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We provide new comparison inequalities for separately convex functions of independent random variables.
Our method is based on the decomposition in Doob martingale. However, we only impose that the mar-
tingale increments are stochastically bounded. For this purpose, building on the results of Bentkus (Lith.
Math. J. 48 (2008) 237-255; Lith. Math. J. 48 (2008) 137-157; Bounds for the stop loss premium for
unbounded risks under the variance constraints (2010) Preprint), we establish comparison inequalities for
random variables stochastically dominated from below and from above. We illustrate our main results by
showing how they can be used to derive deviation or moment inequalities for functions which are both
separately convex and separately Lipschitz, for weighted empirical distribution functions, for suprema of
randomized empirical processes and for chaos of order two.
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1. Introduction

Let E be a vector space. A function F' from E" into R is said to be separately convex if it
is convex in each coordinate. Let (€2, F,P) be a probability space and X1, ..., X, be a finite
sequence of independent and centered random variables with values in E. Throughout the paper,
F is a measurable separately convex function from E” to R. In this work, we are concerned with
deviation inequalities for the random variable

Z:=F(Xy,...,Xpn). (1.1)
Before going further, let us introduce some notations which are used in this paper. Set
Fo:={2,Q)andforall k=1,...,n, Fy:=0(X1,..., Xg) and F¥ := o (X1, ..., Xk—1, Xkt1,

...y Xn). Let E; (respectively Eﬁ) denote the conditional expectation operator associated to JFy
(resp. ]—',’f). Set also

Z(k) :=F(X]a""Xk7170’Xk+]9"'9Xn)5 (1‘2)
Zy =Bk Z - E[Z]]. (1.3)

Our approach to obtain deviation inequalities is based on the martingale method. The idea is
to decompose the random variable Z — E[Z] as a sum of martingale increments. Precisely, the

1350-7265 © 2018 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
https://doi.org/10.3150/17-BEJ949
mailto:antoine.marchina@uvsq.fr

Concentration of separately convex functions 2907

sequence (Zy) is an (Fx)-adapted martingale (the Doob martingale associated with Z — E[Z])
and

n
7 -E[Z]= Z A, where Ag := Zj — Zi—1.
k=1

The main problem is to control the increments Ay. Classical concentration inequalities for mar-
tingales assume that their increments are bounded (see, for example, Chapter 3 of Bercu, Delyon
and Rio [8]). In this paper, our hypotheses on F and on the random variables X1, ..., X, do not
imply a deterministic boundedness condition on the martingale increments, but only a symmetric
two-sided stochastic one: —&; < Z; — Z ®) < &, for some stochastic order <, where &1, ...,&,
are real-valued nonnegative random variables. Ay and Z; — Z® are linked by the following
observation:

Ap=Z —E[ZP] = Bici[ 2k — B[ 2P]]. (1.4)

Note that this observation was already made by Pinelis and Sakhanenko [24] (see their Inequality
(9)) when the function F is the norm of the sum. Let us now explain which stochastic order we
work with. Let o > 0. We define the class H9 of functions ¢ from R into R as follows:

o0
Y= {go to(u) = / (u — )4 u(dt) for some Borel measure 14 > 0 on R
oo

and all u ER}.

Here, as usual, x4 :=x Vv 0 :=max(0, x) and x§ := (x4.)* for all real x. Using the family H¢,
we define a family of stochastic order by the formula

X <& if E[p(X)] <E[@()] forall ¢ € HS, (1.5)
HO{

+

where X and & are real-valued random variables. We refer the reader to Pinelis [22] for more
on this stochastic order. Our main results in this paper will be expressed in terms of comparison
inequality with respect to < between Z — E[Z] and a function of &1, ..., &,.
HE

Concerning general functions of independent random variables, Boucheron, Bousquet, Lu-
gosi and Massart [9] provided general moment inequalities, using an extension of the entropy
method proposed by Ledoux [17]. They derived moment inequalities for various functions such
as homogeneous tetrahedral polynomials in Rademacher variables or unbounded empirical pro-
cesses. Recently, Adamczak and Wolff [2] (see Theorem 1.4) gave a concentration inequality for
polynomials of independent sub-Gaussian random variables.

Moreover, if F is separately Lipschitz (E is then assumed equipped with a norm), Z; — Z®
satisfies naturally our stochastic boundedness conditions. When F is only separately Lipschitz,
a corollary of a result of Pinelis [18] gives that

n
F(X1,..., X)) <) el Xell,
HL =
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where €1, ..., &, is a sequence of independent Rademacher random variables. Kontorovich [15]
gave extensions of McDiarmid’s inequality for metric spaces with unbounded diameter. He re-
quired a sub-Gaussian control of the symmetrized of || X; — X, || where X} is an independent
copy of Xj.

A particular case of separately convex functions is suprema of empirical processes: F'(x, ...,
Xp) = Sup;c1 ZLI xi.r, where T is a countable index set. Only few results concern concentra-
tion inequalities for suprema of unbounded empirical processes: assuming weak tails with respect
to suitable Orlicz norms, Adamczak [1], and van de Geer and Lederer [27] obtained exponential
bounds. Later van de Geer and Lederer [16] required only weak moment conditions on an en-
velope of the class of functions and obtained generalized moment inequalities. In this paper, we
will also treat the case of F(xi,...,x,) = sup,;c7 Zl§i<j§n XX, which is a particular case
of supremum of polynomials in independent random variables.

We shall use the following notation throughout the paper. The quantile function of a real-
valued random variable X which is the general inverse of the nonincreasing and left continuous
tail function of X, P(X > 1), is denoted by Q. It is defined by

Ox(u) ::inf{x eR:P(X > x) §u}.

Moreover, for p > 1, let L? be the space of real-valued random variables with a finite absolute
moment of order p and we denote by || X||, the L”-norm of X. Let (ay, ..., a,) € R". As usual
for any » > 1, we write

n 1/r
lall-={> lal”| . and [alle= max |axl.
=1 1<k<n

Finally, for any real function f, we denote by f(a+) (respectively, f(a—)) the right (resp. left)
limit of f at point a.

The paper is organized as follows. In Section 2, we state the main results of this paper. In Sec-
tion 3, we explain how we can extract a tail comparison inequality from a comparison inequality
with respect to the stochastic order associated with the class H% . In Section 4, new comparison
inequalities for unbounded real-valued random variables are given. The results in this section will
allow us to control the increments of the Doob martingale associated to Z — E[Z]. We provide
detailed proofs of Sections 2 and 4 in Section 9. We give some applications of the main results
in other sections: in Section 5 we examine the special case where F is also separately Lips-
chitz. Section 6 considers the weighted empirical distribution functions, Section 7 deals with the
suprema of randomized empirical processes. Finally, Theorems 2.1 and 2.3 are applied to chaos
of order two in Section 8.

2. Main results

Theorem 2.1. Let Z and Z™ be defined respectively by (1.1) and (1.2). Assume that for all k =
1, ..., n, there exist nonnegative, square integrable and o (Xy)-measurable random variables Ty
and Wy, such that,

T <Z-— 7z ® < Wy, almost surely. 2.1)
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Let &y, ..., &, be any finite sequence of nonnegative random variables such that, for any real t,
max (E[(Tx — 0+ ] E[(Wk — )+]) < E[(5 —D)+]. 22)
Then
n
Z—-E[Z] 5 Y e Qg (Ur/2), (2.3)
Hi k=
where €1, ..., &, are independent Rademacher random variables, Uy, ..., U, are independent

random variables distributed uniformly on [0, 1] and these two families are independent.

Remark 2.2. Using new results of Pinelis [23] (see his Corollary 5.8), it is straightforward to
extend (2.3) to the larger class of differentiable convex nondecreasing function with a convex
derivative.

In the following result, we relax the assumption (2.1) and we instead assume that the bounds
have a F¥-measurable component.

Theorem 2.3. Let r > 2. Let Z and Z® be defined respectively by (1.1) and (1.2). Assume
that for all k =1, ..., n, there exist nonnegative, 1" -integrable and o (Xy)-measurable random
variables Ty and Wy and nonnegative, 1" -integrable and ]—',’1‘ -measurable random variable i,
such that

Ty <Z — z® < Wgk, almost surely. 2.4
Let &1, ..., &, be any finite sequence of nonnegative random variables such that, for any real t,
max (E[(Ti — )+ ], E[(Wi = 0+]) < B[ — )4 ]. 25)
Then
2 . 2 2
1(z=E121), [, < (0 = D D |Baalvil] ]| Qe (Ui /2] (2.6)
k=1
where Uy, ..., U, are independent random variables uniformly distributed on [0, 1].

3. Concentration inequalities from comparison inequalities
in HE

In this section, we repeat the relevant materials from [20] and [21] without proofs, of how one
obtains a deviation inequality from a comparison inequality with respect to the stochastic order
associated with the class H%, @ > 0, such as in Theorem 2.1.

First, let us mention some facts about the class ”Hi It is easy to see that 0 < 8 < « implies
HE C ”Hi Moreover, for any real ¢ and any positive A, the functions x — (x — )9 and x
¢~ belong to H¢ . Finally, the following assertions are equivalent:
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@ X <&,
e

(i) E[(X — %] <E[( — 1)%] for all real 7.

The following is a special case of Theorem 4 of Pinelis [21].

Theorem 3.1. Suppose that o > 0, X and & are real-valued random variables, and the tail
function x — P(& > x) is log-concave on R. Then the comparison inequality X < & implies

o

that, for all real x, +

E[(§ —n§]
(x —1)*

< Ca,0P(§ = x), (3.2)

P(X =z x) = Py(§: %) := inf (3.1

where the constant factor cq,0 :=I' (o + 1)(e/a)® is the best possible.

Remark 3.2. A thorough study of P,(&;x) can be found in Pinelis [22]. See also Bentkus,
Kalosha and van Zuijlen [7] for a description of the calculation for specific o and specific families
of distribution.

Remark 3.3. Since the class H% contains all increasing exponential functions, Py (&; x) is also
majorized by the exponential bound inf) - ¢ e~ E[e*¢]. For all small enough x, the exponential
bound is better than (3.2). However, for large values of x, the latter will be significantly better
than the exponential one.

4. New comparison inequalities

The purpose of this section is to obtain extensions of an inequality of Hoeffding to unbounded
random variables. In particular, Lemma 4.6 below will be our main tool to control the incre-
ments of the Doob martingale associated to Z — E[Z]. First, let us recall the definition of
the usual stochastic order. Let X and Y be two real-valued random variables. X is said to be
smaller than Y in the usual stochastic order, denoted by X <y YV, if P(X > x) <P(Y > x) for all
real x.

Throughout this section, n and ¥ are random variables such that

nelL', vel? and n<q. (4.1)
We introduce a family of probability distribution related to the distributions of n and . We
recall first some classical notations. The distribution function of a real-valued random variable

X is denoted by Fy. The generalized inverse of Fy is defined by

Fy'(u):=inf{x e R:P(X <x) > u}.
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Definition 4.1. Let assumption (4.1) hold. For every ¢ in (0, 1), set a4 := Fn’l(l —q), by =
Fl; ! (1 — @) and let F; be the distribution function defined by

Fy(x) ifx <ay,
Fs(x):={1—¢q ifag <x <by,
Fy (x) if x > by.

We also set Fp := Fy and F; := Fy. In the following, we always denote by ¢, a random variable
having the distribution function F.

Remark 4.2. A similar construction can be found in Bentkus [4,5] and [6].

The following bound was obtained by Bentkus [6] (see Theorem 1) with a little stronger as-
sumption on the stochastic boundedness condition. Indeed Bentkus supposed that n <g X < V¥,
which implies our hypothesis (4.2).

Lemma 4.3. Let assumption (4.1) hold. Let {; be as in Defintion 4.1 and let X be an integrable
random variable such that for any real t,

E[(X -] <E[@ -0 E[c-X),]<E[¢-n.] (4.2)
Let qo be the highest real in [0, 1] such that
1
/1 (ijl(u) — Fy'(w))du =E[X] - E[y]. 4.3)
—q0

Then, X and g4, have the same expectation and for any real t,
E[(X =)+ ] <E[(Gg —D+]- (4.4)
Consequently, for any convex function ¢,
E[¢(X —ELX1)] <E[¢ (¢ — Elq]) - 45)

Remark 4.4. As noticed by Bentkus [4-6], we can see this lemma as an extension of an inequal-
ity of Hoeffding. Indeed, if n and ¢ are two constants, respectively equal to a and b, it easy to
see that (4.1) and (4.2) imply that a < X < b a.s. Then we obtain for all convex function ¢ that
Elp(X)] <E[¢(#)] where 6 is two-valued random variable taking the values a and b, and such
that E[X] = E[#].

Remark 4.5. The special case 0 < X < ¥ was considered by Bentkus [4,5]. In [6], Bentkus
obtained similar results in the situation where X <y ¥ and the variance of X is known.

The right-hand side of (4.5) still depends on the expectation of X by the term E[¢,,]. The next
lemma provides a bound in the symmetric case n = —, which does not depend of E[X]. The
drawback is that we have to pick ¢ in the smaller class of functions ’Hi.



2912 A. Marchina
Lemma 4.6. Let  and n be two random variables, respectively nonnegative and nonpositive,
satisfying (4.1). Let ¢, ay and by be given by Definition 4.1.

(i) Let g :=inflg > 1/2:b, + ay <2E[¢,]}. Then for all real t,

g E[(¢; —Elg,] - 1) ]

is nonincreasing on [q, 1].
(ii) Assume that n = —y and let X be an integrable random variable satisfying (4.2). If
E[X] >0, then

X —E[X] < &2 (4.6)
H:

Remark 4.7. We have a better understanding of the random variable ;> if we observe that it
has the same distribution than £ Q (U/2), where ¢ is a Rademacher random variable, U is a

random variable distributed uniformly on [0, 1] and these random variables are independent.

The following result is a corollary of a result obtained by Pinelis [19]. It will be needed in the
proof of Theorem 2.3 and in Section 8.

Proposition 4.8. Let r > 2 and let X and Y be random variables in 1" such that E[Y | X]=0
almost surely. Then ||(X + Y) |12 < |(X)+ > + (- — DY 2.

Exactly as in Rio [26] (see Theorem 2.1), we deduce from Proposition 4.8 the following in-
equality by induction on n.

Corollary 4.9. Let r > 2 and (Mp)n>0 be a sequence of random variables in I". Set AMy, =
My — My._1. Assume that E[AMy | Mix—1] = 0 almost surely for any positive k. Then

| M4 |2 < [ Moy |+ 0 = 1D Y 1AM (4.7)
k=1

5. Lipschitz functions of independent random vectors
Throughout this section, we assume that (E, || - ||) is a separable Banach space. In addition to

being separately convex, we suppose that F' is separately 1-Lipschitz. Precisely, F satisfies the
following Lipschitz type condition:

n
|F ) = FOnaoy)| <)l — il
k=1

Now, Z = F(Xy, ..., X,) naturally fulfills the hypotheses (2.1)—(2.2) of Theorem 2.1 with & =
I Xkl
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5.1. Moment inequality

Proposition 5.1. Let r > 2 and define the function Q by

Q*(w) =) Qjx, w).

k=1
Then
, 172
E[(Z -E[Z]),] < llgl; A Q" (u)du, (5.1
where g is standard Gaussian random variable.
Example 5.2. Let X be a centered random vector with values in £ and ay, ..., a, be determin-
istic reals. Let X1, ..., X,, be n independent copies of X. Define the function F by

Z::F()?l,...,)?n):z

)

n
D akXi
k=1

where X k := ax Xx. Then Proposition 5.1 yields for any r > 2 that

n r/2 12
E[(z - EIZ]),] < lgll] (Za?) Ol du (5.2)
k=1

n r/2
< ||g||:(2a,-2) X" (5.3)
k=1

We now apply this result to suprema of empirical processe, that is,

> FXp

k=1

Z = sup
feF

’

where % is a countable class of measurable real-valued functions. To do this, we first assume
that .# is finite and we then conclude by the monotonous convergence theorem. We suppose that
% has an r-integrable envelop function ® and we set M" :=E[®" (X)]. Thus (5.3) yields

n 1/r
2Za§M<r<r;1)) : (5.4)
k=1

where T is the usual Gamma function. This result improves Theorem 4.1 of Lederer and van de
Geer [16].

|(z-EL2)), |, <2~
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Proof of Proposition 5.1. Theorem 2.1 applied with & = || X || and (1.5) specified to ¢(x) = x!.
yield that

E[(z - E[2])"] 5E[<Zsk Q|Xk|(Uk/2)> } (5.5)
+
Since the random variables e; Q| x, | (Ux/2) are symmetric,

k=1
n r l r
E[(Zskgumw/z)) }ZEE[ } (5.6)
k=1 +

Conditioning by F;, and using the classical Khintchine inequality with the best possible constant
founded by Whittle (for r > 3) and Haagerup (for r > 0) (see the Introduction of Figiel et al. [13]
and references therein for a statement of these results), one has

r n r/2
1 1
§E|: ] < §||g||fE|:(Z QﬁXH(Uk/Z)) } (5.7
k=1

where g is a standard Gaussian random variable. Next, it is an easy exercise which is left to the
reader, to see that Riesz Representation Theorem and Lemma 2.1(a) and (c) of Rio [25] imply

that
n r/2 n r/2
E|:<Z QﬁXk” (Uk/2)> :| = E[(Z Qﬁxk” (U/2)) :|, (5.8)

k=1 k=1

ZSkQHXkM(Uk/z)
k=1

> e Q)x, (Ui /2)

k=1

where U is a random variable distributed uniformly on [0, 1]. Finally, combining (5.5)—(5.8), one
has (5.1) which ends the proof. O

5.2. A deviation inequality for the bounded case

Consider the bounded case || Xk | < ax a.s., for some positive reals ay. Theorem (2.1) implies that

n
Z-E[Z] < , 5.9
21 < > are (5.9)

+ k=1

where g, are i.i.d. Rademacher random variables.
Remark 5.3. Inequality (5.9) can be obtained directly via Lemma 4.4. of Bentkus [3].
Proposition 5.4. Let ¢ be the function defined by £(t) := log(cosh(t)) and let £* denote the

Legendre—Fenchel transform of £, which is defined for any positive x by £*(x) := sup,. o{xt —
L(t)}. Then for any x in [0, 1],

£*(x) = %((1 + x)log(1 +x) + (1 —x)log(1 —x)),
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and
2
llally

P(Z —E[Z] = ||all1x) < exp(—wﬁ*(x)) (5.10)
aflz

Proof. Since the exponential function x > ¢’* belongs to H%r for any positive #, (5.9) ensures
that

logE[exp(t(Z — E[21))] < 1ogE[exp (z > 8kak)i| =Y la). (5.11)
k=1

k=1

Note that £'(-) = tanh(-) is a concave function on [0, c0). Now, from (5.11), proceeding exactly
as in Bercu, Delyon and Rio [8] (see Inequality (2.98)) we get

lall (llall3t
logE[exp(t(Z — E[Z]))] < ——¢ : (5.12)
lall; \ llall
Finally, (5.10) follows from Markov’s inequality together with (5.12). U

6. Weighted empirical distribution functions

Let U be a random variable uniformly distributed on [0, 1], U Lsonns l7n be n independent copies
of U, and denote the uniform empirical process by

1 n
en(t) = G Ig(nﬁkﬁ —1).

Let g : [0, 1] — R be a weight function such that

12 g4
g()=q(l—1), q()>0  on(0,1), / —— <00,
o g0
qt) . . . q() . .
> ——  Isnonincreasing, and 1+ 1 is nondecreasing.

Example 6.1. The most common such weight functions ¢ are

q(t) = (Vi1 —1)*, for any « in (0, 1),

q(t) =max(y/t(1 —1),/8(1 —8)), for some 0 < § < 1.

In this section, the quantity of interest is

Z = M.
o<r<1 q()



2916 A. Marchina

We refer the reader to Csorgd and Horvath [11] for asymptotic results on this object. Setting now

the class of function % := {1[2'(‘;7 ;1 e0,1]) and Xy := (f(ﬁk))feg:, we can write Z as

Z=FX1,....,Xp) = 7 sup Zf(Uk)

Proposition 6.2. We have

n

1—U/2
Z —E[Z] 6.1
[ Hzfz"qwk/z) (-1

Remark 6.3. Define £*°(%) :={x:.% - R: SUP ez |x(f)| < oo} equipped with the norm
lxll.7z = sup ez |x(f)]. Then, the summands in the right-hand side of (6.1) are equal to

IIXkIIy, leading to
Z-E[Z] X el Xill 7
f Z

Remark 6.4. The uniform case also treats the general one. Precisely, let X1, ..., X,, be n inde-
pendent copies of a real-valued random variable X with a continuous distribution function Fy.
Then

1 i=1(Ixi<e — Fx (@) ea(Fx(1))

Z:=— = —
ik q(Fx(@) R G (Fx ()

Proceeding in the same way as in the proof of Proposition 5.1, we obtain the following moment
inequality.

Corollary 6.5. Let o € (0, 1), g(t) = (/t(1 —1))¥, and r > 2 such that ra < 2. Then
r 1z 2 2 2
E[(Z -EIZ]),] < llgll; fo (1 —w) @02y =er2 gy, (6.2)
where g is a standard Gaussian random variable.
Example 6.6. Withr =2 and o =1/2,
1 3
E[(z - E[Z])%] < 5+ g™~ 1.089.

Proof of Proposition 6.2. For any function f in .%# and for all x € [0, 1],

LI .

(X) q(x)
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Since g(t) =q(1 —¢t), W:=(1 —-U)/q(1 —U) and T := U/q(U) have the same distribution.
Moreover, Q7 (Ui /2) = (1 — Ui /2)/q(Ux/2). Then Theorem 2.1 implies (6.1), and the proof is
completed. (I

7. Suprema of randomized empirical processes

Let X1, ..., X, be a sequence of independent random variables with values in some Polish space
X and Yi,...,Y, be a sequence of independent real-valued symmetric random variables such
that the two sequences are independent. Let . be a countable class of measurable real-valued
functions and define the function F by

Z:=F(X1.....Xp) = Zkﬂxk) (7.1)

Sup
feFy

where X k= (Yr f (X)) re.z. Assume that there exist nonnegative functions G and H such that
for any function f in %, —G < f < H. It thus follows that — T} < Z — zk < Wy, where

Wi = (Vi) + H(Xp) + (Vi) -G (Xp), Tie := (Yi) - H(Xi) + (Y) 1+ G (Xi).

Throughout, we assume that ]E[Gz(Xk)] < 0o and E[H?(X})] < oo for any k=1,...,n. Since
Y is symmetric, Wy and 7} have the same distribution. Then Theorem 2.1 yields

Z-E[Z] < Zekak(Ukm (72)
H+ k=1

Throughout this section, we will use the following notation:
n n
= Zs,f = Z]E[Ykz],
k=1 k=1
n n
=Y of =Y E[Q}, (U/2)].
k=1 k=1

In the rest of this section, we present how (7.2) may be used to derive concentration inequalities
through several examples. However, in some cases, this bound can prove difficult to manipulate.
Now, we show that, due to the symmetry of the Y;, we can derive a more tractable comparison
moment inequality, which is, however, less efficient. Precisely, set & := (Yx)+(G(Xx) + H (X))
For any nonnegative ¢, the superadditivity of the function x + (x — 1)+ on [0, c0) yields

E[(Wi —1)4] <E[& - 4],
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This inequality remains trivially true for negative . Moreover, since Yj is symmetric and inde-
pendent of Xy, ex O¢, (Ux/2) and Y (G (Xy) + H (X)) have the same distribution. Consequently,

Z-E[Z] 5 Y V(G(X0) + H (X)), (7.3)
Hi k=1

Example 7.1. Let Fy: R — [0, 1] be a nondecreasing function. Let X1, ..., X, be independent
real-valued random variables and let g : [0, 1] — R be a weight function such that

12 gy
q(t)>0 on (0, 1), f — < 00,
0o g%
q() . : . q(1) . .
— e is nonincreasing, and f+> 1-; is nondecreasing.
Define now
n
1 — Fo(t
Z :=sup Z ykxkf’io()‘
er = q(Fo)
In this case
1— F Fo(x—
H(x) = 70()6), and G(x) = L,
q(Fo(x)) q(Fo(x—))
whence
n
1 — Fy(X Fo(X,—
Z—]E[Z]#ZY/(( 0Xp) | FoXe—) )
w2 o \a(Fo(Xp)  q(Fo(Xk—))
(7.4)
n
Y,
y P brrevions
2 1= 4(Fo(Xk))
Let us now give a relevant example. We assume that X1, ..., X,, are n independent copies of a

random variable U distributed uniformly on [0, 1]. Let Fy = Fy be the distribution function of
U and let ¢(t) = v/max(t, §) for some 0 < & < 1. Then (7.4) gives

PR Y2 1, [e
E[(z-ElZ])}] < 5 ZE[imax(Xk,é)} = 10g<g>.

k=1

7.1. Case G =0

Here Wiy = (Yx)+H (Xk). Since Y; is symmetric and independent of X, ex Qw, (Ux/2) and
Y H(X}) have the same distribution. Then

Z-R[Z] < Y YiH(Xp). and o® =) E[YZ|E[H*(Xp)]. (1.5)
HY k=1 k=1
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7.1.1. Chebyshev type inequality

Proposition 7.2. For any positive x,

. 1 1
]P(Z —E[Z] > ox) < mm(l—i——xz’ ﬁ) (7.6)

Proof. From (7.5) and (3.1), we derive

—_ )2
P(Z — BIZ] = %) < Pa(ts ) = inf o]

inf = (1.7)

where & := ZZ:] Y H(Xy). Since z%r < 72 for all real z, we obtain the Cantelli inequality
P& x) < (72/((72 + xz). Moreover, taking t = 0 in (7.7) gives the other bound P>(§;x) <
o2/(2x%). O

7.1.2. H =1 and Gaussian case

Proceeding as in the proof of Proposition 7.2 and adding the bound provided by (3.2), we obtain
the following inequality.

Proposition 7.3. Let g be a standard Gaussian random variable and suppose that Yy, ...,Y,
is a sequence of independent centered Gaussian random variables. Let o denote the standard
deviation of Y _y_, Yx. Then for any positive x,

1

o2
EIP’(gZx)} =h(x). (7.8)

Remark 7.4. Note that h(x) = 1/(1 + x2) forany 0 < x <1, h(x) = 1/2x% forany 1 < x <
xo and h(x) = (e2/2)P(g > x) for any x > xo, where xq is the unique root of the equation
(€2/2)P(g > x) = 1/2x2. A numerical calculation gives xo ~ 1.6443. Furthermore the function
h is always better than the usual exponential bound (i.e., h(x) < exp(—x2 /2)).

7.1.3. 0 < H <1 and Gaussian case

Here we suppose that X1, ..., X, are identically distributed according to some distribution P.
Let gy, ..., g, be an independent sequence of standard Gaussian random variables and o1, . .., 0,
be a sequence of positive deterministic reals and set Yy = oy gk-

Proposition 7.5. Let v := E[H?%(X)] and let y be the function defined on (0, 00) by

y(x) :=x«/§/\/log(l +v=1(eX —1)).

Then for any positive x,

2 2
]P’<Z _Ezy - Molz ( ”0”°°x)) < exp(—x). (1.9)

lollee” \ ol
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Remark 7.6. As x goes to zero, the function y has the asymptotic expansion

y () =v2vx(1+ 0W),
and as x goes to infinity, y (x) ~ +/2x.

Proof of Proposition 7.5. Starting as in the proof of Proposition 5.4 and conditioning by Xy,
one has

n 2.2
logE[exp(t(Z - E[Z]))] < ZlogE[exp(%HZ(Xk))}.

k=1
Define next the function ¢, by

€,(1) :==log(1+ (/> = 1)). (7.10)
Now by the convexity of the function A > e%*,
olt?
log(E[exp(kTHz(Xk)>:|> < ly(oxt). (7.11)

In order to bound up the right-hand side term, we will use the property below concerning £,,.

Lemma 7.7. Let h, be the function defined by h,(t) := £, (t)/t for any positive t. Then h, is
nondecreasing.

Proof of Lemma 7.7. A straightforward calculation leads to
1 t(1—v)
o=@ -+—s—7—).
U() v()<t+1+v(e’2/2—1)>
Then

o =40 -
hv(t)_ [2 _ev(t)<1+v(€t2/2— 1))

Since v < 1, we get h/v(t) > (0 and the lemma follows. O

Next, from (7.11) and Lemma 7.7, proceeding exactly as in Bercu, Delyon and Rio [8] (see
Inequality (2.97)), one has

2
lolls

logE[exp(1(Z —E[Z]))] <

~ o3

Eo(llolloot).

From the inversion formula for £} given in [8] (see Exercise 1, page 57)

¢~ o) = inf{r ' (€,(1) +x) 11 > 0}, (7.12)
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it is easy to see that for any positive x,

.1 o3 ) o3 i ( llolZx
inf — Co(llollot) +x ) = o % ) (7.13)
z><>t(||cf||%o (I loot) ol \ llol3
Then (see Lemma 2.7 of [8]),
2 2
IP’(Z —E[Z] > mq—l (M)) < exp(—x). (7.14)
llolloo o3

However, it seems difficult to calculate the inverse function of £. Then to obtain a “ready-to-use”
inequality, we will bound up £~ (x).

Let t, := \/2 log(1 +v—!(e* — 1)). Hence, putting ¢, in (7.12), we get @’,‘j’l(x) < y(x) and
the proposition follows. (]

7.1.4. Unbounded function H
In the following result, we suppose that Y; and H(X}) are L. -integrable random variables with

2<r<4.

Proposition 7.8. Let 2 <r <4. Then

1 & 1
[(Z —E1z)), I} < 5 >l | H X7 + 507 gl
k=1

where g is a standard Gaussian random variable.

Proof. We already noticed in the proof of Proposition 5.1 that the symmetry of Yy H (X}) allows
us to write

IE|:<Z YkH(Xk)>r } = %iEHYkH(Xk)V].

k=1 k=1

Then the result follows directly from Corollary 6.2 of Figiel et al. [13] (see also Theorem 6.1 and
Theorem 7.1). ([l

7.2. Case G #0

First, we present a duality formula for the rth moments of & Qw, (Ux/2) for r > 2. It will allow
us to derive a simpler bound of these moments which we will use thereafter to obtain concentra-
tion inequalities.
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7.2.1. Duality formula

Lemma 7.9. Letr > 2. One has

E[|ex Ow, (Ux/2)|']

(7.15)
= sup{E[[Yx|"(H" (Xx)1a + G (Xp)1p)]: A, B € F,P(A) + P(B) =1}.
Remark 7.10. The duality formula gives us directly a more tractable bound
E[|ex Qw, (Ur/2)|"] <E[I1Yi|"JE[H" (Xi) + G" (Xp)]- (7.16)

Proof of Lemma 7.9. Let us recall the general following fact. Let @ € (0, 1) and let 6, be a
Bernoulli random variable with parameter . Let X be an integrable random variable. Then

a 1
/O 0% () du = /0 03(1) 0y () du = sup ELXO),

where the supremum is taken over the set of all Bernoulli random variable with parameter «.
Consequently,

Ef|exQw, (Ue/D|'] = 2sup{E[W{1c]}
= 2SEP{E[|Yk|r (Hr (X)lenysoy + G" (Xk)ﬂcm{y<()})]}’

where the suprema are taken over the set of all measurable set C such that P(C) = 1/2, and
(7.15) follows. O

7.2.2. Chebyshev type inequality
Proposition 7.11. Define

V=Y E[Y}GVH?Xp]. and V=) E[Y}(G*(Xx)+ H*(Xp)].
k=1 k=1

Then for any positive x,

\% 2

P(Z - E[Z] > x) gmin<v+x2, %) (7.17)
. V Vi

<min( ——, = ). 7.18

_mm<V+x2 2x2> (7.18)

Remark 7.12. Note that Vi /2x2 < V/(V 4 x?) for all x such that

i EIY2(GH(Xp) + H* (X))

25 n E[Y}(G v H)(X :
=) B[V X0 > it EIYZIG2(Xy) — H2(Xp)|]

k=1
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Example 7.13. Let S be a countable class of sets such that for any S € S, P(S) < p. We consider
the class of function .# = {1g —P(S) : S € §}. Here H = 1 and G = p. Proposition 7.11 yields
for any positive x,

1 i
—_— if x < xg,
IP’(Z —E[Z] > sx) < % ixé
Tf if x > X0,

where x3 = (1 + p?)/(1 — p?).

Proof of Proposition 7.11. Since o2 < V| by Remark 7.12, (7.18) follows from (7.17). Let us
prove now (7.17). Theorem 4 in Pinelis and Sakhanenko [24] (or Theorem 11.1 of Boucheron,
Lugosi and Massart [10]) implies that Var(Z) < V and the bound V/(V + x2) follows then from
the Cantelli inequality. Proceeding as in the proof of Proposition 7.2, we get the bound o2 /2x?2
which ends the proof. ]

7.2.3. Moment inequality

The following moment inequality is similar to Proposition 7.8. We assume that the random vari-
ables Yy, G(Xx) and H(Xy) are L -integrable with 2 < r < 4.

Proposition 7.14. Let2 <r <4. Then
r 1 - r 1 r r
|(z—E12)), [} =5 > E[|ex Qw, (Uk/2)| ] + S0 gl (7.19)
k=1
where g is a standard Gaussian random variable. Consequently, using Remark 7.10, we get
1 o 1
|(z—E1z), [} =5 ;E[W(H%Xk) +G"(X0)]+ 50" gl (7.20)

Example 7.13 (continued). We derive immediately by Markov’s inequality, for any 2 <r <4,

(ngn:(Jﬁ—pz)r A im[y,;]).

]P’(Z —E[Z] > sx) <

7.2.4. Exponential inequality

Proposition 7.15. For any positive t,

logE[exp(t(Z —E[Z1))] < ) log(E[cosh(tYi H (X)) + cosh(t ¥, G(X1)) — 1]).
k=1
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Example 7.13 (continued). Here, we make the additional assumptions that the Yy are standard
Gaussian random variables. In this situation, the inequality above implies that

L(t) <nlog(e"™/? + "2 1) <nty, (1),

where £,(t) :=log(1 + 1)(6’2/2 — 1)). Hence, for any positive x,

<exp(—x). (7.21)

IP’(Z g7y MO ”)
- t

Lett, := \/2 log(1 + (1 + p?)~l(eX/" — 1)). Then putting t, in (7.21), we obtain for any positive
X,

xv/2
Viog(1 + (14 p2)~T(ex/n — 1))

IP’(Z E[Z] > ) < exp(—x). (7.22)

Proof of Proposition 7.15. Let L denote the logarithm of the Laplace transform of Z — E[Z].
Next, applying (7.2) with ¢(x) = ¢'*, t > 0, we get

L(t) < Zlog exp(tex Qw, (Ur/2))]).- (7.23)

k=1

Now, using Remark 7.10,

3

E[exp(tex Qw, (Uk/2))] QWk(Uk/2)) ]

2J)'

< E[cosh(tYkH(Xk)) + cosh(1 Y, G(Xp)) — 1].

Putting then this inequality in (7.23) ends the proof. (]

8. Chaos of order two

Let X be a Polish space and .# be a countable class of measurable functions from X" into R
and let " be a subset of .# x . Let A = (a; j)1<i,j<n be a symmetric real matrix with zero

diagonal entries (i.e., a;; = 0 for all i) and let | - || denote the Hilbert—Schmidt norm which is
|Allus = +/Tr(ATA). Let X be a random variable with values in X such that for any function f
of %, f(X) is a centered random variable. Let X1, ..., X,, be n independent copies of X. Define

now the function F by

Z:=FX1,...,Xn):= sup{ > a,'jf(Xi)g(Xj)}, (8.1)

(f.8)el’ I<i<j<n
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where X; := ( f (X)) fez. We say that Z is a Vapnik—Chervonenkis (VC for short) subgraph
class if the collection of all subgraph of the functions in .# (i.e., the collection of sets {(x, s) €
X xR:s < f(x)} for f € %) forms a VC-class of sets in X x R (see, for instance, van der
Vaart and Wellner [28]).

Proposition 8.1. Let Z be defined by (8.1) and p > 2. Assume that F is a VC-subgraph class
of functions with square integrable envelope function ®. Then there exists a constant K (%)
depending only on F such that

|(z-Eiz1), ],

||A||HS K(F) Ile0l3 (8.2)
<(p- | 2o @/ (\/ - ||Q¢(X)(U/2)”%>,

where U is a random variable distributed uniformly on [0, 1].
Remark 8.2. See that

[eX0], <oy W/, <2V7|@0],. (8.3)
Suppose now that ®(X) is in .” for all p > 2 and ||®(X)||, tends to infinity as p tends to

infinity. Then as p tends to infinity, we obtain the following behavior of the right-hand side of
(8.2)

”Hs K(Z) 19Xl )
_ U/2
(p =D QoD <\/ » =D 100U/}

—(p _1)||J|1*5\|¢(X)|}i<1+0<%>>.

Example 8.3. Here we assume that ® < 1 and we show how (8.2) can be used to obtain an
exponential bound for the tail probability.
Let p > 2, x > 0, and define the function f, on (2, co) by

(8.4)

K&  19X)l3 ))q

(@)= (g —DCy U2 2(1
@ <<q 1Cx| Qoo /2 \/ e

where C, := ||A||Hs/x«/§. Using (8.3) and @ < 1, one has

K(F) 1215\)!
fxg) = <(q - l)szz/q||q>||2(\/1 + 2))
! (p—D I3

<4(Crq/14 K(F))? :=4dexp(hy(q)).
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Clearly, infy -0 7y (q) = hx(1/(eCx+/1 + K(F))). Now, by Markov’s inequality, for any x > 0
such that 2eC,+/1 + K (%) < 1,

_ P
P(Z —E[Z] > x) < inf El(Z —E[Z]3]
p>2 xP

|
S4‘J’Xp<_ec,m/1 +K(y‘))'

Proof of Proposition 8.1. For any m and [ belonging to {1,...,n}, we set Sy(l,m) :=
SUp ez | Y it aik f(X;)]. Noting that

|Z - 20| < d(X)(Sk(1,k — 1) + Sk (k + 1, 1)),

it follows from Theorem 2.3 that

n

|z —E121), |2 < (0 = D] Qoo W/ |2 ([ Se(1.k = D+ E[Setk+1,m][2). (8.5)
k=1

Define the function F such that Z := F()?l,...,fk_l) := S(1,k — 1). Define also for each
le{l,....,k—1},

Z0 .= FXy, ..., X1-1,0, X131, ..., Xi_1).
Hence, it follows that
1Z - ZP| < |ay| @ (X)).

Since Sk (1, k — 1) +E[Sx(k+ 1, n)] is a nonnegative random variable, we can replace its p-norm
in (8.5) by [|(Sk(1,k — 1) + E[Sk(k + 1,n)])+ Il . Then an application of Theorem 2.1 leads to

[(SeCt k= 1)+ E[Setk +1,m])., |2
2 (8.6)

=

k—1
(Zaiksi Qq:.(x)(U/Z) + E[Sk(l, k—1)+ Spk+1, n)])
+

i=1

p

Now by Corollary 4.9, Inequality (8.6) becomes

Skt k= 1) +E[Sek + Lm)] |3

k—1 (8.7)
<(p-D (Za§k> | Qo) (U/2) ||f, + (E[Sk (1, k — 1) + Sik + 1, n)])z.

i=1
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Combining (8.5) and (8.7), we get

|(z ~Erz1), ],

s(p—1>2< a?) Qo U/2)|*
1325,, gl Iy (8.8)

n

+(p— 1| Qo) (U/2) ||f, S (E[Se(1 k= 1)+ Selk +1,m)])°.
k=1

Let us now bound up E[S (1, k — 1)]. Define the probability measure

k—1
2
Pk—l = Zai,k‘sxi'
i=1

Exactly as in the proof of Theorem 2.5.2 in van der Vaart and Wellner [28], it can be shown that
for some universal constant K,

1

1
E[Sk(l,k — 1)] < KE[/ \/IOgN(n(IPk1¢2)7, F, Lz(Pkfl))dn X (PkICDZ)%} (8.9)
0

where for any semimetric space (7, d), the covering number N (n, T, d) is the minimal number
of balls of radius n needed to cover 7. Then, recalling that a VC-subgraph class satisfies the
uniform entropy condition (see for instance [28], Theorem 2.6.7), there exists a constant C (%)
which depends only on .# such that

k—1 %
E[Sk(1,k— 1] 5C(9)E[(Za§k¢2(xi)> } (8.10)

i=1

Proceeding in the same way for E[S(k + 1, n)], we finally obtain that

B[Sk (1, k — 1)+ Si (k + 1,m)])’

k=1 3 n 3T\ 2 (8.11)
5402(9)<E[<Za§k¢2(x,-)) + ( > a,.%kcbz(x,-)) D :

i=1 i=k+1

Since (J/x + ﬁ)2 < 2(x + y) for any nonnegative x and y, and ) ;_, Z#k aip = 2%
1 <i <k<n 4ik, We then get by Jensen’s inequality

(E[Sk(1, k= 1) + Sp(k + 1, n)])2 <8C?*(F) (Z a§k>E[<b2(X)]. (8.12)
i=1
ik

Combining this inequality with (8.8), one has (8.2) which ends the proof. (]
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Remark 8.4. If we are concerned with

Z:= sup{ Z aijf(Xi)f(Xj)}»

a
feF Ycicj<n

the same proof applies and we obtain exactly the same inequality (8.2).

9. Proofs of the results of Sections 2 and 4

9.1. Proofs of Section 4

A. Marchina

Proof of Lemma 4.3. The case gg € {0, 1} is straightforward. We now turn to the case gg €
(0, 1). By the definition of qo, it is clear that E[X] = E[¢,,]. We set in the following a := a,, and

b :=by,. To prove (4.4), we consider the following cases separately:
(i)t <a, (i)a<t<b, (i) t > b.
Case (i). Let t <a. Noting that (y — )4 = (y —t) + (t — y)+, one has
E[(Ggo = +] =EIX =11+ E[( — )4 ].

Hence, using the second inequality of (4.2), E[(X — )] < E[(¢y, — D)+ ].
Case (ii). Let a < t < b. A direct calculation leads to

E[(go —+]=qb—1) +E[(¥ —b)4].
Letc= (b —1)/(b —a), f and g be the functions defined by
[ i=max{e(x —a)y, (x — )4},
gx):=((x—1) —c(x —a))lysp = (1 — ) (x —b)4,
for all x € R. Clearly f(x) =c(x —a)+ + g(x), whence
E[(X —0)4] < cE[(X —a)+] + E[g(X)].
Now by the Case (i),
E[(X —a)+] =q(b—a) +E[(¥ —b)4],
and by the first inequality of (4.2),
E[g(X)] <E[g)] =10 —-E[(¥ —b)+].

Case (ii) follows then from combining (9.1)—(9.3).

9.1

9.2)

(9.3)

Case (iii). Let > b. Clearly, E[(¢y4, — t)+] = E[(¥ — )] and the first inequality of (4.2)

gives the desired inequality.
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The proof of (4.4) is completed. The extension (4.5) to convex functions is classical (see, for
example, Proposition 3 in Bentkus [4] or the proof of Theorem 3.3 in Klein, Ma and Privault
[14]). ([

Proof of Lemma 4.6. For every real ¢, define the function g; on (0, 1) by g;(¢q) :=E[(¢, —
El¢] — t)i]. Let (Cy) denote the condition

(Cy): 2E[¢,] —ag — by > 0.

Remark that the left-hand side of (Cy) is nondecreasing in ¢ and tends to a positive value as g
tends to 1. Hence g :=inf{g > 1/2: by + a; < 2E[¢,]} exists, (Cy) is true and for any ¢ > g,
(Cy) is also verified.

In the following, we link the sign of g;(¢g) with the verification of the condition (C;). Now,

I—q
8@) = — (ag —Elg, = 1)°. — 2(b, — ap) f (F ') — Blgy1 1), du
0 (9.4)
2 ! —1
+ (by — Elgg1— 1) — 2(b, —aq)/l (Fy ') — Blgy1 — 1), du.
—-q

We consider the following cases separately:

(i) r+Elg]> FJl(u) forall u € (0, 1),
(i) 1 +E[g] < F,;‘(u) forall u € (0, 1),
(iil) ag <t +E[¢,] < by,
(iv) by <t +E[g,] < ijl(l—),

V) FH0+) <t +Elg,] <ay.

Case (i). All the terms in the right-hand side of (9.4) are equal to zero.

Case (ii). In this case, ¢, has a finite second moment and g/(g)=d/dq Var(¢,). Then, it is
elementary to see that g;(g) < 0 if and only if (C,) is true.

Case (iii). One has

g;(‘]) = (bq - E[gq] - t) (bq - E[gq] -1 = 2Q(bq - aq))- 9.5

The first factor of the right-hand side of (9.5) is nonnegative. Hence the right-hand side of (9.5)
is negative if and only if, for all ¢ in [a; — E[¢4], by — E[Z4]],

—2q(bg —aq) < —by +E[g4] +1¢. (9.6)

See now that the right-hand side of (9.6) is nondecreasing in ¢. It thus follows that —2¢q (b, —
ag) < —(by — ay), or equivalently ¢ > 1/2, implies that g;(¢) < 0.
Case (iv). One has directly in this case

1

81(q) = —=2(by — aq) 1 (F; ') —Elgg] — 1), du <0.
—-q
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Case (v). Define
g :=sup{f € (0, 1): F;'(0) <t + E[¢,]}.
Then
81(q) = (bg —ag)Ag 1,

where

Agi =bg +ag —2E[¢,]— 2

1 1—¢q
—2/1 (Fw’l(u)—]E[QI]—t)du—Z/ (F; ') —Blgg1— 1) du

—-q
= by + ag — 2E[g4] +2f0 (F; ') — Elgq] — t) du
< by +ay —2E[g,].

We note that if (Cy) is true, then A, ; <0, whence g;(q) <0.
Finally, if g > 1/2 and (C,) is verified, then g/(g) <0 and the proof of (i) is completed. Let
us prove now (ii) starting with Lemma 4.3, we get

E[(X — E[X]—1)2 ] < E[(¢, — Eltg,] —1)7].

where go is given by (4.3). In particular, E[¢,,] = E[X] > 0. Moreover, since n = —,
E[¢1/2] = 0. Recalling that E[{,] is nondecreasing with respect to ¢, it implies that go > 1/2.
Now, see that ay/2 + b1/2 < 0=E[{12]. Indeed, for any u € (0, 1),

Fj ') < —sup{t € R: F_y (1) <1 —u}
=—F_, (0 —w+)

< —FZ,(1-w).

Thus, a1/2 + b12 = F:lz(%) + FJl (%) < 0. By the point (i), we obtain (4.6), which concludes
the proof. (]

Proof of Proposition 4.8. Since X < X,
2 2 2
X+ 1), < [ X+ 04 < 1X4 + Y15 9.7)
Moreover, under the same hypotheses of Proposition 4.8, one has the inequality || X + Y ||%, <

||X||?, +(p— 1)||Y||f, as a corollary of Proposition 2.1 of Pinelis [19] (see also Lemma 2.4 of
[12] and Proposition 2.1 of [26]). Combining this with (9.7) completes the proof. ]
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9.2. Proofs of Section 2

Proof of Theorem 2.1. Starting from (2.1) and projecting on Fi, we obtain —Tj < Z; —
Ex[Z®] < Wy almost surely. Moreover, recalling that the random variables X; are cen-
tered and since F is separately convex, an application of Jensen’s inequality ensures that
Ex_1[Zr — Z®]1> 0. Thus, conditionally to Fi_1, we can apply the second part of Lemma 4.6
with X = Z; — IEk[Z(k)] and ¢ = &. Recalling (1.4) and Remark 4.7, it yields that for any
function ¢ in H2,

Er-1[¢(A0] < E[o(ex Q¢ (Ur/2)) |- 9-8)

We now prove (2.1) by induction on n. The case n = 1 is given by (9.8) with k = 1. Let n > 1
and assume that (2.3) holds for n — 1. We then have

E[¢(Z —E[Z])] = E[En—1[¢(Zn-1 + AW)]]
E[@(Zu-1 + €1 Qg, (Un/2))]

E[¢ (Zskggk(uk/z)>},

k=1

IA

IA

where we use (9.8) in the first inequality and the induction assumption in the second inequality.
O

Proof of Theorem 2.3. As in the proof of Theorem 2.1, we obtain for any function ¢ in #Z%,

Ev-1[9(A0] < E[(exBa—1[¥x1Qg Uk /2))]. 9.9

We now prove (2.6) by induction on n. For n = 1, it follows from (9.9) for k = 1 and (4.8). Let
n > 1 and assume that (2.6) holds for n — 1. Then

1(Z = EL121), | < [(Zn1 + B [¥21Q5, (Un/2) , |

< [@a-0)+ 5+ (0 = D|Eacs 915, W/ [

<(p =1 [Exa vl Qe (Ui /2)]

k=1

2
]7’

where we use (9.9) in the first inequality, Proposition 4.8 in the second inequality and the induc-
tion assumption in the third inequality. (]

Remark 9.1. See that, contrary to (9.8), there is a Fi_1-measurable term in the expectation in
the right-hand side of (9.9), which prevents us to proceed as in the proof of Theorem 2.1.
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