + )\ /3 2% 2
(29) E[||lp — pll] < 88.6 <°g(n”)> +166.41/ —+ ;8

Proof. Since T (p, ) tends to 0 at +o0o, the set

(log(1 +t) ) 1/3}

n

R = {t> 1, Too(ps 1) < (



19

is nonempty, r, is well-defined and for all ¢ > r,, > 1,

log(1 + t))1/3

n

Too(D, 1) < <

Using (20)), Theorems [3|and [4] with R = £log(1 +t) > ¢log 2 we obtain that

3 . _ _
B, n(p) < 5 inf lp =2l + sup Brn(p)
peM; (R) peM; (R)

Clog(1 + )\ /3 2k
< 37 (p,t) +41.3 (Og(ﬂ> +83.2¢/ =

n

1/3
<44.3 <€log(1+t)) —1—83.21/%,
n n

and the result follows from the fact that ¢ is arbitrary in (r,, +00). (]

Example 1. Let n > 2, a >0, § > —1, v € (0,1) and g be the mapping
defined by
9l—y 9l+a (log 2)1+f3
q(x) = g L2 + 21t (log )P [

When (a, 8) € (0,+00) X [—1, +00) and when o« = 0 and 8 > 0, ¢ is positive,
integrable, nonincreasing function on (0, +00) and we may denote by p the
corresponding density, i.e. p = cq for some ¢ > 0 depending on «, 5 and ~.
The density p may be written is under the form with £ = 2, wy = 0,
wy =1, a = 1 = 0 and ps = p. Throughout this example, C' denotes a
positive number depending on «, 5 and v that may vary from line to line.

It follows from Definition [3] that when « > 0, for all ¢ > 2

2,400) "

7 (P, 1) /+°° da /+°° e o 1
= = EESS )
2a (log2)'™F  Jr glta(loga) TP Jioge s'HP ate (log t)' 7
and when a =0 and 8 >0

npd i
= S = y
c21+a (log 2)' 7 logt s1H7° 3 (logt)”

For y > ¢, p:y — 2(c¢/y)"/=7) hence

At/ (=)

my(p,t) = /t o p(y)du(y) =

We deduce that for all t > 1 and s € [2/t,2], p(s) = p(2) = ¢ and

forallt > c.

[(st)a (log(st))H’B] - + 57 when a>0and g > —1

C_lTOO(pvt) <
(log(st)) ™ + &7 when a = 0 and 5 > 0.
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Taking
1
148\ “arsy
2 [(t‘” (%) +ﬂ) vt '] when a >0 and B =—
§ = s
2{(10%(5;”) 7\/t_l} when =0 and >0

the value of which belongs to [2/t,2], we obtain that for all ¢t > 1

0
[t (log(1 +£)"?] **7 V=7 when a >0 and 8> —
(log(1+8)) P vt when o = 0 and 5 > 0.
If « >0and 8 > —1, by taking

1 171 1 1
t:tn:C"n%’(lJr )log n  with /43:*<*+*>+ +5
3\a v «

C 1 re(p,t) < {

for some constant C’ > 0 large enough, we obtain that 7 (p, t,) < (2log(1 + tn)/n)'/3
and consequently, r,, defined by satisfies r, < t,. Applying Corollary
we conclude that for all &k > 4

1 1/3 2k
( ogn> 4

n

Bk,n(p) < C

If « = 0 and 8 > 1, we take t = t,, such that log(1 + t,) = C'n'/(1+38)
for some constant C’ > 0 large enough, we obtain that

=B <210g(1+t )>1/3

n

hence ry, < t, = C'n'/(1+38) and we get that for all k > 4
nT8 41/ | .
n

5. CONVEX-CONCAVE DENSITIES

Bk,n(p) < C

5.1. Piecewise monotone convex-concave densities. In this section,
our aim is to estimate a density on the line which is piecewise monotone
convex-concave in the sense defined below.

Definition 4. A function g is said to be convex-concave on an interval I if
it is either convex or concave on I. Fork > 2, a function g on R is said to be
k-piecewise monotone convex-concave if there exists A € A(k — 1) such that
the restriction of g to the each interval I € I(A) is monotone and convex-
concave. In particular, there exist at most k functions {gr, I € I(A)}, where
gr is monotone and convex-concave on I such that

Z gr(x)1z(z) for all z € R\ A.
I€1(A)
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We denote by ﬂi the set of k-piecewise monotone convex-concave densi-
ties. The Laplace density = — (1/2)e~1*l belongs to M%, the uniform density
on a (nontrivial) interval belongs to ﬂé, all convex-concave densities on an
interval belong to ﬂ}l. A function g € ﬂ}@ associated to A € A(k — 1)
admits left and right derivatives at any point z € R\ A. These deriva-
tives are denoted by g;, g, respectively. More generally, when a function f
is continuous and convex-concave on a nontrivial bounded interval [a, b], we

define

fh(z) = 105121 W for all z € [a,b)
and

f1(z) = lim f@) = /) for all z € (a, b].

1z r—z
These quantities are finite for all z € (a,b) and belong to [—oo, +00] when
z € {a,b}. We say that f admits a right derivative at a and a left derivative
at b when f/(a) and f](b) are finite respectively.

The role played by piecewise constant functions in the previous section is
here played by piecewise linear functions. For D > 1, let 6})7,6 be the subset
of ﬂ,i that consists of those densities that are left-continuous and affine on
each interval of a class I(A) with A € A(D + 1). For example, the left-
continuous version of the density of a uniform distribution on a nontrivial

interval belongs to @173. The proposition below shows that the elements of

Al .l
Op i, are extremal in M.

Proposition 3. Let k > 2, D > 1. Ifp € M,lf and q € @}),k, the sets
{z € R, p(z) — q(z) > 0} and {z € R, p(x) — q(x) < 0} are unions of at
most D + 2k — 1 intervals. In particular, the elements of@}lk are extremal
m ﬂ,lc with degree not larger than 2(D + 2k — 1).

Proof. The proof is postponed to Subsection [7.4] O

Forall D > 1, k > 2, let Ob’k be a countable and dense subset of @}D’k

(for the Lj-norm) and M a countable and dense subset of ﬂ,lf that contains
Up=>1 Ob - By proposition [1} the elements of (9}), i, are also extremal in M,lg
with degree no larger than 2(D + 2k — 1) for all D > 1. We deduce from
Theorem [I] the following result.

Theorem 5. Let k > 2. Whatever the product distribution P* of the data,
any TV-estimator P on //lkl satisfies

3 D+2k-1
(30) E[d(P*,P)| < inf {3 inf d(P*,P)+68\/+7k} L
D21 n n

—1
PEO
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In the remaining part of this section we assume that the X; are i.i.d.
with a density p € ﬂ,ﬁ, in which case, the right-hand side of writes as
B}, ,,(p) + &/n with

3 D+2k—1
1 s < . -
(31) Brn(p) = jnf | o inf lp—qf| + 68y —— —— ]

- q€0p

As we did in Section {4} our aim is to bound the quantity IB%}C’n(p) under some
suitable additional assumptions on the density p.

5.2. Approximation of a monotone convex-concave density by a
piecewise linear function. Let us now turn to the approximation of a
monotone convex-concave density by a convex-concave piecewise linear func-
tion. The approximation result that we establish is actually true for a sub-
density on an interval [a,b], i.e. a nonnegative function on [a, b] the integral
of which is not larger than 1. In the remaining part of this chapter, we use
the following convenient definition.

Definition 5. Let D > 1 and f be a continuous function on a compact
nontrivial interval [a,b]. We say that f is a D-linear interpolation of f
on la,b] if there exists a subdivision a = x9 < ... < xp = b such that
f(z;) = f(x:) and f is affine on [x;—1, ;] for alli € {1,...,D}.

This definition automatically determines the values of f on [a,b] since
f corresponds on [x;_1,7;] to the chord that connects (x;_1, f(z;_1)) to
(w4, f(x;)) for all i € {1,...,D}. The function f is therefore continuous
and piecewise linear on a partition of [a,b] into D intervals and it inherits
of some of the features of the function f. For example, if f is nonnegative,
increasing, decreasing, convex or concave, so is f. If f is convex (respectively
concave), f > f (respectively f < f).

Given a continuous monotone convex-concave function f with increment
A = (f(b) = f(a))/(b—a) on a bounded nontrivial interval [a, b], we define
its linear index I' = T'(f) as

pzl_l(\pi(a)lAlpi(b)! A )
2 Al (@) V [pi(B)] )
with the conventions 0/0 = 1 and 1/(4o00) = 0. Since f is convex-concave,

monotone and continuous

[pr(@)] A lpy(0)] < JA] < [pi(a)] V [pi(B)]  and

and

A=0 = [p.(a)] = Ipj(b)] = 0.
With our conventions, I' is well-defined and belongs to [0,1]. When f is
affine, A = p.(a) = pj(b) and its linear index is 0. In the opposite direction
when f is far from being affine, say when for some ¢ € (a,b) and v > 0

f(z) = bic(a: —c¢); forall x € [a, b
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its linear index I' = 1 — (b — ¢)/[2(b — a)] increases to 1 as ¢ approaches b.

Theorem 6. Let p be a monotone, continuous, convexr-concave density on
a bounded interval [a,b] of length L > 0 with variation V = |p(b) —p(a)| and
linear index T € [0,1]. For all D > 1, there exists a 2D-linear interpolation
P of p such that

(32) /ab\p—p\du<§[(1+x/2LVP)1/D—1r.

In particular, there exists a continuous convezx-concave piecewise linear den-
sity q based on a partition of [a,b] into 2D intervals that satisfies

log? (1+ v2LVT)
D? ‘

b
(33) / p— gl dp < 5.14

Since I' € [0, 1], implies that

log? (1+v2LV)
D2

b
/ Ip—qldp < 5.14
a

Nevertheless, when p is affine on [a,b], I' = 0 and we recover the fact that
we may choose P and ¢ on [a, b] such that f; |p — Dl dp = ff |p — q| du = 0.

The fact that a bounded convex (or concave) function on a compact inter-
val can be approximated in L; by piecewise affine functions at rate O(1/D?)
had already been established by |Guérin et al. (2006). What is novel in The-
orem [0] is the fact that for probability densities the approximation error
depends logarithmically on the product LV.

Proof. The proof is based on several preliminary approximation results whose
statements and proofs are postponed to Subsection [7.4] O

5.3. Estimation of k-piecewise monotone convex-concave bounded
and compactly supported densities. In this section, we consider a den-

sity p € ﬂ,lg, with k > 3, that is of the form

k—2
(34) p=> wipiliz, \
i=1
where
(i) (Z:)ie{o,... k—2) 18 an increasing sequence of real numbers;
(ii) wy, ..., wy_y are nonnegative numbers such that > ¥ 2 w; = 1;
(iii)  fori € {1,...,k — 2}, p; is a monotone continuous convex-concave

density on the interval [z;_1,z;] of length L; > 0, with variation
Vi = |pi(zi—1) — p(z;)| < 400 and linear index I'; € [0, 1].
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For a density p satisfying we define

_ 3/2
(35) Rk,l(p) = inf 1622 (wl 10g2 (]. + m))1/3 >
=1

where the infimum runs among all ways of writing p under the form .
We denote by ﬂ;?l the class of all densities of the form a.e. and for

R >0, ME?I(R) the subset of those which satisfy Ry 1(p) < R.

Note that a concave (or convex) density on a (necessarily) compact inter-
val belongs to M}l.

The following result holds.

Theorem 7. Let k >3 and R > 0. For allp € My, (R)

R\?/® 4k —5
(36) B} (p) < 7.71 [15.06 (n) +8.82y/ — 1 ,

where ]E%}w(p) is defined by .

Theorem [7|implies, together with Theorem [5, that the TV-estimator con-
verges at rate n~2/% in total variation distance, whenever the underlying
density p* is bounded, compactly supported and belongs to the class Mz‘fl
of k—piecewise monotone convex-concave densities. The rate n~2/5 matches
the minimax lower bound established in Devroye and Lugosi (2001)[Sec-

tion 15.5] for bounded convex densities. This rate is therefore optimal.

To the best of our knowledge, Theorem [§] provides the sharpest known
minimax upper bound in this setting, including the case of a monotone,
convex or concave density on a compact interval. In comparison, |Gao and
Wellner| (2009b) proved that the MLE on the set of convex non-increasing
densities on a given interval achieves the rate n=2/5 (for the Hellinger dis-
tance). Note that the construction of the MLE requires that the support of
the target density is known while our TV-estimator assumes nothing.

Consider now the special case of a continuous, concave density on an in-
terval [a,b] (which is necessarily bounded). A monotone continuous con-
cave density p on a bounded interval [a,b] with length L > 0 belongs
to Mé It necessarily satisfies L|p(a) — p(b)|/2 < 1, hence R3i(p) <
log(1 + y/2L|p(a) — p(b)|) < log3. If p is not monotone but only contin-
uous and concave on [a, b], we may write p as wip; + waps where p; and po
are monotone and concave densities on the intervals [a, ¢] and [c, a] respec-
tively where c is a maximizer of p in (a,b). The density p belongs to ﬂi and

by applying the previous inequality to the densities p; and po successively
and the inequality z!/3 4 (1 — 2)1/3 < 22/3 which holds for all z € [0,1], we
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obtain that
B2 (p) < (w1 1og2(1 + /2~ a) (r(0) — pr(@)

+ (w2 log?(1 + \/2(b —¢) (p2(c) — p2(b))>1/3
< ()" +wy'?) (10g 3)”/% < (21053,

We immediately deduce from Theorems [5] and [7] the following corollary.

Corollary 3. If X1,...,X, is a n-sample which density is concave on an
interval of R, then the T'V-estimator p on M} satisfies

E[ il < 320 n 451 n 2e

In particular,

320 451
inf sup [llp =PIl < —575 + Jn

where the supremum runs among all concave densities p on an interval of
R and the infimum over all density estimators p based on a n-sample with
density p.

Proof of Theorem[7] Let p € My (R). With no loss of generality we may
assume that p is of the form (34) everywhere and choose a subdivision
(T4)ifo,... k—2} in such a way that

_ 3/2
[3:2 (wi log? (1 + \/m»l/g <R.

=1

Let D > k—2 and D,...,D;_o be some positive integers to be chosen
later on that satisfy the constraint Zf;f D; < D. By Theorem @ we may
find for all i € {1,...,k — 2} a density ¢; that is continuous and supported
on [z;_1,z;], piecewise linear on a partition of [z;_1, ;] into 2D; intervals,
that satisfies

@i log? (1 + v2L;V;T;)

[ i addn <54 = .
Ti—1 7

The function ¢ = Zf;f wiqil(z,_, z; 1s a density, that is left-continuous,

convex-concave on each interval I € I({zo,...,xx_2}) and affine on each

interval of a partition (zg,zr_o] = Uf:_f(a:i_l,xi] into Zf:_f 2D; < 2D in-

tervals. It therefore belongs to O D,k Besides,

o w; log? ( + 2L, V,T;
||p—q||<2wi/ pi — ¢l dp < 5142 : i)
i=1 Ti-1 Z




26 YANNICK BARAUD, HELENE HALCONRUY, AND GUILLAUME MAILLARD

and it follows from that

3 2D +2k—1
BLp) <5 inf [p— ] +63y/———

qGOzD k

ilog? (1 \/2LV1“ 5D T 2k — 1
771§:w 0g” + ) g2 2k -1
’L n

Let us set ¢ = 68/7.71, so = [nR*/(2¢*)]'/5,

5 = [wi log? (1 + \/2LiViF,~)} Y gorallie {1,....k—2}

and choose D = sp + k — 2 and

Di:{ ioj l> 808’ V1 forallie{l,....k—2},
Z' j Z] 1 ]

so that Zf:_f D; < D. Then,

+

Bin(p) STT1|Y =5

2D + 2k — 1
¢ n
2@725')3
<771 FS; 1) 420 +:k_5

0
[ R? 2 4k —5
<77 | = +c S°+c¢1
_SO n

= 7.71 |2(2¢%)

c
n2/5 n

which gives . U

6. LOG-CONCAVE DENSITIES

In this section, we consider the set MLC of log-concave densities. With the
convention exp(—oo) = 0, M“C is the set of densities of the form p=expo
where the set J = J(p) = {x € R, p(x) > 0} is an open interval and the
mapping ¢ : R — R U {—o0} is a continuous and concave function on .J.
Given some D > 1, a subset of ﬂLC of special interest is the set @IBC of
those densities the logarithm of which is either affine or takes the value —oo
on the elements of a set I(A) with A € A(D). Since a density p € @]E)C is log-
concave, the logarithm of p may take the value —oo on the two unbounded
elements of I(A) only. For example, the densities z +— 1;~0exp(—x) and
x +— (1/2) exp(—|z|) of the exponential and Laplace distributions belong to

51140 while the standard Gaussian density belongs to ﬂLC



27

Proposition 4. Let D > 1. The elements of 61%0 are extremal in MLC
with degree not larger than 2(D + 2).

Proof. The proof is postponed to Subsection [7.5 O

For all D > 1, let O%° be a countable and dense subset of 51150 (for

the L!'-norm) and M a countable and dense subset of M that con-
tains Ups OLC. We immediately deduce from Theorem [1| together with
Proposition [ the following result.

Theorem 8. Whatever the product distribution P* of the data, any TV-
estimator P on .#*¢ satisfies

. D+2
(31 E[d(P*P)] < inf |3 inf d(P*,P)+48v2\| 2| 4+
D>1 PEEIII)C n n

In the remaining part of this section we assume that the X; are i.i.d. with
a density p € Mpc, in which case, the right-hand side of writes as
B, (p) + &/n with
. 3 . D+2
(38) B, (p) = inf [ inf ||p— q|| +48v2y/ —=
12 _HLC n
q€0p

=

In particular, if p belongs to 51[70 for some D > 1, then B, (p) < \/D/n, so
that p converges at the parametric rate. Thus, the TV-estimator shares the
adaptivity property established for the MLE by Kim et al (2018]) (and Feng
et al. (2021)), and by Baraud and Birgé (2016|) for their p—estimator. As
compared to theirs, our upper bound does not involve logarithmic factors.
This difference is due to the fact that Baraud and Birgé’s results are estab-
lished for the Hellinger distance and these logarithmic factors are sometimes
necessary for such a loss.

As we did in Sections [ and [§], our aim is now to bound the quantity
B,,(p). This can be done by using the following approximation result.

Proposition 5. Let D > 6. For all log-concave densities p,

inf < 2
IELCHP—QH S po

q9€0¢p

Proof. The proof is postponed to Subsection O
Combining with Proposition |5, we deduce that for all D > 6

13 6D + 2
Bn(p) = inf [2 inf _|[[p— gl +48v2
- 7€06p
D+2
< inf [3%—48\@ 6D + ]
D>6 | D? n
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3n \ !/ ( 6n )1/5
D= (2 S ,
{(962> W VOs\axoe) *P

we obtain the following estimation result for log-concave densities.

By choosing

Corollary 4. If X4,...,X,, is a n-sample which density p is log-concave on
R, then the TV-estimator p on MLC satisfies
300 837 2

Ellp-pll € = + —= + =.
lp =P < g+

The shape-constrained TV-estimator attains the global convergence rate
of n=2/5 on the class of log-concave densities, i.e. the same global rate as
the MLE — see Kim and Samworth| (2016).

Acknowledgement. One of the authors thanks Lutz Diimbgen for asking
if we could establish a result with d(P*, P) in place of n=! 31", d(P;, P) at
a conference where a preliminary version of this work was presented. His
question spurred the authors to improve their result and obtain this new
version of Theorem [1l

7. PROOFS

7.1. Technical result. First, we need a way to approximate p not just by
nonnegative functions, but by densities. The following lemma shows that
this can be achieved with a simple renormalization.

Lemma 3. Let p be a density on a measured space (E,E,v) and f a non-
negative integrable function on (E,E,v) which is not v-a.e. equal to 0 on E.
f

Then
/E P fdv

This inequality cannot be improved in general since equality holds when
f =pl; and I is a measurable subset of E on which p is not v-a.e. equal to
0.

‘dvéQ[l/\/E|pf|du}.

Proof. The fact that

dv <2

p

/ _
E J p fdv
comes from the triangle inequality. Let us now prove that

/E f

L

dz/§2/ lp — fldv.
E
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We first assume that ¢ = [ fdv € (0,1]. Since f/c and p are two densities,
f =2 J,
dv =2 EEAE dv <2 [ [p— flliosnd
/E v=2] P | Yazndv <2 | [0 = fligepdv

— =P
<2 [ I~ flar
E

c
This proves the lemma when ¢ € (0,1]. let us now assume that ¢ > 1. The
previous case of the lemma applies to the density f/c and the nonnegative
function p/c the integral of which is not larger than 1. This yields

2
[ =slav<a [1L-2la=2 [1r—plav<2 [ 17~ plav
E E|lC ¢ cJr E

— =D
7.2. Proofs of Section [3l.

Cc

O

Proof of Theorem[1. Let D > 1 such that O(D) is not empty. Such an
integer D exists since O is nonempty. Let P = p - i be an arbitrary point
in (D) with p € O(D). For P,Q € .# and ¢ > 0, we set

Z+(X7P) - Sup//[[T(X7P7Q) _E[T(X7P7Q)]] _C

€.
Z_(X,P) = Sup [E[T(X)Q7P)] _T(Xva-P)} _C
Qe
and
Z(X,P)=Z7Z,(X,P)VZ_(X,P).

Applying the first inequality of @ with P = Q and Q = P, we infer that
forall Q € A,

]
| -T(X,Q,P)+T(X,Q,P)
<nd(P*,P)+Z(X,P)+T(X,Q) +¢.

In particular, the inequality applies to Q = Peé& (X) and using the fact
that
T(X,P) < inf T(X,P)+=<T(X,P)+e,
€.

we deduce that
(39)  nd(P,P)<nd(P*,P)+Z(X,P)+ T(X,P)+( +e.
Using now the second inequality of @ with P = P, we obtain that
T(X,P) = sup T(X,P,Q)

Qe

< sup [T(X,P,Q) —E[T(X,P,Q)] —¢] + sup E[T(X,P,Q)] +¢
QeH QeH

< Z(X,P)+nd(P*,P) + ¢,
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which with lead to
(40) nd(P,P) < 2nd(P*, P) + 2 + e + 2Z(X, P).

Let us now bound from above Z(X, P). We set for P € .4

W(P) =E [Sup [T(X,P,Q) _E[T(X7P7Q)H‘|
QeA

VE
Qe

sup [E[T(X,Q, P)] —T(X,Q,P)]] :

The functions ¢ 5 o satisfy [t 5 o (%) =5 o) ()] < 1for all Q € 4 and
z,7’ € E, hence

’Z.,. Ty Ty en s Tn), P) — Ly (21, ..., )

PRI

xn),ﬁ)’ <1

forall x € E, 2, € E and i € {1,...,n}. Following the same lines as in the
proof of Lemma 2 of Baraud (2021]) (with £ +log 2 in place of &), we deduce
that with a probability at least 1—(1/2)e7¢,

(41)
Z.(X,P)<E[Z(X,P) + n(€+210g2>
=E [sup [T(X,P,Q)—]E[T(X,p,Q)H] 4 n(é+210g2)_<
Qen
(42) <w(P) + ”(5+21°g2) ¢

Arguing similarly, with a probability at least 1 — (1/2)e~¢,

n(§ +log2)
2

Putting and together and choosing ¢ = w(P) + /n(¢ +log2)/2,
we obtain that with a probability at least 1 — e~¢,

(43) Z (X,P)<w(P)+

Z(X,P)=7Z,(X,P)VZ_(X,P)<w(P)+ 5 (<0
which with lead to the bound
S _ ow(P 2 log 2
(44) d(P,P) < 2d(P*P) + wib)  [2e+los2) | e

n n n

It remains now to control w(P). Since p € O(D) C O(D), it is extremal in
M D M with degree not larger than D, the classes {{q < p}, ¢ € M\ {p}}
and {{q > p}, ¢ € M\ {p}} are both VC with dimensions not larger than
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D. We may therefore apply Proposition 3.1 in Baraud (2016) with o = 1
and get

(45) E| sup Z p>q(Xi) — PF(p>q))|| <10V5nD,
LaeM\{P} |i=1 J

and

(46) E| sup Z 5<q(Xi) — PF(p < q))|| <10vV5nD.
LaeM\{P} |i=1 _

These inequalities entail w(P) < 10v/5nD, and we infer from (44) that

(47) d(P,P) <24(P*, P +20\/57D YL fHogQ

Since P is arbltrary in the set &(D) which is dense on ﬁ , we infer that
equation ) holds for all P € (D ( ), which yields (7). Hence, by the
triangle inequality,

d(P*,P) < pei%fm {d(P*,P)+d(P,P)}

[2(¢ +10g2)
<3 inf d(P-,P +20\/ ’€+Og
Peﬁ( )

With our convention that infg = o0, the inequality is also true when
O (D) = &, hence for all values of D, which leads to . Inequality
follows by integrating this deviation bound with respect to &. O

7.3. Proofs of Section [4.

Proof of Proposition[3 We restrict ourselves to the case where p is nonin-
creasing on I, the proof in the other case is similar. Let ¢ be the function
that coincides with p on I = (a,b) and satisfies q(a) = SUDge(qp) P(2) and
q(b) = inf e (4 p) p(z). Clearly, p = q a.e. and satisfies Vi(p) = ¢(a) — q(b) =
Vi(q). With no loss of generality, we may therefore assume that I = [a, ]
and that V7(p) = p(a) — p(b), what we shall do now.

Since p is nonincreasing in I, for all intervals J C I with endpoints u < v,

(48) /]‘p_ﬁjldu < (U —u)(p(u) —p(”l)))'

2

In particular, when D = 1 it suffices to take J = {I} and the result follows
from with u = a and v = b and the trivial inequality [; |p —p;|dp < 2.
It remains to prove the result for D > 2 and since is trivially true for
V = 0 we may also assume that V > 0.

Let usset n = (1 4+ VL)YP —1>0, 29 = a and for all j € {1,...,D},

1 J 1 i1 1 i1
(L) 0+ B G ) it

Tj=%ji1+L—F——"F"— =
7 SP (1)t 1+n)P -1 %
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Then, we obtain an increasing sequence of pointsa = zg < 1 < ... < xp =
b = a+ L and a partition J of I into D intervals based on {zg,...,xp}.
Using and the facts that ;41 —2; = (1+n)(z; —xj_1) > x; —xj_1 for
je{l,...,D — 1}, we obtain

Jilp =Pl =3 [[lp=poldi < 5 3te —y-)ptes0) i)
= i=1
1 D—-1
= 5 |P(zo)(21 — o) + > olag) (w1 — 2) — (25 — 1)]]
I =1
_ p(@p)(@p —2zp1)
2
1 i D—-1
< 5 Vi(p)(x1 — o) +1 Z p(z;)(z; — x; 1)]
I =1
4 P@p) (21 — 560)2— (zp —zp-1)]
g% V(z1 — x0) +nZ/ pdu] s V(xr —z0) + 1] = .

Together with the trivial bound [; |[p — | du < 2, this last inequality leads
to (18]). The second inequality derives from the fact that (e — 1) A2 <
2x/log3 < 2z for all x > 0. O

Proof OLTheorem [3 Let D,Dy,..., Dy be positive integers and p a den-
sity in My (R). We may therefore write p under the form with
2

< R.

k—2
[Z \/wi log (1 + L;V;)
i=1

Applying Proposition to the density p;, with I = I; = (z;_1,2;), L = L; =
(x; —xi—1), V=V;and D = D; > 1 for each i € {1,...,k — 2}, we build
a monotone density p; on I; which is piecewise constant on partition of I;
into D; nontrivial intervals and that satisfies

25;
/ |pi — ;| dp < D, with S; =log (14 V;L;).
I; )

)

Let us now take D; = [D\/wiSi/(Zi-:f \/wiSiﬂ V1foralli € {1,...,k—2}.

Since
D+/w;S; D+/w;S;
Ww” V1< D; < me +1,
im1 VwiS; LNV wiS;

the density p = Z’-‘:f w;p; satisfies

=2 zSz
Ip =7l < sz/ i — Dl dp < % D(Z\/w@ @>
=1 g
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Besides, the density p is k-piecewise monotone, supported on [z, zp_o] and
piecewise constant on a partition of R consisting of at most Zf;f D; <
D + k — 2 bounded intervals. It therefore belongs to @D+k_27k. Finally, let

us choose 13 13
9R2n> (9R2n)
D=||—= < |\ == 1.
{( 83.22 —‘ 83.22 *

Using the sub-additivity property of the square root, we deduce from
that

3R D—1+2k
B <2t 2y ——=
k(D) > 83 -

_ 315 x 83.2%/3 (3)1/3 | 832 (9nR2>1/3 o
A 2 vn | \83.22

1/3 22/3 e 2
n n

which is ((17)). O

n

Proof of Theorem[] Let us start with the following lemma where we show
that the mapping 7(p, -) controls the L;-approximation error of a monotone
density p by the elements of the class ﬂg"(R)

Lemma 4. Let p be a density on R, B some positive number and I a
subset of R on which the density p is not a.e. equal to 0. The density

p‘/}B = (p A B)1;/ [;(p A B)du satisfies,

(49) p—pP||<2| [ (0= B)ydu+ | pdu.
| I Ie
If p is a monotone density on a half-line
(50) inf  |lp—D| < 27 (p,exp(R) — 1) for all R > log2.
peM; (R)

Besides, if p is a nonincreasing density on (a,a + 1) (respectively a nonde-
creasing density on (a —l,a)) with a € R and | € (0, +00], we may restrict
the infimum to the nonincreasing densities on (a,a + 1) (respectively the
nondecreasing densities on (a — 1,a)) that belong to My (R).

Proof. Since p is not equal to 0 a.e. on I, [;(p A B)dp > 0 and pf}B is
therefore a well-defined density on /. By Lemma [3]

/R‘P_plAfB‘dué2/R!p—(pAB)ﬂ1!du

:2/Icpd,u+2/l(p—B)+du.

Changing p into = — p(—=z) if necessary and possibly changing the value of
p at the endpoint of the half-line, we may assume with no loss of generality
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that p is a nonincreasing density on a half-line of the form (a,+oc) with
a € R. Let us now set

l=sup{z >0, pla+2) >0} € (0,+00] and t=exp(R)—1>1.

We first consider the case where [ = 4o00. Given s > 0, let us take
B =p(a+s)>0and I = (a,a+ st). Since p is nonincreasing on (a, +00),
p(x) = pla+s) = B forall € (a,a+ s) C I and consequently

a+s
[wrByinz [ 0B = sB.
I

a

The density p, = p‘AIB belongs to M;O, is supported on an interval of length
not larger than st and its variation on [ is not larger that

B B
(a+st) <

. _
Ji(p A B)du Jr(p A B)du
Hence, it follows from that
tsB
Ry o(Ps <log<1+7> <log(l+t)=R

and consequently, p, € HEO(R) Applying and Lemma [2| we obtain
that for all s > 0
(51) ~nf |lp =Dl < lp = Dll < 2[72(p, st) + 7 (p,p(a + 5))]
pEM3

and we derive from . Since for all s > 0, p, is a density on (a, +00),
we may restrict the infimum to these densities in My (R) that satisfy this
property.

Let us now turn to the case where I < 400 and define sg = 1/t < [. Given
s € (0,s0), we take B = p(a+s) > 0 and I = (a,a + st). Since st < I,
p(a + st) > 0 and by arguing as before, we obtain that

dnf - |lp =PIl < 2[7a(p, st) + 7y (p,p(a + )] for all s € (0,50).
PEM3 (R)

It follows from the monotonicity of 7,(p, -) that for all 0 < s < sp < ¢/,

7y (p,p(a+s)) < 7y (p,p(a+s0)) < 7y (pop(a+ '),
and since the mapping u +— 7,(p, u) is continuous and nonincreasing, for all
/
s = sg

inf [7,(p, st) + 7y (p, p(a + s))]
s€(0,s0)

< ei(r&f )Tx(p, st) + 7y (p,p(a + s’)) = T2(p, sot) + Ty (p,p(a + s’))
s€(0,s0

=0+ (p,pla+5)) =72(p, s't) + 7 (p,pla+s)).
Consequently, (51)) remains satisfied for all s > 0. Since it is actually enough

to restrict the infimum to those s € (0,sp) and since for such values of
s the density p, = p‘/}B vanishes outside (a,a + s) C (a,a + [), we may
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restrict the infimum in to those densities in M3 (R) that vanish outside
(a,a+1). O

Let us set n = 7o (p,exp (R/f) —1). Since R/{¢ > log2, by applying
Lemma {4 to the densities p;, we may find for all i € {1,...,¢} a density
P; € Ms (R/¢) such that ||p; — ;|| < 27 (pi,exp(R/€) —1). In particular,
the density p = Zle w;p; satisfies

(52) lp -7l < sz i =Bill < max llpi =Bl < 20
When ¢ > 2 and ¢ € {2,...,¢ — 1}, it follows from the definition of

M3 (R/) and Lemma that we may choose p; in such a way that it vanishes
outside an interval I; = (250, ;1) C (i—1, ;) with

R
log [1 + (wi0 — 1) (SUP pi(z) — inf Pi(iv)) -
z€l; z€el; /

and x; 0 = x;—1 when p; is nonincreasing and z;1 = x; when p; is nonde-
creasing. The mapping p; is a nondecreasing density on an interval of the
form I} = (x1,0,21,1) with 2109 < 211 = 21 and

log [1 + (z1,1 — ®10) (Sup pi(z) — inf p1(~’ﬂ)> <.
x€ely g

xzely

Similarly, P, is a nonincreasing density on an interval of the form I, =
(@00, 201) With 29 = 241 < 201 and

_ e R
log [1 + (ze1 — 2e0) <Sup Py(x) — inf pe(l’)) e
z€l, zely 14
The density p = Zle w;p; also writes as
(-2
pl]l(m,o,:cl) + Z w; [ﬁl]llz + 0]1(%'—11131')\[1'] +pf]1($[_1,$2,1)
i=2

and may therefore be written under the form (15) when k& > 2¢. Moreover,
by Cauchy-Schwarz inequality

) < 3o () 0

and consequently, 7 € My (R). We deduce from (52)) that

2

R
- <R
0

Zm

Jnf  fp—q| <[p—-Dl <2
qEMy (R)

which is . O
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7.4. Proofs of Section [5Gl

Proof of Proposition[3. The proof relies on the following lemma the proof
of which is a direct consequence of convexity and is therefore omitted.

Lemma 5. Let g be a conver and continuous function on a nontrivial in-
terval J. The set {x € J, g(x) < 0} is an interval (possibly empty). The
set {z € J, g(x) > 0} has one of the following forms: @,J, J N (—0o0,cp),
JN(e1,+00), [JN(—00,c0)]U[J N (e1,+00)] with co,c1 € J and ¢y < ¢1. In
particular {x € J, g(x) > 0} is the union of at most two intervals.

When g s continuous and concave on J, the same conclusion holds with
{x € J, g(x) > 0} in place of {x € J, g(z) < 0} and vice-versa.

Since p belongs to ﬂ,le and ¢ belongs to @IDJW there exists A = {a1,...,q;}
with l € {1,...,k—1} such that p is convex-concave on each element of I(A)
and there exists a subset B C R with cardinality not larger than D + 2 such
that ¢ is left-continuous on R and affine on each element of I(B). Since p
and ¢ are densities, p is necessarily convex on the two unbounded intervals
of I(A) and ¢ vanishes on the two unbounded intervals of I(B).

We define J; = (—o0,a1], Ji+1 = (a;, +00) and when | > 2, J; = (a;—1, a;]
for all i € {2,...,1}. Besides, we set I; = J; for all i € {1,...,01+1}. We
shall repeatedly use Lemma [5| with ¢ = p — ¢ throughout the proof. Given
e € {1}, we set

1+1
(53) Ce={zr eR, eg(x) >0} = U {z € J;, eg(xz) > 0}.

i=1
Our aim is to show that C, is the union of at most D + 2k — 1 intervals. The
second part of the proposition is a consequence of Lemma 1 of Baraud and
Birgé (2016)).

If m; = |BN1I;| = 0 then ¢ = 0 on J; (since it is left-continuous), g = p—0
is continuous, monotone (nondecreasing) and convex on Iy, {x € Ji, g(z) <
0} =@ and {z € Ji, g(z) > 0} is an interval.

If my = |BN1Ii| > 1, we may partition .J; into s = mj+1 > 2 consecutive
intervals Ki,..., K, that we may choose to be of the form (a,b], a < b,
a € RU{—oc0}, b € R. Since p is continuous on [; and q is left-continuous, g
is continuous on K1, ..., Ks_1 and on Ks. On K7, {re Ky, g(x) <0} =02
and the set Af} = {z € K1, g(z) > 0} is an interval which is either empty
or contains the right endpoint of K. When s > 2, we may apply Lemma [5]
to g and the intervals K; with i € {2,...,s —1}. We obtain that A; =
{zr € K;, g(xz) < 0} is an interval and {x € K, g(z) > 0} is of the form
Af( U A:} where A;(, A, are two (possibly empty) intervals and when they

1 Za]

are not, inf A;r = inf K; and the right endpoint of K; belongs to A';. The

i)

set {x € K, g(x) < 0} writes as A; U As_} where Ay, As_] are two possibly

empty intervals and when A;] is not empty, it reduces to {a1}. The set
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{z € K, g(x) > 0} writes A:’( UA] where A:,(, AY are two possibly empty
intervals and when they are not inf A;( = inf K and sup A = sup K;. We
conclude that

s—1
{z e Ji, glz) <0} = [U A7 | U[AS UA;]]
=2
and
s—1
{z €21, g(z) >0} = AfjU L:J2 (Afuaf) [ u[Aaf uAf]

are both the unions of at most s = mj + 1 intervals.

By arguing similarly, we obtain that on the interval J;;1: the sets {x €
Jit1, €g(z) > 0} with € € {£1} are the unions of at most m;4; + 1 intervals
where my41 = |B N Jl+1|.

When [ > 2, let us now consider an interval of the form J; = (a;—1, a;] with
i€{2,...,l} and set m; = |BNI|. If m; =0, g is continuous and convex-
concave on I; and by arguing as for K, we obtain that {x € J;, eg(z) > 0}
is the union of at most 2 intervals whatever € € {£1}. If m; > 1, we may
partition I; with m; + 1 intervals of the form (a,b] with a < b, a,b € R. On
each of these intervals, g is continuous and convex-concave and by applying
Lemma [5| and arguing as previously, we obtain that {z € J;, eg(z) > 0} is
a union of at most m; + 2 intervals.

Using and the facts that Zig m; <|B|<D+1landl<k—1, we
conclude that the sets C. are unions of at most

l
mi+1l4+m+14+) (mi+2) <|B[+20<D+2k—1
i=2

intervals. U

Proof Theorem[f, The proof is based on Lemma [6] and three preliminary
approximation results given in Proposition [6] Proposition [7]and Proposition
whose proofs follow that one.

Proposition 6. Let f be a convex-concave continuous function on a bounded
nontrivial interval [a,b] and £y be the linear function

f(0) = f(a)

(54) by rx— f(a)+ T (x —a).

The following results hold.

(i) If f admits a right derivative f}(a) at a and a left derivative f](D)
at b,

b _ )2
(55) [ 15 trtan < L | - o)
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(it) If f is strictly monotone on [a,b] with f|(a) # 0 and f/(b) # 0

— f(a))?
(56) /ab‘f—éﬂd,ug(f(b) 8f< )) 1 _ 1

fila)  £;(b)
with the convention 1/(£o00) = 0.

Since £y is the equation of the chord connecting (a, f(a)) to (b, f(b)), it is
clear that {¢(x) = f(x) for all x € {a,b}, {y > f on [a,b] when f is convex
on [a,b] and £y < f when f is concave.

Proposition 7. Let p be a monotone, continuous and convex-concave sub-
density on a bounded interval [a,b] of length L > 0 with a right derivative
pi.(a) at a and a left derivative pj(b) at b. For all D > 1, there exists a
D-linear interpolation p of p such that

o [b-a<t [ nyio ) -]

Proposition 8. Let p be a strictly monotone, continuous, convex-concave
sub-density with variation V = |p(a) —p(b)| on a nontrivial bounded interval
[a,b]. Assume furthermore that p.(a) and pj(b) are nonzero. Then, for all
D > 1 there exists a D-linear interpolation p of p on [a,b] such that

b B 4 1 1 1/D
(58) /a\p—p\duég (1+V\/p;(a)_pg(b)') _

Lemma 6. If F' is a nondecreasing, differentiable, concave function on R,
the mapping

2

¢:us [F(Vu) - F(0)]?

is concave on Ry. In particular for all D > 1,

2
Fpiues [(14+va) /P 1]
s concave on R .

Proof. For all u > 0,

o) = =IO by
is the product of u — [F (y/u) — F(0)]/y/u and u — F’(y/u) which are both

nonnegative and nonincreasing since F' is nondecreasing and concave. The
function ¢’ is therefore nonincreasing and ¢ concave. O

Let’s turn to the proof of Theorem [6] We first introduce some mappings
of interest we will use in the proofs of of Theorem [ and Proposition [7] Let
V be the linear space of continuous functions f on [a, b] that admits a right



39

derivative f;(a) at a and a left derivative f](b) at b. Given m € R, we define
T1 and 73 as the mappings defined on V by

(59) Ti:fe=lz— fla+b—2x)], Ta:f—=[x—m— f(x).

Although 75 depends on the choice of m, we drop this dependency in the
notation for the sake of convenience. The mappings 7; are one-to-one from
V onto itself, isometric with respect to the L;-norm on V and they satisfy
forall f eV

(60) |f(a) = f(b)| =
(61) |fi(a) = f(D)]

T () ) ()]
(T3 (H)a) = (TN

and T, ' = Tj for all j € {1,2}.
Let us now turn to the proof of Theorem [f] and assume first that p is non-
decreasing, continuous and convex on [a,b] so that p/.(a) > 0. If p is con-
stant, the result is clear by taking p = p. We may therefore assume that
p(a) < p(b) and choose a point ¢ € (a, b) such that p(c) > p(a). In particular,

wy = [ pdp > 0 and

~X
cC—a —C

The restriction p; of p on the interval [a, ¢] is nondecreasing, continuous and
convex and so is the density p;/w;. We may therefore apply Proposition
to p1/wy and find a D-linear interpolation p; of p on [a, c| that satisfies

1/D 2

(& ; —
©) [l <1+<c_a> Pz<C>wP<a>> B
‘ 1

The restriction py of p to [c,b] is increasing, continuous and convex with
nonzero right and left derivatives at ¢ and b respectively. We may therefore
apply Proposition [8] to the density ps/wy with wy = [ Cb pdpy =1—w; >0
and find a D-linear interpolation p, of p on [c, b] that satisfies

e 1/D
(63) /Clp Pol du < 4202 [(Hp(b)\/wff() p’l(c)_pgib)> _1]

We may choose ¢ € (a,b) such that

2

pi(c) <A and pi(c) > A with A:p(b;),:z(a)-
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Then
A= (c—a)® (pj(e) = pr(a) + (p(b) = p(c))” <p’10) - PEEZ’))
< (0= (&= (e) + 0lt) —(e))* (5 — )
(64) =2(b—a)(p(b) — p(a)) {1 - é (p/rgl) p;?b))} = 2L

The function p = p;1j, ) + Pl is a 2D-linear interpolation of p on
[a,b]. Since by Lemma (6| the function Fp is concave and increasing, we

deduce from , and that

3 c b

o =7l <wr [l pildp+ s [ lp - Pl dp
<(C— a)® (pj(c) —pr(a))>

w1
(p(b) = p(e))* (1 1
+“’2FD( 0 (p;(c) _pg(b)>>
< Fp(A) < Fp(2LVT),

< wiFp

which is .

The density ¢ =p/ [ (f Pdy is continuous convex-concave on [a, b] and piece-
wise linear on a partition of [a,b] into 2D intervals and it follows from
Lemma [3] that

b
(65) / |p—CI|dM<2{1/\

§<(1+\/m)lw—1ﬂ}.

The mapping z — (4/3)(e* —1)? is not larger than 1 if and only if 2 < 29 =
log(1+ 4/3/4) and for all z € [0, 20], € — 1 < (e* — 1)z/z9. Consequently,
forallz>0

2 {1A E (e — 1)2}} _ g (e300 — 1)2 < g <ez0 —1

Applying this inequality with z = D~ !log (1 + v 2LVF), we deduce 1)
from .

Theorem |§| is therefore proven for a nondecreasing, continuous convex
density p. In order to prove the result in the other cases, we use the trans-
formations 7; and 75 introduced above and defined by . These trans-
formations are isometric with respect to the LLi-norm and they preserve the
variation of a monotone function. Note that they also preserve the linear in-
dex, i.e. for all continuous convex-concave function f on [a,b] and j € {1, 2},
I'(f) = I'(T;(f)). Applying 71 to nonincreasing continuous convex densi-
ties we establish and we extend it to all monotone concave continuous
densities by applying 7s. O

2
z> < 5.1422.
20
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Proof of Proposition [0 Let us first assume that f is concave on [0, 1], admits
a right derivative at 0, a left derivative at 1 and satisfies f(0) = 0 and
f(1)=1. Let us show that

B <<) 1) (1— £(1))
(66) /|f bld < G

with the convention 0/0 = 1. If f is linear on [0, 1], then f/(0) = f/(1) =
and the inequality is satisfied with our convention. Otherwise, f/(1) < 1 =
f(1) = £(0) < f/(0) and since f lies above its chord and under its tangents
at 0 and 1,

lr(z) < f(z) <min {f,(0)z,1+ f{(1)(z — 1)} for all z € [0,1].
Since £f(x) = x, we deduce that for all ¢ € [0, 1]

1 c 1
Jir=tdn< [0 = Dadu+ [ (1= ()0~ 2)dp
1

= S [(F1O) = D)+ (1= f) A=)

The result follows by minimizing with respect to ¢, i.e. by taking ¢ = (1 —
S1(1))/(f7(0) = f/(1)) € (0,1). In particular, we deduce from (67) that

! C(l_c> / /
17 = sl du < 52 (110) - fi(D)

and since ¢(1 — ¢) < 1/4, we obtain that

(67 [ 1 = tdu< & (50 - 5.

Note that the inequality also holds When f10)=f1) =
When f is increasing on [0, 1] and satisfies 0 < 1—f/(1) < 1, 1i.e. f/(1) # 0,
we also deduce from (67) and the convexity of z — 1/z on (0,400) that

/ |f = Lpldp < !

% (1 HE 1) (1+W)}

|
igi( )

171 ;1 (0)—1}
8L f(1) f1(0)

e~ \

which leads to

(©8) [ f’d“\(fb 7))

Note that the inequality is still satisfied when f/(0) = +oo with the conven-
tion 1/(+o00) = 0.

Let us now turn to the proofs of and . Note that is clearly
true when f is constant on [a,b] and we may therefore assume that f(a) #
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f(b). We obtain and by applying and respectively to the
function
fla+z(b—a))— f(a
) = Ha o= a) — f(a)
f(b) = f(a)

when f is concave and satisfies f(b) > f(a) or when f is convex and satisfies
f(a) > f(b). In the other cases, one may use the function

Fb—a(b—a) — S
A TP I T B

O

Proof of Proposition[7 Let us first consider a function g that is monotone,
continuous and convex on [a,b] and that satisfies g(a) = ¢/.(a) = 0 and
0< f; gdp < 1. Then ¢ is nonnegative and nondecreasing on [a, b]. Since
I} f gdp > 0, g is not identically equal to 0 on [a,b] and consequently,

b) — g(a)
91(b) b—a
Let ¢ > 1 and
g
ro=a and z;=zi1+ L5 = foralli e {1,...,D},
j=14

so that zp = b and Aj11 = 2441 — 2 = ¢z — x1) = ¢ tA; for all
ie{l,...,D—1} and

-D -1
1- ~1
¢ "(1-q) _, 4

AD:qulqu(DH) o

Let ¢’ be any nondecreasing function on [a, b] satisfying 0 = ¢.(a) = ¢'(a),
g;(b) = ¢'(b) and g;(x) < ¢'(z) < gl.(x) for all z € (a,b). Since g is convex,
we may write

(69) g(z) > g(x;) + ¢ (x;)(x — ;) forallie{l,...,D} and z € [a,b].

In particular, for all i € {1,...,D — 1}

(i) A
g(@i)Air ; A

x;+1
[ (ot + 9@ = ) (o) = gl +
< / %iH gdp,

(70) geant <2 [* (g glain

T
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Moreover, applying with x; = zp = b and using the facts that g is
nonnegative and nonincreasing, we get

b b
te /a ga > /a (9(b) + ¢'(b)(z = b)), du(x)
b
h / (9(b) + g'(b)(x — b)) du(z) =
b—g(b)/g'(b)

consequently
(71) g(b) < \/29'(b).

Let g; be the restriction of g on the interval [z;_1, ;] and g the function
on [a, b] that coincides on [z;_1, ;] with ¢, defined by with f = g; for
all i € {1,...,D}. The function g is a D-linear interpolation of g on [a, b]
that satisfies

b D g
/ Ig—ﬁldu=Z/ (G—9)du
a i=1 7Y Ti—1
1 &,
< gZAz (gl,(x%) gr (@i 1))
i=1
1 D
< gZA? (gl(xz) g (x’L 1))
=1
1 D—1
=3 |2l (@) + ALG () + > g'(i) (A - AL)
=1

Since ¢'(a) = 0 and A; = ¢A;j4q for alli € {1,...,D — 1} we deduce that
D-1

(@®=1)> d( ]
=1

Using ([70) , and the fact that g is nondecreasing,

D— x7,+1
z (@)%, z [ o= ateyin
— s
op D—1
= / gdp — Z Aip1g(z;) = / gdp—q 'y Aigla;)
z1 i=1 1 i=1
xTp D-1 Z; Tp TD—1
< / gdp—q ' > / gdp = / gdp — q_l/ gdp
T i—1 Y Ti-1 T T

b
(72) / Ig—ﬁldu<§

l\D\H

1 0

1, [*P 1 [P A
=(1—q’)/ gdp+q~ / gdp —q~ / gdp
x1 Tp—1 zo
SA=—g ) x1+q'Apgh) <1—q ' +q '\/243¢(b).
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It follows from that

b
/Ig—ﬁldu

1 _ _
<3 [A%g’(b) +2(¢° - 1) (1 —q 447! 2A%g’(b))}
_1)\2 2./ /
<(q D | L°g'(b) +2<1+}> HL\/?g(b) _
8 (¢P —1)? q qP -1
Finally, choosing ¢ such that

D_1=1L/¢g(b) ie. qz(l—i—L\/g’(b))l/D

we get that

[ro-stan< G (1 n ) ]
(73) <3K1+L\/g’(7b))1/D—1r.

Let us now prove Proposition [7] in the case where p is convex and nonde-
creasing. Then p/.(a) > 0 and we may set £ : x — p(a) + p.(a)(x — a) and
g :x+— p(x) — (x). The function ¢ is nonnegative, nondecreasing, continu-
ous and convex on [a, b] and it satisfies g(a) = g/.(a) = 0. If f; gdp = 0, then

p = ¢ and we may choose p = p. Otherwise 0 < f; gdu < 1, since ¢ is non-
negative on [a, b], and we may apply our previous result to g. This leads to
a D-linear interpolation g of g from which we may define p = g — ¢(x) which
is a D-linear interpolation of p on [a,b]. Inequality follows from
and the facts that |p — p| = |g — g| and g¢;(b) = pj(b) — pl.(a).

In order to prove Proposition [7]in the other cases, we use transformations
defined by . We can note that if £ is a D-linear interpolation of f, 7;(¢)
is D-linear interpolation of 7;(f) (based on the same subdivision).

If p is convex and nonincreasing, we apply the transformation 7;. Then
g = T1(p) is a convex, nondecreasing sub-density on [a, b] and our previous
result applies. We may find a D-linear interpolation g on [a, b] such that

ay [ lo-alde<d (1 oy g -1

and the function p = 71(g) is a D-linear interpolation of p = 7;(g) that sat-
isfies . The result is therefore proven for all convex continuous monotone
sub-density on [a, b].

If p is a concave continuous sub-density, we apply the transformation
To with m = 25/(b —a) and S = ffpdu < 1. Since p is concave and
monotone, (p(a)V p(b))(b—a)/2 < S, hence p(x) < m for all z € [a,b], and



45

g = T2(p) = m — p is a monotone convex sub-density since

b
/ (m—p)d,u:bz_Sax(b—a)—stgl'

Applying the previous result, we may find a D-interpolation g of g that
satisfies and p = 7T2(g) satisfies . This completes the proof of
Proposition [7} O

Proof of Proposition[8 We start with the following lemma.

Lemma 7. If f and g are two continuous increasing or decreasing functions
from on interval I onto an interval J,

(75) /I f — gldp = /J = g Ydp

Moreover, if inf I = 0 and f is nonnegative, continuous and decreasing

[ 1 au< [ s

Proof. Let us first assume that f, g are both increasing. For all (¢,y) € I x J

Lywy<y<r) T Lpy<y<o) = Up-1my<i<g—1w) T Lo y<<r—1()-

By integrating this equality on I x J and using Fubini’s theorem, we obtain
that

/!f Bl du(t) = /I[/J [yy<y<s) + Lrwy<y<gt)) du(y)} dp(t)

:/ U [L-1)<t<o10) + Dy @y<e< 1) dﬂ(t)} du(y)

= [ 1w - 97 W)l dutw)

When f and g are both decreasing, we may apply the above equality to f =
f(=) and g = g(—-) from K = {—z, € I} to J then Fle—flgt=
—g~! and the result follows from the facts

f—gldu= [ |[F=gldpand [ [ =g~ du= [ |F =g dpn.
1 K J J

Let us now turn to the proof of the second part of the lemma. Since
inf I =0 and f is decreasing and continuous from I onto J, for all t € J

plrel, f@)>t)=p{zel z< D)) = 0.
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Besides, f being nonnegative, the interval J C R, and it follows from
Fubini’s theorem that

|10t = [ ntta € 1. 1@ > ) dutt)
J

= [ [ [ tesirtut)] aneo / / ﬂtgﬂx)du(t)} e
< U Wesdntt)] du) = [ f@iute

Let us now turn to the proof of . We first claim that it is sufficient
to establish when p is decreasing. If p were increasing, we could apply
the result to ¢ = T1(p) defined by , which is then decreasing, and find a
D-linear interpolation of ¢ on [a, b] that satisfies

b 4 1 T NP
g—qgldu<= |(1+V - ’ 1
[ la—aldn < g ( @ 40

We then conclude by using the facts that 77 is an [Li-isometry, the function
P = Ti(g) which is a D-linear interpolation of p, and ¢.(a) = —pj(b) and
q(b) = —p}.(a).

We may therefore assume that p is decreasing and changing p into p(-—a),
which amounts to translate the sub-density p, we may also assume with no
loss of generality that ¢ = 0. By Lemma EL s = p~! is then a sub-density on
[p(b), p(0)] which is furthermore decreasing, continuous and convex-concave.
Since the right and left derivatives of p at 0 and b respectively are not zero,
s admits a right derivative at p(b) and a left derivative at p(0) given by
1/pj(b) and 1/p;.(0) (with our convention 1/(4+o00) = 0. We may therefore
apply Proposition [7| and find a D-linear interpolation s of s on [p(b), p(0)]

that satisfies
1 1 ‘)I/D
p.(0)  p(b)

p(0) 4
/ s—sldu< - [(1+V
p(b) 3

Since s is continuous and decreasing from [p(b),p(0)] onto [0,b], so is &,
and we may set p = 5 ' : [0,b] — [p(b),p(0)]. The function p is a D-
linear interpolation of p on [0,b] and we conclude by using the equality

O

2

2

fp |s — 3| du = fo |p — p| du which is a consequence of Lemma O

7.5. Proofs of Section [6l

Proof of Proposition[]] Let p = exp¢ € MLC, P=expop € @150 and A €
A(D) associated to p. There exists a partition Z of R into at most D + 1
intervals such that the restriction of ¢ to I with I € T is either affine or
takes the value —oo. Let J be the interval {¢ > —oo}. Let I € Z, either
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¢ is finite on I and I N.J N {¢ > ¢} is an interval since ¢ — ¢ is a concave
function on the interval I N J when it is not empty. Otherwise, ¢ takes the
value —oo on I and I NJN{¢ > ¢} = I N J remains an interval. The set
INJSN{p > ¢} is empty since ¢ takes the value —oo on J¢. Hence

In{o>ot=(InJn{o>e})u(InJn{s>s})

is an interval and

{p>pr={¢>¢}=J (In{s>9})

1€l

the union of at most D + 1 intervals.

Let us now turn to the set {¢ < ¢} and define K = (a,b) as the open
interval {¢ > —oo} N {¢ > —oo} with a € RU{—o0}, b € RU{+0o0}, a < b.
If K=0,ie. a=bR={¢p=—c0}U{d=—00} are disjoint and

{¢p <o} ={¢ > —o0}

is an interval. Otherwise K is not empty, 1) = ¢ — ¢ is a continuous function
on K which is either concave on the whole interval K or only piecewise
concave on each element of I N K with [ € [([ANK) when ANK # @. In
any case,

{ze K, ¢(x) <d(x)} ={xe K, ¢(z)—¢(z) <0}

is a union of at most |A N K| intervals plus, possibly, an additional one with
endpoint a and another one with endpoint b. If b < +o0, either ¢(b) = —oo
or ¢(b) = —oo and the set {z > b, ¢(x) < d(x)} is either empty or is an
interval that contains b. We may argue similarly to establish that {z <
a, ¢(x) < ¢(z)} is either empty or an interval that contains a. This means

that the set
{0 <o} =(Kn{s<o})u(KN{d <9}

is a union of at most |[AN K|+ 2 < D + 2 intervals. We conclude by using
Lemma 1 of Baraud and Birgé (2016)). O

Proof of Proposition[5 Let us first assume that p = exp ¢ > 0 on R. Then ¢
is continuous, concave on R and since p is integrable, ¢ tends to —oo at +o0o

and reaches its maximum at a point m € R. The sets M and @Iéc are
both location and scale invariant and the LL;-distance between two densities
remains unchanged under such transformations. By changing p into

x> op(m+ox) =explp(m+ ox)+ log o]

with o = 1/p(m), if ever necessary, we may assume with no loss of generality
that m = 0 and 0 < ¢(x) < ¢(0) = 0 for all x € R, what we shall do. We
use the following approximation result.
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Proposition 9. Let D be some positive integer and f a convex-concave
function on a non-trivial interval [a,b] such that
b) — f(a
NCES O
b—a
(i) If f admits a right derivative at a and a left derivative at b, there
exists a D-linear interpolation €1 of f such that

b (b—a)?|fl(a) — Al |A — f/(b)]
(76) /a |[f = bldu < 5 |fi(a) - fl/(b)|l
<o - sl

(ii) If ¢ is strictly monotone on [a,b] with f.(a) # 0 and f/(b) # 0,
there exists a D-linear interpolation £y of f
(fl@)—f®)*] 1 1 '

8D? fila)  f(b)

with the convention 1/ + oo = 0.

b
(77) / 1 — Lol dpi <

Proof. If f is a concave function on [0, 1] satisfying f(0) = 0 and f(1) = 1,
with a right derivative at 0 and a left derivative at 1, Guérin et al (2006)
proved that there exist a D-linear interpolation ¢ of f on [0, 1] such that

1 1 (fl(0)—1)(1—f/(1
0 2D fr0) = fi(1)
The results established in Proposition |§| are deduced from by arguing
as in the proof of Proposition [6] O

Let t = 2.3, ag = bg = 0 and aq, by be numbers such that a; < 0 < b; and
|p(a1)| = |¢(b1)| =t > 0. Since ¢ is concave,

x —X

o(z) >t <|a1| A b1> for z € [ay, b1].

In particular,

0 b1
]_ = / €¢du > / etfb/‘al‘du +/ e*t:ﬂ/bld/”l7
R 0

al

and consequently,

ai| +b1) (1 —e™ !
o (aal +01) ( ),i.e. jar| + b1 < ——.
t b=t

Let us now define for all j > 2,

(79) 1

aj =inf {x < a1, ¢(x) > —jt} and b; =sup{z > by, ¢(z) > —jt}.

Since ¢ is continuous, concave and tends to —oo at +oo, a; and b; exist,
satisfy ¢(a;) = ¢(b;) = —jt and for all j > 1.
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Let J > 2 and Dy, ..., Dy be positive integers. Applying Proposition [J]
to ¢, we can find two D;i-linear interpolations ¢7 and ¢ of ¢ on [ay,0]
and [0, b;] respectively that satisfy (76)) and for all j € {2,...,J}, we can
find two Dj-linear 1nterpolat10ns b and €+ of ¢ on [aj,a;— 1] and [bj—1,b5]
respectlvely that satisfy (77). The functlon

J
¢= Z [gj_]l[aj,aj,l) + g;r]l[bjfhbj)} + (—00) I\ [0, 5]
i=1

is (2 Z}']:1 Dj)-linear interpolation of ¢ on [a s, b;] and the function p = exp ¢
is integrable and satisfies

1>p(x) = e?@) > D= e?®@  for all z € R,

Since ¢ is concave and nondecreasmg on [al, 0], ¢ ( ) = 0 and
af :
0 < Sy (¢nten) - R ) (S0 i)

< S (g0 - ) o= (jal - ).
)

By arguing similarly on the interval [0, b1] and using the fact that ¢.(0) < 0,

we obtain that

2 - —
M <¢;(0) B ¢(b1)b1 ¢(0)) (é(bl)bl $(0) ¢;(b1)>

<t<bl—Wtbl)’).

Applying Proposition [9}(i), we obtain that

(80) /:|¢—¢|dl~b<2tD% K|al‘_¢§«éﬁ))+(bl_!¢f(tb1)|ﬂ :

Applying Proposmon@- ii) on the intervals [a;, aj—1] and [b;j_1, b;] respec-
tively with j € {2,...,J}, we obtain that

(81) . }¢¢W“@;<m;a‘¢@ﬁ

a;

(82) A\¢¢W‘8;<Jm_¢ém>

Choosing K = /t/(1 —e™?),
Dy = [KDy/tj2| andforallj>2 D;=|KDe U=\ /1/s],
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we deduce from that

b1 b1 — by _
/ p—pldu= [ (1 - 6’(¢’¢)) dp < ) / (6 — @) dp
al ai

ai

< 57 (1= g70a) + (0~ ).

and from and that for all j € {2,...,J},
aj—
/' lp— p!dwr/ lp —Dldp

< eflos- 1>/ (6 — @) du + i~ 1>/ (6 — 3) du

e —(-1)ty2 [ 1 1 N I 1 }
= 8D Loj(ajo1)  @play) o p(by)  @h(bj-1)
1 t t t

t
gK%ﬂbmwﬁ_dMﬂ+¢@d_¢@4J'

(84)

Summing up the inequalities and for j € {1,...,J} and using
the fact that ¢}.(z) < ¢j(z) for all z € R, we obtain

by B 1 1 1
(85) EAJp_l”@‘<K2D2[m”‘%““¢uan"¢ﬂbn}‘

Forj > J+1land x € [aj,a;—1], p(z) = 0 < p(z) < ¢(aj—1)+¢(aj—1)(x—
aj—1) and consequently,

aj—1 aj—1
[ =pldi< [ exp (8(aj0) + iag1) (@ — o) di
aj aj
—t(j—1 —t(j—1 —t(j—1
< w (1 _€—¢2(aj71)(aj—1—aj)) < 6/ (3-1) < e I(J )
¢y(aj-1) ¢y(aj—1) ¢y(ay)

Similarly, using that p(z) = 0 < p(x) < ¢(bj—1) + ¢.(bj—1)(x — bj—1) for all
x € [bj_1,b;] with j > J 4+ 1 we obtain that

b; b;
[ tp=pldi< [ exp (6(b-0) + 6105-)@ — b)) dn

ji—1 j—1
e_t(j_l) e_t(j_l)

S S S by
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We deduce that

a;
lp —pldp = [ /
/R\[GJJ)J] Z a

1 B b; B
Ip—pldwr/ lp — pldu
bj,1

jza+1 e
1 1 ,
< [ N } —tG-1)
¢ylas)  ¢(b) jg];d

B [ 1 n 1 } et
Pilay)  @h(bg)) 1 —et
Let us choose J such that

7= [hoe (22 = (Groe (52
T\ 1) | P\ \1 et ) )

Note that J > 2 since D > 6 > Dy = e'y/1 — e~t/K. With this choice of J

1 1 1
86 [ peplans |t oo s
(86) R\[a;,b] | | d ¢i(ay) (b)) K2D?

Adding inequalities and , using and Lemma |3| we obtain that
the density ¢ = p/ [ Ddp satisfies

2(Jaa| +b1) _ 2t 2
K2D? T (1-etY)K2D2 D2

/ !p—QIdu<2/ lp—Dldp <
R R
and belongs to @I[)(; with

J
D'<2) Dj+1<KDV2t +2J+1
j=1

LS oty
145 ¢ U
+2j;26

e t/2 2 ( K2D? 3
<D |KV2t|1 1 0 ) =
( o=y ) Tip, B\i =) T Dy
< 6D.
Consequently,
. 2
1n£0 ’p_(ﬂdﬂgﬁ-

q€0gp 'R
This inequality, which holds for all positive log-concave densities, extend to

nonnegative ones by using the fact that the set gathering of the former are
dense in the set gathering the latter for the ILi-norm. ([
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