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Preface

Deviation inequalities, i.e. inequalities providing upper bounds on the quantities of the type
P(|X —a] >1t) (or P(X —a >1t)), where X is a random variable and a stands for the mean,
median or some other parameter of X, have always been among the main tools of probability
theory. The first, classical examples are the Markov and Chebyshev inequality. Although
general, they are quite weak and mathematicians quite soon realized the need to provide
stronger, exponential inequalities for special classes of random variables, of particular interest,
first of all for sums of independent random variables. Inequalities such as the Bernstein
inequality or its improved version by Bennett proved very useful for asymptotic analysis of
sums of i.i.d. random variables, for instance in the proof of the law of the iterated logarithm.
On the other hand in a more analytical setting some strong results for particular measures
have been obtained, that link the deviation inequalities with isoperimetric issues and yield
exponential inequalities for Lipschitz functions defined on special measure metric spaces. The
most important example is probably the isoperimetric theorem for the uniform measure on the
n-dimensional sphere, and as its consequence - the Gaussian isoperimetry. Such inequalities
have been successfully used outside the classical probability theory, for example in the local
theory of Banach spaces, where one of the most impressing results is the proof of Dvoretzky’s
theorem by V. Milman.

Those ideas have been recently replanted into the setting of general product spaces by M.
Talagrand. Since the only natural distance in such spaces is the Hamming distance, which
is not always useful, some other measures of distance between a point and a set have been
introduced and the isoperimetrical theorems for such distances allowed to obtain deviation
inequalities for much larger classes of functions of independent random variables, for example
for convex functions. However, the method of proof, relying on the induction with respect to
the number of coordinates, is quite technical and not always intuitive. An alternate method
has been proposed by M. Ledoux and has been further developed among others by P. Mas-
sart. At its core there are estimations of entropy of a random variable (called sometimes a
(modified) logarithmic Sobolev inequality), which together with a simple tensorization pro-
cedure lead to a useful bound on the entropy of a function of independent random variables,
which can be interpreted as a differential inequality for the moment generating function and
in some cases, via integration, yields an upper bound on the moment generating function,
which can be in turn transformed into a deviation inequality. In the following chapters of the
thesis, the author will introduce this method and present its various applications.

Chapter 1 contains the basic facts about ®-entropies to be used in the sequel, e.g. their
variational characterization and tensorization property. In Chapter 2 the basic entropy esti-
mates are presented. The author presents also a refinement of these estimates in the special
case of the discrete cube. The entropy bounds are used to derive many concentration in-
equalities from various branches of probability theory, for instance the bounded difference



inequality, Talagrand’s inequality for Rademacher chaos of order 2, tail inequalities for con-
figuration functions and convex functions. As an application of the last inequality the author
presents some inequalities for the eigenvalues of random matrices and Rademacher averages.
Although the presented results have been already known, the use of the entropy method and
the improved entropy bound for the discrete cube allow to simplify the proofs and/or im-
prove the numerical constants. Chapter 3 is devoted to connections between discrete Sobolev
inequalities, moment estimates and concentration of measure. The author introduces the
moment method by deriving tail inequalities for some special functions of independent ran-
dom variables with sub-Gaussian tails, e.g. suprema of empirical processes. The final part of
the chapter presents the recent powerful moment inequality by Boucheron, Bosquet, Lugosi
and Massart, which proof relies on tensorization property of ®-entropy for some particular
functions ®. As an application, moment and tail inequalities for U-statistics in Banach spaces
are proven.

The author would like to express his gratitude to the advisor at the Warsaw University, dr
hab. Rafal Latala and the advisor at the Vrije Universiteit van Amsterdam, prof. Aad van
der Vaart for introducing him to the subject, all the support and useful conversations.



Chapter 1

Entropy and tensorization

1.1. Basic assumptions and definitions

For a smooth convex function ®: I — R (I - a closed interval of the real line) and a probability
space (£, F, 1) let us consider a functional, defined on {X € L'(u): X € I a.e., E®(X) < oo}
with the formula

Eg,(X) = E®(X) — ®(EX).

Let us notice that from the convexity of @ it follows that Fg ,(X) is non-negative for every
X from the domain of Eg ,. Moreover, the domain is a convex subset of L' ().

In the following part of this chapter we will restrict our attention to functions ®, such that
Es, is a convex functional for every probability space (2,TF, u1), i.e.

Fo,(pX 4+ (1—p)Y) <pEsu(X)+ (1 —p)Esu(Y) (1.1)

for every p € [0, 1].

1.1.1. Entropy

The most important example of a functional obtained by the above definition is the so-called
entropy functional, corresponding to the function ®(x) = zlogz. As lim, gzlogx = 0,
we can consider here ® as a function defined on [0,00). We will denote Fg , X by Ent,X.
Entropy satisfies the condition (1.1), since

EntX :=EXlog X — EX logEX = sup{EXY: Ee¥ < 1}. (1.2)

Indeed, consider a random variable Y, satisfying Ee¥ < 1. We will show at first that EntX >
EXY. We can assume that EntX < oco. Let us also assume for a while that X > 0. We have

X
EXY —EntX = EXlog(e¥)—EX log e

EX
= EXlog(e" —
og(e’ )
EX X
= EX-Elog(e¥ —)-—~
gl % )Ex

EX -logReY <0,

IN



where the first inequality follows from Jensen’s inequality applied to the probability measure
with density X/EX and the function log.

To obtain the same inequality for arbitrary random variable X we approximate X by X,, =
X —l—%l{ x=0}- Random variables X, are strictly positive, so they satisfy the desired inequality.
Moreover, it is not hard to notice that lim,, .. EntX,, = EntX and lim, ., EX,Y = EXY.
The inequality has thus been proved.

To complete the proof of (1.2) it suffices to find a sequence of random variables Y,, with
Ee¥» <1 and lim,—.. EXY;, = EntX. Define

X .
Y, = log(z%) — % %f X>0
M, if X=0,

where M,, is a number such that e_% + eMn < 1. We have

|

M <1

3

X
Ee¥» = Ee—iﬁl{xw} +eMP(X =0)<e”
Moreover

X 1
EXY, = EX log(ﬁ)l{x>0} — ;EX]-{X>O} + EXMn]-{X:[)}

1
= EXlog(X)1{x>0) ~ EX log(EX)1{x0) — ~EX
1
= EXlogX — EXlogEX — —EX
n

_ EntX - 1EX,
n

so indeed lim,, - EXY, = EntX.
O

There is also another variational characterization of entropy, we will use in the sequel, namely
EntX = iI;f(’)E(X(logX —logu) — (X —u)) (1.3)
u

for any nonnegative random variable X, such that EX log X < oc.
To prove (1.3) it suffices to notice that for x = EX > 0 the function f(u) = —zlogu —z +u
attains its minimum on R at u = x.

0

1.1.2. Variance

Another important and well-known example is the variance of a random variable, which
corresponds to the function ®(x) = 2. It is easy to check that the condition (1.1) is satisfied:

Var(pX + (1 =p)Y) = E(p(X —EX) + (1 -p)(Y —EY))
< E(p(X —EX)*+ (1—p)(Y —EY)?)
pVarX + (1 — p)VarY,

where to get the inequality in the second line we used Jensen’s inequality.



1.1.3. Further examples

The following Theorem from [12] generalizes the above examples.

Theorem 1 If ®: I — R is a twice differentiable function, such that ®" is strictly positive
in intI and 1/®" is concave, then ® satisfies the condition (1.1).

Proof.  For p € [0,1], let us define the function F,: I? — R with the formula

Fp(z,y) = p®(z) + (1 —p)®(y) — ®(pz + (1 — p)y).

From the convexity of ® it follows that F}, is nonnegative. We claim that F}, is convex on I 2,
Since F}, is continuous on 1 2 and twice differentiable in intI?, it is enough to show that the
matrix of second order derivatives is positively definite. We have

0*F,

.2 (1Y) = p®(z) = p"®"(pz + (1 = p)y) > 0,

since by the concavity of 1/®” we have

1 >_p l-p_ p
"(pr+ (1-ply) — ®"(x)  "(y) ~ ¥"(z)
Similarly 682;1’ (z,y) > 0.

To complete the proof of convexity of F,, it is enough to show that det Hess(F},) > 0, or
equivalently
02F, 02F, 02F, 2
. > P .
52 () a2 (z,y) > (axay(m,y)>

After computing the mixed derivative, we see that the above inequality is equivalent to

(p®" (2)—p*®" (pr+(1—p)y)) ((1—p)®" () — (1—p)*@" (pz+(1—p)y)) > (p(1-p)®" (pz+(1—p)y))?
"(z)®"(y) > p®"(pz + (1 = p)y)®"(y) + (1 — p)@"(pr + (1 — p)y)@" (x).

But since ®” is strictly positive, this is equivalent to the concavity of 1/®”, which shows the
convexity of Fj,.

Let now X,Y be two random variables in the domain of Eg ;. Define 2o = EX, yo = EY.
From the convexity of F), it follows that there exists a, b, c € R (depending on p), such that

Fy(zo,90) = axo+byo +c,
Fy(z,y) > ax+by+c

for all z,y € I. Thus
EF,(X,Y) > E(aX +bY + ¢) = axo + byo + ¢ = Fp(z0, yo),
which is equivalent to (1.1).
O

Example. From the above theorem, it follows that for all & € (1, 2], the function ®,(z) = 2,

defined on I = [0, 00), satisfies the condition (1.1).



1.2. Properties of Eg |,

The condition (1.1) implies the following generalization of the formula (1.2).

Theorem 2 Let &: I — R be a differentiable, convex function, satisfying the condition (1.1).
Assume that X is an integrable random variable, such that E®(X) < co.

Eou(X)=  sup  {E(¥'(Y) - Q(EY))(X —Y)+ Eou(Y)}. (1.4)
Yeglz,ﬁg(”#%w

Before we proceed with the proof of the above theorem, let us state the following
Lemma 1 Let ¢: [x,x+¢) — R be a smooth convex function. Then

lim hy' h) = 0.
g el =0

Proof.  For every h € (0,¢) we have

o(x+2h) —p(x + h)
h

pr+h) — o)
h

>¢/(z+h) 2
or equivalently
o(x +2h) —@(x + h) > hp(x +h) > @z +h) — ¢(x).

The lemma thus follows by the continuouity of ¢.

Proof of Theorem 2. First we will prove that
Epu(X) > E(Q'(Y) — ®(EY))(X —Y) + Eg,u(Y). (1.5)

Assume temporarily that the values of X and Y are separated from the ends of the interval
I. By (1.1) the function ¢: [0,1] — R, defined as

o(t) = Eo u(X +t(Y — X))
is convex. Thus
Ep u(X) = ¢(0) > (1) = ¢'(1).
But
ot) = EP(X+tY -X)) - (Y —X)— & (EX +tE(YY — X)) -E(Y — X)
= E@ (X +t(Y — X)) - ®(EX +tE(YY — X)))(Y — X)
and thus
Eou(X) 2 E@(Y) - ®(EY))(X — Y) + Eau(Y). (1.6)

Let now ay,b, € int] be monotone sequences converging respectively to the left and right
end of I, with a; = b;. Define X,, = min(max(X,ay),by), Y, = min(max(Y,a,),b,). By
(1.6) we have

Eou(Xa) = E(®(Vi) — ®(EYi)(Xa — Yi) + Bo (V)



or equivalently
E(®(X,) — ®(Y) — (V) (X,, — Yi)) > —®'(EYR)E(X,, — Vi) — ®(EY}) + ®(EX,). (1.7)

Let us consider the left-hand side of (1.7). It is of the form EWU(X,,Yy) with ¥(z,y) =
®(x) — ®(y) — (r — y)®'(y). Note that by the convexity of ®, we have ¥ > 0. We will prove
that

lim lim E¥(X,,Y;) = E¥(X,Y), (1.8)

k— o0 n—00
provided that ¥(X,Y) is integrable. It will finish the proof of the desired inequality, since the
analogous limit of the right-hand side of (1.7) equals —®'(EY)E(X —Y) — ®(EY) + ®(EX)
and
EVY(X,Y) > —®(EY)E(X - Y) — ®(EY) + ®(EX)

is equivalent to (1.5) (in the case E¥(X,Y) = oo the above inequality is obvious). Let us
now notice that

Ly = B()- ()

0
@m(x,y) = —29"(y) +y®"(y),

so (since, by the convexity of @, the function @’ is nondecreasing and ®” is nonnegative) we
see that

e for any fixed = € I the function y — ¥(z,y) is decreasing for y < x and increasing for
y =,

e for any fixed y € I the function = — ¥(z,y) is decreasing for x < y and increasing for
T >y.

The first property implies that for every x, ¥(x,Yy) < ¥(z,a1) + ¥(z,Y). Indeed, consider
the case x > a;. 'Y < a then Yy = max(Y,ax) > Y, so U(z,Y) > ¥(x,Yy). If Y € (a1, )
then Yy = min(Y, b)) > a1, so ¥U(x,a1) > ¥(z,Yy). If Y > 2z then Y = min(Y,b;) <Y, so
U(z,Y) > ¥(x,Yy). The case x < a; is similar.

By analogy, from the second property of the function ¥ it follows that ¥(X,,,y) < ¥(a1,y)+
U (X,y) for every y € I. Thus, for fixed k, we have for every n

\I/<Xn7 Yk) < \Ij(alv Yk) + \Ij(Xv Yk) < \Ij(alv Yk) + \I/(Xa al) + \II<X7 Y)

Now, since Y} is separated from the boundary of I and ¥(X,Y),¥(X,a;) are integrable, by
the Lebesgue dominated convergence theorem we obtain that

lim BU(X,,Y:) = EU(X, V).

n—oo

But
U(X, V) <U(X,a1) +P(X,Y)

and (as by assumption E®(X) < oo) the right hand side is integrable, so again

lim E¥(X,Y;,) = E¥U(X,Y),

k—o00

which proves (1.5).



It remains to show that Fg , is indeed the supremum of expressions considered at the right
hand side of (1.5). It is obvious if the random variable X takes values in the interior of I,
since the supremum is then obtained for Y = X. In the general case we construct a sequence
Y,, of random variables such that

lim Eg,(Y,) = Ep,(X) and  lim E(®'(Y,) — ®'(EY,))(X — Y,) = 0.

n—oo

n—oo
Let a and b denote respectively the left and right end of the interval I. Define

1 1
Yo =X+ -1x—0r — —1ix—p-
T o lx=ay = S hx=n
Let us notice that in the case a = —oo (resp. b = oo0) we have {X = a} = () (resp.

{X = b} =0). The sequence Y,, converges uniformly to X and ®(Y},) converges uniformly to
®(X). Thus indeed lim, .o Fy ,(Y,) = Es ,(X). Moreover

B (Y,) - ¥ (EY,))(X —Y,) = & <a + i) - %Pr(X —a) 4+ <b _ i) . %Pr(X —b)
/(EY,)(EX — EY,)

and by Lemma 1 the right-hand side converges to 0 as n — oco.

O

Corollary 1 Let Q = Q1 x Q9 be a product space equipped with a product probability measure
= p1 ® ua. For every integrable X : Q — I with E®(X) < oo we have

E<1>7M2 (EM X) < Eul E’i’,/m (X)7

where Eg ,,,(X) denotes the value of the functional Eg ., at the function wy — X(wi,ws)
with the first coordinate fixed.

Proof. By Theorem 2 we have
E<I>7M2 (EMX) = sup {E((I)/(Y) - q)/(E,LLQY))(E/JlX - Y) + thm (Y)}

Y : Qo—intl
YELLED(Y)<oo

= sup  {E,E(/(Y) — O'(E,Y))(X =) + Ep (Y)
Y : Qo—intl
YeLl,E2<I>(Y)<oo

o s (B (P(Y) - (ERY))(X ~Y) + Bap(Y))
: —int
YeLl,IE2<I>(Y)<oo

= E, Eou,(X).

IN

O

The following theorem describes the basic property of functionals Eg ,, which we will call
the tensorization property.

Theorem 3 Consider a product probability space (2, 1), where Q = Q1 X Qg X ... X ), and
=1 @ p2 @ ... QR pp. Then for every function X in the domain of Eg , we have

n
Eou(X) < ZE B u,(X),
i=1

where Eg ,,;(X) denotes the value of the functional Eg ,, at the function X, considered as a
function of w;, with the other coordinates fixed.

10



Proof. We will proceed by the induction with respect to n. For n = 1 the theorem is
trivial. Assume it is true for some n and consider = 1 ® ... ® ppe1 and a random variable
X in the domain of Eg ,. We have by the induction assumption

n
IE‘ID(X) = Eﬂn+1EH1®~--®#nq)(X) < Eun+1 (é(Em@m@unX) + Em®...®un Z E<I>,m (X)> .
=1

Thus it is enough to show that

E P(E,0..0u,X) < PEX)+EEg,, X

Un+1

or equivalently
E¢)7Mn+1 (Em@---@unX) < Em@...@un E@,unﬂ X.

But this is true due to Corollary 1.

11






Chapter 2

Logarithmic Sobolev inequalities

2.1. Basic inequalities

Let us start this chapter with the following theorem

Theorem 4 Let X, ..., X, be independent random variables taking values in a measurable
space (X, F) and f: X" — R a measurable function (with respect to the product o-field).
Denote S = f(X1,...,Xn), S; = f(X1,..., Xi_1, Xi, Xig1, ..., Xp), where (X1,...,X,) and
(Xl, A Xn) are independent random vectors, equal in distribution. Let us also assume that
ESe® < co. Then the following inequality holds

n
Ent e¥ <E(e® > (S - S)}). (2.1)
i=1
Proof. Consider X, Y -i.i.d. real random variables. From Jensen’s inequality we have
logEe® > ElogeX = EX. (2.2)

Applying this inequality in the definition of entropy we immediately get

Ent ¥ = EeX(X —logEe™) (2.3)
< EeX(X —EX) (2.4)
= EeX(X-Y) (2.5)
1

= 5IE(eX —e) (X -Y). (2.6)

But for z,y € R we have
(= y)(e” —e¥) < (x —y)ie® + (y —x)te?, (2.7)

SO
1

Ent e¥ < 5ﬂ-z(eX(X ~Y) +e (Y - X)1) =Ee (X - V)2, (2.8)

which is exactly (2.1) in dimension 1. A direct use of Theorem 3 allows us to finish the proof.

O

13



2.1.1. Deviation inequalities

Theorem 4 can be applied to derive in an easy way concentration inequalities for a wide class
of random variables, via the so called Herbst argument. The main idea is to transform (2.1)
into a differential inequality for the Laplace transform of a random variable. To show how it
works in practice we will prove the following fact:

Lemma 2 (Herbst argument) Let S be a random wvariable, such that for every A > 0
Ee M < 0o. If ¢ € R is such that
Ente™ < N2 RN

for all A\ >0, then for allt > 0 we have

2

P(S—ES >t) <e f.

Proof.  Define F()\) = Ee* and 1 ()\) = log F()\). Notice that F(0) = 1, ¥(0) = 0 and
F'(\) = ESe*S. Thus, according to the assumption, we have

AF'(N) — F(\)1log F(\) < eA2F())

or, taking advantage of the fact that F(\) > 0

(X)) —
v,
that is ,
() s
We also have SO F0) ES
Jm T =V O =y =1~ B

and so

@Z}(;\) < ES + ¢,

for all A > 0, which can be reformulated as
log EerS—ES) < )2,

Now we can apply Markov inequality to obtain

EeMS—ES) 2
P(S—ES >t) < inf € < inf eV AL — e_ch.
x>0 et A>0

O

Corollary 2 Let S, S; be defined as in Theorem 4. Denote ¢ = || Y1 (S — S;)2 || Then

for every t > 0 we have
2

P(S—ES >1t) <e i, (2.9)

14



Proof. Denote Vi = > 7 (S — ;)% and assume that Vi is bounded (otherwise the
statement is obvious). Inequality (2.1) for a random variable AS (A > 0) may be rewritten
as

Ent e* < EN?V, e, (2.10)

which implies

Ent M < cN2EeS

The statement to be proven follows now from Lemma 2.

2.1.2. Bounded difference inequality

Corollary 2 allows us to derive (up to constants) the well-known bounded difference inequality
due to McDiarmid (cf. [17]).

Corollary 3 With the notation of Theorem 4, if there exist constants ¢; such that
|S—Sz’ <g¢ i=1,...,n,
then for allt >0

+2

P(|S —ES| > t) < 2e ‘Tiic,

Remark Actually the constant 4 in the exponent may be replaced by 1/2, as it may be
proved with the so-called martingale method (comp. [17]).

2.2. Discrete cube

The probability space we will consider in the following part is the discrete cube Q@ = {—1, +1}"
with the uniform probability measure. Our purpose is to obtain an improvement of Theorem
4 for this particular probability space. On the way we will also prove the Gross’ logarithmic
Sobolev inequality and use it to derive concentration inequalities for Gaussian measures.

Lemma 3 Forallz >y >0

2 2 _
x+y)2y m'
222 T

log(

Proof.  The function f(t) = log(#) —t+ 1 satisfies f(1) =0 and for all ¢

2 1—1t)2
P R el ) Y

!
)= s —1=—
T =115 1+ =

Thus f is nonincreasing and in consequence f(t) > 0 for t < 1. In particular f(y/x) > 0,
which means

x2+y2> Yy—

1
os( 222 x

15



Lemma 4 For every x,y € R

2% 4 y? 2

. (2.11)

22 log z? + y2logy? — (22 + y?) log(

Proof.  Without loss of generality we can assume that z >y > 0. For a fixed y let f(z),
g(x) denote respectively the left and the right hand side of (4) as a function of x. Since
f(y) = g(y) = 0, to prove (4) it is enough to show that f'(z) < ¢'(z) for all x > y. But

222
flx) = leog(m)
g(x) = 2(z—vy)

so the desired claim follows from Lemma 3.

Lemma 5 For every x >y > 0,

r—y
r+y

logx —logy > 2-

Proof.  Consider the function f(¢) = logt — 2%, t > 0. We have

1 4 t—1)>
f/(t)zf_ 2:( )2Z :
t (t+1) tt+1)
Moreover f(1) = 0. Thus for every ¢ > 1, f(t) > 0 and therefore
2(t—1)
t+1 -

logt >
Now it is enough to substitute ¢t = z/y.
O

Definition 1 For f: Q@ — R and z = (x1,...,xy,) € Q let us define the discrete gradient of
f in x along the i-th coordinate as

Dif(z) = f(z) — f(si(x)),
where $;(x) = (X1, .., Tim1, —Tiy Tigly -y Tn)-

Theorem 5 (Gross’ logarithmic Sobolev inequality) For every f: Q — R the follow-
g nequalities hold

(1)
1 n
Entf? < o Y EDiff?,
=1
(ii)
1 n
Ent e/ < 3 ZEef\DifIZ.

i=1

16



Proof. From the tensorization property of entropy, it is enough to prove the theorem for
n = 1, which corresponds to Q = {—1,+1}.
Denote f(1) =z, f(—1) =y. Then

2
xr° +
(

1
Entf? = Ef*(log * ~ Elog %) = 5 (2% loga? + y? logy — (2% + y?) log(—-)).

On the other hand
]E’-le|2 = ('I - y)2a
so the part (i) follows from Lemma 4.
To prove the second part of the theorem, let us denote g = ef /2. From part (i) we have
1 1
Ente/ = Entg? < iE‘DIQP = 5(6’”/2 —e¥/2)2, (2.12)
We can assume that = > y. From Lemma 5 we have

x/2_ey/2§46r/2+6y/2 r oy, _ 1 Jette¥

(*—*)Sﬁ' 5

€ 2 2 2

x—y).
Hence

le* +¢¥
8

which together with (2.12) proves the one-dimensional version of part (7).

1 1
§E’D19|2 < (z—y)? = §E€f|D1f\2,

0

Corollary 4 Let vy be the standard Gaussian measure on R? i.e. the measure with density
g(z) = We*(x%*“*“g)/? Then for every smooth enough (e.g. Lipschitz continuous)

function f: R? — R the following statements are satisfied

Ent., > < 2/d\Vf]2dfyd (2.13)
R
1

Entydef < 2/ el |V f12dvg. (2.14)

In consequence for every 1-Lipschitz function f and every t >0
Ya <{f > [ s +t}) <ot (2.15)
Rd

Proof. It is enough to prove the Corollary for C*° functions with compact support. Then,
using a standard approximation technique, one can extend it to some more general classes
of functions, e.g. for Lipschitz functions, which by the Rademacher Theorem are almost
everywhere differentiable .

Let us also notice that we can focus on the first inequality, since (2.14) follows easily from
(2.13) by substituting ef/2 as the "new” function f- Moreover, the tensorization property of
entropy allows us to restrict the proof to d = 1.

Consider a sequence of independent Rademacher variables (g;)5°; and random variables

e1+...+¢€n
NG

17



By the Central Limit Theorem lim, .o EntS;: = Ent,, f2 and limy, .o Ef/(SF252)2 =
E., (f))?. Theorem 5 implies that

9 1 — e1+...+¢n e1+...+¢en €; 2
st <23 (0 () ()

But each component of the sum at the right hand side is equal to 4n71f’(51+'$)2+0(n*3/2)
and thus taking the limits with n — oo yields exactly (2.13).

It remains to show the deviation inequality (2.15). But it is a direct consequence of the
inequality (2.14) and Lemma 2, since the Lipschitz condition guarantees that EeM < oo for
every A > 0.

O

Another consequence of Theorem 5 is a refinement of Theorem 4 in the special case of
Rademacher variables.

Corollary 5 Consider independent Rademacher variables e1,...,en,€1,...,En and a func-
tion f:{=1,+1}" — R. Denote S = f(e1,...,6n), Si = f(e1,...,€i—1,Ei,Eitly---En)-
Then

1 n

S S

Ent ¢ < SE(e 21:(5 —S)2). (2.16)
Proof.  Let us consider the crucial case n = 1. Denote f(—1) = a, f(1) = b and assume

that ¢ > b. From Theorem 5 we have

1 e® b
Entesgge ;e(a—b)zg e“(a—b)* =

e*(a—b)? = %E(s 528

o =
N
e

O

As an example of application of Corollary 5 we will consider Rademacher chaos of order 2,
i.e. a random variable defined as

n
S = sup E é‘ié‘jMi]’,
MeF ST

where F is a countable set of real symmetric matrices with zeros on the diagonal such that

n
sup sup Z M;j0;8; = K < oo, (2.17)
iz 2113l =1 %=1
where || - ||2 stands for the euclidean norm in R™. Let us define a random variable Y by
o\ 1/2

n n
Y = sup Z Zstij

mer i i

We are interested in obtaining an upper bound on P(S — ES > t) in terms of EY2. Using
Corollary 5 we will prove the following theorem, which was first obtained by M. Talagrand
in [23].
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Theorem 6 For allt >0

+2

P(S —ES > t) < ¢ Toev2siort, (2.18)

Proof. The proof will basically follow the arguments from [4] and Corollary 5 will just
allow us to slightly improve the constants.

Without loss of generality we can assume that F is finite, since when we take limits with
#F — o0, inequality (2.18) will be preserved. We will also assume that K = 1 (the whole
generality of the theorem may be obtained from this special case by applying it to the random
variable S/K).

For fixed €1, ...,¢e, let M be the element of F for which the supremum in the definition of S
is obtained. Then, since M is symmetric and M;; = 0, we have

n
S—Si<|2) Myej | (ei— &)
j=1
and thus

2 2

n
ZEQS S Z ZMZ']'EJ' Egi(é‘i—é‘l = Z ZMU‘C:J §8Y2.

Thus, from Corollary 5 we get
Ent ¥ < 4N\?EY2eM, (2.19)

But from Jensen’s inequality it follows that

S AS E Y2
E)\(Y2 — S)ﬁ = Elog (6)\(Y2_S)) © €
e

so EAY2e*S < Ent S 4 Ee* log Ee*Y”, which combined with (2.19) gives us

4
Ente?¥ < ﬁﬂie)‘s logEe’\Y2 (2.20)

for all A € [0,1/4).
It remains to find an upper bound on log Ee*Y”. Let us notice that

Y = sup sup ZZEJO@Mm—ZZ%O‘Z ij

MeF aeR"

for some M, «, depending on the sample ¢1,...,&,. Thus
n
Y- < (Z Mz‘jﬂz‘) (e — &)
i=1

hence

2
E:, (Y - Y;)? <2<ZMUOQ>
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and

But

2
sup Z (Z Mmal) <1

llaf|=1

by (2.17) and our assumption K = 1. So finally we have (since (a* — b?); < 2a(a — b)% for
all a,b > 0)

2 2
ZE% ~v?)? <4y ZEEJ Y —Y;)2 <8Y
j=1

and thus by Corollary 5
Ente’” < 4\?EY 2N

<@?6/§@ﬂu)

Since 1(0) = 0 and limy_,o4 @ = [EY?, integration of the above inequality yields

v
A

or denoting () = log Ee?Y

—EY? < 49p(N),

and thus

A
log BN’ < — 2 _Ry?
BECT =14

for all A € [0,1/4), which combined with (2.20) gives

4)\?

—— _—EY’E AS
a—anz -

Ente® <

Again if we denote ¥(\) = log Ee*¥, the last inequality reads as

<¢(A)>’ - ( 4EY?

) 1—4N2
Thus (since limy_, o+ Q =ES)
1 4RY? 4\
1 e EASES) _ _E / EY?
N OB < Toar® T 1o

or equivalently

4)\2
A(S-ES) EY?2
—1—4\

for A € [0,1/4). Now by Markov inequality for ¢ > 0 and A € [0,1/4)

log Ee

P(S —ES >t) < T2REY A,

Substituting A = (1 — /4 gives

\/(t/EYQ +1)
P(S—ES >t) < EY2h(]EY2)/4

)
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where

u2

2
h(u):(\/u+1—1)2: (\/m> > m

Thus for all ¢ > 0

+2

P(S—ES >t) < e 16EY2116t

2.3. Configuration functions and convex functions

So far we have been estimating the entropy of a function of independent random variables
X1,...,X, by expressions involving their independent copies. In some situations it is useful
not to introduce such independent variables but rather to drop some of the variables Xj,
that is to approximate the statistic by functions, which do not depend on all of the variables
X1,...,Xpn. The next theorem, due to S. Boucheron, G. Lugosi and P. Massart ([3]), will
constitute a good basis for such a method.

Theorem 7 Consider independent random variables X1, ..., X, with values in a measurable
space (X, F). Let f: X" — R and fi: X" ' = R (i =1,...,n) be measurable functions and
denote S = f(X1,...,X,), Si = f(X1,...,Xi_1, Xi41,...,X,). IfESeS < oo then

Bute < 3 B(6(S: — $)e),
=1

where ¢(x) =e* —x — 1.

Proof. Obviously we may consider X7, ..., X,, as coordinates on a product space (2, ),
Bw=p ® ... . Let us notice that if we fix the values of all of the variables X1,..., X,
except for X;, then S; becomes a constant. Moreover by Fubini theorem E#Z.Ses < 00 a.e.
(with respect to p1 @ ... ® pti—1 ® pit1 ® ... ® pn). Therefore we may use (1.3) with u = €%,
X = ¢° to obtain

Enty, e < B, (¢5(5 = 8;) — (¢ = ™)) = Bpye® (€575 — (8; = §) = 1) = E,,,%(S; — 9).

The theorem follows now immediately from the tensorization property of entropy.

2.3.1. Configuration functions

We will use Theorem 7 to obtain a result analogous to Theorem 4.3. in [17]. Before we
proceed, let us introduce a few definitions.

Definition 2 (The penalized Hamming distance) For a non-negative vector o = (aq, ..., ay),
define d: X" x X" — R with the formula

n
do(z,y) = Z aily, 2y,
i=1
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Definition 3 Consider a measurable space (3, F). A measurable function f: X" — RT will
be called a c-configuration function if for every x € X" there is a non-negative unit vector

a € R", such that
fy) = f(@) = Vef(z)da(z, y)
for ally € ¥".

Theorem 8 Let X1,...,X, be independent random variables with values in a Polish space
(X, F), where F is the Borel o-field on 3. Then for every c-configuration function f: X" —
R™, the random variable S = f(X1,...,X,) satisfies the following deviation inequality

2
P(S > ES + ) < e zemsTaer,

Remark Boucheron, Lugosi and Massart in [3] define configuration function in a different
way. They consider the so called hereditary properties, i.e. properties P, defined for sequences
of arbitrary length, such that whenever a sequence (x1,...,x,) has the property P, so do
its all subsequences. The length of the longest subsequence satisfying a hereditary property
P is then called a configuration function. It is easy to see that such functions satisfy the
definition of 1-configuration functions. Indeed, let P be a hereditary property. Fix a vector
x = (z1,...,2,) and consider a sequence of indices i; < ... < iy, such that (z;,,...,x;,,) is
one of the longest subsequences of = which satisfy the property P. Then f(z) = m and for
every vector y = (y1,...,Yn)

fly) z#Hkef{l,....om}: ay, =i, } = f(2) — #{k: iy, # vi,} = f2) — V [(@)da(z,y),
where o; = 1// f(x) if j = i), for some k and 0 otherwise.

Theorem 8 may be thus used to obtain concentration inequalities for instance for the length
of a longest increasing subsequence of an i.i.d sample. However the bounds provided by this
theorem in the case of hereditary properties may be improved as shown in [3].

To present another application of Theorem 8, arising in many situations in computer
science, let us consider independent random variables Xi,...,X,,,Y1,...,Y,, and define
the random variable L as the length of a longest common subsequence of (Xi,...,X,,) and
(Y1,...,Y,,). By an argument analogous to the one presented above for hereditary properties,
L is a 2-configuration function, hence by Theorem 8

2
P(L > EL +1t) < ¢~ L7,

Proof of Theorem 8. Let us fix zg € X" and notice that for every x € ™ we have for
some non-negative unit vector «

f(@) =ny/ef(x) < fz) — Vef(@)da(e, xo) < f(zo).

Thus sup,esm (f(2)? —ny/cf(z)) < 0o and in consequence ||S]|o < 00 and EASeM < oo for
every .
Define for i = 1,...,n the functions f;: ¥"~! — R* by

fi(xla sy Ti—15 L1y - - - >xn) = ;Ielgf(xla ey Tn—1,Y, Tntls- - - ,l’n)
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and set S; = fi(X1,...,Xi—1, Xit1,...,Xy). Theorem 7 gives us
Ente*® <Ee* " g(A(S; — 9)). (2.21)
i=1

But from the Taylor extension of the exponential function we have ¢(x) = efx2/2 for some &
between 0 and . Now from the monotonicity of e* we have

bla) < 5o (2.22)

for x <0.
On the other hand, by the definition of S;, we have S; < S and thus from (2.21) and (2.22)
we obtain for A > 0

A2 g
Ente* < ?EeAS z;(S - 8%
i
Now by the definition of configuration functions

f(xl)' . .,:Z'n) - fi('rh ey Li—1, Tj41,y - - 'an) S cf(x)aiv

fori =1,...,n, where « = (a1, ..., ay,) is a positive unit vector corresponding to (z1, ..., xy).
Therefore
(S —5;)? < cSa?

and in consequence
2

A
Ente < c?ESeAS.
In other words, we have obtained a differential inequality for F(\) = Ee*®, namely
)\2
AF'(A) — F(\) log F(\) < c?F'()\).

Let us define 9(\) = log F'(\) and rewrite the above inequality as

AN —v(A) _ e,

(@) < SU ).

Since limy o4+ ¥(A)/A = ES and ¢(0) = 0, we can integrate the last inequality and obtain

or

log F(\) — AES < )\g log F(\),

that is )
MS-ES) « _AC pg

log E
o8 e =2

for all A € [0,2/c). Now

2C
P(S>ES+1t) < inf eracls
A€[0,2/c)

The infimum is obtained for A = 2(1 — (¢/ES + 1)~/2) and equals e 2ESh(t/ES)/c where
h(u) = (Vu+1—1)? > u?/(4u + 4), which proves the theorem.

O
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Remark The formulation of Theorem 8 involves the notion of a Polish space. Let us stress
that the only reason for this is the potential problem with measurability of functions f; defined
in the proof of the theorem. In general the infimum of a family of measurable functions need
not be measurable, however in this case measurability (at least with respect to the completed
o-field) is guaranteed by Suslin Theorem. Of course in applications configuration functions
appear mainly in discrete mathematics, so measurability is not a real problem and Theorem
8 has been formulated in such an ”involved” way just for the sake of accuracy. It is also worth
mentioning that a version of this theorem (with slightly weaker constants) may be obtained
in a similar way from Theorem 4.

2.3.2. Deviation inequalities for convex functions

Corollary 6 Consider a convex, L-lipschitz function ¢: [0,1]" — R. Let X; (i =1,...,n)
be independent random variables with values in [0,1]. Denote S = ¢(X1,...,Xy).
Then for all t > 0 we have

P(S —ES >t) < e V'/2E7

Proof. Let us define, similarly as in the proof of Theorem 8, ¢;: [0,1]""! — R with the
formula

GilT1y oo T 1, T 1y e v ey Tpy) = eir[%)fl]go(xl,...,:c,-_l,y,a?iH, cey Tp)
y b

and denote S; = f(X4,...,X,). We will show that

n
1) (8 = Si)[lee < L*.
i=1
For fixed x = (x1,...,2,) € [0,1]", ¥y = (y1,...,yn) € [0,1]" let 2 be the point obtained
from z by replacing the i-th coordinate with y; € [0,1]. We will first find an upper bound for

n
M= (p(x) — (=)
i=1
Since for (n + 1)-tuples of points (x,z!,...,2") such that ¢(z) < ¢(z%) for all i, we have

M = 0, we can assume that
n

> (e(@) = pla')+ > 0.

i=1

_ i (@) —e(ah)sat
z = . = (21,..-,2n)

D (o(@) — o(ah)) +

From Jensen’s inequality it follows that

21 (e(@) — (@) +o(a’)

Let

@ — ), o) (2.23)
Moreover
Lo 2ol - p(a7)) i L (p(@) — (@) v
' Sica(p(@) — (@) Yo (@) — (@)™
, (p@) —e@)s
Tt S (o) — gy T
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Thus

2ici (p(r) = e(@)3 (s — 2i)* _ M
i i(p(@) — (@) 1)? = i (wele) — p(a?)4)?

Now from the Lipschitz property of ¢ we get

Iz — =||* =

(2.24)

VML
#2) 2 0(@) - S T o),

Putting together (2.23) and (2.24) we conclude that

D (o) — plah) yea’) =Y (o) — o) 1p(z) — VML
3 =1

or equivalently

=1
that is
M < L%

Let now #° € [0,1]"~! denote the vector, obtained from x by skipping its i-th coordinate.
The function ¢ is continuous, hence there exist numbers y; € [0,1] (i =1,...,n), such that
901(5:1) = QO(CCl, sy L1, Yiy L1y - - - 7xn)a

then

n

Z(‘P(fﬁ) —i(@))? = Z(W(if) —@(T1y - Ty Yiy Tig s - - -,xn))i < L%

i=1 =1

Now just like in the proof of Theorem 8 we have
AS A2 AS - 2
Ente™” < ?Ee 2(5— Si)%,
1=

for A > 0, so
)\2
Ente?® < ?LQEeAS,
which by Herbst argument (Lemma 2) implies the Corollary.
[l

Remark Above we have derived a bound only for the upper-tail of S = p(Xy,...,X,).
The same estimation for the lower-tail of a convex function (or equivalently upper-tail of
a concave function) has been obtained in [21] from logarithmic Sobolev inequalities derived
from transportation of measure approach. Moreover with use of some less general, tailored to
the situation logarithmic Sobolev inequalities, Corollary 6 may be generalized to separately
convex functions, i.e. functions which are convex with respect to every variable (compare

[13]).
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Concentration inequalities for convex functions of independent bounded random variables
appeared first in M. Talagrand’s paper [22] in the case of Rademacher random variables
and were generalized by the same author to arbitrary random variables in [24]. Talagrand
considers concentration around median which is however equivalent to concentration around
the mean in a sense that if a random variable concentrates around its median with the tail
Ke= for some K , ¢, then it concentrates around its mean with the tail of the form K’ et
where K’, ¢ depend only on K,c and vice versa. It can be easily seen, since in the case of
both types of concentration we have

IEX — M| < L,

with the constant L depending only on K,c (K’,c’). Indeed, if X concentrates around median
we have by Jensen’s inequality

(o] oo
IEX — M| < E|X — M| :/ P(|X — M| > t)dt g/ Koot gt
0 0

On the other hand we have
M —EX| <t

for any t such that P(|X —EX| > ¢) < 1/2 (and in the case of Gaussian concentration around
the mean, such ¢ can be defined by K’ and ¢’ alone).

Now, following [22], we can prove that the convexity assumption in Corollary 6 is important.
From the above remark it follows that it is enough to consider concentration around median.
Consider the discrete cube I"™ = {—1,1}" with the uniform probability measure and define

Ay ={z=(x1,...,2,) € I™: Zmz < 0}.
i=1

Now set
fu(y) = inf{||z —y||: x € A, }.

The functions f,, are of course 1-Lipschitz continuous and since uniform measure on I™ is the
product of n symmetric measures on {+1, —1} we can regard f,, as functions of n independent
Rademacher variables. Obviously P(f, < 0) =P(f, =0) > 1/2 and P(f, >0) =1,s00is a
median of f,,. However
(Cis1yi)+

Fuly) = 2 =112
so by the Central Limit Theorem we get that P(f, > ¢n'/4) > 1/4 for some constant ¢ and
every n, which shows that there cannot be a universal Gaussian bound on tail probabilities
for all 1-Lipschitz functions.

)

2.3.3. Random matrices

Concentration inequalities for convex functions may be used for instance to analyse deviation
from the mean for eigenvalues of random matrices. Namely, let X;; for 1 < i < 5 < n be
independent random variables such that |X;;| < 1 a.e. Denote X;; = X;; for i < j and
consider a random symmetric matrix A = (Xij)ijl‘ The spectral theorem asserts that all
eigenvalues of A are real, so we can consider a random variable A; (i = 1,...,n) defined as the
i-th largest eigenvalue of A (counting with multiplicities). We are interested in concentration
around mean for A;.
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The first obvious observation we have to make is that all symmetric matrices constitute a
n(n+1)

linear space of dimension %, which can be identified with R™ 2. To be able to use

concentration inequalities for convex functions we need the following lemma

n(n+1)

Lemma 6 For every k=1,...,n the function ¢o: R~ 2 — R given by

(A = M(A)+ ...+ \(4)
1S CONnver.

Proof. To show this lemma it is enough to prove the so-called Ky-Fan theorem, which
claims that

k
AM(A)+.. .+ (A) =sup {Z ol Az;: 1, ..., 2, — an orthonormal system in R”} . (2.25)

i=1

Indeed, the expression Zle xl Az; defines a linear function of A, hence having (2.25), we
can claim (A) to be convex as a pointwise supremum of linear functions. In the case of
k = 1, equality (2.25) is a basic theorem of linear algebra or functional analysis, which we
will assume to be known. On the other hand, the case of k = n reduces (2.25) to the theorem
about preserving the trace of a matrix under a change of basis transformation.

We will now prove (2.25). It is quite obvious that the right-hand side of (2.25) is greater than
the left-hand side, since we can diagonalize A with a unitary isomorphism of R™ and pick up
k orthonormal eigenvectors x1,...,r; corresponding to k greatest eigenvalues. Then

k
D af Awp = M(A) + ...+ M(A).
i=1

Since a unitary change of basis preserves orthogonality, we can assume that A is diagonal.
Now we will proceed in several steps. First of all let us introduce matrices I;, defined as
diagonal matrices (“ij)ijl with a;; = 1 for i <[ and a;; = 0 for i > [. It is quite obvious
that I; satisfies (2.25). To every orthonormal system xj, ..., 2} in R” we can add some
vectors Tpi1, ..., T in such a way that zq, ..., z, form an orthonormal basis of R™. As I
is positively definite, we get

k n
Zl‘?]l.ﬁi < Zx?lmi = trIl =1. (2.26)
1=1 =1

Moreover it is clear that :ziTIla:Z- <1, so

k
> 2Lz <k (2.27)
=1
Inequalities (2.26) and (2.27) give us
k
> al Lz <min(k, 1) = (D) + ... + A(D),
i=1

which proves (2.25) for A = I;.
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A diagonal matrix A can be written as

A= ()\1 — )\2)]1 + ()\2 — /\3)[2 + ...+ ()\n—l — /\n)In—l + A1y
Now
k n—1
ZJUZTA% < Z (min(l, k)(A; — A1) + min(n, k)N = M+ ...+ Ag.
=1 =1

Equality (2.25) and therefore also Lemma 6 have thus been proved.

We are now in position to derive deviation inequalities for A;.

Theorem 9 For allt >0

2

P(|A\ —EXN| >t) <2e 7,
whereas for k=2,...,n and t > 0 we have

2
t +2

P(|\x — EXg| > t) < de 4VAVED2 < de” T6k,

Proof.
Denote ¢ (A) = Zle Ai(A). We have already proved that ¢y are convex. It remains to show
that they are Lipschitz functions of A with respect to the Hilbert-Schmidt norm, defined as

[|Al[Hs = z": a? = zn:)\i(A)Z.
i—1

1,j=1

Consider two symmetric matrices A and B. Let z1,...,z; be an orthonormal system of
vectors, such that Ax; = A\;z;. We have

k
or(A) = ZZ‘ZTsz
i=1

k
or(B) > Y xf B,
=1

hence
- T Ei’il Ai(A — B)?
on(A) = pr(B) <Y _af (A= B)zi < pr(A - B) < k[ &= < Vk||A - Bl|us-
i=1
By analogy
pr(B) — pr(A) < V- ||A = Bl|us,
so ¢r(A) are indeed Lipschitz continuous with respect to || - ||gg, with Lipschitz constant
equal to Vk.
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n(n+1)
2

We identify the space of all symmetric matrices with R . Although the Hilbert-Schmidt
norm of a symmetric matrix is not exactly the same as the euclidean norm (||A[| = 3_,; a?j)
of its image under the natural isomorphism between the two spaces, they satisfy

I|Allgs < V2. | Al

S0 g is Vv 2k-Lipschitz continuous with respect to the euclidean norm.
Now we can take use of concentration inequalities for convex Lipschitz continuous functions
and write for any ¢t > 0

2
P(|or(A) — Egp(A)| > t) < 2.
For k =1 the above inequality gives us concentration of A1, but for other values of k we still

have to do some computations. Namely, since \x, = ¢ — pr_1, we have for any 0 € [0, 1]

(1-0)2¢2

2,2
P(p\k—E)\k‘ > t) < P(|(pk—E(Pk’ > 9t)+P(|(pk_1—E(pk_1| > (1—9t)) < 26_947/i +2€_ 4(k=1)
To finish the proof it is now enough to substitute § = vVk/(VEk + vk — 1).

O

Remark For comparison purposes let us mention the Gaussian counterpart of the above
theorem, which asserts that if H is a random symmetric matrix with Gaussian entries X,
such that VarX;; <1 then

P(|As — EXy| > ) < 2¢7°/4,

This statement follows easily from the obvious fact that Ay is 1-Lipschitz continuous with
respect to the Hilbert-Schmidt norm and Gaussian concentration inequality for Lipschitz
functions (Corollary 2.15).

2.3.4. Rademacher averages

Another application of tail estimates for convex functions may be found in the area of prob-
ability in Banach spaces.

Corollary 7 Let (x;)!" be a sequence of vectors from a Banach space E. Define
n
o? = sup{z z*(z;)?: ¥ € EX, ||lz¥]| < 1}
i=1
Let S be a random variable defined by

n
S=1> el
i=1
where (€;)1'_, is a sequence of independent Rademacher variables. Then

P(S —ES > t) < e /8"

for allt > 0.
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Proof.  Obviously, the function ¢: R™ — R defined with the formula
n
Pt tn) = (1) timi|
i=1
is convex. Thus to prove the Corollary it is enough to find its Lipschitz constant. We have
n
(1, - tn) = (51, -osn)| < (1Y (8 — si)il.
i=1

By the Hahn-Banach Theorem || > 7" ; (t; — si)xil| = 2* (O (t; — si)x;) for some 2* € E*,
||lz*|| = 1. Hence, by the Cauchy-Schwarz inequality

n

n
lo(tr, - stn) — @(s1,.. ., 80)] < Z(ti —5)? Zﬂ?*(l’z‘)Q <o-
=1

i=1

and thus ¢ is o-Lipschitz.

It is worth mentioning that Corollary 7 implies the following Khintchin-Kahane type inequal-
ity

Corollary 8 There exists a universal constant K such that for any Banach space E, x1,...,T, €
E and allp > 1

n n
1Y ewilly < 1) ciill + Kop'/?,
=1 =1

with o = (sup{3Ji_; a*(z:): a* € B*, [|a*|| 1INV <[ 1L siill2.

Proof.  Using the notation from Corollary 7, we have

0<S<ESH(S—-ES),,

hence
I1Sllp < |[ES + (S —ES)+|lp
< ES+[|(S—ES).l,
[o¢]
= IES+(/ ptPIP(S — ES > t)dt)'/P
0
<

ES + (/OoptpletQ/Sont)l/p
0
< ES+ Kop'/2.

Let us notice that to prove the Corollary it was enough to use the bound on the upper tail
of S.

O
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Chapter 3

Moments estimates

In this chapter we present another method of deriving tail inequalities for random variables.
Roughly speaking, it relies on estimates of all the (integer) moments of a random variable,
which in some cases together with the Chebyshev inequality can yield exponential concentra-
tion. In the first section we explain the method on relatively easy examples of sub-Gaussian
random variables, in the second we present a powerful general moment inequality, discovered
recently by S. Boucheron, O.Bosquet, G. Lugosi and P. Massart (comp. [2]) and apply it
to some special random variables. What is especially interesting from our point of view,
is the fact that at the core of the proof of the aforementioned general inequality there are
tensorization properties of some entropy functionals.

3.1. Random variables with sub-Gaussian tails
Theorem 10 Let Xq,..., X, be independent mean zero random variables, such that for all i
P(|X;| > t) < Ke ©/1

for allt > 0. Then the random variable S =Y ;" | X; satisfies

+2

P(|S —ES| > t) < e?e “kEi i
for allt >0, with Cx = 2e(D + \/m), where D is a universal constant.
Before we proceed with the proof of Theorem 10, we need three easy lemmas.
Lemma 7 Let Xy,...,X,, be independent mean zero random variables and €1,...,€, a se-

quence of independent Rademacher variables, independent of X1,...,X,. Then for every
p > 0 we have

E’ iXﬁp < 2pE| ié‘iXi‘p.
i=1 i=1

Proof. Let the random vector (X;,...,X,) be an independent copy of (X1,...,X,).
Then

n n n n
EY XilP =E|) (X —EX)PP =E|) (X; —EX,)P <E| > (X; — X)),
i=1 =1 =1 =1

31



where the last inequality follows from the Jensen inequality applied to the function ¢ +—
|t|P and the expectation with respect to (X;) ;. Notice now that for every fixed sequence
€1,...,En, the random variable Y ; &;(X; — X;) has the same distribution. Hence

n n n n = |P
~ 2y X, — 25! X
E Y XiP < E[Y e(Xi—-X)P<E Doic1 €Ki — 23 giXi

, . 2
i=1 i=1
n n v n
< gPrm el R 6l gy,
i=1
O
Lemma 8 Letp: R — R be a convex function, €1, . .., &, a sequence of independent Rademacher
variables and ay,...,an, b1,...,b, two sequences of nonnegative real numbers, such that for

every ¢ a; < b;. Then

n n
]E(,D(Z aisi) S E@(Z Elbl)
=1 i=1

Proof. It is enough to prove the monotonicity of function f(t) = Ep(a + te1), for every
choice of the parameter a. By the convexity assumption we have for 0 < s <t

platt) —plats)  wla—s)—pla—t)
t—s - t—s

)

or equivalently

(pla+t)+pla—1t) = ().

N

£(5) = 5(ela+5)+ pla—s)) <
U

Lemma 9 Let Xq,...,X,,, Yi,...,Y, be independent, symmetric random wvariables, such
that for alli=1,...,n and t > 0, we have P(|X;| > t) < P(|Y;| > t). Then for allp >1

n n
S X <ES Y.
=1 =1

Proof. Let €1,...,e, be a sequence of independent Rademacher variables, independent
of (X;), and (Y;)!"_,. Let us notice that by symmetry X; (Y;) has the same distribution as
gi|Xi| (g5]Y;]). Since we may consider |X;| and |Y;| as defined on Q; = (0, 1) as the ’inverse’
of their distribution functions, without loss of generality, we can assume that for = 1,...,n
|.X;| < 1Y;| a.e. Thus

n n n n
Bl Xl =ExyEc|) elXillP <ExyE| ) alVilP =E| ) YiP,
i=1 i=1 i=1 i=1
where the inequality follows from Lemma 8.

0

Lemma 10 Let v be a Gaussian random variable with the density g(t) = \/%e*tz/z. Then
for every t > 0, we have

—e ™ <P(h] > 1), (3.1)

N
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Proof.  For every s,t € R we have (s —t)? > % — 2. Therefore

ﬁ - /OO 6_(S_t)2ds < /Oo €t2€_82/2d5,
2 t t

which is equivalent to (3.1).

Proof of Theorem 10. Let v be a standard Gaussian random variable. Define C' =
_(i+LiC)2 t2

Viog K +1og+/2. Then for t > 0, P(|X;| — L;C > t) < Ke % < Ke ¢ % <
P(|Liy| > t), where the last inequality follows from Lemma 10. Thus for ¢ > 0
P((1Xi] = LiC)+ = t) < P(|Lin| = 1)

Now we have for p > 1

n n n
1D Xilly < 201D esXally =211 D el Xal Il (3.2)
i=1 1=1 1=1

n n n
= 2| D allXi| - LiO)y + el Xillyx,<r.0y + O sCL (x> 1.0 |l

i=1 i=1 =1
n n
< 21D alIXil = O)illp + 11D el Xillyxy<ricy + LiClyx,sric) |lp).
=1 i=1

Let now 71, ..., 7, beii.d. random variables, distributed identically as . We have || " | Livil|p <

D\/p\/> 0 L? for some universal constant D. We may thus use Lemma 9 to bound the first

summand and the Khintchine inequality (conditionally to (X;)!" ;) to bound the other terms
at the right-hand side of (3.2). In consequence we obtain

n
Ck
1> Xilly < == (3.3)
i=1
for all p > 2. Let now ¢ be an arbitrary nonnegative number. Define p = e Tf P> 2,

Ch i Ly
the Chebyshev inequality yields

=e P,

n n |p P op/2(N [ 2\p/2
(&
=1

On the other hand, if p < 2, then P(| Y7 ; X;| > t) < e?e™P, which proves the Theorem.
O
Let us now introduce another lemma, which, together with Theorem 10 will allow us to derive

a more general theorem, which may be considered a ’sub-Gaussian’ version of the bounded
differences inequality.
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Lemma 11 Let ¢: R — R be a convex function and S = f(X1,...,X,), where Xq,..., Xy
are indez)endentﬂmdom variables. Denote as usual S; = f(X1,..., Xi—1, Xi, Xig1, .-, Xn),
where (X1,...,X,) is an independent copy of (X1,...,Xy) and assume that

|S - SZ‘ § FZ(XZ,XZ), 1 = 1,. ..,

Then .
Eo(S —ES) <Ep() _eiFi(X;, X)), (3-4)

i=1
where €1,...,ey 15 a sequence of independent Rademacher variables, independent of (X;)7,

and (X;);.
Proof.  We will use induction with respect to n. For n = 0 the statement is obvious, since

both the left-hand and the right-hand side of (3.4) equal ¢(0). Let us therefore assume that
the Theorem is true for n — 1. Then

Eo(S—ES) = Ep(S—Eg Sp+Ex,S—ES)
< Ep(S - Sn +Ex, S —ES) =Ep(S, — S +Ex,S — ES)
= Eg(ea|S — Su| + Ex, S — ES)
< Eo(enFn(Xn, Xn) +Ex, S —ES),

with the last inequality following from Lemma 8. Now, denoting Z = Ex, S, Z; = Ex,, S, we
have fori=1,...,n—1

\Z — Zi| = |Ex, S — Ex, Si| < Ex, |S — Si| < Fi(Xi, X,),

and thus for fixed X,.X, and £,, we can apply the induction assumption to the function
t— @(enF(Xn, Xp) +t) instead of ¢ and Ex, in the place of S, to obtain

Ep(S —ES) < Eg (zn: Fi(X;, f(i)sl) .

i=1
u

Remark Let us notice that we can now provide an alternate proof of the bounded differences
inequality. Indeed if |S —S;| < ¢; fori = 1,...,n, then, using the above lemma for ¢(t) = |t|P
we get for p > 2

E[S —ESP <E| > cieif? < p/?
=1

Thus, similarly as in the proof of Theorem 10, we obtain

2t2
p)

P(|S —ES| > t) < e’e <=l

which is (up to constants) the bounded difference inequality.

Theorem 11 In the setting of Lemma 11, assume that fori=1,...,n and allt > 0 we have
P(Fy(X;, X;) > t) < Ke P2,

Then for allt > 0

412

P(|S — ES| > t) < e®e CkZiil?,
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Proof. By Lemma 11 we have for p > 2
E|S — ES|P < E| ZEZ (Xi, Xi)[P.
=1

But F(X, XZ) are independent random variables and exactly as in the proof of Theorem 10
(inequalities (3.2) and (3.3)), we conclude that
p/2

E|Zsl (X5, X5)|

Consider now ¢t > 0 and define p = 024% If p > 2, then
KZ’L 1™
_ P CPpp/2(S™N  [2)p/2
P(’S—ES‘ Zt) < E‘S ES’ < Kpp (Zz:l z) :e—p7
tp P PP

whereas if p < 2, we have P(|S — ES| > t) < e?e7P.

Actually the following version of the above theorem is more useful in the applications

Theorem 12 In the setting of Lemma 11, assume that fori=1,...,n

Fi(Xi, Xi) < Gi(Xy) +Gi(Xy)
P(G(X;) >t) < Ke ©/H.

for allt > 0. Then for allt > 0, we have
t2

P(|S —ES| > t) < e’e Kk Zinii7,

Proof. By Lemma 11 and Lemma 8, we have

1S —ES|, < || eiF (X, X)llp < 1D e G(Xi) + G Hp<2HZ€z i)llp-
=1 =1

Thus for p > 2

C
1S ~ES|l, < —v/p

>

i=1

which implies the Theorem.

The following Corollary generalizes Theorem 10.

Corollary 9 Let Xi,...,X, be a sequence of independent random variables with values in
a measurable space (X, F) and T be a countable family of real measurable functions on X.
Assume that for all f € T

fI<F
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for some F': ¥ — R, satisfying
P(F(X;) > t) < Ke /1
fori=1,...,n. Let now S be the random variable defined with the formula
S=sup ) f(X3).
Then, for allt >0

+2

P(|S —ES| > t) < e®e “kEiali,
Proof. It is enough to check the assumption of Theorem 12. We have

§—8; < ]S}El}}(f(Xi) — f(X3)) < F(X3) + F(X)),

which by symmetry yields .
|S = Si| < F(X;) + F(X).

3.2. General moment inequalities

Now we are going to show how the moment method can be linked with the entropy method.
We will first state and prove a general moment inequality from ([2]), and then apply it to
obtain some tail and moment estimates for U-statistics in Banach spaces.

Theorem 13 Let X1, ..., X,, be independent random variables taking values in a measur-
able space (X, F) and f: X" — R a measurable function (with respect to the product o-field).
Denote S = f(X1,...,Xn), Si = f(X1,..., Xi_1, Xi, Xig1, ..., Xp), where (X1,...,X,) and
(X1,...,X,) are independent random vectors, equal in distribution. DefineV = Zf\; Eg (S—
S;)2. Then for allpe N, p>2

/2
E(S — ES)} < 2°/2kP/? <1 - 1>p pPIPRVPI2 < P2k PI2RYP/2,
p

w3 (-03)7)

k= lim Kk, = ve

o T (e — 1)

To prove the above Theorem we shall follow the arguments from [2]. First we need to
examine some properties of the functional E,(X) = EX* — (EX)?, for a € (1,2]. Recall
from Chapter 1, that E satisfies the convexity condition (1.1).

where

and

Lemma 12 Let X be a nonnegative, integrable random variable and Y an independent copy
of X. Then

F(X)<E(X -Y) (X1 —yoly,
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1

Proof.  From the concavity of the function x — x“~*, we have

Eo(X)

EX® — (EX)"

EX® — (EX)(EY)*!
EX® — (EX)EY®~!
EX (X1 —yol

IA I

= %E(X —Y)(xet—y*h
= EX -Y) (xo ! —yeh,

O

Lemma 13 In the setting of Theorem 13, let p > 2 and let « satisfy p/2 < a < p—1. Let
us assume that E(S —ES).. < co. Then

E(S — ES)!. < (E(S —ES)2)P* + a(p — a)EV(S — ES)7 2.
Proof.  The statement of the lemma can be expressed in terms of E,/, (p/a € (1,2]) as

E

bia((S —ES)T) < alp — )EV(S — ES)7 . (3.5)

Thus, to prove the lemma, it is enough to show, that for every number m € R, such that
E(S —m)E < oo, we have

Epjo(F(5)) < alp — )EV(S — m)i (3.6)

where F(s) = (s —m)9 (since (3.5) follows from (3.6) by substituting m = ES). Now, by the
tensorization property of F (Theorem 3) we can restrict our attention to the case n = 1. We
have thus V = Ey (S — Y)i where Y is an independent copy of S. Since F' is non-decreasing,
by Lemma 12, we have

E(F(S) = F(Y)) gy  (F(S)/o~ = F(y)P/e)
= E(F(S) = FOY)szyy((S —m)i" = (Y = m)i™®). (3.7)

Ep/a(F(S))

IN

But both F' and the function  — (x —m) " are convex and non-decreasing, and thus for
x > y we have

0 < Flo) - Fly) < (@ - yale —m)3
0 < @—mE = (y-—mE*<(@-yp-a)e-—mi

hence
(F(S) = FY) sy ((S = m)E " = (Y =m)i7%) < alp — a)(S = YV)3(S —m)! 2,

which together with (3.7) proves the 1-dimensional version of (3.6).
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Proof of Theorem 13. The proof will consist of two parts. The first part will constitute
the Theorem for random variables S, such that E(S —ES)" < co. We will use the induction
with respect to p. We have ko = 1, so for p = 2 the statement of the Theorem is

E(S —ES)} <2E) (S - S)3.
=1

But E(S — ES)2 <ES? — (ES)?, so it is enough to prove

VarS <2E) (S - S)%
i=1

and due to the tensorization property of the variance, we can restrict to n = 1. Let thus
X,Y beii.d. random variables. Then

VarX = E(X —EY)? <E(X - Y)? =2E(X - Y)2.

Let us now proceed with the induction step. By Holder’s inequality, for non-negative random
variables Y, we have

EY (S —ES)L 2 <[V [|,2ll(S —ES) |5~

Now, by Lemma 13, applied with a = p — 1, we obtain
_p
E(S —ES)} < (E(S—ES)T)" + (0= DIVIlppll(S —ES)4 1572

If we denote ¢, = 2[|V||,/2(1 —1/p) and z, = (E(S — ES)E ) (prpcy) /2, the above inequality
translates as

o 1

xppp/ch/%g/Q < l‘g/,(fil)(p — 1)p/20§/,21/£p/ 1+ Ele,_Z/ppp/2c§/2/<£/2_l.

p—
But xp—1 < Kp, ¢p—1 < ¢, and by the induction assumption x,_1 < 1, so this inequality yields
1\"? 1
xp, < [1-—- — gl
" ( p) " 2kp P
Consider now the function f,, defined on R, as
1?2 1
x)=[(1-- — g7 g
o =(1-3)" 50

Since f, is decreasing, f, is strictly concave. Moreover, f,(0) > 0 and f,(1) = 0, so for z > 1
we have fyp(z) < 0. Thus fy(zp) > 0 implies z, < 1.

What still remains to be done is to prove the Theorem for S, such that E(S—ES)" = co. We
want to show that then also EVP/2 = co. To prove it we will once again use the induction,
this time with respect to the number of coordinates n. Let n = 1 and Y be an independent
copy of S. By Jensen’s inequality we have

E(S — ES)?. = E(S —EY)?. <E(Ey(S —Y)2)P/? = EVP/?
which proves the Theorem in the case n = 1. For n > 1, let us notice that

1S —ES)+lly < 11(5 — Ex, )4l + || Ex, S —ES) ||
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since for z,y € R, we have (z+y)4 < z4+y4. Thusif E(S—ES); = oo, then E(S—Ex, )% =
oo or E(Ex, S — ES)% = co. But we have

E(S - Ex,S)% =E(S —Eg Su)f <E(Eg (S— 8,32 <EVP/2

so in the first case the Theorem is satisfied. On the other hand

n—1 n—1 n—1
E() Eg (Ex,S—Ex,5)1)"? <E(Y_ Ex,E (S-5)3)"? <E(D_Eg (S-S)3)"* <EVP/
=1 =1 =1

If E(Ex, S — ES)} = oo, then (by the induction assumption) the left hand side of the above
inequality is also infinite and so is EV?/2, which proves the Theorem.

O

3.2.1. Application to U-statistics

Let now B be a separable Banach space, such that B* is separable. Let Xy,..., Xy,
Yi,..., Yy be independent random variables, with values in a Polish space ¥ and h: ¥ x ¥ —
B be a measurable function. Assume that Ex,h(X;,Y;) = 0 and Ey,h(X;,Y;) = 0 a.e. and
define

N
Z =Y X, Y5l

ij=1
We will need some additional facts, that will be stated without proofs.

Fact 1 (Theorem 11 in [2]) Let X,...,X,, be a sequence of independent random variables
with values in a measurable space (X, F) and T be a countable family of nonnegative mea-
surable functions on X. Let S = supser > iy f(Xi). Then there exists a universal constant
K, such that for p=2,3,... we have

ES? < KP((ES)? + pPE max sup f(X;)P).
i<1<n g1

Fact 2 (Proposition 3.1. in [9]) Let Xi,...,X,, be a sequence of independent random vari-
ables with values in a measurable space (X,F) and T be a countable family of measurable
functions on X. Assume furthermore that for each f € T we have Ef(X;) = 0 for all i.
Consider the random variable

S=sup|>_ f(Xi)|-

FeT o

Define now

o? = sup ZEf(XZ)Q

FeT =1

Then there exists a universal constant K such that

ESP < KP((ES)? + pP/?0” + p’E max sup | f(X;)[P).
1<i<n feT

forp=23, ...
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Let us stress here that both of the above facts can be proved using Theorem 13. We refer to
[2] for details. The latter Fact was first proved in [9] for all p > 2, non necessarily natural,
from the upper tail bound for the random variable S.

Corollary 10 Let Xq,...,X, be independent centered random wvariables with values in a
Banach space B, such that B* is separable. Then there exists a universal constant K, such
that for all p > 2 we have the following estimate

E|lY XllP < KP(E| Y Xl )P + ZEHX I p/2+ppEZHX 117)-
=1 i=1

7=1

Proof.  The proof involves just expressing the norm || - || as sup,(v,- ) over a countable
set of elements v € B* and applying Fact 2.

0

The next theorem is an improvement of classical Rosenthal inequalities, due to R. Latala

([111,[9])

Fact 3 (Inequality R1 in [9]) Let Xi,..., X, be independent, nonnegative random vari-
ables. Then for all p > 1

ZX P < (2€)P max< ZEXf,ep(zn:EXi)p) :
i=1

=1

Fact 4 (Inequality (2.6) in [9]) Let Xi,...,X,, be independent nonnegative random vari-
ables. Then for allp >1 and o > 0

n n
po‘pZEXf’ < 2(1+ p®) max ( “PE max X7, IEXZ-)p> .

. 1<i<n
=1

We will also use the following technical lemma

Lemma 14 Let B be a Banach space such that B* is separable. Let % be a Polish space,
equipped with a Borel probability measure. Then there exists a countable set T of functions
g: ¥ — B* with E||g||? < 1, such that

(B[ £1*)? = sup E(g, f)
geT

for every measurable function f: ¥ — B, such that E||f||*> = 1

Proof. For every vector v € B let I'(v) = {w € B*: (w,v) = ||v||,||w|| = 1}. By the
Hahn-Banach Theorem I'(v) # 0 for every v. Moreover I'(v) is closed in B* and hence
complete in the metric induced from B*. We would like to choose a measurable function
g: B — B* such that for every v € B, g(v) € I'(v) (i.e. g is a measurable selection of I'). For
this purpose we will use the following theorem, which can be found in ([5]), p. 65.
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Fact 5 Let X be separable metric space, (T, F) a measurable space, I’ a multifunction from T
to the collection of complete, nonempty subsets of X. If for each open set U C X, T~ (U) =
{t:T)NU #0} € F, then T’ admits a measurable selection.

For an open set U C B*, let us consider the set T™1(U) = {v € B: T(v) N U # 0}. Since
I'Y(UU;) = UI'"Y(U;) and every open subset of B* is a countable union of open balls,
to check the assumption of the above fact, it is enough to prove the Borel measurability of
I~1(U) in the case when U is an open ball. Let thus w,r denote respectively the centre and
the radius of U.

Let A = {wy,ws, ...} be a countable set, dense in the unit sphere of B*. If v € T~1(U), then
there exists we € U, with ||ws|| = 1, (w,v) = ||v||. Thus for some ¢ > 0, there exists a
sequence wy, € A, ||w, — w|| < r — g, such that lim,_,« (wy, v) = ||v]].

On the other hand, if there exists such a sequence, then there exists a subsequence wy, ,
converging to some Wy, in the s-weak topology. Then (we,v) = ||v|] and ||w — weo|| < 7 —¢,
l|w|| =1, 80 we € U and v € T~Y(U). Thus

rtom=U N U {v: [(u, ) = [[olll < P}

e€QT peQt ueA,||lu—wl||<r—e

Since {v: [{(u,v) — ||v||| < p} is closed in B, we conclude that I "*(U) is Borel measurable.
We have thus proved that there exists a measurable function §: B — B*, such that ||v|| =
(g(x),v) and ||g(v)|| = 1 for all v € B. Thus, for every f € L*(Z, B) there exists g €
L?(%, B*), such that ||f(2)|| = (g(x), f(z)) and ||g(z)|| = 1 for all z € X.

Now we are ready to construct the set 7. Let B = {wi,wy, ...} be a countable set, dense in
B*. Every function from L?(X, B*) can be approximated in this space by bounded functions
and such functions can be approximated by B-valued step functions i.e. functions of the form

h(z) = wila, (),
=1

where A; are Borel subsets of . Now, since every Borel measure on a Polish space is regular,
we can approximate such step functions by B-valued step functions such that every set A; is
a finite sum of open sets from a countable basis. All such functions constitute a countable
set, which we will denote by S.
Recall, that for fixed f € L%(%, B), we denote by g a function from L?(X, B*), such that
1f(@)Il = (9(x), f(x)) and [|g(x)|| = 1 for all z € £. Define h = g||f||/(E||f][*)!/*. We have
E[* = 1,
E(h,f) = (B[fI})Y>.
Consider a sequence §,, € S, such that g, — h in L?(X, B*). Then
[EGn, £) = EIFIP)?] < ELGn = hy )] E([G = bl - [1F1]) < Ellga = BID2E] £

The expression at the right-hand side converges to 0 as n — 0o, so we get

Lim (Gn, f) = (E[ISI)2.
Moreover (E[|A||*)"/? — (E[[h — gal|*)'/? < (E||ga][*)/? < (EIR|[*)'2 + (El|h = gal[*)'/?, s0
limy, o0 E||gn||? = 1. Define g, = §n/(E||Gn|[*)*/2. We have

(5, El| £112)1/2
Jim Blan f) = Jim el - G ey
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On the other hand, for every g € L*(3, B*), with E||g||? < 1, we have E{g, f) < E||f||||g]| <
(EI£1*)'2, s0

(EIIfI*)'? = sup{E( 7301109 €S}

9
(Ellgl1?)
Since the set 7 = {g/(E||g|[*)"/?: g € S} is countable and for all h € T we have E||h||? =
the lemma has been proved.

0

We will now use the moment method to find a bound for the upper tail of Z, following the
idea from [11]. For convenience and consistency with the previous part we will use sometimes
the notation Xy, = Y;. Let 7 be a countable set dense in the unit ball of B*. By the
Hahn-Banach theorem we have

Z = sup(v Zh i Y5)

veT ig—1

Let us now fix a sample (X,)?ivl and consider a sequence v, € 7, such that

nh_)ngo vn,Zh i»Y5) =Z.
i,j=1

Pointwise, we have

N
Y (Z-z)3 Zr}grolo vn,ZhXZ,Y] Zr)2
k=1

1,7=1

and by the Lebesgue dominated convergence theorem

N N N
Ex Y (2 2% = lm Eg Y ((n, 3 h(X0Y)) — 207
k=1 k=1 ij=1
But for each n
N n N N .
Y Ex((on, > MXLY)) = Z0)3 <Y Eg((on, Y (X, Y)) — h(X), Y7)))
= i,j=1 k=1 j=1
N N N N
= > (0n, > (Xe Y)Y+ Y Ex(ua, Y h(Xy, Y)))?
k=1 j=1 k=1 j=1
N N N
< Supz UaZh Xk, Y, ] + SupZEX@}th(kaYYj))Q
UET =1 veT =1 j=1

with the equality following from the assumption Exh = 0 a.e. After handling the case of
k > N in an analogous way we finally obtain

2N N
Y Eg(Z- 27 < supz Zh 0 Y5) —i—supZEX D O h(X:,Y))? (3.8)
k=1 j=1

veT veT
N N
+ supz v, Y h(X;,Y))) —i—supZ]Ey > (X, Y5))?
veT i=1 veT i=1
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Thus by Theorem 13 we get

N N N
E(Z—-EZ)Y < KPpP?[E(supd (0, h(X:, V)2 +Ey(sup > Ex(v,y h(X;,Y;))2)P/>
-52) (Do SR Byt ;mm
N
+ Sugz Zh i Y5) 2)P/2 L By ( sug)_ZEy ’U,Zh i Y5) 2)p/2 (3.9)
ve ve

< KPpP'?’(A+ B+ C+ D).

Let us notice that two latter terms are analogous to the former, so in what follows we will
not put attention to them in any of partial computations, but just include their influence at
the final steps. Let us thus handle the first term at the right hand side of (3.9), denoting for
the time being

N
=y 3 )
Fact 1, applied conditionally to Y gives
N N
ESP? < KP |Ey(Ex ilelgz ’U,Zh X, Y;)H)P/? 4 pp/ZElgix S?; U’jzl h(Xi, Y;))P
a 2 2
- KP IEy(EXSlelgz v,]z:h Xi,Y})) p/ + pP?E max HZh X, Y)IIP

Since the first term at the right-hand side of the last inequality is greater then the second
term at the right-hand side of (3.9), after taking into account the analogous contributions
from C and D we get

N

E(Z -EZ)} < KP 1?Ey (Ex su v, Y h(X;, 2yp/2 Emax h(X;, P
( Jrt P Ey ( Xvegz Z Yj) +p” HZ Yi)ll

+ pPPEx( Eysugz Zh X, Y;)) P/2+pPE max HZh (X, Y5)||P
ve

(3.10)

Obviously

N N

N
EX Supz U,Zh X27Y 1/2 < (EXZsup<v,Zh(Xl,Y}))2)1/2

UGT
= EXZHZh v))|[H)Y2 = S.
=1 =

This estimate is quite crude, however it will allow us to replace the ’troublesome’ random
variable by one that can be handled with the use of Fact 2. Indeed, by Lemma 14, there exists
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a countable set V, consisting of elements f = (f1,..., fn), such that for each i, f;: ¥ — B*
and 331 E[| fi(X3)[[* < 1 and

N N
:su€|zz h(Xi, Y;))l-
i=1 j=1

Hence, identifying f € V with the function y — >, Ex(f;(X;), h(X;,Y;)), we have

—suplZf

fev i3

so we can apply to S the inequality from Fact 2. In this case we get

2
O'2 = SupEyZ(ZEX fz z XHY}»)

fev 7=1 \:=1

IN

sup EZ Fi(X0), M(Xi,Y)))g;(Y;): fi: & — B, gj: & > R,
3,j=1

N N
S CE|If(X)IP <1, Y Egi(Y;)°
i=1 j=1

2

For simplicity reasons and analogy with the real-valued case, let us denote the square root of
the right-hand side by HhH(ng_) 72+ Similarly, we define

163, = sup EZ i), (X0, Y))gi(Xi): fi: £ — B, g;: £ — R,

5,5=1

N N
DEIHTDIP <L Y Egi(X)?
j=1 i=1

Now [ES|? <ES? =EY_, || 3%, A(X;,Y;)|]? and finally

Ey max sup| (1) = EY%%?EP;EX (fi(X2), h(X:, Y))) P
<
< Eylgag%\f?ug ZEXHfZ z Hh( 2 j)”)
N
< Ey max (ZWL( i Y5)ll 2yl

1<5<
i=1

After collecting the above estimations, using Fact 2 and plugging the result into (3.10), we
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obtain

N N

E(Z-E2), < K?{p?2E 13 h(Xa Y)IPP2 +pr(Inll ), (3.11)
i=1 j=1

N N N
3p/2 V) ||12)P/2 Y
2By i (O IR VPP + 7 YIS OGP
1= 1= 1=
N N

+ pPE D X YRR+ PRI, )P

j=1 =1

N N N
3p/2 .V [12\p/2 Y
+ PP ma O IMX I+ PR D I b YIP
J= Jj= =

Let us note that the fourth and the eight terms at the right-hand side have been obtained
by changing maximum into sum in the appropriate term from (3.10). We will now handle
the fourth term by applying conditionally to X Corollary 10 (we stick to the introduced
convention to derive only one of two analogous terms, derived from X and Y part of (3.9)
respectively).

What we get is

N N N N
PEY I (X Y))|P < KP [ pPEx Y Byl D h(X: V)] (3.12)
i=1 j=1

i=1 j=1

N N N
+ PP Y (B lIn(Xs )PP+ 5% 3 BIIRCY, V)P
i=1 j=1 tj=1

We would like to turn the outer sums in ¢ into the maximum over ¢ and the sum in ¢, j into
the maximum over 4,j. To achieve this we will use Facts 3 and 4. Before we continue let
us note that since for any fixed o we have 1 + p® < KP?, in the sequel we will ommit the
multiplicative constant in front of the right-hand side of the inequality in Fact 4 and write
just KP instead.

Let us start with the first term. Applying Fact 4 with a = 1 and p/2 instead of p yields

N N N
Py Ex(Ey|| Y ALY < K| pPPEx max (By|] Y h(X )1
i=1 j=1 - J=1

N N

+ QB X Y)IPPE ], (3.13)

i=1  j=1
where to get the last term at the right-hand side we have used the Jensen inequality. This
term coincides with the first term at the right-hand side of (3.11).

Now we are going to proceed with the second term at the right-hand side of 3.12. We apply
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Fact 4 again, this time with p/2 and a = 3 to obtain

N N N
PPPEx Y By [IMX V)PP < K7 pPPEx max (3 By||h(X:,Y)P)P
i=1 j=1 -0 =l
N

+ (O ElMXL Y)IP? | (3.14)

i,j=1

We can see that the first term at the right-hand side has already appeared with the same
order of the multiplicative constant in (3.11).

What remains is the last term at the right-hand side of (3.12). We use Fact 4 with o = 2
and p/2, conditionally to X and obtain

N
P 3 B[R, Y|P < K<ZE ma [[h(X;, Y5)|1 (3.15)
ij=1

N N
+ Ex Y (O Eyl[h(X:, Vy)|P)P?

i=1 j=1

To get rid of the second term we use Fact 4 again, this time with p/2 and o = 0 to get

N N
Ex (301X V)PP < K7 | Ex ma ZEyh X VEPE+ (3 IS ¥R
i=1 j=1 4,j=1

Since both terms, that we have obtained, have already appeared with greater order of the
multiplicative constants in front, we can see that the second term at the right-hand side of
(3.15) is negligible.

Thus the last thing that remains is the first term at the right-hand side of (3.15). To bound
it, we apply to Ex Fact 4 with p/2 and o« = 4. We obtain

N N
2p VAP < KP (2P VIR . V[12)p/2
P 3B ma (X V)P < KOV, ma 1% V)P Ex(By 3 ma B )IP))
1= 1=

The second term may be bounded from above by Ex (3N | (Ey Zjvzl ||R(X;,Y;)||?))P/2. Thus
applying Fact 3 to Ex we can see that it is dominated by

k2 (22 S (B S NG VI + (3 Bl 1) P

=1 7=1 i,j=1

The first term has already appeared above at the right-hand side of (3.12) and has been
bounded in (3.14). Thus we can collect all the terms and using (3.12) and (3.11) obtain
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Theorem 14 There exists a universal constant K, such that for allp € N, p > 2, we have

N
E(Z-EZ) < KP (D E|h(X;,Y;)|*)P?
ij=1
4 pp/2 EZHZh XZ,Y] H )P/2 _|_pp/2 EZHZh X’L;Yj ” )p/2
i=1 j=1 j=1 =l

+ (HhHLQHLg)p+PP(||hHL2aL2)p

+ pPEx max EyHZlh X, Y;)||)? + pPEy max, EXHZlh X, Y;)|))P
J 7

3p/2 /2 3p/2 /2
+ p? Exlgliégv(EYz;Hh( Yj)[[?)P/? + p*PPEy max ]EXZ;WZ Xi, Yj)|1%)P
J= 1=

+ p¥E max Hh(XZ,Y])V’) (3.16)

1<i,5<

We are interested in turning the above moment inequality into a bound on the upper tail of
Z. We can do it for bounded kernels. Let us define

N
A = N E[X, )P
2,j=1
N N
B = EY I h(X, Y|
=1 j=1
2
c = HhHLMﬁHhIIELLQ

D? = max IEYZHh 0l

[\

N
Ex > [|h(X;, )|
=1

E = hX« Y;
max[[R(Xe, )

N
F = max{ |[Ey|| ) h(-Y))

N
Ex|| ) h(X;,)|]
i=1 o

Then Theorem 14 implies
E(Z —EZ)!. < KP(pP/2(A+ B)P 4 pP(C + F)P + p*?/2DP 4 pP FP),
This implies the following

Theorem 15 There exists a universal constant K, such that if h is bounded, then for all
t>0

1 ' t2 t t2/3 t1/2
]P’(S—ESZt)gKexp —?mln A2+B2,C+F7D2/37E1/2 .
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Let us now comment on the special case, when X;,Y; are i.i.d random variables. The main
interest in inequalities as the one above is their usefulness in proving limit theorems. For
example, the real line version of the above theorem has been used to prove the law of iterated
logarithm for U-statistics (see [8]). Therefore we are interested in the order of growth of the
coefficients A, ..., F with the size of the sample (V). Let us therefore take a closer look at
the behaviour of those coefficients. We have

A = NE[XY)P

D? < Nmax(|[Ex[|A(X, )] oo: [Ey][h( Y)I2l|o),

F < Nmax([Ex|[h(X,)[lloos [Ey I, Y)]l]oo),

C < N (sup{B(F(X),h(X,Y))g(Y): f: 3 — B g: ¥ — R, E||f(X)| < 1,Eg(Y)? < 1}

+sup{E(f(Y), h(X,Y))g(X): f: £ — B*,g: £ =R, E||f(Y)|]’ < 1,Eg(X)* < 1})

where the last line is an easy consequence of the Cauchy-Schwarz inequality. The coefficient
FE does not depend on the size of the sample. We have however still to deal with B. Let us
notice that whenever B? is of order N2, Theorem 15 shows that the upper deviation of Z
from its mean is of order N (i.e. P(Z —EZ > tN) may be bounded by a function depending
only on ¢ and vanishing at infinity).

We would like to emphasize that there exists a class of Banach spaces, for which B? is indeed
of order N? for every h and even more, both B? and ES? can be bounded from above by
K A?, where K is a constant, depending only on the space B. What we have in mind here
is the class of Banach spaces of type 2. Below, we define this class and explain how the tail
and moment inequalities for U-statistics can be improved in that case.

Definition 4 A Banach space B is of type p, if there exists a constant T, such that for every
n € N and every z1,...,z, € B, we have

n 1/2 n 1/p
(EHZ&'%‘H?) ST(ZHWV) :
=1 i=1

Remark It is easy to see that every Hilbert space has type 2. Also the spaces L4 for ¢ > 2
have type 2. The spaces LP for 1 < p < 2 have type p. The proof can be found for example

n ([20]).
Let us now notice that for every Banach space valued independent centered random variables
X1,...,X,, we have

n n
E|l Y Xill" <27l ) eiXill”,
=1 =1

where €1, ...,&, is a sequence of independent Rademacher random variables, independent of
X1,...,Xn. The proof is analogous to the real case. (comp. Lemma 7). Thus for spaces of
type 2, we get

n n n
EIIY Xll? <4l1) eaXill® <47 ) E||X|?
=1 =1 =1

and applying it to random variables h(X;,Y;), we get

N N N N
ES® =El| Y h(X:,Y))|[? <AT*> E[ Y w(X;, V))|P < 167> E[|h(Xs, Y5)| [
i,j=1 i=1  j=1 ij=1
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Thus indeed, the both ES? and B? ca be bounded by A%. Let us also take a look at the
coefficient F'. We have

N N N
(Ey[| > h(Xe VI < (By[| Y (X, Y)IPP? < (472 ) By ||h(Xs, Y)| 2P
j=1 j=1 j=1

Since this quantity appears at the right hand side of moment inequality (3.16), with a greater
order of the multiplicative constant in front, we can skip the term corresponding to F' at the
right-hand side.

The above remarks, together with the inequality

EZP <E((Z —EZ)+ +EZ)? < KP(E(Z —EZ)% + (EZ)P)
give us the following

Theorem 16 For every Banach space of type 2, there exist constants K, L, depending only
on the constant in the definition of type, such that for all p € N, p > 2, we have

N
Ez? < K7 |2 ElW(X., V)22

ij=1

+ PRl )P+ PRI )P

N N
3p/2 v 12\9/2 Ly .3p/2 v 12\P/2
+ pPPEx max By (10X, Y5+ pP By max (Bx ) [[h(XG,5)I)"

=1 i=1
2p A
+E max WGP ) (317)
and
1 2t 23 /2
>t) < ——mi -
P(S_t)_Lexp( 7 min <A2’C7D2/3’E1/2 . (3.18)
for allt > 0.
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