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1. Introduction

In this work the following problem will be investigated: Fix a positive integer n, consider
n independent, identically distributed random variables &1, . . ., &, on a measurable space
(X, X) with some distribution p and define their empirical distribution p,, together with
its normalization \/n(u, — p). Take a function f(x1,...,xx) of k variables on the k-fold
product (X*, X*) of the space (X, X), introduce also the k-th power of the normalized
empirical measure \/n(u, — i) on the space (X*, X*) and define the integral of the
function f with respect to this signed product measure. This integral is a random
variable, and for all u > 0 we want to give a good estimate on the probability that
it is larger than u. More precisely, we take the integrals not on the whole space, we
omit the diagonals s =z, 1 < 5,5 <k, s # s, of the space X* from the domain of
integration. Such a modification of the integral seems to be natural.

We shall also be interested in the following generalized version of the above problem.
Let us have a nice class of functions F of k variables on the product space (X*, X*)
and consider the integral of all functions of this class with respect to the k-fold direct
product of our normalized empirical measure. Give a good estimate on the probability
that the supremum of these integrals is larger than some number u > 0.

The reader may ask why the above problems deserve a closer study. I found them
important, because they may help to solve some important problems in probability
theory and mathematical statistics. I met such problems when tried to adapt the method
of proof about the Gaussian limit behaviour of the maximum likelihood estimate to
some other problems. In the original problem the asymptotic behaviour of the solution
of the so-called maximum likelihood equation has to be investigated. The study of this
equation is hard in its original form. But by making an appropriate Taylor expansion
of the function whose root we are looking for and throwing away its higher order terms
we get an approximation whose behaviour can be simply understood. So to describe
the limit behaviour of the maximum likelihood estimate it suffices to show that this
approximation causes only a negligible error.

One would try to apply a similar procedure in more difficult situations. I met some
non-parametric maximum likelihood problems, for instance the description of the limit
behaviour of the so-called Kaplan—Meyer product limit estimate when such an approach
could be applied. But in those problems it was harder to justify that the simplifying
approximation causes only a negligible error. To show this the solution of the above
mentioned problems were needed. In the non-parametric maximum likelihood estimate
problems I met the estimation of multiple (random) integrals played a role similar to
the estimation of the coefficients in the Taylor expansion in the study of the maximum
likelihood estimate. Although I could apply this approach only in some special cases, I
believe that it works in very general situations. But it demands some further work to
show this.



The problem suggested in this work is interesting and non-trivial even in the special
case k = 1. The solution of the problem in this case leads to some interesting, non-
trivial generalization of the fundamental theorem of the mathematical statistics about
the difference of the empirical and real distribution of a large sample.

The above mentioned problems have a natural counterpart about the behaviour of
so-called U-statistics, a fairly popular subject in probability theory. The investigation
of multiple random integrals and U-statistics are closely related, and it turned out that
it is useful to consider them simultaneously. Hence both subjects will be discussed in
this work.

Let us try to get some feeling what kind of results we can expect. It is useful
to observe that for large sample size n the normalized empirical measure v/n(p, — @)
behaves similarly to a Gaussian random measure. This suggests that in the problems
we are interested in similar results should hold as in the case of multiple Gaussian
integrals. Hence we may expect that the tail behaviour of the distribution of a k-fold
random integral with respect to a normalized empirical measure is similar to that of the
k-th power of a Gaussian random variable with expectation zero and an appropriate
variance. Moreover, a similar estimate should hold for the supremum of random integrals
of a class of functions under not too restrictive conditions. We may also hope that the
methods of the theory of multiple Gaussian integrals can be adapted to the investigation
of our problems.

The above belief is essentially correct, but there is an essential difference between
the behaviour of multiple Gaussian integrals and multiple integrals with respect to a
normalized empirical measure. If the variance of a multiple integral with respect to a
normalized empirical measure is small, what turns out to be equivalent to the small Lo-
norm of the function we are integrating, then the behaviour of this integral is different
from that of multiple Gaussian integrals with the same variance. In this case the effect
of some irregularities of the normalized empirical distribution turns out to be non-
negligible, and no good Gaussian approximation holds any longer. Hence some new
methods have to be worked out and the hardest problems in our study appear at this
point.

The precise formulation of the results will be contained in the main part of the work.
Besides their proof I also try to explain the main ideas behind them and the notions
introduced in their investigation. This work contains some new results, and also the
proof of some already rather classical theorems is presented. To make the picture behind
the problems more understandable I also discuss their Gaussian counterpart.

The proofs apply results from different parts of the probability theory. Papers in-
vestigating similar results refer to works dealing with quite different subjects, and this
makes their reading rather hard. To overcome this difficulty I tried to work out the de-
tails and to present a self-contained discussion even at the price of a longer text. Thus
I wrote down (in the main text or in the Appendix) the proof of many interesting and
basic results, like results about Vapnik—Cervonenkis classes, about U-statistics and their
decomposition to sums of so-called degenerate U-statistics, logarithmic Sobolev inequal-
ities, Borell’s inequality about homogeneous polynomials of Rademacher functions, etc.

2



I tried to give such an exposition where different parts of the problem are explained as
independently of other as possible, and they can be understood in themselves.

This work was explained at the probability seminar of the University Debrecen
(Hungary).

2. Motivation of the investigation. Discussion of some problems

Here I try to show by means of some examples why the solution of the problems men-
tioned in the introduction may be useful in the study of some important probabilistic
problems. I try to give a good picture about the main ideas but do not work out all
details. Actually, the elaboration of some details omitted would demand hard work.
But as the discussion of this section is quite independent of the rest of the paper, these
omissions cause no problem in understanding the subsequent part.

I start with a short discussion of the maximum likelihood estimate in the simplest
case. We study the following problem. Let us have a class of density functions f(z, )
on the real line depending on a parameter ¥ € R! and observe a sequence of indepen-
dent random variables &; (w), ..., &, (w) with a density function f(x,dg), where ¥y is an
unknown parameter we want to estimate with the help of the above sequence of random
variables.

We can carry out this estimation with the help of the maximum likelihood method.
It suggests to choose the estimate @n = @n (&1,. .., &) of the parameter ¥y as the number
where the density function of the random vector (&1, ...,&,), i.e. the product

H (&, V) = exp {Zlogf(fk,ﬁ)}
k=1 k=1

takes its maximum. This point can be found as the solution of the so-called maximum
likelihood equation

"9
> 5 ko8 f(&r.9) =0. (2.1)
k=1

We are interested in the asymptotic behaviour of the random variable Uy — Yo, where
¥, is the (appropriate) solution of the equation (2.1).

The direct study of this equation is rather hard, but a Taylor expansion of the
expression at the left-hand side of (2.1) around the (unknown) point ¢y helps to give

a good and simple approximation of ﬁn, and it enables us to describe the asymptotic
behaviour of ¥,, — Y.

This Taylor expansion yields that
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(1 + G0 = 99)) + O (n(dn — ¥0)?) (2.2)
k=1

where
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for k = 1,...,n. We want to understand the asymptotic behaviour of the (random)
expression on the right-hand side of (2.2). The relation

Mk = and (=

%f(x7 190)
f(iE’, 1190)

holds, since [ f(z,9)dz =1 for all ¥, and differentiating this relation we get the last

(& f(2,90))°
f(x7190)

central limit theorem y,, = \/Lﬁ > ng is asymptotically normal with expectation zero
k=1

D £z, 2
and variance 12 = f % dx > 0. In the statistics literature this number I is

En, = f(x,ﬁo)dx:%/f(xﬁo)dxzo

identity. Similarly, En} = —E¢, = [ dr >0, k=1,...,n. Hence by the

called the Fisher information. By the laws of large numbers % > G~ — 12
k=1

> e
Thus relation (2.2) suggests the approximation ¥, = —**— of the maximum-

Z Ck
k=1

likelihood estimate @n, and \/ﬁ(@n — ¥g) is asymptotically normal with expectation
zero and variance I2. The random variable ¥, is not a solution of the equation (2.1),
the value of the expression at the left-hand side is of order O(n(d,, — 99)?) = O(1) in
this point. On the other hand, the derivative of the function at the left-hand side is
large in this point, it is greater than const.n with some const. > 0. This implies that
the maximum-likelihood equation has a solution J,, such that J,, — J,, = O (%) This

has the consequence that v/n(d, — ) and /n(9, — ) have the same asymptotic limit
behaviour.

The previous method can be summarized in the following way: Take a simpler
linearized version of the expression we want to estimate by means of an appropriate
Taylor expansion, describe the limit distribution of this linearized version and show
that the linearization causes only a negligible error.

We want to show that such a method also works in more difficult situations. But
in some cases it is harder to show that the error we have committed by replacing the
original expression by a simpler linearized version is negligible, and to do this we need
the solution of the problems mentioned in the introduction. We shall present such an
example by studying a fairly popular model of the mathematical statistics, the so-called
Kaplan—Meyer method for the estimation of the empirical distribution function with
the help of censored data.



The following problem is considered. Let (X;,Z;), i = 1,...,n, be a sequence
of independent, identically distributed random vectors such that the components Xj;
and Z; are also independent with distribution functions F'(z) and G(z). We want to
estimate the distribution function F' of the random variables X;, but we cannot observe
the variables X;, only the random variables Y; = min(X;, Z;) and 6; = I(X; < Z;). In
other words, we want to solve the following problem. There are certain objects whose
lifetime X; are independent and F' distributed. But we cannot observe this lifetime X,
because after a time Z; the observation must be stopped. We also know whether the
real lifetime X; or the censoring variable Z; was observed. We make n independent
experiments and want to estimate with their help the distribution function F.

Kaplan and Meyer, on the basis of some maximum-likelihood estimation type con-
siderations, proposed the following so-called product limit estimator S, (u) to estimate
the unknown survival function S =1 — F*

n N(Y;) 1(Viubi=1)
—_ fu< Yi,....Y,
H(N(Yi)+1> if u < max(Y,...,Y,)

0 if u > max(Y7,...,Y,),
undefined if u > max(Y7,...,Y,),

where .
N(t)=#{Yi, Vi>t, 1<i<n}=) I(Y;i>1).
i=1
We want to show that the above estimate (2.3) is really good. For this goal we

shall approximate the random variables S,,(u) by some appropriate random variables.
To do this first we introduce some notations.

fut H(u)=P(Y; <u)=1- H(u), 04
H(u) = P(Y; <u, & =1), H(u)=P(Y; <u, 0 =0) (24)
and
o) = 237 10v <)
- . (2.5)
H,(u) = %ZI(YZ <wu, d; =1), Ifln(u) = %ZI()/’L <wu,d; =0)

Clearly H(u) = H(u) + ﬁ[(u) and H,(u) = H,(u) + ﬁn(u) We shall estimate F),(u) —
F(u) for u € (—o0, T if

1—H(T)>Jd with some fixed § > 0. (2.6)

Condition (2.6) implies that there are more than %n sample points Y; larger than T
with probability almost 1. It has exponentially small probability that this is not the
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case. This observation helps to show in the subsequent calculations that some events
have negligibly small probability.
We introduce the so-called cumulative hazard function and its empirical version

Alw) = —log(1 — F(w)), An(u) = —log(1 — Fy(u)). (2.7)

Since Fj,(u) — F(u) = exp(—A(u)) (1 — exp(A(u) — Ay, (u))) a simple Taylor expansion
yields

Fo(u) = Fu) = (1 = F(u)) (An(u) = A(u)) + Ri(u), (2.8)
and it is easy to see that Ry(u) = O (A(u) — An(u))?). It follows from the subsequent
estimations that A(u) — A, (u) = O(n~'/?), thus nR;(u) = O(1). Hence it is enough to
investigate the term A,, (u). We shall show that A,,(u) has an expansion with A(u) as the

main term plus n~1/2 a term which is a linear functional of an appropriate normalized
empirical distribution function plus an error term of order O(n™1).

From (2.3) it is obvious that

Ay (u) :—ZI(Y;- <wu, d; =1)log (1—#%).

=1

We can get rid of the unpleasant logarithmic function in this formula by means of
the relation —log(1 — z) = x + O(z?) for small z which yields that

n

MOEDS dts ﬁvqgf) = 4 Ryw) = Row) + Rolu), (2.9)

and the error term nRs(u) is exponentially small.
The expression /N\n(u) is still inappropriate for our purposes. Since the denominators
n

N(;) = > I(Y; > Y;) are dependent for different indices i we cannot see directly the
j=1
limit behaviour of A, (u).

We try to approximate An(u) by a simpler expression. A natural approach would
be to approximate the terms N (Y;) in it by their conditional expectation (n—1)H (Y;) =
(n—1)(1—H(Y;)) = E(N(Y;)|Y;). This is a too rough ‘first order’ approximation, but

the following ‘second order approximation’ will be sufficient for our goals. Put

SSI(Y; > Y) — nA(Y)
j=1

nH(Y;)

and express the terms NV in the sum defining A,, by means of the relation 14%2 =

n

o > I(Y;>Y)—nH(Yi)
S (=1)kzF =1 — 2z + £(z) with the choice z = &=
k=0

nH(Y;) . As |e(z)| < 222 for
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2| < % we get that

n k
n o0 > 1(Y; > Y:) —nH(Y;)
~ B I(YV; <u, 6, =1) j=1
3 I(Y; >Y;) —nH(Y;
S SLUETRUET Y = il P
P nH(Y;) nH(Y;) (2.10)
= 2A(u) — B(u) + R3(u),
where
= I(}/zguaéz_l)
A(u) = A(n,u) = Z (V)
and
= I(Y; <, 8 = DIY; > Y
B0 =B =315 R 2

It can be proved by means of standard methods that nRs(u) is exponentially small.
Thus from (2.9) and (2.10) we get that

A, (u) = 2A(u) — B(u) + negligible error. (2.11)

This means that to solve our problem we have to describe the asymptotic behaviour
of the random variables A(u) and B(u). We can get a better insight into their behaviour
by rewriting the sum A(u) as an integral with respect to an empirical measure and the
double sum B(u) as a two-fold integral with respect empirical measures. These integrals
can be rewritten as sums of random integrals with respect to normalized empirical
measures and deterministic measures. In such a way we get a representation of A, (u)
in the form of a sum whose terms can be well understood.

Let us write

o 1-H(y)
[ Iy < w)(x > y) ~
Blu) = /_ T e )

To rewrite the term B(u) in a form better for our purposes observe that

H,(x)H,(y) = H(x)H(y) + H(z)(H,(y) — H(y)) + (Hn(z) — H(x))H(y)
+ (Ho(z) — H(z))(Ha(y) — H(y)).
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Hence it can be written in the form B(u) = By (u) + Ba2(u) + Bs(u) + B4(u), where

//m I an(a)afi().

Ba(w) f = /+°° S ana (VA ) - ().

H(y))

oo Ix>y) -
Bau) = = / / i VR Hate) — H @) d ),

/ /+oo 1 (z > y s d (Vn(Hu(z) — H(z))) d (\/ﬁ(ﬁn(y) _ g(y))> ,

In the above decomposition of B (u) the term B; is a deterministic function, By, B3 are
linear functionals of empirical processes and By is a nonlinear functional of empirical
processes. The deterministic term Bj(u) can be calculated explicitly. Indeed,

o= [ g menio = [ 25

Then the relations H(u) = ¢!
d

)dF(t) and 1 — H = (1 — F)(1 — G) imply
that

(w) = [ (1-G(t)
By (u) = /l - _Flgy(i) — —log(1 — F(u)) = Au). (2.12)

Observe that

1—H(y)

“aftly) ”(y))> (2.13)
[
= Bi(u) + Ba(u).

From relation (2.11) using (2.12) and (2.13) it follows that
An(u) — A(u) = Ba(u) — Bs(u) — By(u) + negligible error. (2.14)

Integrating B, and Bjs in the variable x and then integrating by parts Bs we get that

B = L /m d(ﬁ(ﬁi@)—ﬁ(y)))

Vit (Hn(w) — f(w) Vi(AL(y) ~ A )
S e e Y i-ngy W
) = HO) 40

A a,
m =75 |
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Using the above forms of By and Bs, (2.12) we can write

vn I:In(u
ot - ) = L / fl_ ())WdH(y)

)
(2.15)
/ it~ ) atiy

(1- (y))
— v/nBy(u) + negligible error.

Formula (2.15) almost agrees with the statement we wanted to prove. Here we expressed
the normalized error \/n (A,(u) — A(u)) as a sum of linear functionals of normalized
empirical measures plus some negligible error terms and the error term /nBy(u). So to
get a complete proof it is enough to show that \/nBs(u) also yields a negligible error. But
By(u) is a double integral of a bounded function (here we apply again formula (2.6)) with
respect to a normalized empirical measure. Hence to bound this term we need a good
estimate of multiple stochastic integrals (with multiplicity 2) and this is just the problem
formulated in the introduction. The estimate we need here follows from Theorem 8.1
of the present work. Let us remark that the problem discussed here corresponds to the
estimation of the coefficient of the second term in the Taylor expansion considered in
the study of the maximum likelihood estimation. One may worry a little bit how to
bound By(u) with the help of estimations of double stochastic integrals, since in the
definition of By(u) we integrate by different normalized empirical processes in the two
coordinates. But this is a not too difficult technical problem, it can be simply overcome
for instance by rewriting the integral as a double integral with respect to the empirical

process (ﬁ(Hn(m) — H(z)),/n (ﬁ[n(y) - ﬁ(y))) in the space R2.

By working out the details of the above calculation we get that the linear functional
Bs(u)—Bs(u) of normalized empirical processes yields a good estimate on the expression
Vn(An(u) — A(u)) for a fixed parameter u. But we want to prove somewhat more, we

want to get an estimate uniform in the parameter u, i.e. to show that even the random
variable sup |v/n(A, (u) — A(u)) — Ba(u) + Bs(u)| is small. This can be done by making
u<T

estimates uniform in the parameter u in all steps of the above calculation. There appears

only one difficulty when trying to carry out this program. Namely, we need an estimate

on sup |By(u)], i.e. we have to bound the supremum of multiple random integrals with
u

respect to a normalized random measure for a nice class of kernel functions. This can
be done, but at this point the second problem mentioned in the introduction appears.
This difficulty can be overcome by means of Theorem 8.2 of this work.

Thus we can find the limit behaviour of the Kaplan—Meyer estimate by means of
an appropriate expansion. The steps of this investigation are fairly standard, the only
hard part is the solution of the problems mentioned in the introduction. We expect that
such a method also works in much more general situation. This may justify a detailed
study of the problems considered in this work.

I finish this section with a remark of Richard Gill he made in a personal conversation
after my talk on this subject at a conference. He told that this approach had given a
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complete proof about the limit behaviour of this estimate, but it had exploited the
explicit formula given in the Kaplan-Meyer estimate. He missed the application of an
argument based on the non-parametric maximum likelihood character of this estimate.
This was a completely justified remark, since if we do not restrict our attention to
this problem, but try to generalize it to general non-parametric maximum likelihood
estimates, then we have to understand how the maximum likelihood character can be
exploited. I believe that this can be done, but it demands further studies.

3. Some estimates about sums of independent random variables

We need some results about the distribution of sums of independent random variables
bounded by a constant with probability one. Later only the results about sums of
independent and identically distributed variables will be interesting for us, but since
these results can be generalized without any effort to sums of not necessarily identically
distributed random variables here we shall drop the condition about the identical dis-
tribution of the summands. We are interested in the question when these estimates give
such a good bound as the central limit theorem suggests, and what can be told if this
is not the case. More explicitly, we consider the following problem: Let Xi,..., X, be
independent random variables £X; = 0, Var X; = O'JQ-, 1 < j < n, and take the random

n n
sum S, = > X; and its variance Var S, = V2 = > 0J2-. We want to get a good bound
j=1 J=1
on the probability P(S,, > zV,,). The central limit theorem would suggest that under
general conditions an upper bound of the order 1 — ®(x) should hold for this probability
where ®(x) denotes the standard normal distribution function. Since the standard nor-

2 2
. . . . . . . 1 1 —z%/2 1e—%7/2

mal distribution function satisfies the inequality (E — x—g) € T < 1-®(z) < ¢ NeT
for all > 0 it is natural to ask when the probability P(S,, > zV,,) is comparable with

the value e==°/2. More generally, we say that we have a Gaussian type estimate for the

probability P(S, > xV,,) if it can be bounded by e~¢*” with some constant C' separated
from zero.

First we discuss Bernstein’s inequality which tells for which values = the probability
P(S,, > zV,) satisfies a Gaussian type estimate. Such an estimate holds (for sums
of random variables bounded by 1) if z < const.V,,. For x > const.V,, Bernstein’s
inequality yields almost no improvement if we have a better bound on the variance V,,
of the sum 5,,. Another estimate, Bennett’s inequality yields a slight improvement,
and as an example presented before this result shows it cannot be essentially improved
without imposing some additional conditions. The main difficulties we meet in this
paper are closely related to the weakness of the estimates we have for the probability of
the event that a sum of independent random variables is larger than some value when
this probability does not satisfy a Gaussian type estimate because of the small variance
of the sum.

Let us formulate Bernstein’s inequality. In its usual formulation a real number M
is introduced and it is assumed that the terms in the sum we investigate are bounded
by this number. But since the problem can be simply reduced to the special case M =1
we shall only deal with this special case.
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Theorem 3.1 (Bernstein’s inequality). Let Xi,...,X, be independent random
variables, P(|X;] < 1) =1, EX; = 0,1 <j <n. Puto; = EX;, 1< j < n,

w= > X; and V2 =VarS, = 3 7. Then

2

P (S, > xV,) <exp S
2 (1 + %v%)

for all x > 0. (3.1)

Proof of Theorem 3.1. Let us give a good bound on the exponential moments Fe'®

o
for some appropriate parameters t > 0. We can write Fe!*i = > Z—k!EX ]k <1+

k=0
<1+ > (k+2),> <

2 _2 o0 2 2 2 2
= <1+Z3"“t’“) =1+ 5k < {tfjﬁ%}if

0 <t < 3. Hence Eetn = H EetXi <exp{t V. 111} for 0 <t < 3.
j=1 3
The above relation implies that

t*v2 1
P (S, > xV,) = P(e!®n > efVn) < Betdne~tVn < exp{ 2” T thn}
3

if 0 < t < 3. Choose the number t in this inequality as the solution of the equation
t2V2 =tzV,, ie putt= Then 0 <t < 3, and we get that P(S,, > zV,,) <
3

—tzV, /2 _ _ x
e —exp{ s VL)}

If the random variables X1, ..., X,, satisfy the conditions of the Bernstein inequal-
ity then also the random variables — X7, ..., —X,, satisfy them. By applying the above

R
3

M)

W=

[V

result in both cases we get that P(|S,| > zV,,) < 2exp {—z(f—m)} under the condi-
Vi

W=

tions of the Bernstein inequality.

Bernstein’s inequality states that for all € > 0 there is some Sufﬁcziently small
number a(e) > 0 such that in the case & < a(e) P(S, > zV,) < e (179)7"/2 Besides,
for all fixed numbers A > 0 there is some constant C' = C(A) > 0 such that in the

case V— < A the inequality P(S, > zV,,) < Cz® holds. This can be interpreted as a

Gaussian type estimate for the probability (Sn > zV,).

On the other hand, if = is very large, then the Bernstein inequality yields a
much worse estimate. The next example shows that this is not because of its weakness.
There are sequences of independent, identically distributed random variables X1, ..., X,

n

bounded by one and with expectation zero such that with the notations S, = > Xj,
=EX;, V)= Z EX? = no? the probability P(S, > xV},) is relatively large if -

is large, it is much larger than the value suggested by the normal approximation. This
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example will be interesting for us mainly for the sake of some orientation. Hence I do
not try to formulate it in such a general form as it could be done or to give the best
possible constants in it. The method of proof shows that a wide class of examples could
be constructed with similar properties. In the following discussion it will be convenient
to replace the number x by y = zV,, = y/nox.

Example 3.2. Let us fir some positive integer n, real numbers y > 200 and 1 > o2 > 0
such that n > 16y > 64no?. Put V?> = no? and take a sequence of independent,
identically distributed random variables X1,..., X, such that P(X; = 1) = P(X, =

-1) = %, and P(X; =0)=1-02. Put S, = >, X;. Then ES,, =0, Var S,, = V2,
Jj=1
and

Y
P(S,, >vy) > Aexp {—Bylogv—rg}

with some universal constants A > 0 and B > 0. We can choose for instance A =

B= 25—2 m this inequality.

N~

Here I shall give a proof of the statement of Example 3.2. Let me remark that in
the work [23] I gave a simpler and more elementary proof of this result under the name
Example 2.4.

Proof of the statement of Example 3.2. In the proof some ideas of the large deviation

theory will be applied. Let us introduce the measure p, u({1}) = p({-1}) = %
1({0}) = 1—0? on the real line, which is actually the distribution of the random variables

X, together with its conjugates p, p(dz) = Py t+ej)+1, -p(dx), x € R, for all
real numbers t. Let u(™ denote the n-fold convolution of the measure p and u,ﬁ”) the
n-fold convolution of the measure p; with itself. Then P(S,, > y) = u(™((y,00)), and it

is not difficult to see (and it is a well-known fact in the theory of large deviations) that
M (A) = (%Q(et +e ) +1-— ) e ™u ") ( qu) for all measurable sets A C R.

Let us consider the above defined measures u; and uin) with ¢ = log %. I claim

that ,u(n)([y, 2y]) > 3. To show this let us consider n independent s, distributed, in-

dependent random variables &1, ..., &, , and estimate their expected value and variance.
2
— %(et_eit) < < < 0' 2

We have E¢; = Z oo )11 o7 forall 1 < j <n,andsince 1 < & (e +e ") +1—0* <

1+ o0%" = 1442 < 2 and besides, we get with the help of the estimate e™* =

ete 2t = ¢t (%) < Ie' the inequality 3% = 252! < "2 (el —et) < %26t = 2%,
6y . Y i , 2 _ 22 (e’ et Y

hence £ < E¢; < 27. Similarly, Var{; < E{; = §(;+eit)+1_02 < 47. The
1

above estimates together with the Chebishev inequality imply that uin)([y, y]) =

(y< 253_11 >21—P<_

> (¢ - Bt;)

> %) > 122?/ > % This inequality
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together with the relation between the measures u(™ and ugn) imply that
) FONGE
P(Sn > y) = " (ly, o)) = =Y
0 " 11y/5
_ (%(et +6—t) +1 —02> / e—tu ( )(du) > 11ty/5M( ) ({y, gy])
Y
1 s 1 11 4y 1 22 Yy
> ¢ /5 = 5 ©XP —Eylog V2 > 5 ©XP —gylog vz [

ay

In the case y > V.2 the Bernstein inequality yields the estimate P(S,, > y) < e~
with some universal constant o > 0, while the above example shows that we can expect
at most an additional logarithmic factor in the exponent of the upper bound in an
improvement of this estimate. The following result, called Bennett’s inequality shows
that such an improvement is really possible.

Theorem 3.3 (Bennett’s inequality). Let X1,..., X, be independent random vari-
ables, P(|1X;| <1)=1, EX; =0,1<j<n. Puta]zzEXJZ, 1<j<n,S=> X,
j_

and V? = Var S,, = Zl oF. Then
J:

) )
P(S,, > y) < exp {—Vn2 [(1 + W) log (1 + V2> - W} } forally >0. (3.2)
As a consequence, for all € > 0 there exists some B = B(e) > 0 such that
P(S,>y) < exp{ (1—e)ylog —= 72 } if y > BV?2, (3.3)

and there exists some positive constant K > 0 such that

P(Sn>y)§exp{—Kylog%} if y > 2V2. (3.4)

Proof of Theorem 3.3. We have

© Lk © Lk
t t

Eeth = E EEXJkS]."‘UJQ E yzl‘i‘af (et—l—t) Seo’?(etilit)y 1§]§n7
k=0 " k=2

and EetS» < eVa(e'=171) for all t > 0. Hence P(S, >y) < e WEetS < ety Vo (e —1-1)
for all t > 0. We get relation (3.2) from this inequality with the choice t = log <1 + %)

13



(This is the place of minimum of the function —ty + V,2(e! — 1 —t) for fixed y in the
parameter t.)

Relation (3.2) and the observation lim (uH)iOli(“H)_“ = 1 with the choice u = %
U—00 g U Vi

imply formula (3.3). Because of relation (3.3) to prove formula (3.4) it is enough to check
it for 2 < % < B with some sufficiently large constant B > 0. In this case relation

(3.4) followsndirectly from formula (3.2). This can be seen for instance by observing

2| (e el )

that the expression o
ylog 75

is a continuous and positive function

of the variable % in the interval 2n§ 1%z < B, hence its minimum in this interval is
strictly positive.

Let us make a short comparison between Bernstein’s and Bennett’s inequality.
Both results deal with the estimation of the probability P(S,, > y), and their proofs
are also very similar. In both cases first an estimate is given for the moment generating
functions R;(t) = Ee'Xi of the summands X;. In Bennett’s inequality a better esti-
mate is given for them. (The worst case we have to handle is when P(X,; = 1) = ¢;,

P (Xj = _1f3'€j> =1-¢;, and ¢; + ﬁ = 0]2-. In this case the proof of Bennett’s
inequality contains an almost optimal estimate, while the estimate in Bernstein’s in-
equality is weaker. In this estimate we are satisfied to give a good estimate for the first
three coefficients in the Taylor expansion of the function R;(t).) With the help of this
estimate a bound is given on the probability we are interested in which depends on the
parameter t. In the proof of Bennett’s inequality this parameter ¢ is chosen optimally,
while in Bernstein’s inequality only an asymptotically optimal choice is taken. As a
consequence, Bennett’s inequality yields a sharper estimate. Actually Bernstein’s in-
equality can be deduced from it. On the other hand, Bernstein’s inequality gives a good,
‘visible’ bound for the probability P(S,, > y) for not too large values of the number y
which suffices for our purposes, while the magnitude of the estimate given by Bennett’s
inequality for small y cannot be directly seen. For large y Bennett’s yields a better
estimate, but this improvement seems to have a smaller importance.

I finish this section with another estimate due to Hoeffding which later will be
useful for us when we want to carry out certain symmetrization arguments.

Theorem 3.4 (Hoeffding’s inequality). Let 1,... &, be independent random vari-
ables, P(e; = 1) = P(g; = —1) = %, 1 <5 <n, and let ay,...,a, be arbitrary real
n
numbers. Put V = > a;je;. Then
j=1

2

Y
PV >y) <exp{ —s=n—3
22].:1 a?

} for all y > 0. (3.5)

Remark: Clearly EV =0 and VarV = )_ a?, hence Hoeftding’s inequality yields such
j=1
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an estimate for P(V > y) which the central limit theorem suggests. This estimate holds
for all real numbers aq, ..., a,.

Remark 2: If we consider the Rademacher functions 74 (z), 7e(z) = 1 if (25 — 1)27% <
r < 2j27F and rp(x) = —1if 2(j —1)27F <z < (25 —1)27%, 1 < j < 2% for all
k=1,2,..., as random variables on the probability space {2 = [0, 1] with the Borel o-
algebra and the Lebesgue measure as probability measure on the interval [0, 1], then they
are independent random variables with the same distribution as the random variables
€1,...,&n considered in Theorem 3.4. Therefore such results which deal with random
variables of this type are also called results about Rademacher functions in the literature.
At some points we shall also use this terminology.

Proof of Theorem 8.4. Let us give a good bound on the exponential moment Ee!V

for all t > 0. We have Be!V = [] Betwss = [] 2™ — ) amag () - )
j=1 =1

oo 2k [e.e]

> it < Y T = /2 since (2k)! > 24K for all k > 0. This implies

that Fet” < exp {% Z } Hence P(V > y) < exp {—ty—l— % 21 a?}, and we get
: j:

4. On the supremum of a nice class of partial sums

This section contains a result about the behaviour of the supremum of random integrals
with respect to a normalized empirical measure in the special case when only one-fold
integrals are considered. First we present an equivalent version of it about the supremum
of a nice class of sums of independent, identically distributed random variables. We also
discuss some natural problems related to them. In particular, we are interested in the
question how restrictive the conditions of these results are. Also the natural Gaussian
counterpart of these results will be given, but the proofs are postponed to a later section.

To formulate our results first we introduce the following notion.

Definition of L,-dense classes of functions. Let us have a measurable space (Y,))

and a set G of YV measurable real valued functions on this space. We call G an L,-

dense class of functions, 1 < p < oo, with parameter D and exponent L if for all

numbers 1 > & > 0 and probability measures v on the space (Y,)) there exists a ﬁm’te

e-dense subset G., = {g1,...,9m} C G in the space L,(Y,Y,v) consisting of m < De~

elements, i.e. there exists such a set G-, C G for which 1€ngf [lg—gjlPdv < &P for
9;

all functions g € G. (Here the set G-, may depend on the measure v, but its cardinality
is bounded by a number depending only on €.)

Now we formulate the following
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Theorem 4.1. Let us have a sequence of iid. random variables &1,...,&,, n > 2, taking
values on a measurable space (X, X) with some distribution u together with an Lo-dense
class F of functions of countable cardinality with some parameter D and exponent L > 1
on the space (X, X) which satisfies the conditions

1flloo = sug |f(x)] <1, forall f € F (4.1)
S
1913 = [ Pand) <o®  foraifeF (42)
with some constant o > 0, and

/f(x)u( dx) =0 forall feF (4.3)

Define the normalized partial sums S, (f) = \/Lﬁ > f(&) for all f € F and introduce
k=1

log D
logn ?

the number = max ( 0), where D is the parameter of the Lo-dense class F.

There exist some constants C > 0, a« > 0 and M > 0 such that the supremum of
the normalized random sums S, (f), [ € F, satisfies the inequality

P (;gsn(fﬂ > u) <cpep{-a(2)’]

if no?>u>vVM(L+ 6)3/4010g1/

(4.4)
2 J—

with the number B defined in this theorem, and the numbers D and L in formula (4.4)
agree with the parameter and exponent of the Lo-dense class F.

The condition about the countable cardinality of F can be weakened. For this goal
we introduce the notion of countable approximability. For the sake of later applications
it will be formulated more generally than needed in the present context.

Definition of countably approximable classes of random variables. Let a class

of random wvariables U(f), f € F, indexed by a class of functions on a measure space

(Y,Y) be given. We say that this class of random variables U(f), f € F, is countably

approzximable if there is a countable subset F' C F such that for all numbers u > 0 the

sets A(u) = {w: sup |U(f)(w)| > u} and B(u) = {w: sup |U(f)(w)| > u} satisfy the
ferF feF!

identity P(A(u) \ B(u)) = 0.

Clearly, B(u) C A(u). In the above definition we demanded that for all © > 0 the
set B(u) should be almost as large as A(u). The following corollary of Theorem 4.1
holds.

Corollary of Theorem 4.1. Let a class of functions F satisfy the conditions of
Theorem 4.1 with the only exception that instead of the condition about the countable
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cardinality of F it is assumed that the class of random wvariables S,(f), f € F, is
countably approximable. Then the random variables S, (f), f € F, satisfy relation (4.4).

This corollary can be simply proved, we only have to apply Theorem 4.1 for the
class F’. To do this we have to show that if F is an Lo-dense class with some parameter
D and exponent L, and F' C F, then F’ is also an Ls-dense class with the same
exponent L, only with a possibly different parameter D’.

To prove this statement let us choose for all numbers 1 > ¢ > 0 and probability
measures v on (Y,)) some functions fi,..., f, € F with m < D (E)_L elements, such
that the sets D; = {f: [1f = fil?dv < (%)2} satisfy the relation U D; =Y. For

71=1
all sets D; for which D; N F’ is non-empty choose a function f; € D; N F'. In such a

way we get a collection of functions f]’- from the class 7’ containing at most 2% De~F
elements which satisfies the condition imposed for Lo-dense classes with exponent L
and parameter 2D for this number € and measure v.

Given a sequence of independent p distributed random variables &1, ..., &, taking
values on (X, X) let us introduce their empirical distribution on (X, X’) as

i) = H# G 1<i<n G ed), Ak, (4.5)

and define for all measurable (and integrable) functions f the (random) integral

T8) = Toa(F) = Vit [ $@)lpen(de) ). (4.6

Clearly J,(f) = —= Zl(f(ij) — Ef(&)) = Sa(f) with f(z) — [ f(@)
]:
It is not difficult to see that sup |f(z)] < 2 if sup If(x)] < 1, ff(a:)u(d:z:) = 0,
_ xEX
[ () < [ = , if F is an Lo- dense class of functions with param-
eter D and exponent L then the class of functions F consisting of the functions
flz) = — [ f(=x ), [ € F, is an Lo-dense class of functions with parame—

ter 28D a,nd exponent L, since [(f —g)?du <eif f,g € F,and [(f —g)*du < (5) )
Hence Theorem 4.1 implies the following result which can be considered as its version
reformulated for integrals with respect to normalized empirical measures.

Theorem 4.1'. Let us have a sequence of iid. random variables &1, ...,&,, n > 2, with
distribution p on a measurable space (X, X) together with some class of functions F
on this space which satisfy the conditions of Theorem 4.1 with the possible exception of
condition (4.3). Then the estimate (4.4) remains valid if we replace the random sums
Sn(f) in it by the random integrals J,(f) defined in (4.6). Moreover, similarly to the
corollary of Theorem 4.1, the countable cardinality of the set F can be replaced by the
condition that the class of random variables J,,(f), f € F, is countably approzimable.
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All finite dimensional distributions of the set of random variables S, (f), f € F,
converge to a Gaussian field Z(f), f € F, as n — oo with expectation EZ(f) = 0
and correlation EZ(f)Z(g) = [ f(x)g(z)u(dz), f,g € F. (Here and in the subsequent
part of the paper a collection of random variables indexed by some set of parameters
will be called a Gaussian field if for all finite subsets of these parameters the random
variables indexed by this finite set are jointly Gaussian.) Hence we can expect that
the random variables of a Gaussian field with such properties satisfy a result similar to
Proposition 4.1. The following result can be considered as the Gaussian counterpart of
Theorem 4.1.

Theorem 4.2. Let us fix some probability measure p on a measurable space (X, X)
together with a countable set F of square integrable functions with respect to the measure
 such that there exists a parameter D > 0 and exponent L > 1 with the following
property: For all € > 0 there exist m < De™ % functions f; = fij(e) € F, 1 < j <m,
such that for all f € F 1<1§1£mf(fj(ac) — f(x))?u(dz) < €2. Let us also assume that

the class of functions F satisfies condition (4.2) with some 1 > o > 0. Let us consider
a Gaussian field Z(f), f € F, such that EZ(f) = 0, EZ(f)Z(9) = [ f(x)g(z)p(dz),
f,geF.

Then there ezist some constants C > 0 and M > 0 (for instance C = 4 and M = 16
can be chosen) such that the inequality

1 2 2
P (sup Z(f)| > u) < C(D+1)exp {—— <E> } ifu> ML ?clog/? = (4.7)
fer 256 \o o

holds with the parameter D and exponent L introduced in this theorem.

In the inequalities of the above results I did not try to find the best possible
universal constants. One could choose for instance the coefficient % with arbitrary
small ¢ > 0 instead of the coefficient ﬁ in the exponent at the right-hand side of
formula (4.7) if the other universal constants C' > 0 and M > 0 are chosen sufficiently
large in this inequality. This means that in the bound (4.7) we can get an estimate with
an almost as good exponential term as in the estimate of the probability P(Z(f) > u)
for a single Gaussian random variable Z(f) with EZ(f) = 0, Var Z(f) = o2. Similarly,
the constant o > 0 can be chosen as a = 5= with arbitrary small ¢ > 0 in formula
(4.4).

The condition about the countable cardinality of the set F in Theorem 4.2 could be
weakened similarly to Theorem 4.1. But here I omit the discussion of this question, since
Theorem 4.2 was only introduced for the sake of a comparison between the Gaussian
and non-Gaussian case. An essential difference between Theorems 4.1 and 4.2 is that in
Theorem 4.1 the condition was imposed that the class of functions F has to be Ly-dense,
while in Theorem 4.2 only a weaker version of this property was needed. In that result
we only demanded that there exists a relatively small subset of F dense in the La(u)
norm. It may demand some explanation why the Ls-density property was imposed in

Theorem 4.1, a property where also such probability measures v are considered which
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seem to have no relation to the original problem. But as we shall see, the proof of
Theorem 4.1 contains a conditioning argument where new conditional measures appear
and the Lo-density property is needed to work with them. One would also like to know
some results which enable us to check when this condition holds. In the next section
we shall discuss a popular notion, the notion of Vapnik—Cervonenkis classes and show
that a Vapnik—Cervonenkis class of functions bounded by 1 is Lo-dense.

Another difference between Theorems 4.1 and 4.2 is that the conditions of formula
(4.4) contain the upper bound no? > \/nu, and no such condition is imposed in formula
(4.7). This difference can be simply explained, since as we have seen in Section 3 in
the case no? = Var (y/nS,) < /nu we can guarantee only a weak non-Gaussian type
estimate for the single probabilities P(y/nS,(f) > v/nu), f € F. It has a similar reason
why condition (4.1) about the supremum of the functions f € F appeared in Theorems
4.1 and 4.1’, and no such condition was needed in Theorem 4.2.

The lower bounds for the level u were imposed in formulas (4.4) and (4.7) because
of a similar reason. To understand why such a condition is needed in formula (4.7) let
us consider the following example. Take a Wiener process W(t), 0 < ¢ < 1, define the
functions fs.(-) on the interval [0, 1] by the formula fs;(u) =1if s <u <t, fs(u) =0
f0<u<sort<u<l, and put Z(fs:) = [ for(w)W(du) = W(t) — W(s). Given
some ¢ > 0 let us consider the class of functions Fop = {fss: [ f2,(u)du =t —s <

02, s and t are rational numbers}. It is not difficult to see that the above example sat-

isfies the conditions of Theorem 4.2. It is natural to expect that P ( sup Z(f) > u) <
feFs

e—const- (v/9)*  However, this relation does not hold if u = u(o) < (1 —¢e)v20log!? 1

with some € > 0. In such cases P | sup Z(f) >u| — 1, as ¢ — 0. This can be
fEF,

proved relatively simply with the help of the estimate P(Z(fs:) > u(o)) > const. o
if |t — s| = 02 and the independence of the random integrals Z(fs¢) if the functions fs
are indexed by such pairs (s,t) for which the intervals (s,t) are disjoint. This means
that in this example formula (4.7) holds only under the condition u > Mo log!/? 1 with

M = /2.

Some additional work would show that a similar picture arises in the model where
we consider the integrals J,, (fs ) of the functions from the same the class F, with respect
to the normalized empirical measure of a sample of size n with uniform distribution on
the interval [0, 1] instead of a Wiener process. In this example we have to impose the
condition \/nu > M/no log!/? 1 with M = v/2 for the validity of relation (4.4). At a
heuristic level it is clear that in the case of a class F with a large exponent L we have to
put a larger coefficient of \/no logl/ 2 % in the condition of formula (4.4) for the validity
of Theorem 4.1 or 4.1’, and a similar statement can be told about the condition (4.7)
in Theorem 4.2. (I did not try to find the best possible coefficients in the conditions of
relations (4.4) and (4.7), they could be improved considerably.)

1—e¢

In Theorem 4.1 (and in its version 4.1’) it was demanded that the class of functions
F should be countable. Later this condition was replaced by a weaker condition about
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countable approximability. By restricting our attention to countable or countably ap-
proximable classes we could avoid some unpleasant measure theoretical problems which
would have arisen if we had worked with the supremum of non-countable number of
random variables which may be non-measurable. There are some papers where possibly
non-measurable models are also considered with the help of some rather deep results
of the analysis and measure theory. Actually, the problem we met here is the natural
analog of an important problem in the theory of the stochastic processes about the
smoothness property of the trajectories of an appropriate version of a stochastic process
which we can get by exploiting our freedom to change all random variables on a set of
probability zero.

The study of the problem in this work is simpler in one respect. Here the set of
random variables S, (f)(w) or J,(f)(w), f € F, are constructed directly with the help
of the underlying random variables & (w), ..., &, (w) for all w € Q separately. We are
interested in when the sets of random variables constructed in this way are countably
approximable, i.e. we are not looking for a possibly different, better version of them
with the same finite dimensional distributions. In the next simple Lemma 4.3 we give
a sufficient condition for countable approximability. Its condition can be interpreted as
a smoothness type condition for the trajectories of a stochastic process indexed by the
functions f € F.

Lemma 4.3. Let a class of random variables U(f), f € F, indexed by some set F of

functions on a space (Y,Y) be given. If there exists a countable subset F' C F of the set

F such that the sets A(u) = {w: sup |U(f)(w)| > u} and B(u) = {w: sup |U(f)(w)| >
feF feF
u} introduced for all u > 0 in the definition of countable approximability satisfy the

relation A(u) C B(u — ¢€) for all w > € > 0, then the class of random variables U(f),
f € F, is countably approximable.

_ The above property holds if for all f € F, € >0 and w € Q there exists a function
f=[(f.e,w) € F" such that [U(f)(w)| = [U(f)(w)] —&.

Proof of Lemma 4.3. If A(u) C B(u —¢€) for all ¢ > 0, then P*(A(U) \ B(u)) <
lir% P(B(u—e¢)\ B(u)) = 0, where P*(X) denotes the outer measure of a not necessarily
e—

measurable set X C ), since (| B(u—¢) = B(u), and this is what we had to prove. If

e—0

w € A(u), then for all € > 0 there exists some f = f(w) € F such that [U(f)(w)| > u—35.
If there exists some f = f(f, §,w), f € F' such that |[U(f)(w)| > |Uf(w)| — §, then

lU(f)(w)| >u—e¢, and w € B(u — €). This means that A(u) C B(u — ¢).

The question about countable approximability also appears in the case of multiple
random integrals. To avoid some repetition we prove a result which also covers such
cases. For this goal first we introduce the notion of multiple integrals with respect to a
normalized empirical measure.

Given a measurable function f(z1,...,z) on the k-fold product space (X%, x%)
and a sequence of independent random variables &1, ..., &, with some distribution p on
the space (X, X') define the integral J, 1 (f) of the function f with respect to the k-fold
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product of the normalized empirical measure p, introduced in (4.5) by the formula

nk/2

Tl =" [ Farse o)l o) = p(d).. ol don) = (o),

where the prime in f/ means that the diagonals x; = 2;, 1 < j <<k,

are omitted from the domain of integration. (4.8)

Lemma 4.3 enables us to prove that certain classes of random variables J, x(f), f €
F, indexed by some set of functions f € F of k variables are countably approximable.
I present an example which is very important in certain applications.

Let us consider the case when X = R?®, the s-dimensional Euclidean space with

some s > 1, and given some u = (u™, ..., u®) € R* v = (v(V,... v(®)) € R* such that
u < v, ie. u) <0 for all 1 < j < s, let B(u,v) denote the s-dimensional rectangle
B(u,v) = {z: u < z <wv}. Let us fix some function f(z1,...,x%), sup|f(z1,...,2x)] <

1, on the space (X*, X*%) = (R**, B**), where B' denotes the Borel c-algebra on the
Euclidean space R' together with some probability measure p on (R®,B%). For all
vectors (uq,...,ug), (v1,...,v;) such that u;,v; € R® and u; < v;, 1 < j < K, let
us define the function fy, . u.v.,..,0, Which equals the function f on the rectangle
[ug,v1] X + -+ [ug, vg], and it is zero outside of this rectangle.

Let us consider a sequence of i.i.d. random variables &1, ..., &, taking value in the
space (R®,B*) with distribution p and define the empirical measure pu, and random
integrals Jy, k(fur.... ug,v1,...,0,) Dy formulas (4.5) and (4.8), for all vectors (uy,...,ux),
(v1,...,vx) such that uj,v; € R® and u; < vj, 1 < j < k, with the above defined
functions fu, . u.vi,..0.- LThe following result will be proved.

Lemma 4.4. Let us take n wd. random wvariables &1, ...,&, with values in the space
(R®,B®). Let us define with the help of their distribution p and the empirical distribution
tn determined by them the class of random variables Jy i (fus,...upv1,...,00) introduced
in formula (4.8), where the class of kernel functions F in these integrals consists of all
functions fu, . upwr...on € (R*,B), uj,v; € R®, u; <wj;, 1 <j <k, defined in the
last but one paragraph. This class of random variables J, x(f), f € F, is countably
approximable.

Proof of Lemma 4.4. We shall prove that the definition of countable approximabil-
ity is satisfied in this model if the class of functions F’ consists of those functions
Jursougv1,eons U5 < 05, 1 < j <k, for which all coordinates of the vectors u; and v;
are rational numbers.

Given some function fu, . w01, 05, & real number 1 > € > 0 and w € Q) let us
choose a function fa,, . a, 5,5 € F determined with some vectors u; = u;(e,w),
v; = v;(e,w) 1 < j <k, with rational coordinates @; < u; < v; < v; such that the sets
K; = B(u;,v;) \ B(uj,v;) satisfy the relations u(K;) < e272kF1n=k/2 and & (w) ¢ K;
forall j=1,...,kand [ =1,...,n. Let us show that

|Jn,k<fﬂ1,...,ﬂk,'l_Jl,...,”t_)k)(w) - Jn,k(ful,...,uk,vl,...,vk)(w)| S €. (49)
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Lemma 4.3 (with the choice U(f) = J, x(f)) and relation (4.9) imply Lemma 4.4.

Relation (4.9) holds, since the expression in it can be written as the sum of the 2% —1
integrals of the function f with respect to the k-fold product of the measure v/n(f, — 1)
on the domains Dy X --- X Dy, with the omission of the diagonals z; = x5, 1 < j,7 <k,
J # J, where D is either the set K; or B(u;,v;) and D; = K; for at least one index j.
It is enough to show that the absolute value of all these integrals is less than €2~%. This
follows from the observations that |f(z1,...,2zx)| < 1, V/n(un, — p)(K;) = —v/nu(K;),
(k) < e272+1n=k/2 and the total variation of the signed measure /n(p, — )
(restricted to the set B(u;,v;)) is less than 2y/n.

Let us discuss the relation of the results in this section to an important result,
the so-called fundamental theorem of the mathematical statistics. In that problem a
sequence of independent random variables & (w), ..., &, (w) is considered with distribu-
tion function F(z), the empirical distribution function F,,(z) = F,,(z,w) = 2#{j: 1 <
Jj < n,§j(w) < x} is introduced, and the difference F,(x) — F(x) is considered. This
result states that sup |Fj,(z) — F'(x)| tends to zero with probability one.
X

Observe that sup |F,(z) — F(x)| = n~'/2 sup | J,,(f)|, where F consists of the func-
T feF
tions f,(-), € R, defined by the relation f,(u) = 1if u < z, and f,(u) = 0 if u > z.
Theorem 4.1" yields an estimate for the probabilities P | sup |J,(f)] > v |. We have
ferF

seen that the above class of functions F is countably approximable. The results of the
next section imply that this class of functions is also Lo-dense. Otherwise it is not
difficult to check this property directly. Hence we can apply Theorem 4.1 to the above

defined class of functions with ¢ = 1, and it yields that P | n= /2 sup |J.(f)| > u) <
feF

e—Cnv® if | > 4 > Cn~ Y2 with some universal constants C > 0 and C > 0. (The

condition 1 > u can actually be dropped.) The application of this estimate for the

numbers € > 0 together with the Borel-Cantelli lemma imply the fundamental theorem

of the mathematical statistics.

In short, the results of this section yield more information about the closeness the
empirical distribution function F),, and distribution function F' than the fundamental
theorem of the mathematical statistics. Moreover, since these results can also be applied
for other classes of functions they yield useful information about the closeness of the
probability measure p and empirical measure p,.
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5. Vapnik—Cervonenkis classes and L,-dense classes of functions

In this section the most important notions and results will be presented about Vapnik—
Cervonenkis classes, and it will be explained how they help to show in some important
cases that certain classes of functions are Ls-dense. Some proofs are put in the Ap-
pendix.

First I recall the following notions.

Definition of Vapnik-Cervonenkis classes of sets and functions. Let a set S be
given, and let us select a class D consisting of certain subsets of this set S. We call D
a Vapnik-Cervonenkis class if there exist two real numbers B and K such that for all
positive integers n and subsets So(n) = {z1,...,x,} C S of cardinality n of the set S
the collection of sets of the form So(n)ND, D € D, contains no more than Bn subsets
of So(n). We shall call B the parameter and K the exponent of this Vapnik—Cervonenkis
class.

A class of real valued functions F on a space (Y,Y) is called a Vapnik—Cervonenkis
class if the collection of graphs of these functions is a Vapnik-Cervonenkis class, i.e. if
the sets A(f) = {(y,t): y € Y, min(0, f(y)) <t < max(0, f(y))}, f € F, constitute a
Vapnik-Cervonenkis class of subsets of the product space S =Y x R!.

The following result which was first proved by Sauer is of fundamental importance
in the theory of Vapnik—Cervonenkis classes. Its proof is given in the Appendix.

Theorem 5.1 (Sauer’s lemma). Let a set S be given together with a class D of subsets
of this set S. Fix some subset Sy = So(n) of the set S containing n point and consider
the class of subsets D(Sy) = {SoN D: D € D} of Sy consisting of the intersections of
the set Sy with the elements of the class D. If there is some positive integer k such that
all subsets F' C Sy of cardinality k have at least one “hidden” subset not contained in
the collection of sets D(Sy, F) = {F' N B; B € D(Sy)}, then D(Sy) contains at most
(5) + (1) +---+ (") subsets of S.

Theorem 5.1 has the remarkable consequence that if there exists some integer k
such that for all subsets So(k) of cardinality & of the set S the number of sets of the
form So(k) N D, D € D, is less than 2%, (i.e. not all subsets of Sy(k) can be represented
in this form,) then So(n) ND has at most () + () +---+ (,",) elements for all subsets
So(n) of the set S with n > k elements, since in this case the conditions of Theorem 5.1
hold for all n > k and subset Sp(n) C S of S of cardinality n and this number k.
This means that in this case D is a Vapnik-Cervonenkis class. It can be proved that

(6‘) + (711) 4+t (kﬁl) < 1.5% if n > k + 1, and this relation enables us to give

an explicit estimate on the exponent and parameter of this Vapnik—Cervonenkis class.
Hence we have to check a seemingly much weaker property to show that a class of
subsets of a set S is a Vapnik—Cervonenkis class. Moreover, Theorem 5.1 implies that
there are two cases. Either there is some set Sp(n) of cardinality n for all integers n

such that D(Sy(n)) contains all subsets of So(n) or  sup  |D(Sp)| tends to infinity
S0CS,|S0|=n

in polynomial order as n — oo, where |Sp| and |D(Sp)| denotes the cardinality of Sy
and D(S)).
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The upper bound given for |D(Sp)| in Theorem 5.1 appears in a natural way. If
D(Sy) consists of the subsets of Sy of cardinality less than or equal to & — 1, then the
above sum equals |D(Sp)|. In such a case the conditions of Theorem 5.1 are satisfied,
and the proof of Theorem 5.1 shows that this is the extreme case, this is the largest
class of sets Sp(n) N D satisfying Theorem 5.1.

Thevfollowing Theorem 5.2, an important result of Richard Dudley, states that a
Vapnik—Cervonenkis class of functions bounded by 1 is an L;-dense class of functions.

Theorem 5.2. Let f(y), f € F, be a Vapnik—Cervonenkis class of real valued functions

on some measurable space (Y,)) such that sup |f(y)| < 1 for all f € F. Then F is an
yey

Ly-dense class of functions on (Y,)). More explicitly, if F is a Vapnik-Cervonenkis
class with parameter B > 1 and exponent K > 0, then it is an Li-dense class with
ezponent L = 2K and parameter D = CB?(4K)?E with some universal constant C' > 0.

Proof of Theorem 5.2. Let us fix some probability measure v on (Y,)) and a real
number 1 > ¢ > 0. We are going to show that the cardinality of any finite set D(e,v) =
{f1i,....fm} C Fsuchthat [ |f; — feldv >cif j #k, f}, f € D(e,v) has a cardinality
M < De~ ! with some D > 0 and L > 0. This implies that F is an L;-dense class
with parameter D and exponent L. Indeed, let us take a maximal subset D(e,v) =
{f1,..., fm} such that the L;(v) distance of any two functions in this subset is at
least €. Maximality means in this context that no function fp;11 can be attached to
D(e,v) without violating this condition. If we show that M < De~%, then this means
that D(e, v) is an e-dense subset of F in the space L,(Y,Y,r) with no more than De~F
elements.

In the estimation of the cardinality M of D(e, v) we exploit the Vapnik-Cervonenkis
class property of F in the following way. Let us choose relatively few p points (y;,t;),
yeY, -1 <t <1, 1<1 < p, in the space (Y x [-1,1]) in such a way that the
set So(p) = {(yi,t1), 1 <1 < p} and graphs A(f;) = {(y,t): y € Y, min(0, f;(y)) <
t <max(0, f;(y))}, f € F, fj € D(e,v) have the property that all sets A(f;) N So(p),
1 < j < M, are different. Then the Vapnik—Cervonenkis class property of F implies
that M < Bp®. Hence if we can construct a set Sy(p) with the above property with a
relatively small number p, then we get a useful estimate on M. Such a set Sy(p) will be
given by means of the following random construction.

Let us choose the p points (y;,t;), 1 < 1 < p, of the (random) set Sp(p) indepen-
dently of each other in such a way that the coordinate y; is chosen with distribution
v on (Y,Y) and the coordinate t; with uniform distribution on the interval [—1,1]
independently of y;. (The number p will be chosen later.) Let us fix some indices
1 < j,k < M and estimate the probability that the sets A(f;)NSo(p) and A(fx)NSo(p)
agree, where A(f) denotes the graph of the function f. Consider the symmetric differ-
ence A(f;)AA(fx) of the sets A(f;) and A(fx). The sets A(f;)NSo(p) and A(fr)NSo(p)
agree if and only if (y;,t;) ¢ A(f;)AA(f) for all (y;,t;) € So(p). Let us observe that for a
fixed I P((y1,t1) € A(fj)AA(fr)) = 5(vxMN(A(f)AA(fr) = 5 [ |fi—frldv > §, where
A denotes the Lebesgue measure. This implies that the probability that A(f;) N So(p)
and A(fi) N So(p) agree can be bounded from above by (1 — £)” < e7P/2. Hence the
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probability that all sets A(f;) N So(p) are different is greater than 1 — (1\24)6—;)5/ 2>

1-— MTQe*pE/Q. Choose p such that £€p5/2 > e(Pt1)e/2 5 N2 > ePe/2 Then the above

probability is greater than %, and there exists some set Sy(p) with the desired property.
The inequalities M < BpX and M? > eP¢/2 imply that M > eng/K/‘lBl/K, ie.
1/K 1/K . .

log M As % < OM~1Y/2K for M > 1 with some universal constant

M1/ K 2 4K§1 /K *
C > 0, this estimate implies that Theorem 5.2 holds with the exponent L and parameter

D given in its formulation.

Let us observe that if F is an L;-dense class of functions on a measure space (Y,))
with some exponent L and parameter D, and also the inequality sup |f(y)| < 1 holds
yey

for all f € F, then F is an Lo-dense class of functions with exponent 2L and parameter
D2%. Indeed, if we fix some measure v on (Y,))) together with a number 1 > ¢ > 0, and
D(e,v) ={f1,..., fu} is an %—dense set of F in the space Li(Y,),v), M < 2L De=2k
then for any f € F we can choose some f; € D(e,v) such that [(f — f;)*dv <
2 [|f — fjldv < €2 This means that F is really an Lo-dense class with the given
exponent and parameter.

It is not easy to check whether a collection of subsets D of a set S is a Vapnik—
Cervonenkis class even with the help of Theorem 5.1. Therefore the following Theo-
rem 5.3 which enables us to construct many non-trivial Vapnik—Cervonenkis classes is
of special interest. Its proof is also put in the Appendix.

Theorem 5.3. Let us consider a k-dimensional subspace Gy of the linear space of real
valued functions defined on a set S, and define the level-set A(g) = {s: s € S, g(s) > 0}
for all functions g € Gi. Take the class of subsets D = {A(g): g € Gr} of the set
S consisting of the above introduced level sets. All subsets So = So(k + 1) C S of
cardinality k + 1 has a “hidden” subset which is not contained in the class of subsets
D(So) = {So N D: D € D} of Sy introduced in Theorem 5.1. By Theorem 5.1 this
property implies that the class of sets D is a Vapnik-Cervonenkis class.

Theorem 5.3 enables us to construct many interesting Vapnik—Cervonenkis classes.
Thus for instance the class of all half-spaces in a Euclidean space, the class of all
ellipses in the plane, or more generally the level sets of k-order algebraic functions with
a fixed number k constitute a Vapnik-Cervonenkis class. It can be proved that if C
and D are Vapnik—Cervonenkis classes of subsets of a set S, then also their intersection
CND={CnND:C e€C,D e D}, their union CUD = {CUD: C €C, D € D} and
complementers C¢ = {S\ C: C € C} are Vapnik-Cervonenkis classes. These results are
less important for us and their proofs will be omitted. We are interested in Vapnik—
Cervonenkis classes not for their own sake. We are going to study Lo-dense classes
of functions, and Vapnik—Cervonenkis classes make possible to find some examples.
Indeed, Theorem 5.2 implies that if D is a Vapnik—Cervonenkis class of subsets of a set
S, then their indicator functions constitute an Li-dense, hence also an Lo-dense class
of functions. Then the results of Lemma 5.4 formulated below enable us to construct
new Lo-dense class of functions. The description of Lo-dense classes of functions are
interesting for us, because they appear in the conditions of the results in Section 4.
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Lemma 5.4. Let G be an Lo-dense class of functions on some space (Y,Y) whose
absolute values are bounded by one, and let f be a function on (Y,)) also with absolute
value bounded by one. Then f-G ={f-g: g € G} is also an Ly-dense class of functions.
Let Gy and Gs be two Lao-dense classes of functions on some space (Y,Y) whose absolute
values are bounded by one. Then the classes of functions G1+Ga = {g1+g2: g1 € G1, 92 €
Ga}, G1- G2 ={g192: 91 € G1, 92 € G2}, min(G1,G2) = {min(g1,92): 91 € G1, 92 € Go},
max(Gy,G2) = {max(g1,92): g1 € G1, g2 € Go} are also La-dense. If G is an La-dense
class of functions, and G' C G, then G’ is also an Lo-dense class.

The proof of Lemma 5.4 is rather straightforward. One has to observe for instance that
if 91,91 € G1, 92,92 € G2 then |min(g1, g2) —min(gi, g2)| < |91 — g1)| + |92 — g2/, hence if
g1,1,---,91,0, is an 5-dense subset of Gy and ga1, ..., g2, 11, is an §-dense subset of Go in
the space Lo (Y, ), v) with some probability measure v, then the functions min(g1 ;, g2,x),
1 <j< M, 1<k< M, constitute an e-dense subset of min(Gy,Gs) in Lo(Y, YV, v).
The last statement of Lemma 5.4 is proved after the Corollary of Theorem 4.1. The
details are left to the reader.

The above results enable us to find some interesting classes of La-dense classes of
functions. In particular, the indicator functions of Vapnik-Cervonenkis class of sets is
an Lo-dense class of functions, and then Lemma 5.4 enables us to construct new classes
of Lo-dense classes of functions with their help. It is not difficult to see with the help
of these results for instance that the random variables considered in Lemma 4.4 are not
only countably approximable, but the class of functions fy, . u, ... v, taking part in
their definition is Ly-dense.

6. The proof of Theorems 4.1 and 4.2 on the supremum of random sums

This section contains the proof of some results which can be proved by means of a
simple but useful method, the so-called chaining argument. This method enables us to
prove Theorem 4.2 completely, but it only helps to reduce Theorem 4.1 to a slightly
simpler statement presented in Proposition 6.1. We also formulate another result in
Proposition 6.2 and show that these two propositions together imply Theorem 4.1. The
proof of Proposition 6.2 which is based on a symmetrization argument is left to the
next section. The method of proof of Theorem 4.2 does not suffice in itself to prove
Theorem 4.1, because we have relatively weak estimates about the distribution of sums
of independent random variables with small variances. This does not allow to follow
the chaining argument in the proof of Theorem 4.1 up to the end, we have to stop at a
point. In such a way we only get a seemingly weak result, but as it turns out this is the
result we need to cover that part of Theorem 4.1 which cannot be handled by means
of the symmetrization method applied in the proof of Proposition 6.2. First we prove
Theorem 4.2.

Proof of Theorem 4.2. Let us list the elements of F as {fo, f1,...} = F, and choose

for all p = 0,1,2,... a set of functions F,, = {fop,1),--+» fapm,)} C F with m, <

(D +1)22PL5—L elements in such a way that 1<igf J(f = fap.))? dp < 27402 for all
S)IsSmyp

f e F,and f, € F,. For all indices a(p, j) of the functions in F,, p=1,2,..., define a
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predecessor a(p—1, j’) from the indices of the set of functions F,_; in such a way that the
functions fo(p, ;) and fo(p—1),;) satisfy the relation [(f(, ;) —f(p_l,j/))Q dy < 274p=1)42,
With the help of the behaviour of the standard normal distribution function we can write
the estimates

2.2-4p-1)g2

. _ 2_2(p+1)u2
PUAG1) = P (1Z(fut0) = Zatpes)| 2 27040) < 20xp { - }

22Py ,
:2€Xp{—m} 1§j§mp,p:1,2,...,

and

2
PBU) =P (120a0s) 2 3) sew{-2 ). 125 <me

oo
The above estimates together with the relation |J F, = F which implies that
p=0

{1Z(f)] > u} C U U A(p,j) U UO B(s) for all f € F yield that

p=17=1 s=1

<sup|z< >|>u> <P[UUApulUBe)

feF o1 i1
oo Mp mo
<SS P(AM )+ P(B(s
p=1j=1 s=1

< - 2pL _—L 22pu2 L U2
_;2(D+1)2 0T exXpy ~ 503 +2(D+1)o” "~ exp 32 [

If u> ML'Y25log 2 with M > 16 (and L > 1), then

2p, 2 —2pL 222 V21, /256
o2l =L exp{— 2"u } < (1) o~k (z) L

25602 2 2

for all p=0,1..., hence the previous inequality implies that

< 22pq2 u’
Psup|Z(f)|>u| <2(D+1)) 2 pexp{_25602}:4(D+1)6Xp{_25602}'

feF om0

Theorem 4.2 is proved.

With the appropriate choice of the bound of the integrals in the definition of the
sets F), in the proof of Theorem 4.2 and some more calculation it can be proved that the
coefﬁment 755 in the exponent of the right-hand side (4.7) can be replaced by 15 with
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arbitrary small ¢ > 0 if the remaining constants in this estimate are chosen sufficiently
large.

The proof of Theorem 4.2 was based on the fact that sufficiently good estimates
can be given on the probabilities P(|Z(f)—Z(g)| > w) for all f,g € F and u > 0. In the
case of Theorem 4.1 we only have a weaker estimate for the corresponding probabilities,
we cannot give a good estimate on the distribution of the difference S,,(f) — S, (g) if its
variance is small. As a consequence the chaining argument supplies only a weaker result
in this case. This result will be given in Proposition 6.1, where the supremum of the
normalized random sums Sy, (f) is estimated on a relatively dense subset of the class of
functions f € F in the Lo(p) norm. We present another result in Proposition 6.2 which
will be proved in the next section and show that Theorem 4.1 follows from these two
results.

Before the formulation of Proposition 6.1 I recall an estimate which is a simple

consequence of Bernstein’s inequality: If S, (f) = \/Lﬁ > f(&;) is the normalized sum of
j=1

independent, identically random variables, P(|f(&1)] < 1) =1, Ef(&) =0, Ef(&)? <
0?2, then there exists some constant a > 0 such that

P(ISn(f)] > u) < 2e7°%/7° i 0 < u < /no®. (6.1)

We can choose a = % in this estimate, and also could present a slightly more general
version of it, but such additional information would not give a real help.

Proposition 6.1. Let us have a countable Lo-dense class of functions F with parameter
D and exponent L, L > 1, on a measurable space (X,X) whose elements satisfy the
conditions (4.1), (4.2) and (4.3) with some probability measure p on (X,X) and real
number 0 < o < 1. Take a sequence of independent p-distributed random wvariables

&1,...,&n, n > 2, define the random sums S, (f) = \/Lﬁ > f(&), for all f € F. Let
=1

us fiv some number A > 2. For all sufficiently large numbers M > My = My(A) the
following relation holds: For all numbers u > 0 for which no? > (3)2 > ML log% a

o

number 6 = a(u), 0 < <o <1, and a collection of functions F5 = {f1,...,fm} CF

with m < D&~ L elements can be chosen in such a way that the sets D; ={f:f €
m

F, [1f = fil?du < 3%}, 1 < j < m, satisfy the relation |J D; = F, and the normalized
j=1

partial sums Sy, (f), f € Fs, n > 2, satisfy the inequality

u u 2 w2 2

> — | < — _ ; 2> (2) > z

P (fseuJI-"),, 1Sn(f)| > A) < 4Dexp{ o (10A0) } if no* > (J) > M Llog -
(6.2)

with the constants o in formula (6.1) and the exponent L and parameter D of the Lo-

. . L. 1 2 _ 1 2 _
dense class F. Besides, also the inequalities 3 (Ai&) > ng? > a1 (Aicr) and ng? >

2/3
M lé(fog@slogn hold with = max (ﬁggg,()), provided that also the inequality no? >
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(%)2 > M(L+ 3)3/? log% holds. (We may assume that the sample size n is sufficiently
large, so the set of numbers u for which no? > (%)2 > M(L+3)3/? logg is non-empty. )

Proposition 6.1 helps to reduce the proof of Theorem 4.1 to the case when the
Lo norm of the functions in the class F is bounded by a relatively small number &.
In more detail, the proof of Theorem 4.1 can be reduced to a good estimate on the

distribution of the supremum of random variables sup |S, (f — f;)| for all classes D;,
feb;

1 < j < m, by means of Proposition 6.1. We also have to know that the number m of

the classes D; is not too large, otherwise our estimates cannot be useful.

A result formulated in Proposition 6.2 helps us to complete the proof of Theo-
rem 4.1. It contains some parameters, and we have to fit the constants in the estimates
of Propositions 6.1 and 6.2. This was the reason to introduce the rather artificial pa-
rameter A > 2 in Proposition 6.1 and to formulate the conditions of inequality (6.2)
with a number M > My(A) instead of a number My. We want such a formulation of
Proposition 6.1 in which it can achieved for any fixed number A > 0 that the relation
no? > Alogn holds, where the number & was defined in the proof of Proposition 6.1.
The last two relations in Proposition 6.1 shows that this is possible if first the number
A and then the number M > My(A) is chosen sufficiently large. Now we formulate

Proposition 6.2 and prove Theorem 4.1 with its help.

Proposition 6.2. Let us have a probability measure 1 on a measurable space (X, X)
together with a sequence of independent and u distributed random variables &1, ..., &,
n > 2, and a countable, Ly-dense class of functions f = f(x) on (X,X) with some
parameter D and exponent L > 1 which satisfies conditions (4.1), (4.2) and (4.3) with
some o > 0 such that the inequality no?® > K (L + )logn holds with an appropriate,

sufficiently large universal number K > 3 and [ = max <O, llc(’)ggg). Then there exists
some universal constant v > 0 and threshold index Ay > 0 such that the random sums

Sn(f), f € F, introduced in Theorem 4.1 satisfy the inequality
P (sup |Sn ()| > An1/202> < e~ vA?no’ if A> Ap. (6.3)
feF

(A possible choice of the parameters is: K =4, Ag = 2191016 and v = %)

I did not try to find optimal parameters in formula (6.3). Even the exponent %
of A in the exponent at its right-hand side could be improved. The result of Propo-
sition 6.2 is similar to that of Theorem 4.1. Both of them give an estimate on a

feF
is that in Theorem 4.1 this probability is considered for u < const.n while in
Proposition 6.2 the case u > const.n'/?¢0? is looked at. Let us observe that this
is the case when no good Gaussian type estimate can be given for the probabili-
ties P(S,(f) > u), f € F. In this case Bernstein’s inequality yields the bound

probability of the type P (sup |Sn(f)] > u) The essential difference between them

1/2 52
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P(S,(f) > An'/?62%) = P <i f(&) >an> < emconst-Ano® with 3 = A/no and
=1

V,, = y/no for each single function f € F which takes part in the supremum of for-
mula (6.3). The estimate (6.3) yields a slightly weaker estimate for the supremum of
such random variables as it contains the coefficient A'/2 instead of A in the exponent
of the estimate at the right-hand side. But also such a bound will be sufficient for us.

In Proposition 6.2 that situation is considered when the irregularities of the sum-
mands provide a non-negligible contribution to the probabilities P(|S,(f)| > u), and
the method of proof supplies a good estimate only in this case. This makes natural
to separate the proof Theorem 4.1 to the proof of two different statements given in
Proposition 6.1 and 6.2.

In the proof of Theorem 4.1 Propositions 6.1 will be applied with a sufficiently
large number A > 2 and Proposition 6.2 with ¢ = & with the number & defined in
Proposition 6.1 and the classes F = D;, more precisely the classes of functions F =

{g ik :g€D; } introduced in Proposition 6.1, where f; is the function appearing in

the definition of the class of functions D;. Clearly,

P <Sup 1S ()] > U) <P (Sup 1S ()] > %)
fer feFs

Srlel (5 (-2

geD
where m is the cardinality of the set of functions F; appearing in Proposition 6.1. We
want to show that if A and then M > My(A) are chosen sufficiently large, then the
second term at the right-hand side can be well bounded by means of Proposition 6.2,
and Theorem 4.1 can be proved by means of this estimate.

Let us choose a number Ag in such a way that Ag > Ao and 714(1)/ 2 > % with the
numbers Ag, K and v in Proposition 6.2, put A = max(24y,2), and apply Proposition
6.1 with this number A. Then also the inequality (%)2 > 4A%n5% > (4A()?na?, hence
u > 4A9y/n5? holds with the number & in Proposition 6.1. (We assume that such
numbers u are considered which satisfy the condition no? > (%)2 > M(L + B)3/? log%
imposed in Proposition 6.1.) Choose such a number M > Mjy(A) in Proposition 6.1
(which also can be chosen as the number M in formula (4.4) of Theorem 4.1) which also
satisfies the inequality lgé(f();@;og” > K(L+p)logn with the number K appearing in
the conditions of Proposition 6.2. With such a choice we also have ng? > K (L+ ) logn.

L u> g > A()\/_ na? and Ay > Ao Propositions 6.2 yields the estima-

Since (3 —
(1522 o)

3~ 24)
tion
1T1/2 _2 .
<e M forall1 < j<m,

0= Goas)
P | sup |S, >|l=——u| <P| su
<g€£j ( 2 2 24 S |
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(observe that the set of functions ! on ¢ g € D, is an Lo-dense class with parameter D

and exponent L), hence Proposition 6.1 and formula 6.4 imply that

u 2 i1/2, -2
P Sn(f)| >u | <4D — - Dg~te A no, 6.5
(?2??' (f)|_u) < exp{ a(lOAO') }+ o Ve (6.5)

To get the result of Theorem 4.1 from inequality (6.5) we have to replace its second
term at the right-hand side with a more appropriate expression where, in particular,

we get rid of the coefficient =%, The condition ng? > K (L + $)logn implies that

/2 and by our choice of Ay we have 714_1(1)/27162 > +no? > Llogn > 2Llog £,

) A1/2 ) . 2
ie. a7 L < e’YAé 2”‘72/2. By the estimates of Proposition 6.1 ng? > —614 (—-—X ) . The above
(o2

relations imply that 5~ LAy *na’ < e~ Ay *na? /2 < exp {—%2814(1)/2[1_2 (%)2} Then

o>n"

relation (6.5) gives that

o (A% Y o71/2 52 (U 2
P (s 15,012 ) < apesp {2 (9 k pesp [~ Lavazs (1Y),
(?22' m"“)‘ o (= (7) ]+ oo {2 (g
and this estimate implies Theorem 4.1.

Proof of Proposition 6.1. Let us list the members of F, as f1, fo, ..., and choose for all

p=0,1,2,... aset F, = {fap,1),-- - fapm,)} T F with m,, < D 22L5—L elements in

such a way that 1<igf J(f = fap.j))? du < 27402 for all f € F. For all indices a(p, j),
SJIsmyp

p=1,2,...,1<j <m,, choose a predecessor a(p —1,5"), j' = 7' (p,7), 1 < j < myp_1,

in such a way that the functions f,(, ;) and f,—1,,) satisfy the relation il | fap.j) —
o N2

fa-19?dp < 0?274P=1 " Then we have | <fa(p’“ JZC“(”’“ )> dp < 40227% and

fa(p,j)(331w..,iUk)*fa(p_l’j/)(.Tl,...,.l‘k)
2

sup
r;€X,1<5<k

, 1 9—(14p)y, 2P0\ 2
P(A(p,j)) =P (§|5n(fa<p,j> — fa-1.49)) = —) < 2exp {—a ( )

< 1. Relation (6.1) yields that

24 S8Ac

2y \ 2
if 4%022_41)2 <8Au> ’ 1§j§mp7 p:1;2;7 (66)
g

and
PB) =P (15,001 2 55) <2ew{-a (1)} 1255 ma

if no?> (ﬁ)?

NE

(6.7)

. ) / 2
CGI;oose the integer number R, R > 0, in such a way that % (—X—U) > no? >
2

556 (%)2, define 52 = 27462 and F5; = Fg. (As no? > (%)2 and A > 2 by our
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conditions, there exists such a positive number R. The number R was chosen as the
largest number p for which relation (6.6) holds.) Then the cardinality m of the set F5
equals mr < D2?*fo=L = Ds~L and the sets D; are D; = {f: f € f,f(fa(R,j) —

f)?du < 27452} 1 < j < mpg, hence |J D; = F. Besides, the number R was chosen
j=1

in such a way that the inequalities (6.6) and (6.7) can be applied for 1 < p < R. Hence

the definition of the predecessor of an index (p,j) implies that

R mp mo
P (sup [Sn(£)] = %) <pUJUAwyul B

fers p=1;=1

o

R mo oo Py 2
<3 >~ P(Ap. ) + > P(B(s) <) 2D2% o Fexp {_O‘ (SAJ) }

+2Do Lexp {—a (ﬁ)z} .

If the relation (%)2 > ML log% holds with a sufficiently large constant M (depending
on A), then the inequalities

2Py \ 2 2Py \ 2
22pL —L _ _ < 2,p — J—
o eXp{ a<8Aa> }— eXp{ a(lOAa) }
hold for all p=1,2,..., and
o lexp{ —a <L)2 <expq—« < Y >2
P 2A0) [ =P 1040/ -
Hence the previous estimate implies that
P sup [S.(f)] > ) < iZDQpeX - 2u \*
fep PonWI="7 ) = s P 1040

v {-a (i) < e - ()

and relation (6.2) holds. We have

2 6(R+1) 2 2
(Ai> <ngt =2 Hingt < o7t 256 (‘i> i (‘i> ’
g

26R
256

9—4R .

hence



M?/3(L+B)logn
1000A%/3

This inequality clearly holds under the conditions of Proposition 6.1 if ¢ < n=1/3,

since in this case log 2 > 2" and ng? > 2 (%)2 > LA2M(L + B)3/%log 2 >

%M(L + B)logn > M2/13()(()L()E@;°g” if M > My(A) with a sufficiently large number

My(A).
If 0 > n='/3, then we apply that the inequality 267 (%)2 < 256n0? implies
( “ )2 2/3

—4R ~16/3 | \Ag =2 _ 9—4R, 2 ~ 27%/3 . ov1/3 (u\4/3
that 2 > 216/ [722 , and no® = 27%'no® > - (no )I/3 (%)™, Since

as we have claimed. It remained to show that ng? >

no? > n'/3 and (£)? > Y&(L + B)3/2, these estimates yield that

na s) = 50 3 1000 4%/3

B A—4/3 u\4/3  A—4/3 M\ 23 M2/3(L + B)logn
2 > T(TLO_Q)l/B (_) > n1/9 (_) (L+B) > ( B) g

7. The completion of the proof of Theorem 4.1

In this section we prove Proposition 6.2 by which the proof of Theorem 4.1 is completed.
First a symmetrization lemma is proved, and then with the help of this result and a
conditioning argument the proof of Proposition 6.2 is reduced to the estimation of a
probability which can be bounded by means of the Hoeffding inequality formulated in
Theorem 3.4. Such an approach makes possible to prove Proposition 6.2.

First I formulate the symmetrization lemma we shall apply.

Lemma 7.1 (Symmetrization Lemma). Let Z, and Z,, n = 1,2,..., be two
sequences of random variables independent of each other, and let the random variables
Zn, n=1,2,..., satisfy the inequality

P(|Z,| <a)>p foralln=1,2,... (7.1)

with some numbers a > 0 and B > 0. Then

1 _
P( sup |Zn|>a+u)§BP( sup |Zn—Zn|>u) for all u > 0.

1<n<oo 1<n<oo

Proof of Lemma 7.1. Put 7 = min{n: |Z,| > a + u} if there exists such an index n,
and 7 = 0 otherwise. Then the event {7 = n} is independent of the sequence of random
variables Z1, Zs5, ... for all n =1,2,..., and because of this independence

P({r=n}) < ZP({r=n}n{|Z.| <a}) < %P({T =n} N {|Zn — Zn| > u})

1
B
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for alln =1,2,.... Hence

P( sup |Zn|>oz+u)=z_:1P(T: %Z ({r =} N {|Zn — Zo| > u))

1<n<oo

1 _
§—P( sup | Z, — Zy| >u).
B 1<n<oo

Lemma 7.1 is proved.
We shall apply the following consequence Lemma 7.2 of the symmetrization lemma.

Lemma 7.2. Let us fix a countable class of functions F on a measurable space (X, X)
together with a real number 0 < o < 1. Consider a sequence of independent, identically
distributed X -valued random variables &1, ..., &, such that Ef(&1) = 0, Ef%(&) < o?

for all f € F together with another sequence €1, . ..,&, of independent random variables
with distribution P(e; = 1) = P(e; = —1) = 3, 1 < j < n, independent also of the
random sequence &1, ...,&,. Then
P sup fl&)| > An'/?o?
\/_ feF ; ’
(7.2)

< 4P %Jsclelp ;sjffj > zfA>—\/ﬁa.
Proof of Lemma 7.2. Let us construct an independent copy 51, . ,én of the sequence
£1,...,&, in such a way that all three sequences &1, ...,&,, &1,...,&, and €1,...,6,

are independent. Define the random variables S, (f) = % Z f(&) and S,(f) =

= 2 f(§) for all f € F. The inequality
j=1

feF

P <;§1€1§; 1Sn ()] > A\/ﬁ02> < 2P (sup S0 (f) = Su(f)] > §A\/ﬁa2> : (7.3)

follovvs from Lemma 7.1 if we apply it for the countable sets Z,,(f) = S, (f) and Z,,(f) =
Sn(f), f € F, of random variables and & = 2A4y/no?, o = 3A/no?, since the fields
S.(f) and S, (f) are independent, and P(|S,, ( ) <a)>1 for all f € F. Indeed, a =

3 Ay/no? > V20, ES,(f)? < 02, thus Chebishev’s inequahty implies that P(|S,(f)| <
a) > P(IS,(f)] < V20) >  for all f € F.
Let us observe that the random field

Sulf) = Sulf) = =S (F(&) - £&)), feF (7.4)
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and its randomization
Jj=1

have the same distribution. Indeed, even the conditional distribution of (7.4") under
the condition that the values of the €;-s are prescribed agrees with the distribution
of (7.4) for all possible values of the £;-s. This follows from the observation that the
distribution of the field (7.4) does not change if we exchange the random variables £; and
5]- for certain indices j, and this corresponds to considering the conditional distribution
of the field in (7.4") under the condition that ¢; = —1 for these indices j, and ¢; = 1
for the remaining ones.

The above relation together with formula (7.3) imply that

P sup fl&)| > An'/?o?
\/_fef Z ’
- 2
<2P Sup €5 — f&; = Ant/?5?
< 2P sup eif(&)] > nt/2452
v[_fef'jiz T
+ 2P sup € > nt/252
_ A nl/252
=4P sup Zejf &) >

\/— fer =1

Lemma 7.2 is proved.
Let me briefly explain the approach to the proof of Proposition 6.2. We have to es-

timate a probability of the form P [ n=1/2sup | > f(&;)]| > u) , and by Lemma, 7.2 this
feF |j=1

can be replaced by the estimation of the probability P [ n='/2 sup Yeif&)] > %
feF |j=1
with some independent random variables ¢;, P(e¢; = 1) = P(g; = —1) = %, j=1,...,n,

which are also independent of the random variables £;. We shall bound the conditional
probability of the event appearing in this modified problem under the condition that
the values of the random variables £; are prescribed. This can be done with the help
of Hoeffding’s inequality formulated in Theorem 3.4 and the Ly-density property of the
class of functions F we consider. By working out the details we are led to the estimation
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Ta | with some new nice Lo-dense class

of the probability P (n_1/2 sup | > f(&)| > u!
FeF |j

of bounded functions F’ and some number « > 0. This problem is very similar to the
original one, but it is simpler, since the number u is replaced by a larger number u!'+¢
in it. By repeating this argument successively, in finitely many steps we get the proof
of Proposition 6.2.

The above sketched argument suggests a backward induction procedure to prove
Proposition 6.2. To carry out such a program first we introduce a property we want to
prove.

Definition of good tail behaviour for a class of normalized random sums.
Let us fix some measurable space (X, X) and a probability measure j on it together
with some integer n > 2 and real number o > 0, and consider some class F of functions
f(x) on the space (X, X). Take a sequence of independent p distributed random variables

&1, ..., &n, and define with its help the normalized random sums S, (f) = \/iﬁ > f(&),
j=1

f € F. Given some real number T' > 0 we say that the set of normalized random sums
Sn(f) determined by the class of functions F has a good tail behaviour at level T (with
parameters n and o which we shall fix in the sequel) if the inequality

P (Sup 1Sn(f)| > A\/ﬁ02> < exp {—A1/2n02} (7.5)

fer

holds for all numbers A > T.
Now we formulate Proposition 7.3 and show that Proposition 6.2 follows from it.

Proposition 7.3. Let us fix a positive integer n > 2, a real number o > 0 and a
probability measure p on a measurable space (X, X) together with a countable Lo-dense
class F of functions f = f(x) on the space (X, X) with some prescribed exponent L > 1
and pammeter D. Let us also assume that all functions f € F satisfy the conditions
sup f(@)] < 1. [ (= ) <02, and no? > K(L + B)logn with a sufficiently large

ﬁxed number K and 8 = max <l°gD O).

logn >’

If there is a number T > 1 such that for all classes of functions F which satisfy

the above conditions the class of normalized random sums S, (f) = \/Lﬁ > f(&), fe

F, defined with the help of a sequence of independent p distributed random variables
£1,...,&, have a good tail behaviour at level T, then there is a universal constant Ag
such that the number T = T3/* also have this property provided that T > Ay. We can
choose for instance Ay = 64 -10'2 and K = 1.

Proposition 6.2 simply follows from Proposition 7.3. To show this let us first observe
that the class of normalized random sums S,,(f), f € F, has a good tail behaviour at
level Ty = ﬁ if the class of functions F satisfies the conditions of Proposition 7.3.
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Indeed, in this case P [ sup |S,(f)| > Ay/no? | < P | sup |S.(f)| > ‘/Tﬁ = 0 for all
JeF FeF

A > Ty. Then the repetitive application of Proposition 7.3 yields that the class of
random sums S, (f) has a good tail behaviour at all levels T' > T0(3/4)j if T0(3/4)j > Ay,
hence for T' = Ag/ % if the class of functions F satisfies the conditions of Proposition 7.3.
If the class of functions f € F satisfies the conditions of Proposition 6.2, then the class
of functions F = { f= %: ferF } satisfies the conditions of Proposition 7.2, (actually

o
Sn(f), f € F, has a good tail behaviour at level T' = /_lé/ ®_ This implies that the original
class of functions F satisfy formula (6.3) in Proposition 6.2 with 4K, Ay = 4[161/ % and

vy = %, and this is what we had to show.

with ¢ = and a better parameter D for the class F), hence the class of functions

The proof of Proposition 7.3. Fix a class of functions F which satisfies the conditions
of Proposition 7.3 together with two independent sequences &1,...,&, and €1, ...,&, of
independent random variables, where §; is p-distributed, P(e; = 1) = P(e; = —1) = %,
1 < j < n, and investigate the conditional probability

A
>

1 n
P(f7A|£17"'7£n>:P % J;ejf(gj) = 6\/50'2 517-"7€n

for all functions f € F, A > T and values ({1, . ..,&,) in the condition. By the Hoeffding
inequality presented in Theorem 3.4

iA2 4
P<f,A|sl,...,§n>s2exp{—252(3;&7"’_ 5 )} (7.6)
with .
S2(f,331,...,{,6n):%Zf2(l’j), fEf
j=1

Let us introduce the set

H=H(A) = {(xl,...,:rzn): sup S2(f, 1, .., 2n) > (1+A4/3> 02}. (7.7)
fer

I claim that Vs s
P((&,.. &) e H) < e i A>T (7.7

(The set H plays the role of the small exceptional set, where we cannot provide a good
estimate for P(f, A|¢1,...,&,) for some f € F.)

To prove relation (7.7’) let us consider the functions f = f(f), f(z) = f%(z) —
[ f2(x)p(dz), and introduce the class of functions /' = {f(f): f € F}. Let us show
that the class of functions F’ satisfies the conditions of Proposition 7.3, hence the
estimate (7.5) holds for the class of functions F' if A > T4/3.
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The relation [ f(z)u(dz) =0 Clearly holds. The condltlon sup | f(z)] < & < 1 also

holds if sup | f(z >|§4,andff2 p(de) < [ fa)p(de) < & [ f2(e) plde) < % <
2if f € F. Tt remained to show that .7-"’ is an Lg—dense class with exponent L and
parameter D.

To show this observe that [(f(z) — g(z))?p(dz) 2f (f2(z) — g%(x))?p(dx) +
2 [(f*(z (ﬂf)) p(dx) < 2(sup(|f (= )\ gf(x ( f 9(x))? ( (d$)+ﬂ(dﬂf)) =

J(f(z) — g( )) p(dx) for all f,g e F, f=f(f),g= g(g) and probability measure p,
where p = p . This means that if {f1,..., fi,} is an e-dense subset of F in the space

Lo(X, X, p), then {fi,.-., fm} is an e-dense subset of F' in the space Lo(X, X, p), and
not only F, but also F’ is an Lo-dense class with exponent L and parameter D.

We get by applying the inductive hypothesis of Proposition 7.3 for the number
A3 > T4/3 and the class of functions F’ that

P((&,-- - 6n) € H) =P sup %gf(«fjH%ZEfz(&) 2(1+A4/3)0—2

=1
- 4/3,1/2 ;2 —A?/3pg?
< P | sup Zf(§ ) > A <e ,

i.e. relation (7.7") holds.
Formula (7.6) and the definition of the set H given in (7.7) yield the estimate

P(f, Alér, ... &) < 2e” e g (66 ¢ H (7.8)

for all f € F and A > T > 1. (Here we used the estimate 1 + A3 < 2A4/3.) Let us
introduce the conditional probability

A
P(FaA‘€17"'7€n):P Sup —= \/— Zgj 5] = g\/EOQ 517"‘7571

fer

for all (&1,...,&,) and A > T. We shall estimate this conditional probability with the
help of relation (7.8) if (&1,...,&,) ¢ H. Given some set of n points (x1,...,x,) in the
space (X, X') let us introduce the measure v = v(zq, .. xn) on (X, X) in such a way that
v is concentrated in the points z1,...,x,, and 1/({:13]} I [ fA(z)v(dx) < 62 for

< nl'/2 [|f(x)|v(dz) < n'/25. Since the condition

a function f, then ‘\/LH 21 g f(z;)
j:

no? > K(L+ ) logn in Proposition 7.3 also implies that no? > 1 (if the constant K is
chosen sufficiently large), the above estimate implies that if f and g are two functions

such that [(f — ¢)?v(dz) < 6% with § = £, then \/15 lejf(xj) — \/%7 Zlajg(xj) <
j= j=

6n’
A 2
= < gV/no’.

-

6

S
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Let us fix some (random) point (&1,...,&,) ¢ H, consider the measure v =
v(&,...,&,) corresponding to it and choose a 0-dense subset {fi,..., fm} of F in the
space Lo(X,X,v) with § = GLn < § = ¢£-, whose cardinality m satisfies the inequal-
ity m < DéL. This is possible because of the Lo-dense property of the class F.
(This is the point where the Lo-dense property of the class of functions F is ex-

ploited in its full strength.) The above facts imply that if Ln '21 e f(&)] = %\/502
j:

n
for some function f € F, then —= eifi(&)| = 2y/no? for some function f, of
=1

the 0-dense subset {fi,...,fm} of F with the fixed point (&;,...,&,) ¢ H. Hence
P(F, A&, .., &) < > P(fi, Al ..., &) with these functions fi,..., fi,, and rela-
I=1

tion (7.8) yields that

P(F,Alé1,... &) < 2D(6n)ke A o™/ 144 i (¢ ¢,) ¢ Hand A>T.

3v2

This inequality together with Lemma 7.2 (under the restriction that A > Ay > \FU >

3v/2) and estimate (7.7') imply that

A
P sup f&)| > Ant/252 < 4P sup eif(&)] > nt/2q52
\/_fef ; ’ \/_fef J_Zl T (7.9)

< 8D(6n)Le A" no? /144 4 yo=APno® i 4 >

By the condition no? > K (L + ) logn = K Llogn + K log(max(D, 1)), hence the first
term at the right-hand side of (7.9) can be bounded as

8D(6n)L67A2/3n02/144

< oAV Pno® g pgLy, L(1-AY?/3) max(D, 1)~ A2 /3 <

if A>T > Ag > 64-10'2 and K > 1. (With such parameters % AV? < 1A1/2 )

With such a choice of the parameters the inequality \\F[ < \/i’(\( < Ay < A, needed
no og 2

for the validity of relation (7.2), also holds. The second term at the right-hand side of
(7.9) be bounded as de=A*Pno? < %e‘AW””Q. with the above choice of the numbers
Ag and K.

By the above calculation formula (7.9) yields the inequality

1/2
\/_fe}‘jz::l j

if A > T, and the constants Ay and K are chosen sufficiently large, for instance Ay =
64 - 10'2 and K = 1 is an appropriate choice.
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8. Formulation of the main results of this work

This section contains the main results of this work about multiple stochastic integrals
and their supremum. Section 4 contains these results in the special case of one-fold
integrals together with their version about the supremum of appropriate classes of nor-
malized sums of independent and identically distributed random variables with zero
expectation. (See Theorem 4.1 and 4.1" and their comparison.) The results about mul-
tiple stochastic integrals also have a similar version, and they will be also presented.
Here the role of sums of independent, and identically distributed random variables are
taken by degenerate U-statistics of independent and identically distributed random vari-
ables. The condition that the U-statistics have to be degenerate plays the a role similar
to the condition about the zero expectation of the summands when the independent
sum versions of the one-fold integral results are considered. The basic notions about
U-statistics needed to understand the results will also be explained. The proof of the
equivalence of the results about multiple integrals and U-statistics formulated in this
section requires a detailed study of the property of U-statistics, a problem which has a
special interest in itself. This will be the subject of the next section.

We also formulate some results about multiple Wiener—Ito integrals which are nat-
ural analogs of the results about multiple integrals with respect to normalized empirical
measures. But these results are only briefly discussed, because they do not belong to
the main subject of this work, and they demand a more detailed study of multiple
Wiener—It6 integrals. Finally, this section is finished with a the two-dimensional ver-
sion of Example 3.2 which shows that certain conditions of the results discussed here
are really necessary.

Let us consider a sequence of iid. random variables &;,...,&, taking values on
a measurable space (X, X). Let u denote its distribution, and introduce the empirical
distribution of this sequence defined in (4.5). Given a measurable function f(z1,...,xx)
on the k-fold product space (X*, X*) introduce its integral J, 1 (f) with respect to the
k-fold product of the normalized empirical measure \/n(u, — p) defined in formula
(4.8). Here we define the domain of integration by deleting the diagonals z; = y,
1 < j <1<k, from the k-fold product space (X*, X¥). The following Theorem 8.1
can be considered as the multiple integral version of Bernstein’s inequality formulated
in Theorem 3.1.

Theorem 8.1. Let us take a measurable function f(xi,...,x) on the k-fold prod-
uct (X*, X*) of a measure space (X,X) with some k > 1 together with a non-atomic
probability measure p on (X, X) and a sequence of iid. random variables &1, . . ., &, with
distribution p on (X, X). Let the function f satisfy the conditions

HfHOO = sup ’f(-%’l, cee 7xk)| < 17 (81)
z;€X, 1<j<k

and

918 = [ Plareoou(de) .. u(dzy) < o° 82)
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with some constant 0 < o < 1. There exist some constants C = Cy > 0 and o = ay, > 0,
such that the random integral J, 1 (f) defined by formulas (4.5) and (4.8) satisfies the
mequality

P(|Jpr(f)] > u) < Cmax (eXp {—a (g)%} exp {—a<nu2)1/<k+1>}) (8.3)

for all w > 0. The constants C' = Cj, > 0 and o = ay, > 0 in formula (8.3) depend only
on the parameter k.

Theorem 8.1 can be reformulated in the following equivalent form.

Theorem 8.1'. Under the conditions of Theorem 8.1
P (|Jnk(f)] > u) < Cexp {—Oé (—) } for all 0 < u < nF/2gk+! (8.3
o

with the number o appearing in (8.2) and some universal constants C = Cj > 0,
a = ag > 0, depending only on the multiplicity k of the integral Jp i (f).

Theorem 8.1 clearly implies Theorem 8.1/, since in the case v < nF/2¢**+1 the
first term is larger than the second one in the maximum at the right-hand side of for-
mula (8.3). On the other hand Theorem 8.1’ implies Theorem 8.1 also if u > n*/2gF+1,

since in this case Theorem 8.1’ can be applied with ¢ = (un_’“/Q)l/(kH) > o. This

yields that P (|J, 1 (f)| > u) < C’exp{—a (%)2/k} = Cexp {—a(nu?)V/*+D1 if 4 >
nk/2gk+1

Theorem 8.1 or Theorem 8.1" state that the tail probability P(|J,x(f)] > u)
of the k-fold random integral J, ;(f) can be bounded similarly to the probability
P(|const. on®| > u), where 7 is a random variable with standard normal distribution
and o is the number appearing in relation (8.2), provided that the level u we consider
is less than n*/20%+1. (The value of the number o2 in formula (8.2) is closely related
to the variance of J, x(f).) At the end of this section an example is given which shows
that such a condition is really needed in the above results.

Now we formulate Theorem 8.2 which is the generalization of Theorem 4.1 for

multiple integrals. Here we apply the notions of Lo-dense classes and countably approx-
imability introduced in Section 4.

Theorem 8.2. Let us have a non-atomic probability measure  on a measurable space
(X, X) together with a countable and La-dense class F of functions f = f(x1,...,xk)
of k wvariables with some parameter D and exponent L, L > 1, on the product space
(X*, X*) which satisfies the conditions

[fllo= sup  [f(z1,...,z)| <1, forall f€F (8.4)

z;eX, 1<j<k
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and

£ =Ef2(&,....&) = /f2(:1:1,...,xk)u(dxl)...u(d:tk) < g2 forall f e F

(8.5)
with some constant 0 < o < 1. Then there exist some constants C = C(k) > 0,
a=alk) >0 and M = M(k) > 0 depending only on the parameter k such that the
supremum of the random integrals Jn, 1(f), f € F, defined by formula (4.8) satisfies the
inequality

2/k
P (Sup |k ()] = u) < CDexp {—a (g) }
feF o
/k
>

ot (2)

(8.6)
ML+ 5 log

log D
logn ’O

where B = max( ) and the numbers D and L agree with the parameter and

exponent of the Ly-dense class F.

The condition about the countable cardinality of the class F can be replaced by
the weaker condition that the class of random variables J,, 1 (f), [ € F, is countably
approximable.

To formulate that version of Theorems 8.1 and 8.2 which corresponds to the results
about sums of independent random variables in the case kK = 1 let us introduce the
following notions:

Definition of U-statistics. Let us consider a function f = f(x1,...,x5) on the
k-th power (X* X*) of a space (X,X) together with a sequence of independent and
identically distributed random wvariables &1, ...,&,, n > k, which take their values on
this space (X, X). The expression

L= > [l &) (8.7)

T1<l;<n, j=1,...,k
lj7£lj/ if j#5'

18 called a U -statistic of order k with the sequence &1, ...,&,, and f is called its kernel
function.

To make our later notation non-ambiguous let us also consider functions of the form
f(xuy,s - x,), that is let us allow the possibility that the variables of the function f
which take their values in the space (X, X) are indexed in a general way. In the case of
such an indexation we define

Li)=7 2 (G, 8.7
’ 1<ly,; <n, j=1,....k
buy AL i 575
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A similar convention will be applied in the definition of decoupled U -statistics introduced
later, and the following definition of degenerate U -statistics and canonical functions can
also be similarly reformulated in the case of general indexation.

The degenerate U-statistics which correspond to sums of identically distributed
random variables with expectation zero constitute an important subclass of the U-
statistics. We define it together with the notion of canonical kernel function which is
closely related to it.

Definition of degenerate U-statistics. A U-statistic I, ;(f) of order k with a se-
quence of iid. random wvariables &1,...,&, is called degenerate if its kernel function
f(x1,...,xK) satisfies the relation

Ef(é, ... &l& =21, 0,81 =2-1, 41 = Tjp1, -, &g = 2x) =0
forall1<j<kandxs € X, s #j.

Definition of canonical kernel function. A function f(z1,...,zx) taking values on
the k-fold product of a measure space (X, X) is called a canonical function with respect
to a probability measure p on (X, X) if

/f(xl,...,a:j_l,u,xj+1,...,xk),u(du):0 forall1<j<k and zs€ X, s#j.
(8.8)

It is clear that a U-statistic I, (f) with kernel function f and independent u-
distributed random variables &1, ...,&, is degenerate if and only if its kernel function
is canonical with respect to the probability measure u. Now we can formulate two
results about U-statistics which are, as we shall see in the next section, equivalent to
Theorems 8.1 and 8.2.

Theorem 8.3. Let us have a measurable function f(z1,...,x) on the k-fold product
(XF &%), k> 1, of a measure space (X, X) with some k > 1 together with a probability
measure p on (X, X) and a sequence of iid. random variables &1, . ..,&, with distribu-
tion p on (X, X). Let us consider the k-fold U-statistic Iy, ,(f) with this sequence of
random variables &1, ... ,&,. Assume that this U-statistic is degenerate, i.e. the kernel
function f(x1,...,xx) of this U-statistic is canonical with respect to the measure p. Let
us also assume that the function f satisfies conditions (8.1) and (8.2) with some number
0 <o < 1. Then there exist some constants C' = Cy > 0 and o = o, > 0 such that the
mequality

P <n_k/2|In7k(f)| > u> < Cexp {—a (g)%k} (8.9)

holds for all 0 < u < nF/2¢%+t1. The constants C = Cy > 0 and o = oy, > 0 depend
only on the parameter k.

Theorem 8.4. Let us have a probability measure p on a measurable space (X,X)
together with a countable and Lo-dense class F of functions f = f(x1,...,z5) of k
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variables with some parameter D and exponent L, L > 1, on the product space (X*, X*)
which satisfies conditions (8.4) and (8.5) with some constant 0 < o < 1. Besides
these conditions let us assume that for a sequence of independent p distributed random
variables &1, . .., &, the U-statistics I, 1 (f) with this sequence &1, . ..,&, are degenerate
for all f € F, or in an equivalent form all functions f € F are canonical with respect
to the measure p. Then there exist some constants C = C(k) > 0, a = a(k) > 0 and
M = M (k) > 0 depending only on the parameter k such that the inequality

2/k
P <sup nF2 L ()] 2 u> < CDexp {—a (%) }
fer o

2/k 9
if no® > (E> > M(L+ B)3/2 log —
o o

(8.10)

log D
logn

holds, where f = max ( 0) and the number D and L agree with the parameter and

exponent of the Lo-dense class F.

The condition about the countable cardinality of the class F can be replaced by the
weaker condition that the class of random wvariables n_k/QImk(f), f € F, is countably
approximable.

Let us briefly describe the Gaussian counterpart of the above results. Here some
basic notions and results about multiple Wiener—Ito integrals are applied. But since
the results about these Gaussian fields do not belong to the main subject of this work,
they are mainly interesting for us for the sake of a comparison, most technical details
will be omitted from our discussion.

Let us consider a measurable space (X,X’) together with a non-atomic o-finite
measure (4 on it. Let Z, be an orthogonal Gaussian random measure with counting
measure p on (X, X), i.e. assume that the random variables Z,,(A), A € X, u(A) < oo
are defined, they are jointly Gaussian, EZ,(A) = 0 for all A € A, p(A) < oo and
EZ,(A)Z,(B)=p(AnB) forall Ac A, Be A, u(A) < oo, u(B) < 0.

Let us observe that these relations imply that if A € X, u(A) < oo and B € X,
w(B) < oo are disjoint sets, then Z,,(A) and Z,(B) are independent, and Z,(A U
B) = Z,(A) + Z,,(B) with probability 1. The last relation follows from the fact that
E(Z, (A UB) — Z w(A) — Z,,(B))? = 0 under these conditions.

If f(z1,...,2%) is a measurable function on (X*, X*¥) such that

/f2(a;1, oo xp)p(der) . .op(deg) < oo,

then the multiple Wiener-It6 integral Z,, j( ,i, [ f(z,.. a6)Zu(day) ... Z,(day)
can be defined, and it satisfies similar estlmates as the random integrals J, 1 (f). This
statement will be formulated more explicitly in the following Theorem 8.5.

Theorem 8.5 Let us fix a measurable space (X, X) together with a o-finite non-atomic
measure (1 on it, and let Z,, be an orthogonal Gaussian random measure with counting
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measure u on (X, X). If f(x1,...,2x) is a measurable function on (X*, X*) such that
L[ (1, mp)p(day) .. p(dy) < 0 with some 0 < o < oo, then

P(Z(f)] > u) < cexp{—a (3)2”“} (s.11)

o

for all w > 0 with some constants C = C(k) and a = a(k) depending only on k.
If F is a countable class of functions of k variables on (X, X) such that

/fQ(xl,...,a:k)u(dscl)...,u(d.rk) < o? withsome 0 <o <1forall feF,

and there exist some constant D > 0 and L > 0 such that a subset {fi,...,fm} C F
can be chosen with m < De~L elements for which

min /(f(ml,...,xk)—fj(xl,...,a:k))2u(da:1)...,u(dxk) <e forall feF,

1<j<m

then the inequality

2/k 92
P(sup\ka(f)\ >u> §C(D+1)exp{—a <E> } ifu> MLF?51ogh/? 2
fer o

o

(8.12)
holds with some universal constants C = C(k) >0, M = M(k) > 0 and o = a(k) > 0.

Since the above result does not belong to the main part of this work, only a sketchy
proof will be presented. Nelson’s inequality, mentioned at the start of this section will
be formulated and proved in the Appendix, and it will be explained how Theorem 8.5
can be proved with its help.

The above results show that multiple integrals with respect to a normalized em-
pirical measure or degenerate U-statistics satisfy some estimates similar to multiple
Wiener—It6 integrals, but they hold under more restrictive conditions. This difference
between multiple integrals with respect to a normalized empirical measure and orthog-
onal Gaussian measures can be explained similarly to some arguments presented in
Section 4 about the one-fold integral case. Here we do not repeat them, we only give an
example similar to Example 3.2 which shows that the condition v < n*/2¢¥*+1 cannot
be dropped from the conditions of Theorem 8.2. For the sake of simplicity we restrict
our attention to the case k = 2.

Example 8.6. Let &q,...,&, be a sequence of independent, identically distributed ran-

dom wvariables taking values on the plane R?* = X such that & = (n;1,mj2), n;1 and
. 0'2 0'2

nj2 are independent, P(n;1 = 1) = P(nj1 = —1) = &, P(nj1 = 0) = 1 — &,

P(nj2 =1) = P(nj2 = —1) = 5 for all 1 < j < n, introduce the function f(z,y) =

f((z1,22), (y1,92)) = T1y2 + T2vy1, T = (z1,22) € R, y = (v1,y2) € R%, and define the

U -statistic
Ina2(f) = Z (15,17k,2 + M,175,2)
1<j,k<n, j#k
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of order 2 with the above kernel function f and the sequence of independent random
variables &1,...,&,. Then I, o(f) is a degenerate U-statistic. If u > Bino® with some
appropriate constant By > 0, Bgln > u > Byn~? with a sufficiently large fized number
By >0 and o > %, then the estimate

P(n ', 2(f) > u) > exp {—Bn1/3u2/3 log (%)} (8.13)

holds with some B > 0.

Remark: The main content of the above example is that in the case £ = 2 the condition
2 < no? cannot be dropped from Theorem 8.3. Let us observe that in the case u = no?
the right-hand side of (8.13) has the same order as Theorem 8.3 suggests. (In this model
[ 3z, y)p(dz)u(dy) = E(2n;1n;2)* = 02.) If we consider the probability in (8.13)
at the same level u, but with a much smaller parameter o2, then the probability at
the right-hand side of (8.13) has a relatively small decrease, and the estimate of Theo-
rem 8.3 does not hold any longer. Let me also remark that under some mild additional
restrictions the estimate (8.13) can be slightly improved, the term log can be replaced by
log?? in the exponent of the right-hand side of (8.13). To get this improvement some
more calculation is needed, and the numbers u; and us in the following calculations
have to be replaced by v; = 8n!/3u?/3 logfl/3 (%) and vy = %n2/3u1/3 log1/3 (%)
It is simple to check that the U-statistic we considered in the above example is
degenerate because of the independence properties of the model and the relation En;, =
Enj2 = 0. In the proof of the estimate (8.13) we shall apply for one hand the results of
Section 3, in particular Example 3.2 for the sequence n;1, j = 1,2,...,n, on the other
hand the following result from the theory of large deviations: If Xq,...,X,, are iid.
random variables, P(X; = 1) = P(X; = —1) = 1, then for any number 0 < a < 1 there

exists some numbers C1 = C(a) > 0 and Cy = Ca(ar) > 0 such that P (Z X; > u> >
j=1

016_02“2/” for all 0 < u < an.

Proof of the statement of the example. We can write

n n n
Pin 'na(f)>u) > P 2> min | (D miz | >20u | =P [2> njimj2 > nu
=1 j=1 j=1

Because of the independence of the random variables n; 1 and 7; 2 the first probability at
the right-hand side of (8.14) can be bounded from below with the choice v; = 8n'/3u2/3
and vy = %n2/3u1/3 by means of Example 3.2. (The estimate of Example 3.2 can be
applied with the choice y = vy, since by the inequality § > v1 > no? the conditions of
Example 3.2 are satisfied), together with the large-deviation result mentioned after the
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remark. These estimates together yield that

n n n n
P an,l Zm‘,z >2nu | > P an,1 >uv | P an,g > Uy
Jj=1 j=1 j=1

j=1

> U1 v3 1/3,2/3 U
> exp 4§ —Biv log o —ng > exp < —Bsn'/?u*/ " log —

no

with appropriate constants By > 0, By > 0 and B3 > 0. On the other hand by applying
Bennett’s inequality, more precisely its consequence given in formula (3.4) for the sum
of the random variables X; = 27, 17,2 and y = nu we get the following upper bound
for the second term at the right-hand side of (8.14):

n
U
P 221773',1"73',2 >nu | <exp {—B4nu log F}
J:

< exp {—2B5n1/3u2/3 log <L3>} ,
no

since nu > Bn'/3u?/3 > Bno?, and the estimate (3.4) is applicable if B is sufficiently
large. The above estimates imply the statement of the example.

9. Some results about U-statistics

This section contains the proof of an important result about U-statistics, the so-called
Hoeffding decomposition theorem which states that all U-statistics can be represented
as a sum of degenerate U-statistics. Let us consider the kernel function of a U-statistic
together with the kernel functions of the U-statistics in its Hoeffding decomposition. It
will also be shown that the Lo-norm of the kernel functions of the U-statistics in the Ho-
effding decomposition are bounded by the Lo-norm of the kernel function of the original
U-statistic. Besides, if a class of U-statistics is given with an Ls-dense class of kernel
functions (with the same underlying sequence of independent and identically distributed
random variables) and the Hoeffding decomposition of all of these U-statistics is taken,
then the kernel functions of the degenerate U-statistics taking part in the Hoeffding de-
composition also constitute an Lo-dense class. Another important result of this section
is a decomposition of a k-fold random integral with respect to a normalized empirical
measure to the linear combination of degenerate U-statistics presented in Theorem 9.4.
These results enable us to prove the equivalence of Theorem 8.1 with Theorem 8.3 and
of Theorem 8.2 with Theorem 8.4. They are also useful in the proof of Theorems 8.3
and 8.4.

n
In the special case k = 1 Hoeffding’s decomposition means that the sum S,, = > ¢;
j=1

n

of iid. random variables can be rewritten as S, = > (§; — E§;) + | D E§j>, i.e. the
j=1

j=1
sum of independent random variables with zero expectation plus a constant. We may
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consider a constant as a U-statistic of order zero. (For the sake of a simpler terminology
in the sequel let us consider a constant as a degenerate U-statistic of order zero, and
define I, o(c) = ¢ for a constant c¢.) I wrote down this trivial calculation, because
Hoeffding’s decomposition is actually an adaptation of this procedure to the general
case. To understand this let us see how to adapt this construction in the case k = 2.

In this case we have to consider a sum of the form I, o(f) = > f(&,&k)-
1<j,k<n,j#k

Write f(&;,8k) = [f(&5,8k) — Ef(&G5 &klée)] + Ef (&5, 8klér) = f1(&5,8k) + f1(§x) with
f1(&55 k) = f(&58k) — Ef(&,&kl&k), and f1(&x) = Ef(&;,&k|€k) to achieve that the
conditional expectation of fi(&;,&;) for fixed & be zero. Repeating this procedure
for the first coordinate we define f2(§;,&k) = f1(§5,8k) — Ef1(&5,8kl€;) and f2(&5) =
Efi(&,&k|€;). Simple calculation shows that I, o(f2) is a degenerate U-statistics of
orQer 2, and the iden:city I_mg(f) = n,2(f2) +In71((n— 1)(f1 —Efl)) +In71((n— 1)((f2 —
Efy)) +n(n—1)E(fi1 + f2) yields the decomposition of I,, o(f) for sums of degenerate
U-statistics.

We get the Hoeffding decomposition by working out the details of the above ar-
gument in the general case. But it is simpler to calculate the appropriate conditional
expectations with the help of the kernel functions of the U-statistics. To carry out such
a program in the study of U-statistics of order k we introduce the following notations.

Let us consider the k-fold product (X*, X%, 1*) of a measure space (X, X, 1) with

some probability measure u, and define for all integrable functions f(z1,...,xx) and
indices 1 < j < k the projection P;f of the function f to its j-th coordinate as

ij(wlawr]—laxj-l-la7xk):/f($laaxk)u(dxj)a ]-Sjgk (91)

Let us also define the operators Q; = I — P; as Q;f = f — P;f on the space of
integrable functions on (X* X* 1*), 1 < j < k. In the definition (9.1) P;f is a
function not depending on the coordinate x;, but in the definition of @); we introduce
the fictive coordinate x; to make the expression Q;f = f — P;f meaningful. Now we
can formulate the following result.

Theorem 9.1 (Hoeffding decomposition). Let f(z1,...,x) be an integrable func-
tion on the k-fold product space (X*, X% u*) of a space (X, X,u) with a probability
measure . It has the decomposition

f= > fv, with fy(z;,jeV)= II »&2lIle | fen,..ox)
Vcil,... k) jefl,...kN\V  jEV
(9.2)
such that all functions fyv, V C {1,...,k}, in (9.2) are canonical with respect to the
probability measure p, and they depend on the |V| arguments xj, j € V.
Let &1,...,&, be a sequence of independent i distributed random variables, and
consider the U-statistics I,, x(f) and I, |v|(fv) corresponding to the kernel functions f,
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fv defined in (9.2) and random variables &1, ..., &,. Then

L= 3 -V V-1 -k )L L) 03)

k!
Vc{l,.. k}

is a representation of I, (f) as a sum of degenerate U-statistics, where |V| denotes the
cardinality of the set V.. (The product (n — |V|)(n —|V| —1)---(n — k + 1) is defined
as 1 for V.= {1,...,k}, i.e. if |V| = k.) This representation is called the Hoeffding
decomposition of I, 1 (f).

k
The proof of Theorem 9.1. Write f = [[ (P;+Q);)f. By carrying out the multiplications
=1
in this identity and applying the Comrjnutativity of the operators P; and (); for different
indices j we get formula (9.2). To show that the functions fy in formula (9.2) are canon-
ical let us observe that this property can be rewritten in the form P; fyy = 0 (in all coor-
dinates x5, s € V' \ {j} if j € V). Since P; = sz, and the identity P;Q; = P; — Pj2 =0
holds for all j € {1,...,k} this relation follows from the above mentioned commutativ-

ity of the operators P; and Q);, as P; fy = ( I1 P ] QS> P;Q;f =0. By
se{l,...k}\V  seV\{j}
applying the identity (9.2) for all terms f(&;,,. .., §;,.) in the sum defining the U-statistic

I, 1(f) and then summing them up we get relation (9.3).

The next result enables us to estimate the kernel functions of the degenerate U-
statistics in the Hoeffding-decomposition of a U-statistic by means of the properties
kernel function of the original U-statistic.

Theorem 9.2. Let f(x1,...,x) be a square integrable function on the k-fold product
space (X*, X%, 1F), and take its decomposition defined in formula (9.2). The inequalities

[ fas i e T utdn) < [ Pl o). contdn) — (04)

JjeEV

and

sup |fv(zj, je V)| < 2lVI sup  |f(x1,...,zp)| (9.4")
xj,jGV $371§j§k

hold for all V- C {1,...,k}.

Let us consider an Lo-dense class F of functions with parameter D and exponent
L on the space (X*, X*), take the decomposition (9.2) of all functions f € F and define
the classes of functions Fy = {27 WVIfy: f € F} for all V C {1,... k} with the help
of the functions fy taking part in this decomposition. The classes of functions Fy are
also Lo-dense with the same parameter D and exponent L for all V C {1,... k}.

Theorem 9.2 is a fairly simple consequence of Proposition 9.3 presented below. To
formulate it first we introduce the following notations:
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Let us consider the product (Y x Z,) x Z) of two measurable spaces (Y,)) and
(Z, Z) together with a probability measure p on (Z, Z) and the operator

Pf(y) /f y,z2)u(dz), yey, zeZ (9.5)

for all measurable functions f on the space Y x Z for which this integral is finite. Let I
denote the identity operator on the space of functionson Y x Z, i.e. let [ f(y, z) = f(y, 2),
and introduce the operator @ = @, = I — P = I — P,, which maps the functions f on
the space Y x Z to functions on the space Y x Z given by the formula

Quf(y.2) = (I — P f(y,2) = F(y.2) — Puf(y,2) / f(y,z

(Here, and in the sequel we shall sometimes identify a function g(y) defined on the space
(Y,Y) with the function g(y, z) = g(y) on the space (Y x Z,Y x Z) which actually does
not depend on the coordinate z.) The following result will be proved:

Proposition 9.3. Let us consider the direct product (Y x Z,Y x Z) of two measure
spaces (Y,Y) and (Z,Z) together with a probability measure u on the space (Z,Z2).
Take the transformations P, and Q,, defined in formulas (9.5) and (9.6). Given any
probability measure p on the space (Y,Y) consider the product measure p X p on (Y X
Z,Y x Z). Then the transformations P, and Q,,, as maps from the space Lo(Y X Z,Y X
Z,uxp) to Ly(Y, Y, p) and Lo(Y x Z,Y X Z, p X i) respectively, have a norm less than

or equal to 1, 1.e.
[ Putiotan) < [ 2ol dpd a2, (9.7

/Qu Y, 2)"p(dy)p(dz) /f Y,z )u(dz) (9.8)

for all functions f € Lo(Y X Z,Y X Z,p X ).
If F is an La-dense class of functions f(y, z) in the product space (Y x Z,Y X 2),
with pammeter D and exponent L, then also the classes F,, = {P,f, f € F} and
= { Quf (f P.f), f € F} are Ly-dense classes with the same exponent L and
pammeter D in the spaces (Y,Y) and (Y x Z,Y x Z) respectively.

and

The following corollary of Proposition 9.3 is formally more general, but it is a simple
consequence of this result. Actually we shall need this corollary.

Corollary of Proposition 9.3. Let us consider the product space (Y1 X Z X Yo, )1 X
Z X Ys), a probability measure p on the space (Z,Z) and define the transformations

P.f(y1,y2) = /f(yl,z,yg)u(dz), neEY, z€Z, yp€Ys (9.5')
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and

Quf(y17z7y2) = (I - Pﬂ)f(beayQ) - f(y17zay2) - Puf(ylaz7y2)

9.6/
= f(y1,2,92) —/f(th,yz),u(dZ), eV, z€Z, y2€Ys (6.6

for the measurable functions f on the space Y1 x Z x Y. Then
[ Puttnseotan. dw) < [ 2P0 %, dz ). 07)

for all probability measures p on (Y1 x Yo, V1 X Vo), where pX u is the product of the prob-
ability measure p on (Y1 X Yo, V1 X Vo) and p on (Z,2), i.e. px u({y1,2,y2): (y1,y2) €
A,z € B}) = p(A)u(B) for all A€ Y, X Vo, B € Z, and p X p is its unique extension
as a probability measure on (Y1 X Z X Ya,)1 X Z x Ys). Also the inequality

/ Quf (1. 2. 92)°p(duyn, dy2)u( dz) < / s zay2)?o(dys, dy)p(dz)  (9.8))

holds for all functions f € Lo(Y X Z,Y X Z,p X p).

If F is an Lo-dense class of functions f(y1,z,y2) in the product space (Y1 X Z X
Ys, Vi x ZxYy), with parameter D and exponent L, then also the classes F,, = {P, f, f €
F}and G, = {%Quf = %(f — P,f), f € F} are La-dense classes with exponent L and
parameter D in the spaces (Y1 X Yo, Y1 X Va) and (Y1 X Z x Yo, V1 X Z X Vs) respectively.

This corollary is a simple consequence of Proposition 9.3 if we apply it with (Y, )) =
(Y1 x Y3, V1 X Vs) and take the natural mapping f((y1,y2),2) — f(y1, 2, y2) of a function
from the space (Y x Z,) x Z) to a function on (Y7 X Z X Yo, )1 X Z x )s), and use the
correspondence between the product measure p X p in these spaces.

Proposition 9.3, more precisely its corollary implies Theorem 9.2, since it implies
that the operators Ps, Qs, 1 < s < k, applied in Theorem 9.2 do not increase the Ly (p)
norm of a function f, and it is also clear that the norm of P, is bounded by 1 the norm
of Qs = I — P, is bounded by 2 as an operator from L., spaces to L., spaces. The
corollary of Proposition 9.3 also implies that if F is an Lo-dense class of functions with
parameter D and exponent L, then the same property holds for the classes of functions
Fp, ={Psf: f € F} and Fg, = {20, f: f € F}, 1 < s < k. These relations together

with the identity fy = | [] Ps I1 Qs | f imply Theorem 9.2.
seV se{l,....,k}\V

Proof of Proposition 9.3. The Schwarz inequality yields that P,(f)* < [ f(y,2)*u(dz),
and integrating this inequality with respect to the probability measure p(dy) we get
inequality (9.7). Also the inequality

/Quf(y,Z)Qp(dy)u(dZ) = /[f(y,Z) — Puf(y, 2)?p(du)p(dz) < /f(y, 2)?p(dy)p(dz)
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holds, and this is relation (9.8). It follows for instance from the observation that the
functions f(y, z) — P, f(y, %) and P, f(y, z) are orthogonal in the space Lao(Y x Z,Y x
Z,p X ).

Let us consider an arbitrary probability measure p on the space (Y,)). To prove

that F,, is an Ly-dense class with parameter D and exponent L we have to find m < Del
functions f; € F,, 1 < j < m, such that 1<in£ [(fj — f)*dp < e? for all f € F,. But
<j<m

a similar property holds in the space Y x Z ‘with the probability measure p x p. This
property together with the Lo contraction property of P, formulated in (9.7) imply that
F, is an Lo-dense class.

To prove that G, is also Lo-dense with parameter D and exponent L we have
to find for all numbers 0 < € < 1 and probability measures p on Y x Z a subset
{g1,---,9m} C G, with m < De™! elements such that 1<in£ [(g; — g9)*dp < £2 for all

<j<m

g€ Gy
Let us consider the probability measure p = %(p-i— pxu)on (Y xXZ, YxZ), where pis
the projection of the measure p to (Y,)), i.e. p(A) = p(Ax Z) for all A € Y, take a class
of function Fo(g,p) = {f1,.-., fm} € F, m < De~L such that 1<in£ [(fi—f)?dp<e?
<j<m

for all f € F, and put {g1,...,9m} = {%Qufl, el %Qufm}. All functions g € G, can
be written in the form g = %Qu f with some f € F, and there exists some function f; €
Fo(e, p) such that [(f— fm)?dp < 2. Hence to complete the proof of Proposition 9.3 it
is enough to show that [ i(Quf —Quf)*dp < [(f — f)*dp for all pairs f, f € F. This
inequality holds, since [ $(Q.f—Quf)*dp < [ 5(f—F)*dp+ [ 5(Puf —Pu.f)*dp, and
[(Puf—P.f)*dp= [(P.f—P.f)?dp < [(f — f)?d(p x p) by formula 9.7. The above
relations imply that [ 1(Q.f — Quf)?dp < [(f — [)*sd(p+px p)= [(f— f)*dp as
we have claimed.

Let us turn to the proof of the equivalence of Theorem 8.1’ with 8.3 and of The-
orem 8.2 with 8.4. In Theorems 8.2 and 8.4 we can restrict our attention to the case
when the class of functions F is countable, since the case of countably approximable
classes can be simply reduced to this situation. Let us remark that the integration
with respect to the measure j,, — ¢ in the definition (4.8) of the integral J,, 1 (f) means
some kind of normalization, and no such normalization appears in the definition of the
U-statistics I, 1 (f). This is the cause why degenerate U-statistics had to be considered
in Theorems 8.3 and 8.4. The deduction of these results from Theorems 8.1 and 8.2 is
fairly simple if the underlying probability measure y is non-atomic, since in this case the
identity I, x(f) = Jn k(f) holds for a canonical function with respect to the measure p.
Let us remark that the non-atomic property of the measure p is needed in this argument
not only because of the conditions of Theorems 8.1 and 8.2, but since in the proof of
the above relation we need the identity [ f(z1,...,zx)u(dz;) = 0 in the case when the
domain of integration is a set of the form X \ {z1,...,z;_1,241,..., Tk}

The case of possibly atomic measures p can be simply reduced to the case of non-
atomic measures by means of the following enlargement of the space (X, X', ). Let us in-
troduce the product space (X, X, i) = (X, X, u) x ([0,1], B, \), where B is the o-algebra
and ) is the Lebesgue measure on [0, 1]. Define the function f((x1,u1),..., (T, up)) =
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f(z1,...,zk) on this enlarged space. Then I,, ;(f) = I,, x(f), and the measure i = pux A
is non-atomic. Hence we can deduce the estimates of Theorems 8.3 and 8.4 from Theo-
rems 8.1 and 8.2 by deducing them first for their counterpart in the above constructed
enlarged space and the above defined functions.

The deduction of Theorems 8.1 and 8.2 from Theorems 8.3 and 8.4 requires more
work. Let us observe that an integral J,, (f) can be written as a sum of U-statistics of
different order, and by applying the Hoeffding decomposition for each term in this sum
we can express the integral J, ,(f) as a sum of degenerate U-statistics. We show that
the coeflicients of the degenerate U-statistics in the above representation have relatively
small coefficients. This is the content of the following Theorem 9.4. To make its content
more understandable I formulated its main statement in the case of random integrals
of multiplicity two in a more explicit form.

Theorem 9.4. Let us have a non-atomic measure p on a measurable space (X, X)
together with a sequence of independent, p-distributed random variables &1, ...,&,, and
take a function f(x1,...,x1) of k variables on the space (X*, X*) such that

/fQ(xl, oo xp)p(der) . op(deg) < oo.

Let us consider the empirical distribution function u, of the sequence &1, ...,&, intro-
duced in (4.5) together with the k-fold random integral J,, 1 (f) of the function f defined
in (4.8). The identity

Jn,k(f) = Z C(”?kvv)n7|V|/2In,|V|(fV)7 (99)
k}

holds with the set of (canonical) functions fv(x;, j € V) (with respect to the measure
w) defined in formula (9.2) together with some real numbers C(n,k, V), V- C {1,...,k},
where I, |v|(fv) denotes the (degenerate) U-statistic of order |V'| with the random vari-
ables &1,...,&, and kernel function fy. The constants C(n,k,V) in formula (9.9)
satisfy the inequality |C(n,k, V)| < C(k) with some constant C(k) depending only on
the order k of the integral Jp 1 (f). The relations nler;O C(n,k,V) = C(k,V) with some

appropriate constant such that 0 < |C(k,V)| < oo and C(n,k,{1,...,k}) = 1 for
V ={1,...,k} also hold.

Remark: Some considerations show that the coefficients C'(n, k, V) in formula (9.9) de-
pend only on the cardinality |V'| of the set V, i.e. we can write C'(n,k, V) = C(n, k, |V|).
We shall not need this observation.

Theorems 8.1 and 8.2 can be simply deduced from Theorems 8.3 and 8.4 respec-
tively with the help of Theorem 9.4. Indeed, to deduce Theorem 8.1 we can write with
the help of formula 9.9

u

PUIDI0 s Y P (e VPl > i) 00
k}
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with a constant C(k) satisfying the inequality C(n,k,|V]) < C(k) for all coefficients
C(n,k,|V]) in (9.9). Then we get Theorem 8.1" from Theorem 8.3 and relations (9.4)
and (9.4") in Theorem 9.2 by which the Lo-norm of the functions fy are bounded
by the Lo-norm of the function f and the Lo.-norm of fi is bounded by the 2!VI-
times the Loo-norm or f if we estimate each term at the right-hand side of (9.10)
by means of Theorem 8.3. Here we may assume that 2*C(k) > 1 and let us first
assume that also the inequality m > 1 holds. In this case we get formula (8.3')

in Theorem 8.1" by estimating each term at the right-hand side of (9.10). Observe that

2/s 2/k
exp{—a <m> } < exp{—a (W) } for all s < k if m > 1. If

—chfék)a < 1, then formula (8.3") holds with a sufficiently large C' > 0.

Theorem 8.2 can be similarly deduced from Theorem 8.4 if we observe that re-
lation (9.10) remains valid if we replace [J, x(f)| by sup |Jn x(f)| and |I, jv(fv)| by
feF

sup |1, |v|(fv)| in it, and the constant M in formula (8.6) of Theorem 8.2 is chosen
fveFv
sufficiently large. The only difference is that now we have to exploit besides formulas

(9.4) and (9.4") of Theorem 9.2 the last statement of this result which tells that if F
is an Lop-dense class of functions on a space (X*, X*), then the classes of functions

Fv = {27WVIfy,: f € F} are also Ly-dense classes of functions for all V' C {1,...,k}
with the same exponent and parameter.

In the definition of the random integrals .J,, (f) we have integrated in all coordi-
nates with respect to the signed measure p,, — i, and this means some kind of normal-
ization. Thus it is not surprising that the tail behaviour of the distribution of J,, x(f)
is similar to that of certain degenerate U-statistics. Theorem 9.4 formulates such a
relation. Formula (9.9) expresses the random integral .J,, 1 (f) as a linear combination of
degenerate U-statistics of different order. It is similar to the Hoeftding decomposition
in that respect that the functions fy in formula (9.9) agree with the functions fy ap-
pearing in the Hoeffding decomposition of the U-statistic I,, 1 (f) with kernel function
f. But the coefficients in the expansion (9.9) are small. On the other hand, these coef-
ficients need not disappear. In particular, the expansion (9.9) may contain a non-zero
constant term. In such a case the expected value EJ, 1 (f) may not equal zero, but it
can be bounded by a number not depending on the sample size n. In the next example
I show that there are really random integrals J, 1 (f) such that E.J, x(f) # 0.

Let us choose a sequence of independent random variables &;,...,&, with uni-
form distribution on the unit interval, let pu, denote its empirical distribution, let
f = f(z,y) denote the indicator function of the unit square, i.e. let f(x,y) = 1 if
0<z,y <1, and f(z,y) = 0 otherwise. Let us consider the random integral J, o(f) =
n fw;éy f(x,y)(pn(dz)— dz)(pn( dy) —dy), and calculate its expected value EJ,, o(f). By
adjusting the diagonal x = y to the domain of integration and taking out the contribu-
tion obtained in this way we get that EJ, o(f) = nE(fol (pin (dz) — p(dz))?> —n2- &=

—1. (The last term is the integral of the function f(x,y) on the diagonal z = y with
respect to the product measure p,, X i, which equals (g, — ) X (4, — ) on the diagonal.)

The above considerations and the proof of Theorem 9.4 indicate that the equivalence
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between Theorems 8.1" and 8.3 or between Theorems 8.2 and 8.4 is not self-evident. It
is simpler to prove Theorems 8.3 and 8.4 of these theorem pairs about degenerate U-
statistics, and this will be done in this work. On the other hand, Theorems 8.1 and 8.2
seem to be more appropriate for applications, since here we do not have to restrict our
attention to special, canonical kernel functions.

The proof of Theorem 9.4. Let us first introduce the (random) probability measures
p®, 1 <1 < n, concentrated in the sample points &, i.e. let uV(A) = 1if & € A, and

pD(A)=0if & ¢ A, A€ A Then p, —p=1 (Z (u® — ,u)), and formula (4.8) can

be rewritten as

1
TaklF) = o / f@1,. .2 (9.11)

(), 1<l <n,1<j<k
(u(“)(dm) ~ u(dzy)) ... <M(lk)(d$k;) - lday)).

To rearrange the above sum in a way more appropriate for us let us introduce the class
of all partitions P = Py of the set {1,2,...,k}. For a partition P = {Ry,..., Ry}

URj={1,....k}, RjNR, =0,1<j<l<u, the sets R;, 1 < j < u, will be called
=1

the components of the partition P. Given a sequence (l1,...,1;), 1 <1; <n,1<j <k,
of length k let Py (ly,...,lx) denote that partition of Py in which two points s and
t, 1 < s,t < k, belong to the same component if and only if [y = [;. For a partition
P € Py, let us define the set of sequences H(P) = H,(P) as H(P) = {(l1,...,l;): 1 <
lj Sn, 1 S] Sk,PH(ll,...,lk) :P}

Let us rewrite formula (9.11) in the form

Jni(f nk/%' > / flxy,...,x (9.12)

PepP ll ..... ) (ll ..... Ik GH(P)

(u( D(dzy) - u(dx1)> (u”’“)(dwk) - u(dxk)> :

Let us remember that the diagonals xs = x;, s # t, were omitted from the domain
of integration in the formula defining J,, 5 (f). This implies that in the case I; = [; the
measure ps)(day)pu*)(dx,) has zero measure in the domain of integration. We have
to understand the cancellation effects caused by this relation. It will be shown that
because of these cancellations the expression in formula (9.12) can be rewritten as a
linear combination of degenerate U-statistics with not too large coefficients. Besides,
it will be seen from the calculations that the same degenerate U-statistics I, |v|(fv)
appear in this representation of J,, r(f) which were defined in formula (9.2). This
seems to be a natural approach, but the detailed proof demands some rather unpleasant
calculations.

Let us fix some partition P € P and investigate the integrals in the internal sum
at the right-hand side of (9.12) corresponding to the sequences (l1,...,lx) € H(P). For
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the sake of better understanding let us first consider such a partition P € P which
has a component of the form {1,...,s} with some s > 2. The products of measures
by which we have to integrate in this case contain a part of length s of the form
(W (dz1) — p(dzq)) ... (09 (das) — p(das)) This part of the product measure can be
rewritten in the domain of integration as

S

Z(—l)s_l,u( dey) ... p(de; ) )pO(de)p(dej) .. p(dey) + (—1)*u(dzy) . . . p(des)

j=1

= Z pldry) . p(day) (D (day) — p(dey))p(dagia) - - p( das)
+ (=)%Y (s = Dp(dxy) . .. p(dxy). (9.13)

Here we exploit that all other terms of this product disappear in the domain of in-
tegration which does not contain the diagonals. Let us also observe that the term
(=1)*"Y(s = D)p(dzy) . .. p(dz;) appears n-times if we sum up for all 1 <1 < n. We
have assumed that s > 2, since the case s = 1 is slightly different. In this case only the
term p)(dz) — p(dx,) appears, i.e. have to put no additional term consisting only of
(deterministic) measures f.

More generally, let us fix some partition P = {Ry,..., R,}, consider the integral
corresponding to a sequence (ly,...,lr) € H(P) in the internal sum of (9.12), and let us
rewrite it as the sum of integrals with respect to product measures with components of
the form p9)(dx,) — p( dxs) or pu(dxs), where all measures p('s) appearing in a product
measure are different. Such a representation can be given, similarly to the argument
of relation (9.13), only the notations will be more complicated. To write down what
we get first we define a class of subsets 7 (P) of the set {1,...,k} depending on the
partition P = {Ry,..., R,} together with a subclass T (P) of it. Let 7 (P) consist of
all such sets {j1,...,Juw} C {1,...,k}, v < u, for which all numbers ji,...,j, belong
to a different component of the partition P. Let T (P) C T (P) consist of those sets
V ={j1,...,juw} € T(P) which also satisfy the following additional condition: If some
components Ry = {b;}, 1 <t < u, of the partition P consists of only one point, then
the sets V belonging to T (P) C T (P) contain this point b;. With the help of the above
quantities we can write in the case (ly,...,lx) € H(P), similarly to the calculation
n (9.13),

/fa:l,..., ((ll)(da:l) p(dw)) o () (dzy) — p( day)) (9.14)
. v.p) [ fGo H(u“”(dwy)—u(d%)> [T wtde)

VET(P) J'e{l,....k\V

with some appropriate finite constants «(V, P). These constants could be calculated
explicitly, but it is enough for us to know that they depend only on the partition P and
the set V' € T(P). (Actually it was important for us to observe that we get a term with
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non-zero coefficient at the right-hand side of (9.14) only for V' € T (P), and the class of
functions 7 (P) was introduced because of this reason. This property in the decompo-
sition of the integral (9.14) holds, since in the case of a one-point component R; = {b;}
of the partition P only the term p(»+)(dxy,) — p(dzy,) appears in the component of
product of measures in (9.14), a component of the form u(dxyp,) is missing.)

Let me remark that at the right-hand side of (9.14) I wrote [ instead of integral
i /, i.e. I did not omit the diagonal from the domain of integration. This is allowed,
since the measure 4 is non-atomic, and this also has the consequence that the sample
points &1, ..., &, are different with probability 1.

Formula (9.14) can be rewritten, by expressing its right-hand side with the help of
the random variables ¢ instead of the measures u(!) as

/ Flany.. ) (6™ (1) = () o (0P (day) = p(day))  (9.15)

= Z Oé(V, P) H Pu,j’ H Qu,j f (é.lj7 J € V)

VET(P) J'e{l,... . k\V JEV

Here Q. ; = I — P, ; is the operator Q,, defined in (9.6’), with the choice Y; which is
the product of the first j — 1 components of X*, Z is the j-th component and Y is
the product of the last k — j components of the product space X*. The operator P,
is the operator P, defined in (9.5") with the choice of Y; as the product of the first
7' — 1, Z the j-th component and Y5 as the procuct of the last & — j' components of
the space X*. To see why formula (9.15) holds we have to understand that integration
with respect to (,u(lﬂ')(da:j) — u( dxj)) means the application of the operator @), ; and
then putting the value &, in the argument z;, while integration with respect to u(dx;)
means the application of the operator P, ;. Besides, the operators @, ; and P, j are
exchangeable.

Let us fix some partition P € Py, a set V € T(P) and sum up the expressions at
the right-hand side of (9.15) with this set V for all sequences (ly,...,l;) € H(P). We
get that

ao(V,P) > [T Py I] Qus | £(&,.5 € V) =a(V.P k)L, v (fv)
(lyeosli)EH(P) \J'€{l,,k\V  GEV

(9.16

where I, |y is a U-statistic of order V| with the kernel function fy(z;,j7 € V) =

< I P,y 11 Qu; | f with our function on f € (X*, X*), and the coefficients
Je{l,....,k}\V JEV

a(V, P, k,n) at the right-hand side of (9.16) (which could be calculated explicitly, but
we do not need this formula) satisfy the inequality |a(V, P, k,n)| < D(k)n®®V) where
B(P, V) =wu—|V] is the number of those components R;, 1 < j < u, of the partition P
for which R; NV = (), and the constant D(k) < oo depends only on the multiplicity k&
of the integral J, 1 (f).
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To understand why a(V, P, k,n) can be bounded by D(k)n®("") let us observe
that if we first fix the coordinates [;, 7 € V, and sum up for the remaining indices [,
j' ¢V, at the left-hand side of (9.16), then we get the term depending on the variables
&,, j €V, in the sum defining the U-statistic I,, |y(fv) multiplied by a(V, P, k). To
get a good estimate on a(V, P, k,n) we have to bound the number of choices for the
non-fixed coordinates l;;, j/ ¢ V. For this aim let us consider the class of vectors
(ly,...,1lx) € H(P). Two coordinates l;; and [;» must agree if their indices 7' and j”
belong to the same component of the partition P. Besides, if the number j is contained
in such a component R; of the partition P for which R; NV # (), then the coordinate [,
of these vectors is fixed. Hence the value [/ of those non-fixed coordinates whose indices
7’ belong to the same component R; of the partition P agree and only such components
R, have to be considered for which R, NV = (). This yields the upper bound n?"V) for
the number of possible choices of the indices [;, 5/ ¢ V. A more careful consideration
shows that the finite limit

C(k,V,P) = lim n PPVIq(V, P k,n), |C(k,V,P)| <0 (9.17)

n—oo

also exists.

We get by applying relation (9.12) and summing up relation (9.16) first for all
V € T(P) for a partition P € Py and then for all P € P that the identity

Jni(f) = Z C(n, k, V)n—v/2% Z fv&,,ie€V) (9.18)

vc{1,2,..,k} ) 1<1;<n,
lj;élj/ lf j;é_]/ fOI‘ jev

holds with the functions

folei, i€V =] Qus [] Pui|f forallVc{l,... .k} (9.19)

JEV  jre{l,.. kN\V

and some coefficients C'(n, k, V). We shall show that these coefficients satisfy the in-
equality |C(n,k, V)| < C(k) with some constant C'(k) > 0. Besides, it is not diffi-
cult to see that the identity C'(n,k,{1,...,k}) = 1 holds. To see that the estimate
|C(n, k, V)| < C(k) really holds, observe that n=!VI/2C(n, k,|V|) can be written as a
sum of finitely many terms, (the number of terms can be bounded by a number de-
pending only on k) such that all of them can be bounded by a number of the form
D(k)n=k/2+8(PV) with some partition P and the number 3(P, V) introduced after for-
mula (9.16) with some P € Py and V € T(P). Hence it is enough to show that

kL ppv) < Wi g(P,V) < YL V e T(P). This relation clearly holds,
since B(P, V) is the number of components of a partition of a set with cardinality less
than or equal to k — |V, and all components of this partition have a cardinality at
least 2.
Relation (9.18) can be rewritten as J,, 1 (f) = Y.  C(n,k, V)n=VI2L, v (fv),
vc{l,2,....k}
where I, jv|(fv) is the U-statistic with the random variables 1,...,&, and the kernel
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function fy defined in (9.19) agrees with the function fy defined in (9.2). We have
also seen that the coefficients C(n,k, V') satisfy the inequality stated in Theorem 9.4.
Relation (9.17) together with the bound on the terms S(P, V') also imply that the finite
limits nli_{rgo C(n,k,V)=C(k,V) also exist. Theorem 9.4 is proved.

I formulate two corollaries of Theorem 9.4. The first one explains the content of
conditions (8.2) and (8.5) in Theorems 8.1—8.4.

Corollary 1 of Theorem 9.4. If I,, 1 (f) is a degenerate U-statistic of order k with
some kernel function f, then E (71_"3/2[,1%(]”))2 < &P, me)p(day) - op(dag),
where p s the distribution of the random variables taking part in the definition of the
U-statistic I, (f). Analogously, the k-fold multiple random integral Jy »(f) satisfies
the inequality E (n*k/QJn,k(f))2 < C(k) [ f2(z1,...,2p)p(der) ... p(dog) with some
constant C(k) depending only on the order k of the integral J,, 1 (f).

Proof of Corollary 1 of Theorem 9.4. We have
_ 1 !
E(n L, k(1)) = (k1) 2nF S TUEf(&, - a)fGyG),

where the prime in Z/ means that summation is taken for such pairs of k-tuples
(s ey li), (oo 0 0G), 1< 15,15 < m, for which [; # [;; and I} # l;, if 7 # j'. The de-
generacy of the U-statistic I, x(f) implies that Ef(&,,...,&.)f(&;, ..., &) = 0 if the
two k-tuples (I1,...,ls) and ({1, ...,1.) differ. This can be seen by taking such an index
l; from the first k-tuple which does not appear in the second one, and by observing that
the conditional expectation of the product we consider equals zero by the degeneracy
condition of the U-statistic under the condition that the value of all random variables
except that of & is fixed in this product. There remains kln(n —1)---(n — k + 1)

terms in the sum expressing F (n_k/ 2Tk ( f))2 which may be non-zero, and all of them

can be bounded by [ f2(z1,...,zk)u(dzy) ... p( dzy) because of our conditions and the

Schwarz inequality. These estimates yield the bound given for FE (n_k/ 2Lk (f ))2

We can simply get the bound for J, x(f) with the help of Theorem 9.4, formula
(9.4) in Theorem 9.4 by which the Ls-norm of the functions fy can be bounded by the
Lo-norm of the function f and the bound given for the second moment of degenerate
U-statistics n_|V|/2In7|V|(fV) appearing in the expansion (9.9).

In Corollary 2 the decomposition (9.9) of a random integral .J,, 2(f) of order 2 is
described in an explicit way.

Corollary 2 of Theorem 9.4. Let the random integral J,, o(f) satisfy the conditions
of Theorem 9.4. In this case formula (9.9) can be written in the following explicit form:

1 1 1
Jn2(f) = EIn,2(f{1,2}) - na(fry) — - na(fi2y) — fo (9.9")
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with the functions
fuayew) = f@y) - [ fagntdo) - [ feyutdy + [ feu(doudy)
fry(x) = /f(x,y)u(dy) —/f(w,y)u(dx)u(dy),
fray(y) = /f(w,y)u(dw) —/f(w,y)u(d:r)u(dy)

and fy = [ f(z,y)p(dz)p(dy).

10. The proof of Theorem 8.3 about the distribution of U-statistics

This section contains the proof of Theorem 8.3 about the distribution of degenerate U-
statistics with the help of some results which are interesting in themselves. One of these
results, called Borell’s inequality, gives an estimate on the moments of homogeneous
polynomials of Rademacher functions, another result we need is a symmetrization type
estimate which can be considered as the multivariate version of the more interesting
part of the Marcinkiewicz—Zygmund inequality. Finally there is a third result we apply
which compares the distribution of a U-statistics with the distribution of an appropriate
modification of it. The first two results will be proved in the next section, the third one
in the Appendix.

Theorem 8.3 can be considered as the generalization of Bernstein’s inequality (The-
orem 3.1) for U-statistics. Bernstein’s inequality was proved by means of an estimation
of the moment-generating function of the partial sums of independent and bounded ran-
dom variables. This approach has to be modified in the proof of Theorem 8.3. In such
cases we cannot work well with the moment generating functions, since if the sample
size tends to infinity, then the normalized version of degenerate U-statistics of order k
have a limit distribution F' with a tail-behaviour 1 — F(z) > e=¢7""" with some C' > 0
as © — o00. (This is a relatively well-known result, but we shall not need it in this
work.) This means that a random variable with this limit distribution has no moment
generating function for £ > 3. On the other hand, the proof of Theorem 8.3 is relatively
simple, if we have a good estimate also for the high moments of degenerate U-statistics.
Such a moment estimate is formulated in the following

Proposition 10.1. Let us consider a canonical function f = f(x1,...,z5) on the
k-fold product (X*, X% u*) of a measure space (X, X, 1) together with a sequence of
independent v distributed random variables and the degenerate U-statistic I, ,(f) de-
termined by this sequence of random variables &1, . ..,&, and canonical function f. Let
us also assume that the function f satisfies conditions (8.1) and (8.2) with some num-
ber 0 < o <1.

Then there exists some constants C' = C), > 0 such that the moments of the U -
statistic I, 1 (f) defined in formula (8.7) satisfy the inequality
2M
E <(n—k/21n,k(f)’ ) < OMMFMG2M £ 1 < M < po?. (10.1)
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Let us consider the k-th power of a standard normal random variable n and calculate
the asymptotic magnitude of the 2M-th moment E (ank)2M of on® for large M. We

have E (Jnk)ZM =1-3---(2kM — 1)o*M = %UQM ~ (%)RM MHEM 52M by the
Stirling formula. This means that the estimate given for the 2M-th moments of a
normalized U-statistics n=%/21,, ;(f) in formula (10.1) has the same order as the 2M-th
moment of the random variable const. ank, at least if 1 < M < no?. This estimate will

imply Theorem 8.3 which also can be so interpreted that P (n=*/2I, ,(f) > u) can be
bounded by const. P (Const. onk > u), at least if 0 < u < nk/2gk+1,

The hard part of the problem is to prove Proposition 10.1. There are methods
to bound the moments of multiple Wiener—Ito integrals, and it is natural to try to
adapt them to the proof of Proposition 10.1. I know of two different methods for
estimating the moments of Wiener—Ito integrals. One of them is the so-called diagram
formula which expresses the product of Wiener—Ito integrals as sums of appropriate new
Wiener—It6 integrals, the other one is called Nelson’s inequality which yields a direct
comparison between the L,-norms of Wiener-Ito integrals for different parameters p.
Both of them can be adapted to our case, but they demand the solution of several
non-trivial technical problems. The adaptation of Nelson’s inequality seems to be the
less complicated method, and this approach will be followed in this work. There is an
important estimate, called Borell’s inequality which will be applied. This inequality
makes a comparison between the L, norms of homogeneous polynomials of independent
Rademacher functions for different parameters p. Borell’s inequality in itself will be
not sufficient for us, because we want to estimate more complicated objects. But we
shall formulate and prove some additional results, and they will enable us together with
Borell’s inequality to prove a version of Proposition 10.1 which will be sufficient for our
purposes.

Borell’s inequality will be formulated below, but its proof is postponed to the next
section.

Theorem 10.2 (Borell’s inequality). Let e1,...,¢, be independent, identically dis-
tributed random variables P(g; = 1) = P(g; = —1) = 2, 1 < 1 < n, fiz some real
numbers a(lyi, ..., ) for all indices (l1,...,l;) such that 1 <1l; <n, 1 <j <k, and
L #10 if j # j', and define the random variable

1
Z=4 > ally,. e e (10.2)
1<l;<n, 1<5<k
Ll if 5
The inequality
p— 1 kp/2
E|Z|P < (—1> (E|Z|9P'1 if 1<q<p<oo (10.3)
q —

holds.
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Remark: The most interesting special case of Borell’s inequality is when ¢ = 2, and we

shall consider only this case. Since EZ? < % > a®(ly,...,lx), it yields that
1<1;<n, 1< <k
lj?‘élj' if j#5'
p/2
1 .
E|Z|P < (p—1)k»/? o > a?(ly, ..., 1) if 2<p<oo  (10.4)

T 1<l;<n,1<j<k
Li#ly if j#5

We have the estimate written for £Z2 because
Eey, - -eally,. . lk)ey e ally,. .., 1) =0

if the sets of arguments {l1,...,lx} and {l,...,l}} do not agree. In the inequality
written for EZ2 we have identity if all coefficients a(ly,...,[x) are symmetric functions
of their arguments, otherwise we can only write inequality.

Borell’s inequality does not give a direct estimate for the moments ET,, ;(f)* of
the U-statistics we are interested in. But together with a symmetrization result for-
mulated below it enables us to prove such a recursive estimate between the 20/ -th and
4M-th moments of degenerate U-statistics which implies a version of Proposition 10.1
appropriate for our goals. This additional symmetrization result we need can be consid-
ered as a multivariate version of the Marcinkiewicz—Zygmund inequality about indepen-
dent random variables with zero mean. First this symmetrization result will be given.
Then for the sake of a better understanding the Marcinkiewicz—Zygmund inequality will
be recalled, and its relation to the result considered as its multivariate version will be
explained.

To formulate a good multivariate version of the Marcinkiewicz—Zygmund inequality
first we introduce a notion which is called decoupled U-statistics in the literature.

The definition of decoupled and randomized decoupled U-statistics. Let us

have k independent copies f%j), e 7(13')’ 1 <5<k, of a sequence &1, ...,&, of indepen-
dent and identically distributed random wvariables taking their values on a measurable
space (X, X) together with a measurable function f(x1,...,x) on the product space
(X*, X*%) with values in a separable Banach space. Then the decoupled U-statistic de-
termined by the random sequences 5@, ey ,Slj), 1 < j5 <k, and kernel function f is

defined by the formula

= 1 1 k
Lih== > f (g}j, . ,§§k>) . (10.5)
1<l;<n, j=1,...k
LAl if 5
Let us have, besides the sequences f;j% cee ,(3), 1 <j <k, and function f(xq1,...,zk)
a sequence of independent random variables € = (e1,...,6,), Ple; = 1) = P(g =
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-1) = %, 1 <1 < n, which is independent also of the sequences of random wvariables
ij), e ,5,(3), 1< j <k. We define the randomized decoupled U -statistic determined by

the random sequences f;j), e 7&(13'); 1 < j <k, the kernel function f and the randomiz-
ing sequence €1, ...,y by the formula
= 1 1 k
In,k(fae)zg Z €l1"'5lkf<§l(1)7"'7€l(k)>' (106)
1<l<n, j=1,....k
Ll it 5

Now a symmetrization result will be formulated which will be applied in the proof
of an appropriate version of Proposition 10.1. This result will be proved in the next
section.

Proposition 10.3. Let &,...,&, be a sequence of i.i.d. random wvariables which take
their values on a measurable space (X, X') with some distribution p, and let f(xq,...,xy)
be a canonical function with respect to this measure p such that E|f(&1,...,&k)[P < o0

with some p > 1. Let us have k independent copies 59), e ,57(1]), 1 < j <k, of the
sequence &1, ...,&, with the same distribution, and let € = (e1,...,e,) be a sequence
of independent random variables, P(e; = 1) = P(g; = —1), 1 <1 < n which is also
independent of the sequences gﬁ”, e ,57(3), 1 <5 < k. The inequality

E|L ()P < 2" E|L . (f, )" (10.7)
holds for the decoupled U-statistic I,, (f) and its randomized version I, y(f,€) defined
in formulas (10.5) and (10.6) by means of the random sequences €7, ... ¢, 1< j <k,
€1,...,En and the kernel function f.

In Proposition 10.1 we want to bound the moments of a U-statistic, while in Propo-
sition 10.3 we have an estimate about decoupled U-statistics I, x(f). This results deals
with decoupled statistics, because as we shall see, its proof does not work for the original
U-statistics. This causes some difficulties, but they can be overcome with the help of
a result of de la Pena and Montgomery—Smith. It will be formulated more generally
than it is needed in the solution of the present problem to make it applicable also in
the investigations of the subsequent part of the work. For its more general formulation
let us slightly generalize the notion of U-statistics, let us allow also the case when the
kernel function f in formula (8.7) takes its value in a separable Banach space. The
result will be formulated in Theorem 10.4, and it will be proved in the Appendix.

Theorem 10.4. (de la Pena and Montgomery—Smith) Let us consider a sequence
of independent and identically distributed random variables &1, ...,&, on a measurable
space (X, X) together with k independent copies §§j), cee ,%j), 1 <j5 < k. Let us also
have a function f(x1,...,zx) on the k-fold product space (X*, X*) which takes its values
on a separable Banach space B. Define the U-statistic and decoupled U -statistic I, ;. (f)

and I_nvk(f) with the help of the above random sequences &1, ...,&n, Ej), cee T(Lj), 1<

63



j < k, and kernel function f. Then there exist some constants C = C(k) > 0 and
v =~(k) > 0 depending only on the order k of the U-statistic such that
P (M u(HIl >u) < CP (| Lni(f)] > yu) (10.8)

for allu > 0. Here || - || denotes the norm in the Banach space B where the function f
takes its values.

More generally, if we have a countable sequence of functions fs, s =1,2,..., taking
their values in the same separable Banach-space, then

P( sup [ n.x(fs)l| > u) < C’P( sup ||[Tnk(fs)| > 7u> : (10.8")

1<s<o0 1<s<0

We follow the following approach. We shall prove such a version of Proposition 10.1
and Theorem 8.3 where U-statistics are replaced by decoupled U-statistics. The proof of
these results is simpler, because the arguments applied for U-statistics also work for de-
coupled U-statistics, and also Proposition 10.3 can be applied in this case. Theorem 8.3
can be obtained as a consequence of its version we shall prove and Theorem 10.4. More
explicitly, we shall prove the following two results.

Proposition 10.1’. Let the conditions of Proposition 10.1 be satisfied with some se-
quence of iid. p-distributed random variables &1, ..., &, on a space (X, X), a function
f on the product space (X*, X*) and a number 0 < o < 1. Take k independent copies
§7), ey 7(7?), 1 < j <k, of the random sequence &1,...,&,, and define with their help
the decoupled U -statistic I, i (f) defined in (10.5). Then the inequality

_ 2M
E <‘n_k/21n’k(f)) > < OMMFMG2M i1 < M < no? (10.1")

holds with some constant C), which depends only on the order k of the decoupled U -
statistic.

Theorem 8.3'. Let the conditions of Proposition 8.3 be satisfied with some sequence

of iid. p-distributed random wvariables &1, ...,&, on a space (X,X), a function f on
the product space (X*,X%) and a number 0 < o < 1. Take k independent copies
59), ey 7(7?), 1 < j <k, of the random sequence &1,...,&,, and define with their help

the decoupled U-statistic I, x(f) defined in (10.5). Then there exist some constants
C=C(k) >0 and a = a(k) > 0 such that the inequality

P (n*k/2|fn7k(f)| > u) < Cexp {—a (g)Q/k} (10.9)

holds for all 0 < u < nF/2gk+1,

It is clear that Theorem 8.3’ together with Theorem 10.4 imply Theorem 8.3. Let
us continue our discussion with an explanation of the content of Proposition 10.3. As
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we have mentioned, it can be considered as a multivariate version of the Marcinkiewicz—
Zygmund inequality which can be formulated in the following way:

Let &1,...,&, be independent random variables such that F§; = 0, 1 < j < n.
Then for all p > 2 there exist some constants 0 < B, < C}, < oo such that

/2

n /2 no P n P
B,E <Z gf) <E|) &| <CE (Z g?) : (10.12)
I=1 j=l =1

(This inequality also has a generalization for sums of martingale differences.) The really
interesting part of formula (10.12) is his right-hand side part. It is useful, because
the expression at the right-hand side of (10.12) can be well estimated even without
exploiting the independence of the summands. The right-hand side of (10.12) can be
deduced from Borell’s inequality, more explicitly from its consequence (10.4) with k = 1
and the inequality

n p n p
E|Y & <CE|Y £ (10.12")
1=1 1=1
with some C), > 0, where 1,...,e,, P(;, = 1) = P(e; = —1) = 1 are independent
random variables, independent also of the random sequence &1, .. .,&,. Indeed, formula

n

> e

=1
Proposition 10.3 is a multivariate generalization of formula (10.12") with the additional
(important) information that it gives a good explicit choice for the coefficient C), in it.

P n p/2
(10.4) implies that E < (p— 1)P2E (Z §l2> . Let us also observe that
=1

We can prove with the help of Borell’s inequality such an inequality which has
similar relation to Proposition 10.3 as the right-hand side inequality in formula (10.12)
to formula (10.12"). We shall give this result in the following corollary, and actually we
shall apply this consequence of Proposition 10.3.

Corollary of Proposition 10.3. Let the conditions of Proposition 10.3 hold with the
additional restriction that the inequality E|f(&1,...,&)|P < oo holds with some p > 2
(i.e. p > 1 is not sufficient for us). Then also the inequality

E|L k()P < 25Pp" 2L, 1, (£7)P/ (10.13)

holds.

Proof of the Corollary of Proposition 10.5. Let F denote the o-algebra generated by
the random variables €§J )7 e ,&(f ), 1 < j < k. Then Proposition 10.3 implies that

E|L k(NP < 2 E|L i (f,€)|” = 2 E(E(| L, x(f. €)I”|F)).
On the other hand, the consequence of Borell’s inequality formulated in relation (10.4)
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yields that

P
BT PIF)=E 1 Z (1) (k)
(| n,k(f;5)| >_ € y 511'”El1¢f 5[1 ""7§lk
1<l;<n, j=1,...,k
LAl if g5
p/2
1 k -
< | Y () | =
T1<l;<n, j=1,....k
lj;élj’ if j#5'
where F. means that we fix the values of the random variables §§j ), e ,5,9 ), 1< <k

and take expectation with respect to the random variables ¢;, 1 < j < n. We get, by
taking expectation in the last inequality, that E|I, x(f,€)[? < p*P2ETL, 1 (f%)P/2. This
inequality together with formula (10.7) imply relation (10.13).

Now we turn to the proof of Proposition 10.1’.
The proof of Proposition 10.1'. We have En~*I, (f)? < zz0? if f is a canonical func-
tion with respect to the probability measure y, and [ f2(z1,...,z5)u(dzy) ... p(drg) <
o?, i.e. relation (10.1’) in Proposition 10.1 holds for M = 1 if C}, > 1z, because

I

Ef(fl(ll), .. ,f(k))f(ﬁl(,ll), .. ,fl(f)) =0, ifl; #1; forsome index 1 <j <k,

and Ef2(§l(11), e l(f)) < o2
First we prove relation (10.1") in the special case M = 2™ with m =0,1,... if 1 <
M < 2no? and the constants Cj are chosen appropriately in (10.1’). We have already
proved this relation for m = 0. We shall prove the inequality E(n=*/2I, ;(f)?M) <
C’,iVIM’“MUZM for all kK = 1,2,... with some appropriate constant Cy > 0 if M = 2™
and M < 2no? by induction with respect to m. In the proof formula (10.13) of the
Corollary of Proposition 10.3 will be applied with the choice p = 2M. This yields the
estimate
_ 2M _
E <<n—k/21n,k( f)) ) < 26M(QMMEE (kT 4(£2) (10.14)
The above inequality is not sufficient in its original form to carry out the inductive
procedure we have in mind, since the function f? appearing at its right-hand side is not

canonical. But this difficulty can be overcome if we apply the Hoeffding decomposition
(9.2) for the function f2.

This result yields a representation of the form

Az, ... 2,) = Z fv(zs,s €V)



with some appropriate canonical functions fy (x4, s € V') with respect to the measure
w for all V- C {1,...,k}. This relation implies that similarly to U-statistics decoupled
U-statistics satisfy the relation

V!

La(f)= > (= VD= V=1 (n—k+ )Ly (fr). (10.15)

In Theorem 9.1 the functions fy appearing in formula (10.15) are described explicitly.
(Here again we define the value of the product (n — |[V|)(n —|V|—=1)---(n—k+1) as
1 for |V| = k.) We do not need this formula, we only need that by formulas (9.4) and
(9.4") of Theorem 9.2 the integrals of the square of the functions fy are bounded by
o2, and these functions are bounded by 2!Vl in supremum norm, because the function
f?, similarly to the function f, is bounded by o in Ls(i)-norm, and it is bounded
by 1 in the supremum norm. The coefficient fy with V' = ) in the constant term of
the sum at the right-hand side of (10.15) has to be considered separately. It equals
fo = [ f3(z1,...,25)pu(dzy) ... u(dzg). This implies that 0 < fj < o2, an estimate
which does not follow directly from Theorem 9.2.
Formula (10.15) and the triangular inequality in Lj; norm imply the inequality

1/M

E(n s ()M < [ n* Z (E(nk”v'%[mw(fv)))

Vc{l,... k}
5 M
3 (k) 2 sup <n_jM/2E(n_j/2I_n,j(fV))M>1/M
SN R veven ok v
(10.16)

The function 277|fy/| is bounded by 1 in the supremum norm and by 277/2¢ < o
in the Ly(p) norm if |V| = j, 1 < j < k. Our inductive hypothesis implies that the
terms at the right-hand side of (10.16) can be estimated as

| o | I
n—JM/QE(n_J/QIn,j(fV))M < 2]MCJM/20M (7) nIM/2

no2/i ’

M JM/2
_ (2jcj)M/2O_2M ( ) < 2jMCJM/2U2M
if |[V|=4,1<j<k, and M < 2no?,

% < % < 2 in this case. (Observe that 02 < 1, since sup |f(z1,...,21)| < 1.)
‘ | - 1/M
Besides, (];) H sup . (E(n JIn’j(fv))M) =
V. VC{l,...,k},|V|=j
These estimates yield that

since

2
%S%inthecasejz&

M

E<n_k1n7k(f2))M S 02M Z

k .
27 1/2
i

7=0

(k
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if M < 2no?, and we choose Cy > 1. By formula (10.14) and this estimate

E(n_k/zj_n,k(f))2M < 23kMMkME (n_kI_n,k(fQ))M
K . M 10.17
_ 23k+] o2\ kM g (10.17)
Sl DI

J

if M < 2no?. 1 show that with an appropriate choice of the coefficients Cj, (which
may depend only on k£ but not on M) the above estimate implies the inductive step.
Indeed, we can choose such a sequence Cj, = 0,1, 2,..., with Cy = 1 which satisfies the
inequalities C > % and

k  93k+j 12
g —(C/ "<y forallk=1,2,... (10.18)
e~ (b —g)! 7
j=0
Let us choose such a sequence Ci, k = 0,1,..., which satisfies these relations. Then

formula (10.1”) holds for M = 1, and our inductive procedure together with relations
(10.17) and (10.18) imply that it also holds for M < 2no?, i.e.

E(n 21, ()M < CM MMM if M = 2™ and M < 2no>.

Thus we have proved Proposition 10.1’ in the special case when M = 2™, m =
0,1,..., and M < 2no?. To estimate the moment E|n=F/2I, ;.(f)|* for a general
exponent 1 < M < no? (the number M may be non-integer) let us consider the number
M = M(M) of the form M = 2™ with some integer m which satisfies the relation
M < M < 2M. By applying the already proved part of Proposition 10.1’ for M we can
write

M/ N M/ N

E’n_k/zj_n,k(f)’2M < (E’n_k/2jn,k(f)’2M> < <C«é\7[a2]\7IMk]\7l>
< C}i\40,2M(2M>kM — (chk)Mo'2MMkM.
Proposition 10.1" is proved.

The proof of Theorem 8.3'. By the Markov inequality and Proposition 10.1’

k/o= Eln=*2I, . (f)?M Cro*M* M
P<|n km[n,k(f” >u> < | uz}\;‘[( )| < ( - )

|=

if u>0and 1< M < no?. Let us choose M =
parameter M we get that

» \1/k
( L ) . With this choice of the

Cro?

P (In 2L (] > u) < e = exp {_Eck—l/k (E)”’“} (10.19)

€ o



if /Crel20 < u < eF/2,/Cyn*/20*+1. Relation (10.19) implies formula (10.9). Indeed,
formula (10.9) remains valid for /CjeF/?nk/2g*F+1 < o < nk/2g*F+1 if the constant
ka_l/ke_l in the exponent at the right-hand side is replaced by o = min(k’C’k_l/ke_l, k),
(here we exploit that P (|n=%/21, 1(f)| > u) < P (In=%21, 1(f)| > V/Cre*/?nk/2gk+1)
if u> \/C_kek/znk/QakJrl), and it holds also for 0 < u < +/Cie*/2¢ if the right-hand side
is multiplied with a sufficiently large constant C'.

As we have mentioned, Theorems 8.3’ and Theorem 10.4 together imply Theo-
rem 8.3.

11. Some useful basic results

This section contains the proof of Borell’s inequality and Proposition 10.3 which can be
considered as the multivariate version of the Marcinkiewicz—Zygmund inequality, more
precisely of its more important part.

11 A.) THE PROOF OF BORELL'S INEQUALITY FORMULATED IN THEOREM 10.2.

Borell’s inequality will be proved as the consequence of the following hypercontractive
inequality for Rademacher functions.

Theorem 11.1. The hypercontractive inequality for Rademacher functions.
Let us consider two copies (X, X,pu) and (Y,V,v) = (X, X,u) of the measure space
(X, X, 1), where X = {—1,1}, X contains all subsets of X, and u({1}) = p({-1}) =
%. Given a real number v > 0 let us introduce the linear operator T, which maps
the real (or complex) valued functions on the space X to the real (or complexr) valued
functions on the space Y which is defined by the relations Tyro = rg, and T ri = yry,
where ro(1) = ro(=1) = 1, and r1(1) = 1, r1(—=1) = —1. For alln = 1,2,... let
us consider the n-fold product (X™, X™, u™) and (Y™, V"™, v"™) of the spaces (X, X, )
and (Y,Y,v) together with the n-fold product of the operator T7 of the operator T,
acting between these product spaces, (i.e. T7 is the linear transformation for which
T2 (fi(z1) - fu(zn)) = Ty fi(z1) - Ty fru(zn) for all products of the functions fs, 1 <
s <n, on the space (X, X, p)). The transformation T from the space Ly(X", X", ")
to the space L,(Y™, Y™, v") has norm 1 for alln = 1,2,... if1 < p < g < oo, and

[q—1
0<~y< ]%-

The name hypercontractive inequality was given to this result because it states not
only that [|T7f[l; < | fllq for all functions f but also the inequality [T f[l, < | fll4
with some 1 < ¢ < p, while [T} f|, < [[T]f[l, if 1 < ¢ < p. It is not difficult to see
that the hypercontractive inequality implies Borell’s inequality.

The proof of Borell’s inequality by means of the hypercontractive inequality. Let us
define the function

f(xl,...,xn): Z a(ll,...,lk)rl(mll)...rl(Ilk)

1<1;<n, 1<j<k
el if 75
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on the space (X™, X™, u™). Observe that TOf = ~* f for this function f and all v > 0,
and E|Z|P = [[f|[F, E|Z]? = ||f||{. Fix some numbers 1 < ¢ < p < oo and put

v = /%=. The norm of T? as a transformation from the space L,(X", X", u") to
p—1 v q
the space Ly(Y™, V", ") is bounded by 1, i.e. || T7f[|, = Y¥I fllp < 11fllq- The above

. . 1 — kj/g 1 . . . .
relations imply that (E|Z[P)Y/P < (h) E|Z|%)/4 in this case, and this is what we
had to show.

The proof of the hypercontractive inequality can be reduced to a simpler statement
by means of the following

Theorem 11.2. Let us consider two pairs of measure spaces (X1, A1, 1), (Y1,B1,11)
and (Xao, Ao, p2), (Yo, B, v2) together with two linear operators T1 and To which map
the space Ly(X1, A1, 1) to Ly(Y1,Bi,v1) and the space Ly(Xa, Az, pi2) to L, (Ya, Ba, v2)
respectively. Assume that 1 < q < p, and the norm of both operators T1 and Ts is less
than or equal to 1. Then also the norm of their direct product T1 x To which maps the
space Ly(X7 X Xo, A1 X Ag, pu1 X p2) to the space L,(Y: x Yo, By X Ba, vy X 1) is less
than or equal to one.

Proof of Theorem 11.2: We have to show that

p
n

/Y > Tt (1) Tag;(y2)| va(dys)va(dys)

XYQ j:1

: e 1D

< /X S ey (en)gy(wo)| pn(den)pa( das)

1 X X2 j=1

for arbitrary index n, real (or complex) numbers ¢; and functions f;(-) € Ly (X1, A1, 1)
and g;(-) € Ly(X2, A2, p2), 1 < j < n, since relation (11.1) is equivalent to the inequality
[(T1 x T2)f(y1,92llL, < |If(z1,22)|[z, for the function f(z1,22) = > ¢;fj(z1)g;(x2),

j=1
and as functions of the above form are dense in the space Ly (X7 x X2, A1 X Az, 11 X pt2),

this inequality implies that the norm of T x Ty is bounded by 1.

We get by integrating the left-hand side of (11.1) first by the variable y; and by
exploiting the condition |T;| < 1 that

p

/ny ZCjTlfj(yl)T2gj(y2) v1(dyr)va(dys)
- q p/q (11.2)
< /Y2 /X Zijj(xl)ngj(yz) pr(dey) Vo (dys).

1]j=1
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We shall prove and apply the following result. Let a function G(u,v) be given on a
product space (U x V.U x V,p1 X p2), and let 1 < s < co. Then

[/v [/U'G<“’”>'pl<d“>rp2<dv>}1/5S / UV G| ). (113)

It is enough to prove this estimate for the following special type of functions G(u,v).
Let us consider a finite partition Aq,..., A,, of the space U, choose for all 1 < j < m
a function G;(v) on the space (V,V) and put G(u,v) = G;(v) if u € 4;,1 < j < m.
Such kind of functions are dense in the L (U x V,U x V, p1 X p2) space, because such

kind of functions are dense in the subspace consisting of functions of the form G(u,v) =
n

> ¢ifi(u)g;(v). If we prove inequality (11.3) for such special type of functions, then this

j=1

inequality can be generalized for general functions G(u,v) by an appropriate limiting

procedure. Its details are left to the reader.

Inequality (11.3) in the special case we consider is equivalent to the triangular
inequality in L spaces, s > 1, (also called Minkowski inequality)

Zpl(Aj)lGj(v)l Zupl W)l

where || f||s denotes the Ls-norm of a function f in the space (V,V, p2).
Indeed,

E A |G<u,v>|p1<du>rpg<dv>} "

and this is the left-hand side of formula (11.3), while

gmmmamn - | 16t

i”plm ollls = Zm ;) {/V|Gj(v)’s,02(dv)]l/s

:/U[/VyG(u,v)Ppg(dv)]Uspl(du),

and this is the right-hand side of (11.3).
Using inequality (11.3) in our case on the space (X7 X Y2, A1 X Ba, 1 X vo) with
q

n

> ¢ fi(z1)Tag;i(ye)

Jj=1

the choiceS:g,UzXl,V:Yz, G(u,v) = , P1 = 1, P2 = Vs
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we get with the help of formula (11.2) that

p

/Y > T (W) Tag;(y2)| va(dys)va(dys)

XYQ _721
p a/p r/a
n

= /X1 /y > cifi(1)Tagi(y2)| valdy)|  (day)

2 |j=1

Then by exploiting that |T2| < 1 we get that

P qa/p q
n n

/Y S5 £ () Tagy ()| waldys)| < /X S e 5 ()5 ()| o)

2 |j=1 2 1j=1
for all x1 € X1, and

P

/Y > Tt (W) Tagi(y2)| va(dyr)va(dys)

XY2 ]:1
q p/q

= /X1 /X icifj(%)gj(:vz) p2(dx2) | pa(dzy)

2 |j=1
By the Fubini theorem this inequality is equivalent to relation (11.1).

Theorem 11.2 enables us to reduce the proof of the hypercontractive inequality for
Rademacher functions to the following simpler result.

Theorem 11.3. The reduced form of the hypercontractive inequality for
Rademacher functions. Let ¢ be a random variable such that P(e = 1) = P(e =
-1) = % Then the following inequality holds for all real (or complex) numbers a, b,

. —1.
and numbers 1 < q < p < oo together with some 0 < v < g—_l.

E (Ja + ybe|P)/? < (E|a + be|9)'/ (11.4)

Theorems 11.3 and 11.2 really imply Theorem 11.1, because Theorem 11.3 states
the desired result in the special case n = 1, and then by Theorem 11.2 it holds for
arbitrary n.

Even the proof of Theorem 11.3 is far from trivial. On the other hand, Leonhard
Gross has made a deep and interesting investigation in his paper Logarithmic Sobolev
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inequalities (Amer. J. Math. 97, 1061-1083, 1975) which supplies this result as a special
case of a general theory. His approach is based on the following idea. Let us consider
a continuous time Markov process &(t), t > 0, with its stationary distribution and a
function f(x) on the state space of this Markov process. We can get good estimates
on the moments E|f(£(¢))|P if we have an appropriate estimate on the infinitesimal
operator of the Markov process he calls logarithmic Sobolev inequality. In an informal
way this approach can be interpreted as a good estimate of a function by means of its
derivative.

Gross applies a rather hard analysis in his proof, but if we restrict our attention to
that example which leads to the proof of Theorem 11.3, then the most difficult parts of
his study do not appear. Here we shall follow this approach.

Let us define the Markov process & describing the movement of a particle on the
state space X = {—1,1} consisting of two points, where the particle jumps from one
state to the other one after exponential time with parameter A = % This means that the
places of jumps constitute a Poisson process with parameter A = %, and the transition
probabilities of this Markov process are

L) — et L (1)
pt(lvl) pt( L, 1) kzzo(%)! (2) )

o 1 ¢ 2k+1
1-1) =p(-1.1)=e 2S5 —— (L .
pe(L, =) =p(-1,1)=e kZZ()(Zk+1)! (2)

(The particle remains in the same place after time ¢ if it made an even number of jumps
in the time interval [0, ¢], and changes his position if it made an odd number of jumps.)
Let us calculate the semigroup Uy, t > 0, of this Markov process, defined as Uy (f)(x) =
E(f(&())|€(0) = x), for all z € X, all functions f defined on X and parameters ¢t > 0
dU: (f)(z)

=0’
The above objects can be simply calculated in this model. Let us introduce the functions
ro(z) and r1(z) on the state space X defined as r¢(1) = ro(—1) = 1 and r1(1) = 1,
r1(—=1) = —1. Observe that p;(1,1) — ps(1,—=1) = e, p(—1,-1) — ps(=1,1) = e,
hence Uyri(1) = e~ tri(1), Upri(—1) = e 'ri(—1), i.e. Upri(z) = e try(x) for all t > 0.
On the other hand, clearly Uirg(z) = ro(x) for all ¢ > 0. All functions f on the state
space X can be written in the form f(x) = a+ bri(x) with some appropriate coefficients
a and b, and U(a + bri)(x) = a + e tbri(z). Clearly B(a + bri)(z) = bri(z). Let
p, (1) = p(=1) = 1, denote the equilibrium state of the Markov process £(¢). Put
£l = (1 ()P d.r))l/p = (G(lf()P + \f(—l)\p)l/p. The following inequality will
be proved, which is the logarithmic Sobolev inequality in the special model considered
here. The notations introduced before will be preserved.

together with the infinitesimal operator of this Markov process B f(x) = —

Proposition 11.4. Let us consider a function f(x) = a + bri(x) on the space X =
{—1,1} with the probability measure p, p(1) = p(—1) = 3, on X such that both a and
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b are real numbers, and a > |b|. Then

/f” )In f(z)p(dr) < (p )/fp H(@)Bf ()p(dz) + |LflI5 ]| £]l,,

forall 1< p< .

(11.5)

(The letter B in formula (11.5) denotes the infinitesimal operator of the Markov process
we consider.)

The corresponding result in Gross’ paper is slightly more general. It contains such
an estimate which holds for all functions f, i.e. the condition that a and b are real
numbers, and a > |b| in the expansion f = a + bry is not needed there. Our restriction
makes the proof simpler, since this implies that the function f(z) is real-valued and
f(z) > 0 both for x = 1 and 2 = —1. Hence we do not have to work with absolute
values. On the other hand, Proposition 11.4 is sufficient for us also in this restricted
form. Before its proof we show that it implies Theorem 11.3.

The proof of Theorem 11.3 by means of Proposition 11.4. Let us introduce the function
p(t,q) =1+ (g —1)e* for all ¢ > 1, and t > 0. First we prove that

[P o) R [ 1@ina] " fralltz0 (1s)

and functions f on X. (The general theory helps to find the ‘right’ definition of the

function p(t,q). It is deﬁned as the solution of the differential equation (pp_ ) d’;(;) =p,

p(0) = q. The coefficient ( 7 in this equation agrees with the coefficient appearing in

the logarithmic Sobolev inequality (11.5).) Let us prove inequality (11.6) first for such
functions f(z) = a + brq(z) for which a and b are real numbers and a > |b|.

Given a function f(x) = a + bri(x) with a > |b| define the function F(t) =
U(Utf(x))p(t’q),u(dxﬂl/p(t’Q). Observe that U, f(z) = a + be 'ri(x), and a > |ble”".
Hence to prove (11.6) it is enough to show that

d|Ue(Hlpa) _ dF(2)
dt dt

which means that the function F'(t) is monotone decreasing, and in the proof we can
apply the logarithmic Sobolev inequality for the functions fi(x) = Uy f(z). We have

AP0 _ [P0 P (t,) [ Unf (@) Uy f(a)u d)
dt p(tq) pt.a) [ Ut )P u( d)
L LU ()P0 (U f () (dw)]
[ ULf (z)P(+9) p( dz) ’
where G(t,-)" means partial derivative with respect to the variable ¢. Since F(t) =
10 ey [ Uef @Dl d) = [Te(Dllpire). (Ve (1)) = ~BUwf () by the defini-

p(t,q)’

<0 forallt>0 (11.7)

F(t) +

tion of the operator B,
/ U f (@)PCD~H (U f (@) () = — / Uef (@)D B(U ) (x)p(d ),
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p(t,e) _  p(taq)
and 75y = a0t D)

inequality dF(t) < 0 is equivalent to the relation

with our choice of functions, the last formula implies that the

DG T + [ U7 @) U ) da)

__Pr p(ta)=1(, " .
2(p— 1) /(Utf) () BU f (z)p((dx) <0

But this inequality follows from the logarithmic Sobolev inequality if it is applied for
the function Uy(f) with p = p(t, q).

To prove relation (11.6) for a general function f it is enough to check that |U(f)| <
Ue(|f]); e [U(f) ()] < Ue(|f1)(1) and [U(f)(=1)| < Ue(] f[)(—1) for arbitrary function
f and t > 0, since this relation has been already proved for the function |f|. But this
relation simply follows from the following calculation. If f(1) = A, f(-1) = B, then

fe) = 452 4 24580 (), Uf(r) = 252+ 14580 (), ie. U(1) = H5=A 5

1_TE%B, and U f(—1) = “A = B while (Uy|f])(£1) = 15— “|A] + L|B|
Let us fix some numbers 1 < p < ¢ < oo and apply formula (11.6) for some

function f(z) = a + bry(z) with the number t which is the solution of the equation

p(t,g) = p. Then e=' = ~(p,q) = \/1=, Ui(a + bri(z)) = a + 7(p,q)r1(x), hence
la+~(p,q)bri(x)|p, < [la+bri(x)|,. Given some v < 7, let us define p as the solution

of the equation vy = ,/%. Then p > p, hence |la + ybri(x)|, < |la + vbri(z)||; <

|la + br1(z)||4, and this relation is equivalent to formula (11.4). Thus Theorem 11.3 is
proved with the help of Proposition 11.4.

The proof of Proposition 11.4. Let us prove relation (11.5) first in the special case p = 2.
We have to show that

/Bf.fdu+%/f2duln(/f2du)—/lenfduzO

for a function of the form f = a+bry, a > |b|. Since the left-hand side of this inequality
is homogeneous of order 2 it is enough to prove this inequality in the special case
f =1+ sry, |s| <1. In this case the inequality we want to prove can be written as

h(s) = s* + %(1 +5%)In(1 + s%) — % [(1 +5)?In(1 4+ s) + (1 — 5)?In(1 — s)} > 0.

Simple calculation shows that h/(s) = 23+sln(1+s2)—(1—|—s) ln(l—l-s)—i—(l s)In(1—

s), and h"'(s) = 1+32 +In(1+s2)—In(1—-s%) = 1%:‘; —In %;z; = 1+82 —In (1 1+32) >0
for all 0 < s < 1. This means that the function hA(s) convex. On the other hand
h(0) = h’(0) = 0. These relations imply that h(s) > 0 for all 0 < s < 1 as we have

claimed.

In the general case p > 1 let us apply inequality (11.5) in the already proven case p =
2 for the function fP/2. We get that 2 [ fP(z)In f(z)u(dz) < [ fP/%(z)BfP/2(x)p(dzx)+
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S5 n || f[],- Hence to prove Proposition 11.4 in the general case it is enough to show

that
2

PI2()B P2 () p( dx) < —b—— [ (g z)p(de
[ 7B R < s [ @B @)

for a function f(z) = a + bri(x) such that a > |b|.
The expressions in the last inequality can be simply calculated. As

(5 () ) (5 e

1
op/2—1 P2 (x) =

2p/1lefp/2(x) N (a;b)m B (a;b)m] e
and
- () () ] [ (250 e

this inequality, more precisely its version we get by multiplying it by 2~(=2) can be

rewritten as
a+b\"? a—b\""?
(=) - (%)

2

< p? a+b p_l_ a—b\"t at+b a-b
= 4(p—1) 2 2 2 2
or
v 2 v v
</ t(P=2)/2 dt> < / P2 dt / 1dt
with v = a;“" and v = %'l)'. But the last formula is a simple consequence of the

Schwarz inequality. Proposition 11.4 is proved.

Remark: Theorem 11.3 is sharp in the following sense. The transformation T, T (a +
bri(xz)) = a + vybri(x) as a transformation from the L, (X, X, u) space to the space

p—1
us compare the L, norm of 1 + éri(x) with the L,-norm of Tr(z) = 1 + vdri(x)
for a small parameter § > 0. We have |1 + dri(z)|q = [ (1+6)7+ (1 — 5)‘1)}1/(1 =
1/q
[1 + D52 L 03| = 145262 4+0(6%). Similarly, [|[14+y6r (2], = 142524262+

O(63), and these relations imply the above remark.

L,(X,X,p) with 1 < ¢ < p has a norm greater then 1 if v > /L= . To see this let
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11 B.) THE PROOF OF PROPOSITION 10.3.

Proof of Proposition 10.3. Let us use the notation introduced in the formulation of
Proposition 10.3, and take another k independent copies éj), cee _ﬁlj), 1 <5<k, of
the random sequences 1, ..., &, which are also independent of the sequence ¢1,...,¢e,
appearing in the formulation of Proposition 10.3. Let F denote the o-algebra generated
by the random variables ng ), cee éj ), 1 < j5 < k, and let us introduce the notation
l(j’l) = l(j), G=1) 7l(j), 1<l <nand1l<j <k LetV, denote the set of £1

l
sequences of length k, and for a v € Vi let m(v) denote the number of the digits —1 in

the sequence v = (v(1),...,v(k)). Observe that F (f ( (Lo - ,f(k (k) ) f) = 0if

the £1 sequence (v(1),...,v(k)) contains at least one coordinate —1, (this is the point
of the proof where we exploit the canonical property of the function f), and

f<f(11)7-"7£l(k1)’]:> <5(1),.. <j>) for all indices 1 <1; <n, 1<j <k.

1

These relations together with the Jensen-inequality for conditional expectations imply
that

p
- 1 m(v v kow(k
LaDP =B | 5 2 0™ 3 p(a )| F
T wEV 1<, <n, r=1,....k
UL if rr’
P
1 ,U ,U
<E |4 S ym Ny <€<1 ek (k))) F
T VeV 1<l,.<n, r=1,...k
1-#L,., if r#r’
Hence
p
T 1 m(v 1,v(1 k,v(k
ElL (NP < Bl 3 (=m0 ST (W) )
vEVy 1<l . <n, r=1,....k
1AL, if r#r’

Let us introduce the random variables

()= SO ST (g ) ()

vEVg 1<l <n, r=1,...,k
Up#L if rr’
and
m v 1,v(1 (k,v(k
TLk f? k' Z ( ) Z 1.. kf(g( U( ))7~~'7§l v( ))>- (11.9/)
vEVg 1<l,.<n, r=1,..., k
Ul if rr’
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Let us recall that the number m(v) in these formula denotes the number of the digits

—1 in the +1 sequence v of length k, i.e. it counts how many random variables fl(j ’1),

1 < j <k, were replaced by the ‘secondary copy’ §l(j D in the corresponding terms of
the sum in (11.9) or (11.9).

I claim that the above defined two random variables I, x(f) and I,, x(f, ) have the
same distribution. This statement will be formulated in a slightly more general form
which will be useful in the further part of this work.

Lemma 11.5. Let us consider a (non-empty) class of functions F of k wvariables
f(z1,...,2) on the space (X* X*) together with the random variables I, x(f) and
I (f,€) defined in formulas (11.9) and (11.9') for all f € F. The joint distributions
of the set of random variables {fmk(f); feF} and {fmk(f, e); f € F} agree.

The proof of Lemma 11.5. We even claim that fixing an arbitrary sequence u =
(u(1),...,u(n)), u(l) = £1, 1 <1 < n, of length n, the conditional distribution of the
field {I,,x(f,€); f € F} under the condition that (e1,...,&,) = u = (u(1),...,u(n))
agrees with the distribution of the field of {I,, x(f); f € F}.

Indeed, the random variables I, x(f), f € F, defined in (11.9) are functions of

a random vector consisting of coordinates ( l(]),fl(])) = (gl“’”,gl“"”), 1 <1< n,
1 < 5 < k, and the distribution of this random vector does not change if we replace
the coordinates (67,67) = (€00, ¢77D), by (7,67 = (€77, ¢¥V), for those
indices (j,1) for which u(l) = —1 (independently of the value of the parameter j) and
do not modify these random vectors for those coordinates (I, j) for which u(l) = 1.
Replacing the original vector in the definition of the expression I,, 1 (f) in (11.9) for all
f € F by this modified vector we carry out a measure preserving transformation. On
the other hand, the random field we get in such a way has the same distribution as the
conditional distribution of the random field I,, x(f, &), f € F, with the elements defined
in (11.9’) under the condition that (e1,...,&,) = u with u = (u(1),...,u(n)).

To prove the last statement let us observe that the conditional distribution of the
random field fnyk(f, e), f € F, under the condition (eq,...,&,) = u is the same as that
of the random field we obtain by putting u; = ¢;, 1 <1 < n, in all coordinates ¢; of
the random variables fn,k( f,e). On the other hand, the random variables we get in
such a way agree with the random variables we get by carrying out the above described
transformation for the random variables ]N'nyk( f), only the terms in the sums defining
these random variables are listed in a different order.

_ Relation (11.8) and the agreement of the distribution of the random variables
I,k (f) in (11.9) and I, x(f) (11.9") imply that

p
T 1 m(v 1,v(1 k,v(k
ElLx(f)IP < B|5 PG S W= "'5lkf(5l(1 W etk )))
VeV 1<l <n, j=1, b
LAl it 55
(11.10)
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Let us define for all v = (v(1),...,v(k)) € Vj the random variable

_ 1 v v
Tnkw(fre) = o Z el e f (gl(ll, ) fz(f (k:))) v eV.

T 1<l <n, j=1,....k
LAl if j#5

The distribution of the random variables I,, ;. ,(f,€) agree with that of I,, x(f,e) intro-
duced in (10.6) for all v € Vj. Hence relation (11.10) implies that

p

ElL (NP < E| Y (1™ k(e f)

vEV

<2002 N7 B, 4 o(f,0) P = 2P B L (1 )l
vEV)

Proposition 10.3 is proved.

12. Reduction of the main result in this work

The main result of this paper is Theorem 8.4 or its multiple integral version Theo-
rem 8.2. It can be considered as the multivariate version of Theorem 4.1, and its proof
is also based on a similar argument. Following the method of the proof of Theorem 4.1
first we prove a multivariate version of Proposition 6.1 in Proposition 12.1 and reduce
Theorem 8.4 to a simpler statement formulated in Proposition 12.2.

The hard part of the problem is the proof of Proposition 12.2. In the first step
of its proof we reduce it with the help of Theorem 10.4 (proved by de la Pena and
Montgomery—Smith) to an analogous result formulated in Proposition 12.2’; where the
U-statistics to be investigated are replaced by their decoupled U-statistics counterpart
introduced in Section 10. The proof of this result is simpler, because here we have
more independence. It is based on a symmetrization argument, similar to the proof of
Proposition 6.2. The details of this symmetrization argument will be explained in the
next section. This section contains only an important preliminary result needed in this
argument, a multi-dimensional variant of Hoeffding’s inequality (Theorem 3.4) formu-
lated in Theorem 12.3. It yields an estimate about the distribution of homogeneous
polynomials of Rademacher functions.

The first result of this Section, Proposition 12.1, can be proved in almost the same
way as its simplified version Proposition 6.1. The only essential difference between their
proof is that Bernstein’s inequality applied in the proof of Proposition 6.1 is replaced
now by its multivariate version Theorem 8.3. Theorem 12.1 can be considered as the
result we can get by means of the Theorem 8.3 and the chaining argument. Its main
content, formulated in relation (12.1) states that given a nice class of functions F it
has a subclass F5 of relatively small cardinality which is also a relatively dense subclass
of F in the Lo norm, and the supremum of the U-statistics with kernel functions from
Fz can be well bounded. To get an applicable result we also need some estimates on
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the number & which measures how dense the subclass F5 in F is. Such estimates are
contained at the end of this Proposition.

In the formulation of Proposition 12.1 we introduce, similarly to Proposition 6.1,
two parameters A > 2¥ and M = M (A, k), and this may seem at first sight unnatural.
But the introduction of these parameters turned out to be useful, they help, similarly to
the analogous problem in Section 6 to fit the parameters in Propositions 12.1 and 12.2
as we want to apply them simultaneously.

Proposition 12.1. Let us have the k-fold power (X*, X*) of a measurable space (X, X)
with some probability measure p on (X, X') and a countable Lo-dense class F of functions
f(z1,...,z1) of k variables on (X*, X*) with parameter D and exponent L, L > 1, such
that all functions f € F are canonical with respect to the measure pu, and they satisfy
conditions (8.4) and (8.5) with some real number 0 < o < 1. Take a sequence of
independent p-distributed random variables &1, ...,&,, n > max(k,2), and consider the
(degenerate) U-statistics I, 1 (f), f € F, defined in formula (8.7). Let us fix some
number A > 2F.

For all numbers M = M(k, A) which are chosen sufficiently large in dependence
of A and k the following relation depending on the numbers A and M holds: For all
numbers u > 0 for which no? > (%)Z/k > ML log% anumberad =a(u),0 <o <o<1,
and a collection of functions Fs = {f1,..., fm} C F with m < D5~ elements can be
chosen in such a way that the sets Dy = {f: f € F, [|f — f;]?dp < 52}, 1 < j < m,
satisfy the relation |J Dj = F, and the (degenerate) U-statistics I, x(f), f € Fou),

7j=1
satisfy the inequality

P( sup n_k/2|In,k(f)|Zi>SQCDeXp{_O‘< U )2/k}

FEF5(w) 1014_10'

s

5 (12.1)
2
if no?> (9) > MLlog =
g g

with the constants a = a(k), C = C(k) appearing in formula (8.9) of Theorem 8.3 and
the exponent L and parameter D of the Lo-dense class F.

: - 2/k _ 2/k 2/3
The inequalities 4 (4<) > ng? > o (%) / M 10%&@;05”

hold, provided that no? > (g)wk > M(L + 3)3/? log% with [ = max <%, 0).

and ng? > also

Proof of Proposition 12.1. Let us list the elements of the countable set F as fi, fa,....
For all p = 0,1,2,... let us choose, by exploiting the Ly-density property of the class
F,aset Fp = {fap)-- .,fa(p,mp)} C F with m, < D2?PLo=L clements in such a
way that 1<i.nf J(f = fap.y)?dp < 27%02 for all f € F. For all indices a(j,p),

<js<my
p=1,2...,1<j<m,, choose a predecessor a(j’,p—1), j' = 5'(j,p), 1 < j' <my_1,
in such a way that the functions f,(;,) and fq(;s p,—1) satisfy the relation Ik \falip) —

. —_— -/ 2
fatrp—y [P dp < 02274P=1 " Then we have [ <f“<”> J;“(J ’p_“> du < 40227% and
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fa(j,p)($17~~~7$k)—fa(j/7p_1)(:rl ..... k)

sup 3

z;€X,1<5<k

< 1. Theorem 8.3 yields that

A

opy \ 2/* opy \ 2/* 12.2
< C’exp{—a (SAZ) } if 4no?27% > (8A7;> ; 12.2)

1§j§mp7p:1;2a"'7

. 7 2_(1+p)u
P(AG,p) = P (n Y200 (Fai — Fatrmt)] = —)

and

P(B(s)) = P (0™ L (fo.)] > iA)gcfexp{—a(L)”’“}, 1 <s<m
if no >(2j;10>2/k.

Introduce an integer R = R(u), R > 0, which satisfies the relations

9(4+2/k)(R+1) <i>2/k > 9216/k g2 > 9(4+2/WR <i>2/k
Ao - - Ao s

and define 62 = 274252 and F; = Fg (i.e the class of functions F,, introduced before

with p = R). (As no? > (%)Q/k and A > 2% by our conditions, there exists such
a positive integer R.) Then the cardinality m of the set F5 is clearly not greater
m

than Do~ and J D; = F. Besides, the number R was chosen in such a way that the

j=1
inequalities (12.2) and (12.3) hold for 1 < p < R. Hence the definition of the predecessor
of an index a(j, p) implies that

P | sup n=*2 |1, 1.(f)] >
feEFs

| =

)<P LRJGAJP U B(s)

p=1j5=1

R m o0 opy \ 2/K
<33 PG + X P(B) £ 3 CDI ey {_a (2) }

= S8Ac
2/k
Dok o (2 .
rentonf-o )"

If the condition (%)2/ g > ML3/? log% holds with a sufficiently large constant M (de-
pending on A), then the inequalities

Py \ 2/ opy \ 2/
22rl =L exp{—a (8212) } < 2_pexp{—0z (1050)
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hold for all p=1,2,..., and
_I u \2/k u \2/k
o exp{—a (E) } gexp{—a<1oAa> }
Hence the previous estimate implies that
—k/2 orq \ 2/*
P (fseu]gg n I k()] > ) < ZC’D2 Pexp {—a <10A0) }

sepen o) 2200« )

and relation (12.1) holds. We have

e

ng? = 2~ 4Rpg2 < 9—4R . 9(4+2/k)(R+1)—2—6/k (i)wk _ 92-4/k  92R/k (_i)wk
Ao Ao

— 92-4/k (g)l/k (%0)2/1: :224/k.(5>1/k <Ai0>2/k7

hence ng? < 4 (-Ay—)wk. Besides, as ng? > 2(4+2/k)R—2-6/k (

2/k 1 u \2/k
52 _ 9—4R, 2~ 9-2-6/k o2R/k (L) > - <,—> _
no ne- = Ao ~ 64 \Aco

)RR >,

Qi

M?/3(L+B)logn
1000A4/3

This inequality clearly holds under the conditions of Proposition 12.1 if ¢ < n=1/3,
since in this case log 2 > 6% and ng? > &4 (& )Q/k > LAYEM(L+ B)*/?log 2 >

It remained to show that ng? >

3 Ao
a5 AR M(L + B)logn > 10(5);@;%” if M = M(A, k) is chosen sufficiently large.
If 0 > n~1/3, then the inequality 2(4T2/F)R (%)wk < 922+6/kpn52 holds. Hence
o)k 4/ (4+2/k)
9—4R > 9—4(2+6/k))/(4+2/k) (E) and
- no? ’

9—16/3 u\2/k17 4 9
_ —4R 2\1— . .

Since no? > (£)2/* > (L 4 B)3/2, and no? > n'/3, the above estimates yield that
v 2/3 2/3
(o) ()] = o) ()] and no? = AZ (a8 ()] 2

A—4/3 2/3 M?2/3(L logn
A50 1/9 ( ) (L + 5) 10(002/?1)/3 g .

Now we formulate a multivariate analog of Proposition 6.2 in Proposition 12.2 and
show that Propositions 12.1 and 12.2 imply Theorem 8.4.
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Proposition 12.2. Let us have a probability measure 1 on a measurable space (X, X)
together with a sequence of independent and p distributed random variables &1, ...,&,
and a countable Lo-dense class F of canonical kernel functions f = f(x1,...,xk) (with
respect to the measure 1) with some parameter D and exponent L on the product space
(X*, X% such that all functions f € F satisfy conditions (8.4) and (8.5) with some
0 < o <1, and consider the (degenerate) U-statistics I, () with the random sequence
&1, ...,&, and kernel functions f € F. There exists a sufficiently large constant K =
K (k) together with some numbers C = C(k) > 0, v = (k) > 0 and threshold index
Ag = Ag(k) > 0 depending only on the order k of the U-statistics such that if no? >

K(L+f)logn with f = max (logD 0), then the degenerate U-statistics I, k(f), f € F,

logn >’

satisfy the inequality

P (sup In R0, k()] > Ank/2ak+1> < Ge=7A}*no? if A> Ap. (12.4)
feF

We shall prove formula (8.10) by applying Proposition 12.2 with the choice o =
o = &(u) defined in Proposition 12.1 and the classes F = D;, more precisely the classes
F = {Q_Tfj: g e Dj} of functions introduced also in Proposition 12.1, where f; is the

function appearing in the definition of the class of functions D;. Clearly,

P (sup w2 L ()] > u> <P (sup W 2L ()] > %)

feF feFs

L (12.5)
ne(252)| 2 (3-35) )

where m is the cardinality of the set of functions F; appearing in Proposition 12.1.
We want to show that if first A and then M > Mgy(A) are chosen sufficiently large in
Proposition 12.1, then the second term at the right-hand side of formula (12.5) can be
well bounded by means of Proposition 12.2, and Theorem 8.4 can be proved by means
of this estimate.

_|_

IR

P | sup n~k/2
9€D;

7j=1

To carry out this program let us choose a number Ag in such a way that Ag > Ag
and ’y/_l(l)/% > % with the numbers Ay, K and v in Proposition 12.2, put A =
max(2F+2 A4, 2%), and apply Proposition 12.1 with this number A. Then by Propo-
sition 12.1 and the choice of the numbers A and A, also the inequality (%)2/ K >
%/kna'2 > (4/_10)2/’“7152 holds, hence u > 44yn*/25%+1 with the number & in Proposi-
tion 12.1. This implies that (5 — 557) u > % > Agnk/255+1 Ay > Ay, and by replacing
1 1

the expression (5 — ﬁ) u by AgnF/25*+1 in the probabilities of the sum in the second

term at the right-hand side of (12.5) we enlarge them.

The numbers u considered in these estimations satisfy the condition no?/F >
(%)Z/k > M(L + 5)%/?log % imposed in Proposition 12.1 with some appropriately cho-
sen constant M. Choose the number M > M (A, k) in Proposition 12.1 (which also
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can be chosen as the number M in formula (8.10) of Theorem 8.4) in such a way

2/3
that it also satisfies the inequality - 10(5;@;%" > K(L + p)logn with the number

K appearing in the conditions of Proposition 12.2. With such a choice the inequality

/
no? > M* 130((%;@;%71 > K(L + f8)logn holds, and Proposition 12.2 can be applied to

bound the terms in the sum at the right-hand side of (12.5). It yields the estimate

- 11
P —k12\1, fizo|s (Lo L
(f&%’j " k ( 2 =\2 24

S P sup n_k/Q ITL k (ﬂ)’ Z Aonk/26'k+1 S Cve—’yA(l)/2kn5'2
gEDj ’ 2

forall 1 <j<m. ( f -dense class
with parameter D and exponent L.) Hence Propos1t10n 12 L (relatlon (12.1) together
with the inequality m < Do ~%) and formula 12.4 with A = Ay imply that

2/k B
P | sup = 2L, 1 (f)] 2w scheXP{—a( 7 ) }+CD0‘L —vAy* no®
feF ’ 10Ao0

(12.6)
To get the result of Theorem 8.4 from inequality (12.6) we have to replace its second
term at the right-hand side with a more appropriate expression where, in particular, we
get rid of the coefficient 7=%. The condition no? > K (L + ) logn implies that ¢ >

n~1/2 and by our choice of Ay we have yA, L2k 52 > +no? > Llogn > 2Llog 1,

5L < 1Ay *na?/2, o (#) */% The above
AI/QkA 2/k( )2/k}

By the estimates of Proposition 12.1 ng? > 2
relations imply that 6~ Lg—yAy *no? < e Ay P na? /2 < exp{
Hence relation (12.6) yields that

P | sup n_k/2|In,k(f)| > u
feFr

< = (= ad
—2CDeXp{ (104)2 <a> }+0D6Xp{ 128A A (o—> )

and this estimate implies Theorem 8.4.

128

Thus to complete the proof of Theorem 8.4 it is enough to prove Proposition 12.2. It
turned out to be useful to apply an approach similar to the proof of Theorem 8.3. In the
proof of Theorem 8.3 first an appropriate counterpart of this result was proved, where
the U-statistics were replaced by their decoupled U-statistics analogs defined in formula
(10.5), and then the desired result was deduced from this estimate and Theorem 10.4.
Similarly, Proposition 12.2 will be deduced from the following result.

Proposition 12.2'. Let a class of functions f € F on the k-fold product (X*, X*) of
a measurable space (X, X), a probability measure u on (X, X) together with a sequence
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of independent and p distributed random variables &1, ...,&, satisfy the conditions of
Proposition 12.2. Let us take k independent copies f%j),...,ﬁﬁbj), 1 <45 <k, of the
random sequence &1,...,&,, and consider the decoupled U -statistics fn,k(f), f e F,
defined with their help by formula (10.5). Then there exists a sufficiently large constant
K = K (k) together with some number v = (k) > 0 and threshold index Ag = Ao(k) >0
depending only on the order k of the decoupled U -statistics we consider such that if

no? > K(L + 8)logn with 8 = max <l°gD 0), then the (degenerate) decoupled U -

logn’

statistics I, x(f), f € F, satisfy the following version of inequality (12.4):

P (sup |n_k/2fn7k(f)| > Ank/20k+1> < e= 1A/ *no? if A > Ap. (12.7)
fer

It is clear that Proposition 12.2" and Theorem 10.4, more explicitly formula (10.8")
in it imply Proposition 12.2. The proof of Proposition 12.2 is based on a symmetrization
argument which will be explained in the next section. Here an important ingredient
of it will be proved, the multivariate version of Hoeffding’s inequality formulated in
Theorem 3.4.

Theorem 12.3. The multivariate version of Hoeffding’s inequality. Leteq, ...,
ey be independent random variables, P(e; =1) = P(e; = —1) = 2,1 < j < n. Fiz a
positive integer k, and define the random variable

Z= Z a(.jl:"'?jk)gjl"'gjk (128)
(J1,--sdr): 1< <n for all 1<I<k
Gi#gy if 121
with the help of some real numbers a(ji,...,jx) which are given for all sets of indices

such that 1 < j; <n, 1 <1<k, and j; # jy if l #1'. Put

5% = ) (s i) (12.9)

(F1see) Jr): 1< <n for all 1<I<k

Qg it A
Then
un 2/k
P(Z] > u) < Cexp {—B (E) } for all u > 0 (12.10)
with some constants B > 0 and C' > 0 depending only on the parameter k. Relation
(12.10) holds for instance with the choice B = W and C = €.

Proof of Theorem 12.3. We get with the help of formula (10.4) (which is a consequence
of Borell’s inequality) that

E|Z’q < (q — 1)""1/2 (Ez2)Q/2 < qkq/2 (E.Zg)q/2 _ qu/QSq
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with

5?2 = Z (Z a((jrr(l):---7j7r(k))> :

1<j1<ge-<jr<n \me€llg

where IIj; denotes the set of all permutations of the set {1,...,k}. Observe that

2
( Z a(jﬂ'(l)?"'?jﬂ'(kﬁ))) < k! Z a*(Ju(1) - Jn(ry) forall 1 <jiy <---j <mn,
melly melly

hence 5% < k!S?, and E|Z|9 < ¢*9/2(k!)%/259 with the number S? defined in (12.9).
Thus the Markov inequality implies that

q
v k!

P(|Z| > u) < (qk/2ﬁ> forallu >0 and g > 2.
u

Vg \2/k
Choose the number ¢ as the solution of the equation ¢ (%) = % Then we get that
P(|1Z] > u) < exp {—B (%)2/’“} with B =

provided that ¢ = — (2)2/k >

k
2e(k!)1/k > ek!/k \ 'S

2,ie. B (%)Q/k > k. By multiplying the above upper bound with C' = e* we get such
an estimate for P(]Z| > u) which holds for all u > 0.

Remark: The result of Theorem 12.3 will be good enough for our purposes, although the
constants B and C' we have given in formula (12.10) are not optimal. Thus Theorem 3.4
yields that in the special case k = 1 the estimate (12.10) holds with B = 3 and C' =1
(and not only with B = 5- and C' = e). The reason for this relative weakness of
Theorem 12.3 is that the moment estimate given for a homogeneous polynomial of
Rademacher functions in formula (10.4) is not always sharp. In Theorem 16.6 I present
(without proof) an improved version of Theorem 12.3 which yields the estimate (12.10)
with the right constant C in the exponent. The proof can be found in paper [22].
It is based on a sharp estimate on the moments EZ?M for large positive integers M
formulated in Theorem 16.7. This estimate can be considered as the improvement of
Bernstein’s inequality in a most important special case.
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13. The strategy of the proof for the main result of this paper

We have reduced the proof of the main result of this paper, the proof of Theorem 8.4
to that of Proposition 12.2’. It is a multivariate version of Proposition 6.2, and also its
proof is based on similar ideas. In particular, a multivariate version of Lemma 7.2
will be proved, which means some kind of randomization. In this result we con-
sider a class of decoupled, degenerate U-statistics I, x(f) together with a class of
randomized, decoupled U-statistics I,, (f,€) defined in formulas (10.5) and (10.6) re-
spectively with the same countable class of functions f € F and want to bound the

probability P (n_k/ 2sup Lk (f)] > u) with the help of a probability of the form
feF

P (nk/Q sup I, x(f,¢)| > Bu) with some appropriate universal constant B > 0.
feF

To carry out such a program we introduce 2k independent copies ﬂj ), cee T(Lj ) and

557'), e _7(1‘7), 1 < 5 < n, of the sequence of random variables &1,...,&, we have at
the start. We shall work with these 2k copies and a sequence of independent random
variables € = (e1,...,€,), Pl = 1) = P(e; = —1) = 1, 1 <1 < n, independent
also of the sequences §§j), ceey ,&j) and 5‘9), cee _T(Lj), 1 < j < k. Given some function
f(xy,...,z1) of k variables in the k-fold power (X*, X*) of some measurable space
(X, X) let us consider the random sums I,, x(f) and I, (f,¢) defined in formulas (11.9)
and (11.9") with the help of the above random sequences. We shall use Lemma 11.5
which states that given a class of functions of k-variables f € F, the joint distribution

of the random variables I,, x(f) and I, (f,¢) agree.

As we shall see later, Lemma 11.5 enables us to reduce the multivariate version of
Lemma 7.2 we would like to prove to an appropriate bounding of the distribution of

sup I, x(f) by that of sup fmk(f). In the proof of Lemma 7.2 we met a simple special
fer fer
case of this problem, and it could be solved by means of the Symmetrization Lemma

(Lemma 7.1). In the general case Lemma 7.1 is not sufficient for our purposes, since
we have to work with not necessarily independent random variables. Hence we prove a
generalized version of it.

Lemma 13.1 (Generalized version of the Symmetrization Lemma.) Let Z,, and
Zp,n=1,2,..., be two sequences of random variables on a probability space (£, A, P).
Let a o-algebra B C A be given on the probability space (2, A, P) together with a B-
measurable set B and two numbers o > 0 and $ > 0 such that the random variables Z,,,
n=1,2,..., are B measurable, and the inequality

P(|Z,| < alB)(w) > B foralln=1,2,... ifwe B (13.1)

holds. Then

1 _
P( sup |Zn|>0z—|—u>§EP< sup |Zn—Zn|>u)+(1—P(B)) for all w > 0.

1<n<oo 1<n<oo
(13.2)

87



Proof of Lemma 13.1. Put 7 = min{n: |Z,| > a + u) if there exists such an n, and
7 = 0 otherwise. Then

P({r=n}NB) < / Lz, <aB)dP = LP(r = n} 0 {|Z,] <a} N B)
{r=n}NB 5
< %P({T:n}ﬂ{|Zn—Zn| >u}) foralln=1,2,....

Hence

P( sup |Zn|>a+u)—(1—P(B))§P({ sup |Zn|>a+u}ﬂB)

1<n<oo 1<n<oo

=S P({r=n}nB)< %ZP({T:n}ﬁ{|Zn—Zn| > u})
n=1 n=1
= %P (153500 Zn = Zal > u) '

Thus Lemma 13.1 is proved.

The main difficulty we meet when we try to prove Proposition 12.2" instead of its
simpler version, Proposition 6.2 is that now we have to check an estimate of the form
(13.1) with some appropriately chosen random variables Z,,, o-algebra B and set B
instead of the estimate (7.1) applied in the proof of Proposition 6.2. The cause of this
difference is that now we have to work with not completely independent random vari-
ables. In the symmetrization argument needed in the proof of Proposition 6.2 we could
simply check inequality (7.1) by calculating the variance of the random variables we were
working with. On the other hand, to check inequality (13.1) in the symmetrization ar-
gument we want to apply in the present case we shall bound the conditional variance
of certain random variables, and we can only state that this conditional variance is
relatively small with great probability.

In the proof of Proposition 12.2" we formulate and prove a multivariate version of
the definition of good tail behaviour for a class of normalized random sums, where the
normalized random sums are replaced by degenerate decoupled U-statistics. It is enough
to prove the good tail-behaviour of decoupled U-statistics introduced below by means
of an appropriate induction, and Proposition 12.2" follows from it. But to carry out
such a program we have to formulate and check another property which will be called
the good tail behaviour for a class of integrals of decoupled U -statistics. This property
helps us to carry out the induction procedure needed in the proof of Proposition 12.2.
Its introduction and proof corresponds to the symmetrization argument formulated in
Lemma 7.2 in the proof of Proposition 6.2. The above mentioned two properties will be
proved simultaneously. Before their formulation I make some comments about the idea
behind the introduction of the property ‘good tail behaviour for a class of integrals of
decoupled U-statistics’.

In the introduction of this property we consider a class of functions f(x1,..., 2k, y)
depending on a parameter y € Y, but in all further applications we shall apply this
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property with the choice Y = X! and p = u! (i.e. with the I-th power of the space
X and the probability measure p on it) with some integer . The property ‘good tail
behaviour for a class of integrals of decoupled U-statistics’ with the above choice will
be useful for us for the following reason.

We shall consider the expression introduced in formula (11.9), which is some sort
of linear combination of decoupled U-statistics, and want to bound the inner sums at
the right-hand side of this expression. More explicitly, we consider those inner sum
terms for which m(v) =1 > 1, i.e. for which the original sample elements are replaced
by their independent copies in [ > 1 coordinates. We want to calculate the conditional
variance of such sums under the condition that the values of the elements of the original
sample are prescribed. The property of good tail behaviour for a class of integrals of
decoupled U-statistics helps us in getting a good estimate for these expressions. If we
want to bound the conditional variance of such an inner sum where the original sample
elements are replaced in [ coordinates, then the application of the property of good tail
behaviour for a class of integrals of U-statistics with k — [ instead of k parameters and
with the choice (Y,), p) = (X!, &%, u!) will be useful. By applying this property with
such a choice together with the canonical property of the function f(z1,...,z) we shall
work with we can prove the estimate we need.

Let me also remark that the estimate (13.5) we have imposed in the definition
of the property of ‘good tail behaviour for a class of integrals of U-statistics’ is fairly
natural. We have applied the natural normalization, and with such a normalization it is
natural to expect that the distribution of sup n=*H,, 1 (f) behaves similarly to that of

feF
const. (0772) k, where 7 is a standard normal random variables. Formula (13.5) expresses
such a behaviour, only the power of the number A in the exponent at the right-hand
side was chosen in a non-optimal way.

Naturally, we want to prove the property of good tail behaviour for a class of
integrals of decoupled U-statistics under appropriate, not too restrictive conditions.
Let me remark that in the conditions of Proposition 13.3 we want to prove we have
imposed besides formula (13.6) a fairly weak condition (13.7). Most difficulties arise
in the proof because we want to work with this condition. Here we did not demand
that the Lo-norm of the functions f(x1,...,zk,y) should be small for all parameters y.
We only assumed that some average of these Ly-norms expressed in formula (13.7) are
small. Now I formulate the definition of the properties we shall work with.

Definition of good tail behaviour for a class of decoupled U-statistics. Let us
have some measurable space (X, X) and a probability measure y on it. Let us consider
some class F of functions f(xy,...,zx) on the k-fold product (X*, X*) of the space
(X, X). Fix some positive integer n > k and positive number 0 < o < 1, and take k
mdependent copies 59), e T(Lj), 1 <j <k, of a sequence of independent p-distributed
random variables &1,...,&,. Let us introduce with the help of these random wvariables
the decoupled U-statistics I, x(f), f € F, defined in formula (10.5). Given some real
number T > 0 we say that the set of decoupled U -statistics determined by the class of

functions F has a good tail behaviour at level T (with parameters n and o which we
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fix in the sequel) if the inequality holds:

P (sup In=* 2L, k()] > Ank/20k+1> < exp {—Al/%nJQ} for all A>T. (13.3)
fer

We shall also introduce the following property:

Definition of good tail behaviour for a class of integrals of decoupled U-
statistics. Let us have a product space (X* x Y, X* x V) with some product measure
uF x p, where (X*, X% k) is the k-fold product of some probability space (X, X, 1), and
(Y, ), p) is some other probability space. Fix some positive integer n > k and positive
number o > 0, and consider some class F of functions f(x1,...,Tk,y) on the product
space (X* x Y, X% x Y, u¥ x p). Take k independent copies fij),..., 7(3), 1 <5<k,
of a sequence of independent, p-distributed random variables &1, ...,&,. For all f € F
and y € Y let us define the decoupled U-statistics I, 1 (f,y) = L k(f,) by means of

these random wvariables f%j), cee 7(3), 1 < j <k, the kernel function f,(z1,. g ,Tg) =
f(z1,..., 2k, y) and formula (10.5). Define with the help of these U-statistics I, 1 (f,y)
the random integrals

Hou(f) = / Lowlfy)Pp(dy), feF. (13.4)

Choose some real number T > 0. We say that the set of random integrals H,, 1 (f),
f € F, have a good tail behaviour at level T (with parameters n and o? which we fix in
the sequel) if

P (sup n_anyk(f) > A2nko2k+2> < exp {—Al/(%“)naz} for A>T. (13.5)
feF

Now I formulate those two inductive statements in Propositions 13.2 and 13.3
which imply that the above introduced properties of good tail behaviour for a class
of decoupled U-statistics and good tail behaviour for a class of integrals of decoupled
U-statistics hold under fairly general conditions. Proposition 12.2" can be obtained as
a relatively simple consequence of these results.

Proposition 13.2. Let us fix a positive integer n > k, a real number 0 < o <
2=+ und a probability measure p on a measurable space (X, X) together with a
countable Lo-dense class F of canonical kernel functions f = f(x1,...,x) (with re-
spect to the measure j1) on the k-fold product space (X*, X*) which has exponent L > 1
and parameter D. Let us also assume that all functions f € F satisfy the condi-

tions  sup  |f(@r,..omp)] < 20, [ 2w )u(de) . p(day) < o,
r;eX,1<j<k

and no? > K(L + B)logn with an appropriately chosen fived number K = K (k) with
B = max (llzggg,O).
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There exists some real number Ay = Ag(k) > 1 such that if all classes of functions
F satisfying the above conditions the sets of decoupled U-statistics determined I, x(f),
f € F, have a good tail behaviour at level T*/3 for some T > Ay, then they also have a
good tail behaviour at level T.

Proposition 13.3. Fiz some positive integer n > k and real number 0 < o < 2~ (++1)
and let us have a product space (X*xY, X* xY) with some product measure u* x p, where
(XF X% uF) is the k-fold product of some probability space (X, X, pn), and (Y, p) is
some other probability space. Let us have a countable Ls-dense class F of canonical
functions f(xq,...,71,y) on the product space (X* x Y, X% x Y, u¥ x p) with some
exponent L > 1 and parameter D. Let us also assume that the functions f € F satisfy
the conditions

sup (@1, )| < 27 FY (13.6)
2;€X,1<j<k,yeY
and
/fQ(xl, ooz, y)p(dey) . op(dey)p(dy) < o forall f € F. (13.7)

Let the inequality no? > K(L + B)logn hold with a sufficiently large, appropriately
chosen number K = K (k) and = max (logD O).

logn’

There exists some number Ag = Ag(k) > 1 such that if for all classes of functions
F which satisfy the above conditions the random integrals Hy, 1 (f), f € F, defined in
(13.4) have a good tail behaviour at level TF+1/2k with some T > Ao, then they also
have a good tail behaviour at level T'.

Remark: In the conditions of Proposition 13.3 the notion of canonical functions appeared
in a slightly more general form than it was defined in formula (8.8). We say that a
function f(z1,...,xx,y) on the product space (X* x Y, X* x Y, u¥ x p) is canonical if

/f(.f[fl,---,xj_l,u,$j+1,..-,xk,y)ﬂ(du) =0
forall1<j<k,zs€ X, s#jandyeY

and
/f(a;l,...,xk,y)p(dy):() forallz; € X, 1 <j <k.

It is not difficult to deduce Proposition 12.2’ from Proposition 13.2. Indeed, let
us observe that the set of decoupled U-statistics determined by a class of functions F
satisfying the conditions of Proposition 13.2 has a good tail-behaviour at level Ty =
o~ (+*1) since under the conditions of this Proposition the probability at the left-hand
side of (13.3) equals zero for A > ¢~ +1 . Then we get from Proposition 13.2 by
induction with respect to the number j, that this set of decoupled U-statistics has

a good tail-behaviour also for all T > Té3/4)j = o~ (R+DB/AY for j =0,1,2,... if
o~ (F+DG/Y7 > Ay, (Observe that ¢ < 1 under the conditions of Proposition 13.2,
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since 02 < 272(k+1) in this case.) This implies that if a class of functions F satisfies
the conditions of Proposition 13.2, then the set of decoupled U-statistics determined
by this class of functions has a good tail-behaviour at level T' = Ag/ 3, i.e. at a level
which depends only on the order k of the decoupled U-statistics. This result implies
Proposition 12.2’, only we have to apply it not directly for the class of functions F
appearing in it, but these functions have to be multiplied by a sufficiently small positive

number depending only on k.

Similarly to the above argument an inductive procedure yields a corollary of Propo-
sition 13.3 formulated below. Actually, we shall need this corollary of Proposition 13.3.

Corollary of Proposition 13.3. If the class of functions F satisfies the conditions
of Proposition 13.3, then there exists a constant Ay = Ag(k) > 0 depending only on k
such that the class of integrals Hy, 1 (f), f € F defined in formula (15.4) have a good
tail behaviour at level Ag.

The main difficulty in the proof of Proposition 13.2 appears as we try to apply the
symmetrization procedure corresponding to Lemma 7.2 in the one-variate case. This
difficulty can be overcome by means of Proposition 13.3, more precisely its corollary.
It helps us to estimate the conditional variances of the decoupled U-statistics we have
to handle in the proof of Proposition 13.2. The proof of Propositions 13.2 and 13.3
apply similar arguments, and they will be proved simultaneously. These results will
be proved by means of the following inductive procedure. First Propositions 13.2 and
then Proposition 13.3 are proved for k£ = 1. If Propositions 13.2 and 13.3 are already
proved for all k¥’ < k for some number k, then first we prove Proposition 13.2 and then
Proposition 13.3 for this number k.

14. A symmetrization argument

The proof of Propositions 13.2 and 13.3 apply similar ideas to the proof of Proposi-
tion 6.2, but here some additional technical difficulties have to be overcome. As a first
step we prove two results formulated in Lemma 14.1A and 14.1B. They can be con-
sidered as a symmetrization argument analogous to Lemma 7.2 applied in the proof of
Propositions 6.2. Lemma 14.1A will be needed in the proof of Proposition 13.2 and
Lemma 14.1B in the proof of Proposition 13.3. This section contains the proof of these
results.

Lemma 14.1A is a natural multivariate version of Lemma 7.2. In this result the
probability we want to estimate in Proposition 13.2 is bounded by means of the distri-
bution of the supremum of homogeneous polynomials of Rademacher functions of order
k (the order of the decoupled U-statistic we investigate), and such an expression can be
investigated similarly to the proof of Proposition 6.2 by means of the multi-dimensional
version of Hoeffding’s inequality given in Theorem 12.3. The case of Lemma 14.1B is
more complicated. The probability we want to investigate in Proposition 13.3 will be
bounded by the distribution of the supremum of some random variables W (f), f € F,

which will be defined in formula (14.8). The expressions W (f) are squares of random
polynomials of Rademacher functions. It is useful to study them more closely. This
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will be done in the proof of corollary of Lemma 14.1B which yields a more appropriate
bound for the expression we want to estimate in Proposition 13.3. We shall apply this
corollary in the sequel.

The proof of Lemmas 14.1A and 14.1B is similar to that of Lemma 7.2. First we
introduce an independent copy 5,(3), cee 77(3) of the k sequences @@, . ,fflj), 1<y <k,
and construct with their help some appropriate expressions which have the same dis-
tribution as the randomized sums we shall work with in the proof of Lemmas 14.1A
and 14.1B. This statement will be formulated and proved in Lemmas 14.2A and 14.2B.
These results enable us to reduce the problems we are interested in to some simpler ques-
tions which can be studied with the help of Lemmas 14.3A and 14.3B. In Lemma 14.3A
the conditional variance of a random variable is estimated under some appropriate con-
ditions. This estimate together with the generalized form of the Symmetrization Lemma
enable us to prove Lemma 14.1A. Lemma 14.1B can be proved similarly, but here we
need an estimate about the conditional distribution of a more complicated expression.
This estimate can be proved with the help of Lemma 14.3B. In Lemma 14.3B the con-
ditional expectation of the absolute value of an appropriate expression is bounded.

Now we formulate the main results of this section.

Lemma 14.1A. Let F be a class of functions on the space (X, X*) which satisfies the
conditions of Proposition 13.2 with some probability measure jv. Let us have k indepen-

dent copies fij), cee ﬁbj), 1 <7 <k, of a sequence of independent u distributed random

variables &1, ..., &, and a sequence of independent random variables € = (€1,...,€n),
P(g; =1) = P(e; = —1) = 1, 1 <1 < n, which is independent also of the random
sequences 59), ey 7(3), 1 < j < k. Consider the decoupled U-statistics I, ,(f), f € F,

defined with the help of these random wvariables by formula (10.5) together with their
randomized version

[k (f) = % SN e e (g{l”, . ,g}?) , feF (14.1)

T1<;<n, j=1,...,k
Li#l if j#5'

Then there exists some constant Ay = Ag(k) > 0 such that the inequality

P | sup n=*/2 Lo ()] > AnF2gk+1 ) < ok p ([ sup 15 1 ()] > 9~ (F+D) Apk g+l
fer feF

+ 2knk—1e—A1/(2k_1)nch/k:

(14.2)
holds for all A > Ay.

To formulate Lemma 14.1B first we have to introduce some new quantities. We
introduce them, because we want to adapt the symmetrization argument of Lemma 11.5
to the case when we work with a function f(z1,...,x,y) depending on a parameter v,
and we have to introduce some new notions in this new situation. Some of the quantities
introduced below will be used somewhat later. The quantities I X . (f,y) introduced in
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(14.3) will depend on the sets V' C {1,...,k}, and they are the natural adaptations of
the inner sum terms in formula (14.9). Such expressions are needed when we want to
formulate that version of the symmetrization result of Lemma 11.5 which is needed in

the proof of Proposition 13.3. Their randomizations I 7(1‘7/,;5)( f,y), introduced in formula
(14.6), correspond to the inner sum terms in formula (11.9"). We also introduce the
integrals of these expressions in formulas (14.4) and (14.7).

Let us consider a class F of functions f(x1,...,7x,y) € F on aspace (X* x Y, X* x

Y, u¥ x p) which satisfies the conditions of Proposition 13.3. Let us take 2k independent

copies §§j), ceey 7(1]‘), fﬁj), e ,60) 1 <7 <k, of a sequence of independent p distributed

random variables &1, ..., & together with a sequence of independent random variables
(e1,..-,6n), Ples = 1) = P(e; = —1) = 3, 1 <1 < n, which is also independent
of the previous random sequences. Let us introduce the notation fl(j D l(j ) and
¢V = g9 1<1<n, 1<j<k Forall subsets V C {1,...,k} of the set {1,...,k}
let |V | denote the cardinality of this set, and define for all functions f(z1,...,z%,y) € F
and V C {1,...,k} the decoupled U-statistics

Wabm=a S F(E g ), (14.3)

T1<l;<n, j=1,...,k
Li#l if j#5'

where 6; = £1,1 < j <k, §; =1if j € V,and §; = —1if j ¢ V, together with the
random variables

HY (f) = / IV (fw)o(dy). feF (14.4)
Put - -
La(foy) = I8 (fy), Han(f) = B9 (), (14.5)

i.e. Inx(f,y) and H, x(f) are the random variables IV ,(f,y) and H) ,(f) with V =
{1,...,k} which means that these expressions are defined with the help of the random

variables ¢V 1< j <k, 1<I<n.

Let us also define the ‘randomized version’ of the random variables T X w(f,y) and
HXk(f) as

Ve 1 0 k.8

( )(fa ) k} Z 5l1"'€lkf(§(1 1)7"'75( ) y)a fE.F, (146)

1 75l g if j#£j

and

100 = [5G redy), fe 7. (14.7)

where §; =1if je V,and §; = —-1if j € {1,...,k}\ V.
Let us also introduce the random variables

W(f) = / S VI (| pdy), feF (148)
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With the help of the above notations we can formulate Lemma 14.1B.

Lemma 14.1B. Let F be a set of functions on (X* x Y, X% x V) which satisfies the
conditions of Proposition 15.3 with some probability measure uk x p. Let us have 2k
ndependent copies {{’il, L1 <G <k, of a sequence of independent i distributed
random variables &1, ..., &, together with a sequence of independent random variables
€1,..,6n, Plej =1) = P(g; = —1) = %, 1 < j < n, which is independent also of the
previously considered sequences.

Then there exists some constant Ay = Ag(k) > 0 such that if the integrals Hy, 1 (f),
f € F, determined by this class of functions F have a good tail behaviour at level
TEEED/2k for some T > Ag, (this property was defined in Section 13 in the definition of
good tail behaviour for a class of integrals of decoupled U -statistics), then the inequality

— A2
P ( sup [Hy k()] > A%n*o> 5T | < 2P [ sup [W(f)| > S-n*Fo?*HD
fer jeF 2 (14.9)

+ 22k+1nk—16—A1/2kn02/k

holds with the random variables Hy i (f) introduced in the second identity of relation
(14.5) and with W (f) defined in formula(14.8) for all A >T.

We formulate a corollary of Lemma 14.1B which can be better applied than the
original lemma. The inconvenience in Lemma 14.B arises, because at the right-hand
side of formula (14.9) we have a probability depending on sup |W(f)|, and W (f) is a too

fer

complicated expression. It equals the integral of the square of homogeneous polynomials
of Rademacher functions (with random coefficients) depending on a parameter y with
respect to this parameter. We have to understand better the structure of W (f). Hence
we shall rewrite it by means of relations (14.10) and (14.11) in a somewhat complicated,
but more explicit form. These formulas enable us to find such a corollary of Lemma 14.B
which is more appropriate for us. To work out the details first we introduce some
diagrams.

Let G = G(k) denote the set of all diagrams consisting of two rows, such that each
row is the set {1,...,k}, and the diagrams of G contain some edges {(j1,71) ..., (Js, 75) },
0 < s < k, connecting some point (vertex) of the first row with some point (vertex) of
the second row. The vertices ji,...,Js which are end points of some edge in the first
row are all different, and the same relation holds also for the vertices ji,...,j. in the
second row. Given some diagram G € G let e(G) = {(j1,41) - -, (Js, 7))} denote the set
of its edges, and let v1(G) = {j1,...,Js} be the set of those vertices in the first row and
v2(G) = {j1,-..,J.} the set of those vertices in the second row of the diagram G from
which an edge of G starts.

Given some diagram G € G and two sets Vi,Vo C {1,...,k}, we define with
the help of the random variables 59’1), ey T(LJ’U, %J’_l), ey 7(19’_1)1 1 <j <k, and
e = (e1,...,&,) taking part in the definition of the random variables W ( f) the following
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random variables H,, 1(f|G, V1, Va):

Hn7k(f|G,V1,V2) = Z H Slj H 85;

Ul Uyl GE{L kN (Q) GE{L,. kP2 ()
1<V <, 2L, it 5, 155.5' <k,

zj:z’., if (7,3")€e(G), LU, if (4.5")¢e(G)

g [ HE e el Sl g oty

(14.10)
where §; = 1if j€ V4,0, =—-1if j ¢ Vi, and §; = 1if j € Va, §; = —1if j ¢ V. (Let
us observe that if the graph G contains s edges, then the product of the e-s in (14.10)
contains 2(k — s) terms and the number of terms in the sum (14.10) is of order n?*=%))
As the Corollary of Proposition 14.1B will indicate in the proof of Proposition 13.3
the expression H, ;(f|G, Vi, V2) has to be estimated. This can be done by means of
Theorem 12.3, the multivariate version of Hoeffding’s inequality. But the estimate we
get in such a way has to be rewritten in a form appropriate for our inductive procedure.
This will be done in the next section.

We shall prove that the identity

Geg, Vi, Vo {1,....k}

holds.
To prove this identity let us write first

Then let us express the products I_y(b‘j/,i’s) (f, y)f%ﬁ’g) (f,y) by means of formula (14.6). Let
k k
us rewrite this product as a sum of products of the form -z [] e, f(--) I ev f(--+)
j=1 i=1 "
and let us define the following partition of the terms in this sum. The elements of this
partition are indexed by the diagrams G € G, and if we take a diagram G € G with
the set of edges e(G) = {(j1,71),---» (Js,J%)}, then the term of this sum determined by
the indices ly,...,1;, I}, ..., 1} belongs to the element of the partition indexed by this
diagram G if and only if I;, = l’ . for all 1 < wu <'s, and no more numbers between the

indices l1,..., 0k, 17 ..., 1} may agree Since ¢y, LEr, = =1 for all 1 < u < s and all other
er; and ey, are different for a term of the sum in the element of the partition indexed by

the diagram G we get by integrating the product I(VI’E)(f y)l (Vz’s)(f y) with respect
to the measure p that

[ I G adoln) = 3 (16,2, V2)

Geg
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for all V1,V, € {1,...,k}. The last two relations imply formula (14.11).

Since the number of terms in the sum of formula (14.11) is less than 24k!, this
relation implies that Lemma 14.1B has the following corollary:

Corollary of Lemma 14.1B. Let a set of functions F satisfy the conditions of Propo-
sition 13.3. Then there exists some constant Ay = Ag(k) > 0 such that if the integrals
H,1(f), f € F, determined by this class of functions F have a good tail behaviour at
level TGRT1/2k for some T > Ao, then the inequality

P | sup |Hpx(f)| > A2pkp2(k+1)
feF

2
<2 Z P (sup |Hp 1 (fIG, Vi, Va2)| > 24i1k'nk02(k+1)>
GeG,Vi,Vac{l,...,k} fer :
+ 22k+1nk7167A1/2kn02/k
(14.12)
holds with the random wvariables H, ,(f) and H, i (f|G,V1,V2) defined in formulas
(14.5) and (14.10) for all A > T.

In the proof of Lemmas 14.1A and 14.1B we apply the result of the following
Lemmas 14.2A and 14.2B.

Lemma 14.2A. Let us take 2k independent copies
&PV, g0Y and TV g0, 1< <k

of a sequence of independent p distributed random variables &1, ..., &, together with a
sequence of independent random variables (1, ...,&,), P(e; = 1) = P(e; = —1) = 1,
1 <1 <n, which is also independent of the previous sequences.

Let F be a class of functions which satisfies the conditions of Proposition 13.2.
Introduce with the help of the above random variables for all sets V- C {1,...,k} and
functions f € F the decoupled U -statistic

LY (f) = % ooy (g{j"sl), . ,gff";k)) (14.13)

T1<;<n, j=1,..,k
Lj#L if j#5

and its ‘randomized version’

= 1
Ir(z‘,/lf)(f) = Z e, e f (5;11’51), . ,{l(f’ék)> , feF, (14.13")

T 1<l <n, j=1,....k

where §; = x1, and 6; =1 if jeV, and 6; =—-1if j e {1,... .k} \ V.
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Then the sets of random variables

sth= S OV, feF (14.14)
vc{l,...k}
and
Sh= S VIV, ferF (14.14")
Vc{l,...,k}

have the same joint distribution.

Lemma 14.2B. Let us take 2k independent copies
&PV, g0Y and TV g0, 1< <k

of a sequence of independent p distributed random wvariables &1, ..., &, together with a
sequence of independent random variables (1,...,e,), P(e; = 1) = P(e; = —1) = 3,
1 <1 < n, which is also independent of the previous sequences. Let F be a class of
functions of k variables satisfying the conditions of Proposition 13.3. For all functions

feF andV € {1,...,k} consider the decoupled U -statistics I;‘l/’k(f, y) defined by for-

mula (14.3) with the help of the random variables éj’l), e ,5,(3’1) and 5;;’,—1), cee ,(3"1),
and define with their help the random variables

W= [ X COVE| sdy, feF (415)

Vc{l,.. k}

Then the random vectors {W (f): f € F} defined in (14.15) and {W (f): f € F} defined
in (14.8) have the same distribution.

Proof of Lemmas 14.2A and 14.2B. Lemma 14.2A agrees actually with the already
proved result Lemma 11.5, only the notation is different. The proof of Lemma 14.2B is
also similar to the proof of 11.5. We can state that even the following stronger state-
ment holds. For any +1 sequence (uq,...,u,) of length n the conditional distribution
of the random field W (f), f € F, under the condition (e1,...,&,) = (u1,...,u,) agrees
with the distribution of the random field W (f), f € F. To see this relation let us first
observe that the conditional distribution of the field W (f) under this condition agrees
with the distribution of the random field we get by replacing the random variables ¢;
by u; for all 1 < [ < n in formulas (14.6) and (14.8). Besides, we get by replacing
the vectors ( l(j’l), l(]’fl)) by (¢ (3:=1) f(]’l)) for those indices (j,1) for which u(l) = —1
(independently of the value of the parameter j) and not modifying these vectors with
coordinates (I, j) such that u(l) = 1 a measure preserving transformation of the distribu-

tion of the random vector consisting of the random variables ( l(J ’1),51(3 ’71)), 1<l<n,
1 < j <k, and this implies that also the distribution of the field W (f), f € F, agrees
with the distribution of the field we obtain by carrying out the above transformation in
the elements of the field W(f), f € F. These facts imply Lemma 14.2B.
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Now we formulate and prove Lemma 14.3A.

Lemma 14.3A. Let us consider a class of functions F satisfying the conditions of
Proposition 13.2 with parameter k, and the random variables I_Xk(f), feF, VC
{1,...,k}, defined in formula (14.1). Let B = B( %j’l),..., 7(3"1); 1 < j < k) denote
the o-algebra generated by the random wvariables f;j’l),..., ﬁbj’l) , 1 <3 <k, ie by
the random sequences with second coordinate 1 in their upper index taking part in the
definition of the random variables I_Xk(f). ForallV €{1,...,k}, V #{1,...,k}, there
exists a number Ag = Ag(k) > 0 such that the inequality

. (JS‘IGI?E E(IY.(f)?|B) > 2—(3k+3)A2n2k02k+2) < ph—1le=AYCFVne?/k (14.16)

holds for all A > Ay.

Proof of Lemma 14.3A. Let us first consider the case V = (). In this case we can
write E (I_gk(f)Q‘ B) =F (I_gk(f)Q) < %02 < n?kg2k+2 for all f € F. In the above
calculation we have exploited that the functions f € F are canonical, and this implies
certain orthogonalities, and also the inequality no? > 1 holds. The above relation
implies that for V' = () the probability at the left-hand side of (14.16) equals zero if the
number Ay is chosen sufficiently large, i.e. the inequality (14.16) holds in this case.

To avoid some complications in the notation let us first restrict our attention to
sets of the form V = {1,...,u} with some 1 < u < k, and prove relation (14.16) for
such sets. For this goal let us introduce the random variables

- 1 1,1 1 11,-1 k,—1
Ir‘z/,k(falu—Fl?"'alk):E Z f(fl(l )a"'v l(:j )7 l(:+1 )7a£l(k ))
1<l;<n, j=1,...,u
Ll if j#]
for all f € F, i.e. we fix the last kK — u coordinates fl(:jll’_l), cey l(f’_l) of the random

variable I_X’ w(f) and sum up with respect the first u coordinates. Then we can write
2
E(I_Xk(f)2|8) =F Z I_'r‘L/;k'(f7lu+1a"'7lk) B
1<l;<n j=ut1,..k
LAy if j£5 (14.17)
= Z E(I_T‘L/,k(falu—klw"alk)z‘lg)'
1<l <n j=u+1,..., k
lj7£lj’ if j#5'
The last relation follows from the identity

E (I_T‘L/,k(f7 lu+17 s 7lk)I_r‘L/,k(f7 l;—i—la <o 7l;c)‘ B) =0
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if (lus1s---50k) # (Lyy1,---,13,), which relation holds, since f is a canonical function.
It follows from relation (14.17) that

w: sup F ( ‘B) ) > 27 (3k+3) 42,2k ;2k+2
fEF
A2p,2k 52k+2
“ U we sup B (L (f, Luss - )| B) (W) > S 1 -
1<l;<n j:u+1,...,k{ fer 2(3k+3)

LAl if j#
(14.18)
The probability of the events in the union at the right-hand side of (14.18) can be
estimated with the help of the corollary of Proposition 13.3 with parameter v < k
instead of k. (We may assume that Proposition 13.3 holds for u < k.) We claim that
this corollary yields that

A2kt 2k+2 ALty (a2
P(?ggE(”k(f lu+1,...,lk)2|8)>w <e 4 (n=we” = (14.19)

Indeed, introduce the space (Y, ), p) = (X*~%, x¥=4 u*~%), the k —u-fold power of the
measure space (X, X, u), and for the sake of simpler notations write y = (xy41,-..,Tk)
for a point y € Y. Let us consider a class of functions f € F which satisfies the
conditions of Proposition 13.2 and let us prove for it relation (14.16). Let us introduce
for this goal the class of those function F on the space (X“ x Y, X% x Y, u* x p) which
can be written in the form f(z1,...,7.,y) = f(z1,...,2%) with y = (2441,...,7%) and
some function f(z1,...,7;) € F. The class of functions F satisfies the conditions of
Proposition 13.3 with parameter u < k, hence we may apply by our inductive hypothesis
the Corollary of Proposition 13.3 for this class of functions. We shall apply this Corollary
for decoupled U-statistics with sample size n—u which is defined with the u independent
sequences of independent p-distributed random variables we define as & Z(J ’1), 1 <5 <u,
le{l,....,n}\{lut1,--.,l} where the set of numbers {l,,1,...,lx} is the set of indices
appearing in formula (14.19). With such a choice we get that

} (SUP(” —u) " Hyyu(f) > A% (n — u>“02u+2> < gAY (n-u)o®

Fer (14.20)

for A > Ap(u),

where

k!

n u u(f) /In,u(.ﬁ y)Qp( dy) = aE (ij(fa lu+1a ) lk)2|B) (1421)

with the function f € F for which the identity f(x1,...,7.,y) = f(x1,..., ;) holds
with ¥y = (Zyg1, .-, Tk)-
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It is not difficult to deduce formula (14.19) from relations (14.20) and (14.21). It is
2, ktu  2k+2

enough to replace the level “‘%W in the probability at the left-hand side of (14.19)

by A%(n —u)?*o?t? < % The last inequality really holds if the constant K

in the condition no? > K logn in Proposition 13.2 is chosen sufficiently large.
Relations (14.18) and (14.19) imply that

P (Sup E( £)?B) (w) > 2~ (3k+3)A2n2k0_2k+2> < phue=AY D (n—w)o?
fer

Since e=A" "V (n—wo® < (=AY TRk it < 1 and n > k inequality (14.16)
holds for a set V' of the form V' ={1,...,u}, 1 <u < k.

The case of a general set V C {1, ..., k}, 1 < |V| <k, can be handled similarly,
only the notation becomes more complicated. Moreover, the case of general sets V' can
be reduced to the case of sets of form we have already considered. Indeed, given some set
Vc{l,....k}, 1 < |V] <k, let us define a new class of function Fy we get by applying
a rearrangement of the indices of the arguments x1, ...,z of the functions f € F in
such a way that the arguments indexed by the set V' are the first |V| arguments of the
functions fir € Fy, and put V = {1,...,|V]}. Then the class of functions Fy also
satisfies the condition of Proposition 13.2, and we can get relation (14.16) with the set
V by applying it for the set of function i, and set V.

Now we prove Lemma 14.1A. It will be proved with the help of Lemma 14.2A, the
generalized symmetrization lemma 13.1 and Lemma 14.3A.

Proof of Lemma 14.1A. We show with the help of the generalized symmetrization lemma,
Lemma 13.1, and Lemma 14.3A that

A
P | sup n=k/2 Lo k()] > An*25k 1) < 2P [ sup [S(f)] > =nFott!
fer fer 2 (14.22)

1 A1/(2k=1)_ 2
—I—ank 16 A no’/k

with the function S(f) defined in (14.14). To prove relation (14.22) introduce the

random variables Z(f) = I (f) and Z(f) = — D (D)LY, (f)
VC{l,....k}, V#{1,....k}
for all f € F, the o-algebra B considered in Lemma 14.3A and the set

B = ﬂ {w: sup E( |B) ) < 27 (BkF3) 22k 2k+2}
Vc{l,... k} fer
V#{1,...,k}

Observe that S(f) = Z(f) — Z(f), f € F, B € B, and by Lemma 14.3A the
inequality 1 — P(B) < 2kpk—1e=A"**"Pno®/k 16145, Hence to prove relation (14.22) it
is enough to apply Lemma 13.1 and to show that

P (|Z(f)| > gnkak“w) (W) < &

3 forall fe F ifweb. (14.23)
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But P (flbvll(f)| > 2_(k+1)Ankak+1|B> (w) < 27+ for all functions f € F and sets
Vc{l,....,k}, V # {1,...,k}, if w € B by the ‘conditional Chebishev inequality’,
hence relations (14.23) and (14.22) hold.

Lemma 14.1A follows from relation (14.22), Lemma 14.2A and the observation that
the random vectors {I;(LV,;E)( )}, f € F, defined in (14.13) have the same distribution
forall Ve {1,...,k} as the random vector I_fl,k<f)7 defined in formula (14.1). Hence

A -
P <Sup 1S(f)] > Enkcf’”l) <2oFp (sup 15 k()] > 2_(k+1)Ankak+1) .
fer fer

Lemma 14.1A is proved.

Lemma 14.1B will be proved with the help of the following version Lemma 14.3B
of Lemma 14.3A.

Lemma 14.3B. Let us consider a class of functions F salisfying the conditions of
Proposition 13.3 and the random variables Ivyk(f, y), fe€F, VC{l,...,k}, defined in

n

formula (14.3). Let B = 8(59’”, e ,(3"1); 1 < j < k) denote the o-algebra generated
by the random wvariables gﬁ“), ceey ,(3’1), 1 <5 <E, i.e. by the random variables with
second argument 1 in their upper index taking part in the definition of the random

variables I_Xk(f, y) and HX’k(f) introduced in formulas (14.8) and (14.4).

a) For allV € {1,...,k}, V #{1,...,k}, there exists a number Ay = Ag(k) > 0 such
that the inequality

P (sup E(ka(f)“g) > 2—(4k—|—4)A(Qk—l)/kn2k02k+2> < nk—le—Al/anUQ/k‘
fer ’

(14.24)
holds for all A > Ay.

b) Given two subsets V1,Vi C {1,...,k} of the set {1,...,k} define the integrals of
random expressions

BP0 = [IBGI Gl ), feF,  (429)

with the help of the functions I_Xk(f, y) defined in (14.3). If at least one of the sets
Vi and Vy is not the set {1,...,k}, then there exists some number Ay = Ao(k) > 0
such that if the integrals Hy, 1 (f), f € F, determined by this class of functions F
have a good tail behaviour at level TE*+V/2k for some T > Ay, then the inequality

P (Sup E(Hivli%)(fﬂlg) > 2—(2k+2)A2n2k02k+2> < znk—le—Al/%na?/k (14.26)
fer ’
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holds for all A >T.

Proof of Lemma 14.3B. Part a) of Lemma 14.3B can be proved in almost the same
way as Lemma 14.3A. Hence I only briefly explain the main step of the proof. In the
case V =) E(HXk( HIB) = (HXk(f)) hence it is enough to show that E(HXk(f)) <

k_2 2k _2k+2

e <5 for all f € F under the conditions of Proposition 13.3. (Here we exploit
in partlcular that the functions of the class F are canonical.) The case of a general set
V, V # () can be reduced to the case V = {1,...,u} with some 1 < u < k.

Given a set V = {1,...,u} let us define the random variables
= 1 1,1 1) o(utl,—1 k,—1
IXk(fvlu+17"':lk7y):H Z f(g( )a--'v l(u )7 l(u+1 )7a£l(k )7y>
1<l;<n, j=1,...,u
lj?élj’ if j#5'

for all f € F. We can show by exploiting the canonical property of the functions f € F
that

E(BY (F2| B) = 3 /E IV (Foluss e 1 )?| B) ol dy),

1<l;<n j=u+1,....k
l i 7L /if j#£5

and the proof of part a) of Lemma 14.3B can be reduced to the inequality

[“Zh—n/knk+u02k+2>

(]Sclelg E nk (folugts 5k, y) p(dy)}B) > 9(4k+4)

< e_A(2k—1)/2(2u+1)k(n_u)o_ '

This inequality can be proved, similarly to relation (14.19) in the proof of Lemma 14.3A
with the help of the Corollary of Proposition 13.3. Only here we have to work in the
space (XU XY, X% x Y, u* x p) where Y = XF~u x Y, Y =XFv x Y p=pyl"xp
with the class of function F so that we identify a function f(x1,...,zk,y) € F with
flx1, ... 20, y) = f(x1,...,2k,y) so that y = (xys1,...,2Tk,y). I omit the details.

Part b) of Lemma 14.3B will be proved with the help of Part a) and the inequality

1/2 1/2
sup E(H' " (£)B) < <sup E(Hxlkmw)) (sup E(H,%k(f)w))
feF feF feF

which follows from the Schwarz inequality applied for integrals with respect to condi-
tional distributions. Let us assume that Vi # {1,...,k}. The last inequality implies
that

P (sup E(HS/,;VZ)(fﬂB) > 2_(2k+2)A2n2k02k+2>
fer ’

< P (Sup E(H:L/lk( )|B) > 2—(4k+4)A(Zk‘—l)/k‘ano_Qk-i-Q)
feF

+ P (sup E(HV2 (f)|B) > A(2k+1)/kn2k02k+2>
ferF
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Hence the estimate (14.24) together with the inequality

P (?‘QEE(HX?(J[)‘B) > A(2k+1)/kn2k02k+2> < k1A *no® (14.27)

imply relation (14.26). Relation 14.27 follows from Part a) of Lemma 14.3B if Vo #
{1,...,n} and A > Ay with a sufficiently large number Ay (in this case the level
ARk+1/kp2k 5242 can be replaced by the larger number 2~ (45+2) ARE=1)/kp2k 52k+2 3y
the probability of formula (14.27)) and from the conditions of Part b) of Lemma 14.3B
if Vo = {1,...,k}. Indeed, in this case we may apply the estimate (13.5) for this
probability, since Ak+1)/2k > Tk+1)/2k and this implies relation (14.27).

Now we turn to the proof of Lemma 14.1B.

Proof of Lemma 14.1B. By Lemma 14.2B it is enough to prove that relation (14.9)
holds if the random variables W (f) are replaced in it by the random variables W (f)
defined in formula (14.15). We shall prove this by applying the generalized form of

the symmetrization lemma, Lemma 13.1 with the choice of Z(f) = HT(L‘?,C’V)( ),V =

{1k}, Z(f) = W(f) = Z(f), f € F, B=BEIY, .. .6¥Y; 1 < j < k), and the
set

. A {“: sup E(H,' " (f)|B)(w) < 2_(2k+2)A2n2k02k+2}.
(Vi,Va): V;€{1,....k}, j=1,2 fer
Vi#{l,...,k} or Vo#{1,....k}

By Lemma 14.3B the inequality 1 — P(B) < 2h+1pk—1¢AY*" no®/k polds, and to
prove Lemma 14.1B with the help of Lemma 13.1 it is enough to show that

- A? 1
P (|Z(f)| > 7n2k02(k+1) B) (w) <5 forall feFifweB.
To prove this relation observe that
_ AQ
E(|Z(£)|1B) < M B(HY (£)IB) < 0™ 2 ifwe B

(V1,Va): V;€{1,...,k}, j=1,2
Vi#{1,...,k} or Vo#{1,....k}

for all f € F. Hence the ‘conditional Markov inequality’” implies that

B) <

ifweB and feF.

N | =

_ AZ?
P (|Z(f)| > 7n2k02k+2

Lemma 14.1B is proved.
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15. The proof of the main result

In this section we prove Proposition 13.2 and thus complete the proof of the main result
of this work, of Theorem 8.4 or of its equivalent version Theorem 8.2. Proposition 13.2
will be proved with the help of the symmetrization Lemma 14.1A. In the proof of this
symmetrization lemma we have also applied the corollary of Proposition 13.3 (for orders
u < k if we want to prove Proposition 13.2 for decoupled U-statistics of order k.) Hence
to complete the proof of Proposition 13.2 we also have to prove Proposition 13.3. This
section contains the proof of both results. First we prove Proposition 13.2.

A.) THE PROOF OF PROPOSITION 13.2.

The proof of Theorem 13.2 is similar to the proof of Proposition 6.2. It applies an induc-
tion procedure with respect to the parameter k. In the proof of Proposition 13.2 for pa-
rameter k£ we may assume that Propositions 13.2 and 13.3 hold for u < k. In the proof we

want to give a good estimate on the probability P [ sup
fer

appearing in the estimate (14.2) of Lemma 14.1A. To estimate this probability we in-
troduce (using the notation of Proposition 13.2) the functions

I_fuc(f)‘ < 9—(k+1) gpk gh+1

; 1
SuNe 1<tz 1<ish =2 Y PA(aall), fer
T1<l;<n, j=1,...,k,
Lj#L0 if j#5
(15.1)

with IL‘l(j ) e X , 1 <1<n,1<j<k. Then we estimate the probability we are interested
in with the help of this quantity similarly to the argument applied in the solution of the
corresponding problem in the proof of Proposition 6.2.

Fix some number A > T and define the set H c X"

H=H(A) = {(xl(j), 1<i<n 1<j<k):
(15.2)

sup Si’k(f)(xl(j), 1<1<n,1<j<k)> 2kA4/3nk02}.
feF

We want to show that
. (e(@) - . k_—A2/3kpg2 .
P({w: (§"(w),1<j<n, 1<j<k)e H}) <2% if A>T. (15.3)
Relation (15.3) will be proved by means of the Hoeffding decomposition (Theo-
rem 9.1) of the U-statistics with kernel functions f2(xy,...,2), f € F, and by the

estimation of the sum this decomposition yields. More explicitly, write (applying for-
mula (9.2) in Theorem 9.1)

Pl o)=Y fulz,jeV) (15.4)



with fyv(z;,7 € V) = ] P; [1 Qjf*(z1,...,xx), where P; is the projection defined
jev =~ jev
in formula (9.1) and Q; = I — P; is also the same operator as the operator @); in
formula (9.2).
The functions fy appearing in formula (15.4) are canonical (with respect to the
measure j), and the identity Sik(f)(gl(]) 1<1<n,1<j<k)=1I,,(f?) holds for all

f € F. By applying the Hoeffding decomposition (15.4) for each term f2(£l(11) e ,g(k))
in the expression I,, x(f?) we get that

<Sup S2LEP 1<1<n 1<j<k)> 2kA4/3nk02>
fer
(15.5)

IN

VI
S P (B it VI, ()] > 440k
gl o

V{l,... .k} fe

with the functions fy in (15.4). We want to give a good estimate for all terms in the
sum at the right-hand side in (15.5). For this goal first we show that the classes of
functions {fv: f € F} satisfy the conditions of Proposition 13.2 for all V' C {1,..., k}.

The functions fy are canonical for all V' C {1,...,k}. It follows from the conditions
of Proposition 13.2 that |f?(x1,...,zx)| < 272*+1D and

/f"‘ w1, de) . p(dag) < 2062,

Hence relations (9.4) and (9.4’) of Theorem 9.2 imply that | sup fy(z;,j€ V)| <
T eX,jev

27 k+2) < o=+ for all V. C {1,...,k} and [ f2(zj,5 € V) [[ u(dx;) <2-¢k+Ng2 <
JjeEV

o2 forall V C {1,...,k}. Finally, to check that the class of functions Fyy = {fy: f € F}
is Lo-dense with exponent L and parameter D observe that for all probability measures
p on (X* X*%) and pairs of functions f,g E F [(f? = g*»)?dp < 272 [(f — g)dp.
This implies that if {f1,..., fm}, m < De~L, is an e-dense subset of F in the space
Lo(X*, X% p), then the set of functions {2FfZ,...,2¥f2} is an e-dense subset of the
class of functions F' = {2*f2: f € F}, hence F' is also an Lap-dense class of functions
with exponent L and parameter D. Then by Theorem 9.2 the class of functions Fy is
also Lo-dense with exponent L and parameter D for all sets V' C {1,...,k}.

For V = (), the function fy is constant, fy = [ f%(x1,...,z5)u(dzr) ... p(dey) <
o? holds, and Ly |(fiv)l = fv < o?. Therefore the term corresponding to V = () in
the sum at the right-hand side of (13.5) equals zero if Ag > 1 in the conditions of
Proposition 13.2. T claim that the terms corresponding to sets V., 1 < |V| < k, in these
sums satisfy the inequality

P (sup L v (Fv)] > A4/3n'v'0'2)
feFr
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k!
<P supll, W)l > A mnl VgV <e A0’ i1 <[V <k
feF v (15.6)

The first inequality in (15.6) holds, since gVI+l < 52 for |V| > 1, the second inequal-
ity follows from the inductive hypothesis if |V| < k, since it yields the upper bound

e~ (AR IVINY Y Ing® o= mo® 4 40 Ap(k) in Proposition 13.2 is sufficiently
large, and in the case V = {1,...,k} it follows from the inequality A > T and the as-
sumption that U-statistics determined by a class of functions satisfying the conditions
of Proposition 13.2 have a good tail behaviour at level T%/3. Relations (15.5) and (15.6)

together with the estimate in the case V = () imply formula (15.3).
By conditioning the probability P ( fflk(f)‘ > 2_(k+2)Ank/20k+1> with respect to

the random variables f‘l(j ), 1<1<n,1<j<kweget with the help of the multivariate
version of Hoeffding’s inequality (Theorem 12.3) that

P ([T (0] > 27D ant o 6 w) =21 <1<n,1 <5 < k)

1/k
A2n2k 52(k+1)
ne )/k'> (15.7)

<Cexpl —B :
22k+452 (zU) 1 <i<n 1< <k
< Ce2 "7V BAY Fhine® g0 ) feF if (xl(j), 1<i<n,1<j<k)¢H.

Given some points :El(j ) ¢ X, 1<1<n,1<j <k, define the probability measures

Pi = Pj (29 1<i<n)’ 1 < j < k, uniformly distributed on the set :c(]) 1 <1< n,ie

let pj(z (J)) , 1 <1 <n. Let us also define the product p = p; X -+ X p; of these
measures. If f is a function on (X%, X*) such that [ f2dp < 6% with some § > 0, then

f@? 1< <k)|<on*?  for all vectors (Iy,...,It), 1 <1 <n, 1<j <k,

and this implies thatP( I_gk(f) >5n3k/2‘£(j): (7) ,1<1<n,1<j<k) =0 for

such a function f. Take the numbers 6 = An—F/22~ (k+2)ak+1 and § = 2~ (k+2)p—k-1/2 <
5. (The inequality 6 < 6 holds, since A > Ay > 1, and ¢ > n~/2.) Choose a d-dense
set {f1,...,fm} in the Lg(Xk,Xk,p) space with m < D§—L < 2(k+2)LypS+(k+1)L/2
elements. Then the above estimates, the d-dense property of the set of functions
{fi,. ., fm} in Lo(X* X% p) and formula (15.7) imply that

P (sup T (D)] > 27 anka™ 1 ) (w) =af? 1 <1< 1< < k)
feF

<X P(IEatr] > 2 antet ) = a1 s 1< 1 < < k) (15.8)
=1 15.8

< (j2(1c+2)Ln/8+(k:+1)L/26—2*3*4/’“B,42/i”’fnk!a2 if {xl(j)7 1<i<n 1<j<k}¢H.
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Relations (15.3) and (15.8) imply that

P | sup |I; o (f)| > 9~ (F+D) Apkghtt
fer 7 (15.9)

< 02(k+2)Ln5+(k+1)L/2672_3_4/kBA2/3kn02 + zkefAQ/?’kk!naz ifA>T.

Proposition 13.2 follows from the estimates (14.2) and (15.9) if the constant Ag together
with the constant K in the condition no? > K(L+ f3) logn are chosen sufficiently large.

In this case these estimates yield an upper bound less than e~ A0 for the probability
at the left-hand side of (13.3).

Now we turn to the proof of Proposition 13.3.
B.) THE PROOF OF PROPOSITION 13.3.

Because of formula (14.12) in the corollary of Lemma 14.1B to prove Proposition 13.3
i.e. inequality (13.5) it is enough to choose the parameter Ay in Proposition 13.3 for
which A > T > Ay sufficiently large and to show that

P <Sup |Hn,k(f|G7‘/i7V2)| > 4k+1|

fer
foral Ge G and Vi,Vo e{l,...k} if A> Ay

n2k 52(k+1) < 2k+1e—A1/2kn02
(15.10)

with the random variables H,, x(f|G, V1, V2) defined in formula (14.10). Let us first
prove formula (15.10) in the case when |e(G)| = k, i.e. when all vertices of the diagram
G are end-points of some edge, and the expression H,, (f|G, V1, V2) contains no ‘sym-
metryzing term’ ¢;. In this case we apply a special argument to prove relation (15.10).

If G is such a diagram for which |e(G)| = k, then we can show by means of the
Schwarz inequality that

1/2
1 1),6: k0%
ETICATRATES NEED DI B AN NP
ek, 1< <,
lj;élj’ if j#5'
1/2
1 1,6 k.5
a2 [ PE g ey |
’ llr"?lkalgljsnﬁ
LAy if 75
(15.11)

where §; = 1if j € V4, §; = —1if j ¢ Vi, and §; = 1if j € Vo, 0; = —1if j ¢ Va.
Indeed, in this case the sum of integrals in (14.10) can be rewritten in a natural way
as the integral of the product of two functions on the product space (I¥ x Y,ZF x
V, A x p), where I,, = {1,...,n}, T, is the o-algebra of all subsets of I,,, and )\, is the
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counting measure on Z,,. Then the Schwarz inequality for this product yields formula
(15.11). (Observe that the coordinates Iy, ..., determine the coordinates I, ... [} in
the summation (14.10) if |e(G)| = k.)

By formula (15.11)

A2
w: sup [ Hy, ,(f|G, V1, Va)(w)| > n2kg2(k+1)
{ sup [Hi (16, Vi, Vo) )] > gy

2,2k 2(k+1) 1|
1,8 ) A n“fo k!
lwismp 3 [PE @ @) >
TEF ol 1<l <,
L#l i 575

B B 2,2k _2(k+1) .|
13 k.35 A*n“Fo k!
U{ w: sup Z /f2(§l(1 1)(w),...,fl(k ’“)(w),y)p(dy) > IES ;
fe]:ll,...,lk,lgljgn,
£l if 55

and

A2 2k _2(k+1
P(;gngn,k(ﬂG,%,Vz)! > oo

2. 2k ~2(k+1) (15.12)
1 (1,1) (k,1) A*n*o
< 2P | sup 2l Z hf(fll 7---7flk ) > 94k+1
fej: ll,...,lk,lSljS”,

Ll if 7'

with the functions hy(z1,...,zx) = [ f2(@1,...,25,9)p(dy), f € F. (In this upper
bound we could get rid of the terms ¢; and Sj, i.e. on the dependence of the expression
H, 1(f|G, Vi, V2) on the sets V; and V4, since the probability of the events in the previous
formula do not depend on these terms.)

I claim that

P (sup | Lk (hy)| > Ank02> < kAot g 4 > Ao (15.13)
fer

if the constants Ay and K are chosen sufficiently large in Proposition 13.3. Relation
2k ;2(k+1)

15.13) together with the relation A% =% —+—— > n*o? imply that the probability at the
24k+

right-hand side of (15.12) can be bounded by 2k+1e=A4"""no” "and the estimate (15.10)
holds in the case |e(G)| = k.

Relation (15.13) is similar to relation (15.5), and the proof of the latter formula
helps to carry out the proof in the present case. Indeed, it follows from the conditions
of Proposition 13.3 that 0 < [hg(x1,...,z5)u(dzy) ... p(dey) < o2, and it is not
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difficult to check thatsup |hs(21,...,zx)| < 2-2(k+1) " and the class of functions H =
{2%hs, f € F} is an Lo-dense class with exponent L and parameter D. This means
that by applying the Hoeffding decomposition of the functions hy, f € F, similarly to
formula (15.4) we get such sets of functions (hy)y, f € F, for all V-.C {1,...,k} which
satisfy the conditions of Proposition 13.2. Hence a natural adaptation of the estimate
given for the expression at the right-hand side of (15.5) yields the proof of formula
(15.13). We only have to replace Sy, x(f) by Inx(hs), Inv|(fv) by Inv|((hf)v) and
the levels 28 A%/3n*o2? and A*/3n*o? by AnFo? and 2-FAn¥o2. Let us observe that
each term of the upper bound we get in such a way can be directly bounded, since our
inductive hypothesis the result of Proposition 13.2 holds also for k.

In the case e(G) < k formula (15.10) will be proved with the help of the multivariate
version of Hoeffding’s inequality, Theorem 12.3. In the proof of this case an expression,
analogous to S7? ;. (f) defined in formula (15.1) will be introduced and estimated for
all sets V1,Va C {1,...,k} and diagrams G € G such that |e(G)| < k. To define this
expression first some notations will be introduced.

Let us consider the set Jo(G) = Jo(G, k,n),

Jo(G) = {1, U, Uy 1) V<051 <my 1< g <y 1y # 1y if 5 # 5
A i G451 =1 i (4,5) € e(@), I # U if (,5) ¢ e(G)},

the set of those sequences (11, ...,lx,[],...,l}) which appear as indices in the summation
in formula (14.10). Let us introduce a partition of Jy(G) appropriate for our purposes.

For this aim let us first define the sets M1 = M1(G) = {j(1),...,j(k — |e(G)])} =
[y B3\ 02(G), (1) < o < j(k — [e(G)]), and My = Ma(G) = {3(1), .., 1(k —
le(G)} =A{1,...,k} \ v2(G), 3(1) < --- < 3(k — |e(G]), the sets of those vertices of the
first and second row of the diagram G in increasing order from which no edges start.
Let us also introduce the set V(G) = V(G,n, k),

V(G) = {(lj(1)7 e 7lj(k‘—|e(G)|)7 l}(l)’ ey l;_(k—|e(G)|)) 1 S l](p), l;—(p) S n,

I1<p< k — |6(G)|7 lj(p) 7£ lj(p’)v l;‘(p) 7A l;‘(p/) 1fp #plv 1< p7p/ <k- ‘6<G)‘7

lj(p) 7é l;—(p/), 1 S p,p/ S k — ’€(G)|}

The set V(G) consists of such vectors which can be obtained as the restriction of some
vector (I1,...,0k,11,...,1}) € Jo(G) to the coordinates indexed by the elements of the set
M;UMs. The elements of V(G) can be characterized as such vectors, whose coordinates
indexed by the set M; U Ms, take different integer values between 1 and n. Given a
vector v € V(G) put v = (v1,v2), and let v1 = {v(r), 1 < r < k — |e(G)|}, and
ve = {o(r), 1 < r < k — |e(G)|}, denote the set of coordinates of v indexed by the
elements of the set M; and M, respectively. For all vectors v € V(G) define the set

Ec)={(l,.. b, 15, 0):1<];<n, 1< lz-gn, for 1 <j,7<k,
ALy A AL 54T
=11 (,7) € e(G) and I £ 1 if (j.7) & e(G).
iy = 0(r), Uy =0(r), 1 <r <k —le(G)|}, veV(G),
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where {j(1),....j(k = [e(G)))} = My, {3(1),....j(k = e(G)])} = Ms, v = (v, 0)
with v = (v(1),...,v(k —|e(G)|)) and v® = (B(1),...,0(k — |e(G)])) in the last line
of this definition. The elements ¢ = (I1,...,l;,l1,...,l},) of the set Eg(v) for some
v € V(G) can be characterized in the following way: For j € M; the coordinate I;
agrees with the corresponding element of v(1), for 7€ M, the coordinate l} agrees with
the corresponding element of v(?). The indices of the remaining coordinates of £ can be
partitioned into pairs (js,7s), 1 < s < |e(G)] in such a way that (js,7s) € e(G). The
identity /;, = l;s holds for all these pairs, and these values [;, = l;; must be different for
different indices s. Otherwise, they can be chosen freely in the set {1,...,n}\{v("), v},

The sets Eg(v), v € V(G), constitute a partition of the set Jo(G), and we can
rewrite with their help the random variables H,, 1 (f|G, V1, V2) defined in (14.10) as

k—le(G)| k—le(G)]
Hy, x(fIG, V1, Va) = Z H €l H &,
v= (lm) ----- Lige—te@) ) byay o in ooy JEV(G) - s=1 s=1
(1,61) (k Ok) (1,61) (k, 5k)
i [T B ),
(11,...,zk,l/ eEg(v)
(15.14)

where 6; =1ifj € V1,6, =—1if j ¢ Vi,and §; = 1if j € Vo, §; = —1if j ¢ Va.
The inequality

P (S2(FIG, VA, V) > A¥Pnot) < oFHlemaMne g 4> Ag and e(G) < k

(15.15)
will be proved for the random variable
1 51 k §
veV(Q) (l1,...,lk,l/1, . k)GEg(U)
2
FER™ ) )l dy)) : (15.15')

where §; = 1if j e Vi, §; =—1if j ¢ Vi, and 6; = 1if j € Vo, 6; = —1if j & Va. The
random variable S?(F|G, V1, V2) defined in (15.15’) plays a similar role in the proof of

Proposition 13.3 as the random variable sup S2 ,(f) in the proof of Proposition 13.2,
fer 7

where S?. ;. (f) was defined in formula (15.1).

To prove formula (15.15) let us first fix some v € V(G) and let us observe that,
similarly to the proof of relation (15.11), the Schwarz inequality implies the relation

2

3 JHE 6 ()

(l17~--7lkal/1a B k)GEG(U)
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< > FAE e ) p(dy)

(ll7~~7lk7l/1>"'7l;€)€EG(’U)

Y[R ety

(T Tl ool € B (0)

for all v € V(G). Summing up these inequalities for all v € V(G) we get that

SFCVLV) <swp 3 L 3 / FEN R 4y p(ay)

Jer eV(G) : (el ly ol € B (0)

5 2 / e g el dy)

(Tl 1) EBG (v) (15.16)
1 1,6 (k5
gsup—‘ /f2 f( 1),---;51 k7 y)p(dy)
Fer ™l ), 1<l <n,1<j<Fk,
Uil 1f j#j’

1 — —
sup -7 > / £ e y)p( dy)
feF k! _ I Uk

(ll 77777 lk)z]-gl §n71§.7§k7
I ;él o if jA£5

To check the second inequality of formula (15.16) let us first observe that it can be

reduced to the simpler relation, where the expression sup is omitted at each place. The
feF
simplified inequality we get after the omission of the expressions sup can be checked by

carrying out the term by term multiplication between the products of sums appearing
n (15.16). We get at both sides of the inequality sums consisting of terms of the form

k‘z/f (&0 e ) /f g0, € ) p(dy) (15.17)

and we have to check that if a term of this form appears in the middle term of the
simplified version formula of (15.16), then it appears with coefficient 1, and it also
appears at the right-hand side of this formula. To see this observe that each term
of the form (15.17) which appears in the middle term determines uniquely the index
v = (v1,v2) € V(G) in the outer sum in the middle term for which the product of the
inner sums yields this term. Indeed, the coordinates of this vector v = (v1,v2) (which
depends only on the indices in M; U M>) is such that v; agrees with the coordinates
of the vector | = (ly,...,lx) at indices in M; and ve agrees with the coordinates of
(I1,...,l;) at indices in My. Besides, all terms of the form (15.17) which appear at the
left-hand side also appear at the right-hand of this expression.
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Relation (15.16) implies that

P(S*(FIG, VA, V) > A0 o") < 2P (S“p Low(hy) > A4/3nk‘72>
fer

with h¢(z1,...,25) = [ f2(@1,..., 2%, y)p(dy). (Here we exploited that in the last
formula S?(F|G, Vi, Vz) is bounded by the product of two random variables whose
distributions do not depend on the sets V; and V5.) Thus to prove inequality (15.15) it
is enough to show that

2P (sup I i(hy) > A4/3nk02> < oRtle= Ao’ p 4> 4. (15.18)
feF

Actually formula (15.18) follows from the already proven formula (15.13), only the
parameter A has to be replaced by A*/3 in it.

With the help of relation (15.15) the proof of Proposition 13.3 can be completed sim-
ilarly to that of Proposition 13.2. It follows from the generalized version of Hoeffding’s
inequality Theorem 12.3 and the definition of the random variable H, ,(f|G, Vi, V2)
given in the form (15.14) that

n2k o 2(k+1)

P <|Hn,k(f\G,V1,V2)| Z Sakt2h)

£f’i1,1§l§n,1§j§k>(w)

(4+2/k) g2/3k,, 2

< Ce B% it S%(F|IG, Vi, Vo) (w) < A¥3n? et forall f € F,
and G € G such that |e(G)| < k, and V1, Vo € {1,...,k} if A> A,.
(15.19)
Indeed, in this case the conditional probability considered in (15.19) can be bounded by
4,4k _4(k+1) 1/2j5 4/3,,2k 4k 1/2j
Cexp {—B (28k+4(k!)és2(J-‘|G,V1,V2)/(k!)2) } < Cexp {—B <—A - ) }, where

2j = 2k — 2|e(G)|, the number of vertices of the diagram G from which no edges start.

Since j < k, no? > 1, and also 214;% > 1 if Ag is chosen sufficiently large the above
calculation implies relation (15.19).

Let us show that also the inequality

2k o 2(k+1)

24k+1k’!

P (sup \H, i (fIG, Vi, Vo)| >
feF

g{fi1,1gzgn,1gjgk>(w)

< CnBR+1)L/24+B o= BA** ng? 2002/ /R S*(FIG, V1, Vo)) (w) < A8/3p2k gt
for all G € G such that |e(G)| < k, and V1,V € {1,...,k} if A > A
(15.20)

holds.

To prove formula (15.20) let us fix an elementary event w € €2 which satisfies the
relation S?(F|G, Vi, Va)(w) < A8/3n?k6?, two sets Vi,V C {1,...,k}, and a diagram
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G such that |e(G)| < k, consider the points :1;(3 £ = l(j’il)(w) = l(j’il)(w), 1<i<n,
1 < j <k, and introduce with their help the followmg probability measures: For all
1 < j < k define the probability measures l/J(-l) which are uniformly distributed on

the points x(J 3) 1 <1l <n, and VJ(Z) which are uniformly distributed on the points

:cl(Jé ), 1 <1<n,ie. let Vj(l) ({xl(j’éj)}) H and 1/(2) ({xﬂé )}> =, 1 <1 < n,
1 <j <k, where §; = 1if j € Vi, (5j:—1ifj¢V1,and31m11arly6 —1ifj€V2
and 5 = —1if j ¢ V5. Let us consider the product measures a; = Vi ) - X y,gl) X p,
Qg = 1/§2) cee X V,(f) x p on the product space (X* x Y, X% x Y), where p is that
probability measure on (Y, )) which appears in Proposition 13.3, and define the measure
a = % Given two functions f € ]—“ and g € }" We give an upper bound for
\H, 1 (f|G, V1, Vo) (w) — Hy 1 (g|G, Vi, Vo) (w)| if [(f 2da < 6% with some § > 0.

(This bound does not depend on the randomlzmg terms ¢;(w) in the definition of the
random variable Hy, »(-|G, V1, V2).)
In this case [(f — g)?da; < 262, and

1,6 k.6 1,6, k.S
/|f<x§1 DBy g 80 20y < a5k,

JU D a0~ glafl ol ol dy) < VB

forall 1 <1 <k, and 1 <; <n, and the same result holds if all §; is replaced by 5j,
1 <j <k Since |f| <1, |g| <1if f,g € F, the condition [(f — g)?da < §? implies
that

/ FE @), €5 @), ) (6 @), - €5 (), w)o( dy)
— g€ W), Y @), 1) (€0 (@), 65 (), y)p(dy) | < 2v/200" 2

for all vectors (ly,...,lk,0l},...,1;) which appear as an index in the summation in
(14.10). Hence

| H i (fIG, Vi, Va) (w) = Hy i (9G, Vi, Vo) ()] < 2v/260°0/

if f,g € F, [(f—g)*da < §? and the originally fixed w € (2 is considered. (The measure

« is defined by means of this w.)
—k/2 g2(k+1)

Put 6 = %+—7/2>m’ and § = n~(k+1)/2 < § ( the inequality § < ¢ holds, since
o> \/Lﬁ and we may assume that A > Ay is sufficiently large), choose a d-dense subset
{fi,..., fm} C F in the Ly(X* x Y, X* x YV, a) space with m < D§—F < nBk+1)L/2+6
elements. Relation (15.19) for these functions together with the above estimates yield
formula (15.20).

It follows from relations (15.15) and (15.20) that

A2 k k k _A2/3k: 2
P <§22|Hn,k(f|Ga Vi, Va)| > 24k+1k,n2 g2k ) < oktle ne
+ Cn(Bk—l—l)L/2+ﬁ€—B27(4+2/k)A2/3kna2 if A> AO

114



for all V1, Vo C {1,...,k} also in the case |e(G)| < k — 1. This inequality implies that
relation (15.10) holds also in this case if the constants Ag and K are chosen sufficiently
large in Proposition 13.3. Proposition 13.3 is proved.

16. The improvement of some results in Section 8

In this section I present an improvement of Theorems 8.3 and 8.5. I shall explain the
picture behind these results and the some ideas of the proofs. But the detailed proofs
which are based on some results called the diagram formulas for the products of multiple
Wiener—It6 integrals and degenerate U-statistics are omitted. These diagram formulas
present an identity which enables us to express the product of Wiener—It6 integrals or
degenerate U-statistics as a sum of such objects. I omitted the proofs because they
heavily depend on the diagram formula, a technique not discussed in this work. The
interested reader can find the detailed proofs in my papers [21] and [22].

The main result discussed in this section is the following

Theorem 16.1. Let &1,...,&, be a sequence of itd. random variables on a space
(X, X) with some distribution . Let us consider a function f(x1,...,x) canonical
with respect to the measure i on the space (X% X*) which satisfies conditions (8.1)
and (8.2) with some 0 < 0? < 1 together with the degenerate U-statistic I, x(f) with
this kernel function. There exist some constants A = A(k) > 0 and B = B(k) > 0
depending only on the order k of the U-statistic I, 1 (f) such that

u2/*

252/ (1 +B (un—k/QO'_(k-l-l))l/k)

P(E'm ™21, 1(f)] > u) < Aexp — (16.1)

for all 0 < u < nk/2ghk+1,

Theorem 16.1 states in particular that if 0 < v < en®/2¢*+1 with a sufficiently small
e > 0, then P(k!n="/2|L, 1.(f)| > u) < Aexp {—# (2)2/k} with some universal

constants A > 0 and C' > 0 depending only on the order k of the U-statistic I, x(f).
This result is very similar to Theorem 8.3. Both theorems yield an estimate on the
probability P(k!n="/2|I,, 1.(f)| > u) for 0 < u < n¥/26**+1 but in the present result we
also get a good estimate on the constant « in formula (8.9) for 0 < u < enk/2g*+1. At
first sight this additional result does not seem an essential improvement, but actually it
expresses an important property of the estimate (16.1). To understand this it is worth
while to compare Theorem 16.1 with Bernstein’s inequality formulated in Theorem 3.1.

Theorem 3.1 implies the estimate
Pn~ YL, 1(f)] >u) < 2e=Cu /7 if 0 <y < no? (16.2)
for the degenerate U-statistic I,, 1(f) of order 1 with a kernel function f, (i.e. for a sum
of iid. random variables Ef(&) = 0) if the relations sup |f(z)] < 1 and Ef(§;) = 0
and Ef2(¢;) < o2 hold. Besides, relation (16.2) also holds with a constant of the form
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C = %(5) if 0 < u < eno?. On the other hand, Example 3.2 shows an example
(formulated with a different normalization) with a function f and a sequence of iid.
random variables £1,&s, ... satisfying the above conditions such that

PO 1) > 0 = Ao {8 (1) V1 0g 2]

if u > no?. This means that in the special case k = 1 the probability P(n='/2|I, 1(f)| >
u) has a Gaussian type estimate for 0 < u < const. no?, and such an estimate does not
hold for u > no?. Besides, in the smaller interval 0 < u < enc? we can say more.
In this case the relation (16.2) holds with such a constant C' which almost agrees with
the number %, i.e. the upper bound we get for £k = 1 almost agrees with the quantity
suggested by a formal application of the central limit theorem.

I want to explain that Theorem 16.1 states a similar result for degenerate U-
statistics of any order k£ > 1. To understand this let us first recall that a sequence
of normalized degenerate U-statics n_k/zln,k(f), n=1,2,..., defined with the help of
a sequence of iid. random variables &1, &,, ... taking values on some measurable space
(X, X) with distribution g and a function f(zy,...,x) of k variables canonical with

respect to p and such that

02:/f2(x1,...,xk),u(dxl)...,u(dxk)<oo

has a limit distribution as n — co. Moreover, this limit can be expressed explicitly as
the distribution of the Wiener—It6 integral

Zuk(f) = %/f(xl,...,xk)uw(dxl)...uw(dack), (16.3)

where pyy is the white noise with counting measure p, i.e. uw (A), A € X, is a Gaussian
field indexed by the measurable subsets of the space X such that Fuw(A) = 0 and
Euw (A)pw (B) = n(AN B) for all A,B € X. (The definition of Wiener-Ito integrals
can be found e.g. in [17].) Hence it is natural to expect that in the estimates about the
distribution of degenerate U-statistics the distributions of Wiener—Ito integrals play a
role similar to the Gaussian distributions in the case k = 1. Therefore we are interested
in good estimates on the distribution of Wiener—Ito integrals. The next result supplies
such an estimate. As Theorem 16.1 was an improvement of Theorem 8.3, the next result
is an improvement of the first estimate in Theorem 8.5 presented in formula (8.11).

Theorem 16.2. Let us consider a o-finite measure p on a measurable space together
with a white noise pw with counting measure . Let us have a real-valued function
f(z1,...,21) on the space (X*, X*) which satisfies relation (8.2). Take the random in-
tegral Z,, 1 (f) introduced in formula (16.3). This random integral satisfies the inequality

1 /u

2/k
PRNZ,k(f)| >u) < Cexp {—5 <;> } for allu >0 (16.4)
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with an appropriate constant C' = C(k) > 0 depending only on the multiplicity k of the
integral.

In Theorem 16.2 we gave only an upper bound for the distribution of Wiener—
It6 integrals. The following example shows that there are cases when this estimate is
essentially sharp.

Example 16.3. Let us have a o-finite measure p on some measure space (X, X) to-
gether with a white noise pw on (X, X) with counting measure p. Let fo(x) be a
real valued function on (X,X) such that [ fo(z)?*u(dx) = 1, and take the function
flz1,...,2x) = o fo(x1) - folzk) with some number o > 0 and the Wiener—Ité integral
Zu 1 (f) introduced in formula (16.3).

Then the relation [ f(z1,...,xk)% u(dzy) ... p(dzy) = o2 holds, and the random
integral Z,, 1, (f) satisfies the inequality

C 1 2/k
PKNZ,k(f)] >u) > Wexp {—5 (g) } for all u >0 (16.5)

with some constant C > 0.

Proof of the statement of Example 16.3. We may restrict our attention to the case k > 2.
It6’s formula (see e.g. [17]) states that the random variable k!Z, 1 (f) can be expressed
as k' Z, 1(f) = oHy, ([ fo(x)pw (dz)) = o Hy(n), where Hy(z) is the k-th Hermite poly-
nomial with leading coefficient 1, and n = [ fo(z)pw (dx) is a standard normal random
variable. Hence we get by exp101t1ng that the coefficient of z*~! in the polynomial
) 5 s ot BRI D] ) PUROD = ) P (] s o )

g
with a sufficiently large constant D > 0 if >+ > 1. There exist such positive constants A

and B that P (|n*| — D|nF=2| > 4) > p(m >z A(n)t 2>/k> if &> B

Hence

o 1 (u)2/k
un 17k uy ~2/k Cexp{-3 ()"}
POIZua(h) >0 = P (> (2) 7 (14 (%)) 2
a <a> (a) (5)1/k+1
with an appropriate C' > 0if £ > B. Since P(k!|Z,,x(f)| > 0) > 0, the above inequality

also holds for 0 < 2 < B if the constant C' > 0 is chosen sufficiently small. This means
that relation (16.5) holds.

Let us remark that if f(xl, cxk) =0fo (331) . fo(zk) is a function on the space
(Xk, X%) such that [ fo(z)u(dx) —0 [ fé(@)pu(dz) =1, sup|fo(z)| < 1,0 <o <1,
and we have a sequence of 11d random varlables &1,&2, ... with distribution p, then

the U-statistics I, x(f), n =1,2,..., are degenerate, and they satisfy the conditions of
Theorem 16.1. Besides, they converge in distribution to the Wiener—Ito integral Z,, 1 (f)
as n — oo which satisfies the conditions of example (16.3). Hence the U-statistics I,, x( f)
satisfy relation (16.1), and also the inequality

Cexpq—2 b 2/k
lim P(kln="2|L ()] > u) > {1/1( i
n— 00 (g) +1
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holds with an appropriate C' > 0 if = > B. This means that for not too large values
of u, more explicitly if u < en*/2¢%*! with a small number € > 0, the estimate given
in Theorem 16.1 is essentially sharp. Let me also remark that Example 8.6 shows
such a degenerate U-statistic of order £ = 2 for which an estimate similar to that of
Theorem 8.3 cannot hold for n > n¥/2¢%+1. We have presented such an example only
for kK = 2, but similar examples can be given for all £ > 1.

This means that Theorem 16.1 shows a similar picture about the distribution of
degenerate U-statistics of order k for all £ > 1 as Bernstein’s inequality shows in the
case k = 1. We have a good estimate on the distribution P(n=*/2I, 1.(f) > u) of a
degenerate U-statistic with a kernel function f satisfying relations (8.1) and (8.2) in
the domain 0 < u < n*/245%+t1 Such an estimate is already proved in Theorem 8.3,
but Theorem 16.1 says more in an interval of the form 0 < u < enk/25k+1 with a
small € > 0. The limit theorems about degenerate U-statistics give an upper bound for
the coefficient « in the exponent of formula (8.9) in Theorem 8.3, and Theorem 16.1
states that the estimate (8.9) holds with an almost as good coefficient « in the interval
0 < u < en*/2¢%+1 as this upper bound suggests.

The proof of the above results are based, similarly to the proof of Theorems 8.3
and 8.5, on some good estimates on high moments of degenerate U-statistics I,, x(f) and
of Wiener-It6 integrals Z,, ,(f). The result of Theorem 16.2 follows from the following

Proposition 16.4. Let the conditions of Theorem 16.2 be satisfied for a multiple
Wiener—Ité integral Z,, 1, (f) of order k. Then, with the notations of Theorem 16.2,
the inequality

E(RNZy (DM <1-3-5---(2kM —1)0*M  for all M =1,2,... (16.6)
holds.
By the Stirling formula Proposition 16.4 implies that

E(R|Z, (£ < - ZEA

kM
_\eE ) 2M < A 2 (kM)kM 2M (16 7)
=M T 7 '

(&

for all numbers A > /2 if M > My = My(A). The following Proposition 16.5 states a
similar, but weaker inequality for the moments of normalized degenerate U-statistics.

Proposition 16.5. Let us consider a degenerate U-statistic I, (f) of order k with
sample size n and with a kernel function f satisfying relations (8.1) and (8.2) with
some 0 < 02 < 1. Fiz a positive number n > 0. There exists some universal constants
A= Ak) > 2, C=C(k) >0 and My = My(k) > 1 depending only on the order of
the U-statistic I, 1 (f) such that

—k/2 2M 2kM 2 e kM oM
E(n wn,kq)) < A(1+Cyn) “) k)Mo

for all integers M such that kMy < kM < nno?.

(16.8)
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The constant C' = C(k) in formula (2.3) can be chosen e.g. as C = 2+/2 which does not
depend on the order k of the U-statistic I, i (f).

Let us remark that formula (16.6) can be reformulated as E(k!Z, x(f)])?M <
E(on®)?M | where 7 is a standard normal random variable. Theorem 16.2 states that
the tail distribution of k!|Z,, x(f)| satisfies an estimate similar to that of o|n|*. This
follows simply from Proposition 16.4 and the Markov inequality P(k!|Z, 1 (f)] > u) <

E(kNZux(HD*M
w2M

with an appropriate choice of the parameter M.

Proposition 16.5 states that in the case My < M < eno? the inequality

E <n"“/2k:!1n,k(f)>2M < E((1+ B(e))on*)*M

holds with a standard normal random variable 1 and a function 3(¢), 0 < e < 1, such
that B(¢) — 0 if ¢ — 0, and fB(e) < C with some universal constant C' = C(k) if
0 < ¢ < 1. This means that certain high but not too high moments of n=*/2k!I,, 1.(f)
behave similarly to the moments of k!Z,, ,(f). As a consequence, we can prove a similar,
but slightly weaker estimate for the distribution of n=*/ 2k, . (f) as for the distribution
of k!'Z,, 1(f). Actually this is done in the proof of Theorem 16.1.

Estimate (16.8) is very similar to the bound (10.1) formulated in Proposition (10.1).
The main difference is that here we get the estimate

E (n_k/zk!lmk(f))zM < OM (kM)RM 2M (16.9)

with a good constant C, at least if M < eno? with a small number € > 0. The method
of proof of Theorem 8.3 presented in this paper cannot yield such a good estimate.
The main problem with this method is that it applies a symmetrization argument (this
is done in the proof of the Marcinkiewicz—Zygmund inequality), in which we bound
the moments of the random variable we are investigating by the moments of a random
variable with constant times larger variance. Such a step in the proof does not allow to
get the estimate (16.9) with a good constant C' > 0.

On the other hand, the estimation of the moments of a degenerate U-statistics by
means of the diagram formula yields a better estimate of the moments. The idea behind
this approach is that in calculating the even moments E (I, x( f))QM of a degenerate
U-statistics by means of the diagram formula we have to work with some terms which
also appear in the calculation of the moments E(Z, x(f))* of the Wiener-Ito inte-
gral Z, 1.(f), but we also have to handle some additional terms. It must be checked
that the contribution of these additional terms is not too large. This is the case if
M < no? with 0? = [ f?(x1,...,z5)pu(dz1) ... u(dzy), and an even better estimate
can be given about the contribution of these terms if M > eno? with a small € > 0.

Let me finally remark that the above method can also give an improvement of
the multivariate version of the Hoeffding inequality (Theorem 12.3). The proof of the
following inequality can be found in [22].
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Theorem 16.6. The multivariate version of Hoeffding’s inequality. Leteq, ...,

&, be independent random variables, P(e; =1) = P(g; = —1) =1, 1< j <n. Fiz a
positive integer k, and define the random variable
Z = Z a(jl,...,jk)sjl g (1610)
(J1ye-sdr): 1<g<n for all 1<I<k
Qg it 1A
with the help of some real numbers a(ji,...,Ji) which are given for all sets of indices

such that 1 < 5, <n, 1 <1<k, and j; # jp if l #1'. Put
S? = > a®(ji, ..., jr) (16.11)

(F1see) i) 1< <n for all 1<I<k

it it LA
Then . ”
PR Z] > u) < Cexp {—5 (%) } for allu >0 (16.12)

with some constant C' > 0 depending only on the parameter k.

We may assume that the coefficients a(j1,...,Jx) in formulas (16.10) and (16.11) are
symmetric functions of their arguments, i.e. a(ji,...,Jk) = a(jr),---»J=mw)) for all
permutations m € Il of the set {1,...,k}. If these coefficients a(j,...,jx) do not
have not this symmetry property, then we can replace them with their symmetrizations

asym(J1, -+, Jk) = % Y. a(jx1)s-- - Jn(k)- In such a way we do not modify the value
welly

of the random variable Z, and decrease the value of the number S2. With such a choice
of the coefficients we have EZ = 0 and Var Z = k!S?.

The main advantage of this result with respect to Theorem 12.3 is that formula
(16.12) holds with the right constant in the exponent at the right-hand side. The proof
is based on good moment estimates of the random variable Z defined in (16.10). I
formulate this result which may be interesting in itself.

Theorem 16.7 The random variable Z defined in formula (16.10) satisfies the inequal-
1ty
EZ*M <1.3.5...(2kM — 1)S*M  for all M = 1,2, ... (16.13)

with the constant S defined in formula (16.11).

It is worth while to compare formula (16.13) with the estimate that Borell’s in-
equality yields for this problem. By applying Borell’s inequality with the choice g = 2
and p = 2M we get that EZ*M < (2M — 1)"ME(Z*)M = (2M — 1)"M (k!S?) M.

Since (2M — 1)*M = (2M)*M (1 — ﬁ)kM ~ e */2(2M)*M for large values M, hence
Borell’s inequality yields the inequality EZ*™ < const. (2M)kM §2M . (k)M for large

exponents M. On the other hand, Theorem 16.7 together with the Stirling formula
yield the estimate EZ?M < const. (2M)FM §2M . (E)kM. It can be seen that k! > (%)k

e
for all £ > 1. This means that Theorem 16.7 yields an improvement of the Borell’s
inequality in the special case discussed above. This estimate is only a special case of

Borell’s inequality, but this is its most important special case.
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17. An overview of the results in this work

I discuss briefly the problems investigated in this work and recall some basic results
related to them. I also give a list of works where they can be found. Besides, I discuss
some background problems and results which may explain the motivation for the study
presented here.

I met the main problem considered in this work when tried to adapt the method of
proof of the central limit theorem for maximum-likelihood estimates to some more diffi-
cult questions about so-called non-parametric maximum likelihood estimate problems.
The Kaplan—-Meyer estimate for the empirical distribution function with the help of
censored data investigated in the second section is such a problem. It is not a maximum-
likelihood estimate in the classical sense, but it can be considered as a non-parametric
maximum likelihood estimate. Indeed, since in the estimation of a distribution function
with the help of censored data the class of possible candidates for being the distribution
function we are looking for is too large, there is no dominating measure with respect
to which all of them have a density function. As a consequence, the classical principle
of the maximum-likelihood estimate cannot be applied in this case. A natural way to
overcome this difficulty is to choose a smaller class of distribution functions, to compare
the probability of the appearance of the sample we observe with respect to all distribu-
tion functions of this class and to choose that distribution function as our estimate for
which this probability takes its maximum. The Kaplan—Meyer estimate can be found
on the basis of this principle in the following way: Let us estimate the distribution
function F'(x) of the censored data simultaneously with the distribution function G(x)
of the censoring data. (We have a sample of size n and know which sample elements
are censored and which are censoring data.) Let us consider the class of such pairs
of estimates (F,,(x), Gy (x)) of the pair (F(x),G(x)) for which the distribution function
F, (x) is concentrated in the censored sample points and the distribution function G, (x)
is concentrated in the censoring sample points; more precisely, let us also assume that
if the largest sample point is a censored point, then the distribution function G, (x)
of the censoring data takes still another value which is larger than any sample point,
and if it is a censoring point then the distribution function Fj,(z) of the censored data
takes still another value larger than any sample point. (This modification at the end of
the definition is needed, since if the largest sample points is from the class of censored
data, then the distribution G(z) of the censoring data in this point must be strictly less
than 1, and if it is from the class of censoring data, then the value of the distribution
function F'(z) of the censored data must be strictly less than 1 in this point.) Let us
take this class of pairs of distribution functions (F,,(x),G,(zx)), and let us choose that
pair of distribution functions of this class as the (non-parametric maximum likelihood)
estimate with respect to which our observation has the greatest probability.

The above extremal problem for the pairs of distribution functions (Fj,(z), Gn(x))
can be solved explicitly, and it yields the estimate of F},(z) written down in formula (2.3).
(The function G, (z) satisfies a similar relation, only the random variables X; and Y;
and the events ; = 1 and §; = 0 have to be replaced in it.) Then, as I have indicated, a
natural analog of the linearization procedure in the maximum likelihood estimate also
works in this case, and there is only one really hard part of the proof. We need a good
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estimate on the distribution of the integral of a function of two variables with respect
to the product of a normalized empirical measure with itself. Moreover, we also need
a good estimate on the distribution of the supremum of a class of integrals, when the
elements of an appropriate class of functions are integrated with respect to the above
product measure. The main subject of this work is to solve the above problems in a
more general setting, when not only two-fold, but also k-fold integrals are considered
with arbitrary number k£ > 1.

The proof of this work for the limit behaviour of the Kaplan—Meyer estimate applied
the explicit form of this estimate. It would be interesting to find such a modification
of this proof which exploits that the Kaplan—Meyer estimate is the solution of an ap-
propriate extremal problem. We may expect that such a proof can be generalized to a
general result about the limit behaviour for a wide class of non-parametric maximum
likelihood estimates. Such a consideration is behind the remark of Richard Gill I quoted
at the end of Section 2. I hope that such a program can be realized, but at the present
time I cannot do this.

A detailed proof together with a sharp estimate on the speed of convergence for
the limit behaviour of the Kaplan—Meyer estimate based on the ideas presented in
Section 2 is given in paper [24]. Paper [25] explains more about its background, and it
also discusses the solution of some other non-parametric maximum likelihood problems.
The results about multiple integrals with respect to a normalized empirical distribution
function needed in these works were proved in [17]. The results of [18] are completely
satisfactory for the study in [24], but they also have some drawbacks. They do not
show that if the random integrals we are considering have small variances, then they
satisfy better estimates. Besides, if we consider the supremum of random integrals of
an appropriate class of functions, then these results can be applied only in very special
cases. Moreover, the method of proof of [18] did not allow a real generalization of its
results, hence I had to find a different approach when tried to generalize them.

I do not know of other works where the distribution of multiple random integrals
with respect to a normalized empirical distribution is studied. On the other hand, there
are some works where the distribution of (degenerate) U-statistics is investigated. The
most important results obtained in this field are contained in the book of de la Pena
and Giné Decoupling, From Dependence to Independence [6]. The problems about the
behaviour of degenerate U-statistics and multiple integrals with respect to a normalized
empirical distribution function are closely related, but the explanation of their relation
is far from trivial. I return to this question later.

Even the study of the one-dimensional version of the problems studied here, i.e.
the description of the behaviour of one-fold integrals or classes of one-fold integrals
contains several hard problems which have to be investigated closely to have a good
understanding of the subject. In the one-dimensional case it is fairly simple to prove
that the problems about the behaviour of one-fold integrals with respect to a normalized
empirical measure and about the behaviour of normalized sums of independent random
variables are equivalent. I start this work with the description of the case of (classes of)
one-fold integrals or of sums of independent random variables. This question has a fairly
big literature. I would mention first of all the books A course on empirical processes [9],
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Real Analysis and Probability [10] and Uniform Central Limit Theorems [11] written by
R. M. Dudley. These books contain a much more detailed description of the empirical
processes than the present work together with a lot of interesting results.

The first problem studied here deals with the tail behaviour of sums of indepen-
dent and bounded random variables with expectation zero. This question is considered
in Section 3 where the proof of two already classical results, that of Bernstein’s and
Bennett’s inequalities is explained. (These results are proved e.g. [4]). We are also
interested in the question when these results give an estimate suggested by the central
limit theorem. Bernstein’s inequality provides such an estimate if the variance of the
sum is not too small. (The results in Section 3 tell explicitly when this variance should
be considered too small.) If the variance of the sum is too small, then Bennett’s in-
equality provides a slight improvement of Bernstein’s inequality. On the other hand,
Example 3.2 shows that in the unpleasant case when this variance is too small Bennett’s
inequality is essentially sharp. I inserted this example to the text, because it may help
to understand better the content of Bernstein’s and Bennett’s inequality. I have not
found similar examples in the literature.

The estimate on the distribution of a sum of independent random variables if this
sum has a small variance is weak because of the following reason. In this case the
probability that the sum will be larger than a given value may be much larger than the
(rather small) value suggested by the central limit theorem because of the appearance
of some irregularities with relatively large probability. The hardest problems we have
to cope with in the solution of the problems of this work are closely related to the
weak estimates for sums of independent random variables if the variance of the sums
are small and to the weak estimates in some similar problems. The weakness of these
estimates imply that in the study of the problems we are interested in the method of
proof for their Gaussian counterpart cannot be adapted completely, some new ideas are
needed. We have overcome this difficulty by applying a symmetrization argument. The
last result of Section 3, Hoeffding’s inequality presented in Theorem 3.4 is an important
ingredient of this symmetrization argument. It is also a classical result whose proof can
be found for instance in [15].

In Section 4 I formulated the one-variate version of our main result about the supre-
mum of the integrals of a class F of functions with respect to a normalized empirical
measure together with an equivalent statement about the distribution of the supremum

n
of a class of random sums ) f(§;) defined with the help of a sequence of i.i.d. random
j=1
variables &1,...,&, and a class of functions f € F satisfying some appropriate condi-
tions. These results are given in Theorems 4.1 and 4.1’. Also a Gaussian version of them
is presented in Theorem 4.2 about the distribution of the supremum of a Gaussian field
with some appropriate properties.

In the above mentioned results we have imposed the condition that the class of
functions F or what is equivalent the set of random variables whose supremum we
estimate is countable. In the proofs this condition is really exploited. On the other
hand, in some important applications we also need results about the supremum of
a possibly non-countable set of random variables. Hence I introduced the notion of
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countably approximable classes of random variables and proved that in the results of
this work the condition about countability can be replaced by the weaker condition
that the class of random variables whose supremum is taken is countably approximable.
R. M. Dudley worked out a different method to handle the supremum of possibly non-
countably many random variables, and generally his method is applied in the literature.
The relation between these two methods deserves some discussion.

Let us first recall that if a class of random variables S;, t € T', indexed by some index
set T'is given, then a set A can be measurable with respect to the o-algebra generated by
the random variables S, t € T, only if there exists a countable subset 77 =T"(A) C T
such that the set A is also measurable with respect to the smaller o-algebra generated
by the random variable S;, t € T’. Besides, if the finite dimensional distributions of the
random variables S;, t € T, are given, then by the results of classical measure theory
also the probability of the events measurable with respect to the o-algebra generated by
these random variables Sy, t € T, is determined. But there are rather few other events
whose probabilities are determined by the finite dimensional distributions of the random
variables S;, t € T. On the other hand, if T" is a non-countable set, then the events

{sup S: > u p are not measurable with respect to the above o-algebra, hence generally
teT
we cannot speak of their probabilities. To overcome this difficulty Dudley worked out

a theory which enabled him to work also with outer measures. His theory is based on
some rather deep results of the analysis. It can be found for instance in his book [11].

I restricted my attention to the case when after the completion of the proba-
bility measure P we can also speak of the real (and not only outer) probabilities

P (Sup Sy > u) I tried to find appropriate conditions under which these probabili-
teT
ties really exist. More explicitly, we are interested in the case when for all u > 0 there

exists some set A = A, measurable with respect to the o-algebra generated by the
random variables Sy, t € T, such that the symmetric difference of the sets A, and

{sup Sy > u} is contained in a set measurable with respect to the o-algebra generated
teT
by the random variables S;, t € T, and has probability zero. In such a case we can define

teT
of countable approximable classes of random variables. Its validity enables us to speak

about the probability of the event that the supremum of the random variables we are
interested in is larger than some fixed value. I also proved a simple but useful result in
Lemma 4.3, which provides a condition for the validity of this property.

also the probability P (sup Sy > u) as P(A,). This approach led me to the definition

The problem we met here is not an abstract, technical difficulty. Indeed, the
distribution of such a supremum can become different if we modify each random variable
at a set of probability zero, although the joint distribution of the random variables we
consider remains the same after such an operation. Hence, if we are interested in the
supremum of a non-countable set of random variables with described joint distribution
we have to describe more explicitly which version of this set of random variables we
consider. It is natural to look for such an appropriate version of the random field S,
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t € T, whose ‘trajectories’ Si(w), t € T', have nice properties for all elementary events
w € ). Lemma 4.3 can be interpreted as a result in this spirit. The condition given for
the countable approximability of a class of random variables at the end of this lemma
can be considered as a smoothness condition about the ‘trajectories’ of the random field
we consider. This approach shows some analogy to some important problems in the
theory of stochastic process when a regular version of a stochastic process is considered
and the smoothness properties of its trajectories are investigated.

In our problems the version of the set of random variables S;, t € T', we shall work
with appears in a simple and natural way. In these problems we have finitely many
random variables £1,...,&, at the start, and all random variables S;(w), t € T, we
are considering can be defined individually for each w as a functional of these random
variables &1 (w), . .., &, (w). We take the version of the random field Si(w), t € T, we get
in such a way and want to show that it is countably approximable. In Section 4 we have
proved this property in an important model, probably in the most important model
in possible applications we are interested in. In more complicated situations when our
random variables are defined not as a functional of finitely many sample points, for
instance in the case when we define our set of random variables by means of integrals
with respect to a Gaussian field it is harder to find the right regular version of our
sets of random variables. In this case the integrals we consider are defined only with
probability 1, and we have to make some extra work to find their right version. At any
rate, in the problems we are interested in our approach is satisfactory for our purposes,
and it is simpler than that of Dudley; we do not have to follow his rather difficult
technique. On the other hand, I must admit that I do not know the precise relation
between the approach of this work and that of Dudley.

In Section 4 the notion of L,-dense classes, 1 < p < oo, is also introduced. The
notion of Lo-dense classes plays an important role in the formulation Theorems 4.1
and 4.1". The notion of Ly-dense classes can be considered as a version of the e-entropy
discussed at many places in the literature. On the other hand, there seems to be no
unique definition of e-entropy in the literature. I introduced the term of Ls-dense
classes, because this seems to be the appropriate notion in the study of this work. To
apply the results related to Ls-dense classes we also need some knowledge about how to
check it in concrete models. For this goal I discussed here Vapnik—Cervonenkis classes, a
popular and important notion of modern probability theory. Several books and papers,
(see e.g. the books [11], [28], [30] and the references in them) deal with this subject. An
important result in this field is Sauer’s lemma, (Lemma 5.2) which together with some
other results, like Lemma 5.3 imply that the classes of sets or functions are in many
several interesting models Vapnik-Cervonenkis classes.

I put these results to the Appendix, partly because they can be found in the liter-
ature, partly because in our investigation Vapnik—Cervonenkis classes play a different
and less important role than at other places. In our discussion Vapnik—Cervonenkis
classes are applied to show that certain classes of functions are Lo-dense. A result of
Dudley formulated in Lemma 5.2 implies that a Vapnik-Cervonenkis class of functions
with absolute value bounded by a fixed constant is an L, hence also an Lo-dense class
of functions. The proof of this important result which seems to be less known even
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among experts of this subject than it should be is contained in the main text. Dudley’s
original result was formulated in the special case when the functions we consider are
indicator functions of some sets, but its proof contained all important ideas needed in
the proof of Lemma 5.2.

Theorem 4.2, which is the Gaussian counterpart of Theorems 4.1 and 4.1" is proved
in Section 6 by means of a natural and important technique, called the chaining argu-
ment. We apply an inductive procedure, during which an appropriate sequence of finite
subsets of our set of random variables is defined, and try to give a good estimate on the
supremum of these subsets of our random variables. The subsets we consider are denser
and denser subsets of the original set of random variables, and if they are constructed in
a clever way, then we get the result we want to prove by means of a limiting procedure.
In such a way we get a relatively simple proof of Theorem 4.2, but this method is not
strong enough to supply a complete proof of Theorem 4.1. The cause of the weakness
of the method in this case is that we cannot give a good estimate on the probability
that a sum of independent random variables is greater than a prescribed value if these
random variables have too small variances. The chaining argument supplies a result
much weaker than that what we want to prove under the conditions of Theorem 4.1.
Lemma 6.1 contains the result the chaining argument yields under the conditions of
Theorem 4.1. In Section 6 still another result, Lemma 6.2 is formulated, and it is also
shown that Lemmas 6.1 and 6.2 together imply Theorem 4.1. The proof is not diffi-
cult, despite of some non-attractive details. We have to check that the parameters in
Lemmas 6.1 and 6.2 can be fitted to each other.

Lemma 6.2 is proved in Section 7. It is based on a symmetrization argument.
This proof applies the ideas of a paper of Kenneth Alexander [1], and although its
presentation is essentially different of Alexander’s approach, it can be considered as a
version of his proof.

A similar problem should also be mentioned at this place. M. Talagrand wrote a
series of papers about concentration inequalities, and this research was also continued by
some other authors. I would mention the works of M. Ledoux [16] and P. Massart [26].
Concentration inequalities give a bound about the difference of the supremum of a
set of appropriately defined random variables from its expected value; they express
how strongly this supremum is concentrate around its expected value. Such results
are closely related to Theorem 4.1, and the discussion of their relation deserves some
attention. A typical concentration inequality is the following result of Talagrand [29].

Theorem 17.1. (Theorem of Talagrand.) Consider n independent and identically
distributed random variables &1, ..., &, with values in some measurable space (X,X).
Let F be some countable family of real-valued measumble functions of (X, X) such that

1 flle < b < 00 for every f € F. Let Z = sup Z f(&) and v = E(sup Z f2(&))-
fEF i= feFi=1

Then for every positive number x,

1
P(Z > FEZ+x) SKexp{—Fglog (l-l—%b)}
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and

2
x
P(Z>FEZ+x)<Ke —_— 5
(Z= ta)s Xp{ 2(c1v + cobx) }
where K, K', ¢1 and ¢y are universal positive constants. Moreover, the same inequalities
hold when replacing Z by —Z.

Theorem 17.1 yields, similarly to Theorem 4.1, an estimate about the distribution
of the supremum for a class of sums of independent random variables. It can be consid-
ered as a generalization of Bernstein’s and Bennett’s inequalities when the distribution
of the supremum of partial sums is estimated. A remarkable feature of this result is
that it assumes no condition about the structure of the class of functions F (like the
condition of Lo-dense property of the class F imposed in Theorem 4.1.) On the other

hand, the estimates in Theorem 17.1 contain the quantity £Z = FE (sup oof (fz))
feFi=1

Such an expectation of some supremum appears in all concentration inequalities. As
a consequence, they are useful only if we can bound the expected value of an appro-
priate supremum. This is a hard question in the general case, and this is the reason
why I preferred a direct proof of Theorem 4.1 without the application of concentra-
tion inequalities. Let me remark that the condition u > const. alogl/ 2% with some
appropriate constant which cannot be dropped from Theorem 4.1 is related to the fact
that the expected value of the supremum of the normalized random sums considered in
Theorem 4.1 has such a magnitude.

The main results of this work are presented in Section 8. Theorem 8.3 which con-
tains an estimate about the distribution of a degenerate U-statistic was first proved in a
paper of Giné and Arcones in [2], its equivalent version about the multiple integrals with
respect to a normalized empirical measure formulated in Theorem 8.1 in my paper [19].
The equivalence of these two results is not self-evident. Later I proved an improved
version of Theorem 8.3 in paper [21]. This result is formulated in Theorem 16.1, and
it is also compared with Theorem 8.3. It is also explained that Theorem 16.1 could
be considered the multivariate version of Bernstein’s inequality with more right than
Theorem 8.3. Here I omitted its proof which applies a technique (diagram formulas for
the calculation of products of multiple random integrals or degenerate U-statistics) not
discussed in this work. Here Theorem 8.3 was proved by means of a symmetrization
argument. The explanation of such a proof was simpler in the present work, because it
applies such methods which were worked out in the investigation of other problems. On
the other hand, some arguments can be posed against such a proof. The application
of symmetrization arguments in the proof of Theorem 8.3 also has some drawbacks. In
certain problems, like the problem of Theorem 8.3, this method cannot supply a really
sharp result. Some mathematicians working in this field seem not to be aware of this
fact.

It may be interesting to mention that the problem of Theorem 8.3 has a natural
generalization worth of a closer study. We can consider such generalized U-statistics in
which the underlying random variables &1, . . ., &, are independent, but they need not be
identically distributed, and the U-statistic also may have a more general form. Namely,
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we can take a class of kernel functions f = {f;, . . (71,...,7)} on the space (X* X¥)
with such an indexation that 1 <[; <n, 1 < j <k, and [; # l;s if j # j', and define
with the help of these independent random variables and class of kernel functions the
generalized U-statistic

Lix() = > fon &) (17.1)

1<1;<n, 1<j<k
Ll if j#5'

One can also naturally define generalized degenerate U-statistics. We call a generalized
U-statistic degenerate if for all sets of indices (ly,...,l;) in the sum (17.1) and for all
1<j<k

E(fh,uwhc(éh?"'7£lk)|£ls7 s € {17k} \ {J}) = 0.

Generalized degenerate U-statistics can be considered as the natural multivariate
generalizations of sums of independent random variables, just as degenerate U-statistics
are the natural multivariate generalizations of sums of iid. random variables. One would
also try to generalize Theorem 8.3 to an estimation about the distribution of general-
ized degenerate U-statistics. One may hope that the method of proof of Theorem 8.3
can also be applied for the study of generalized degenerate U-statistics, just as the
distribution of sums independent random variables can be investigated similarly to the
sums of iid. random variables. Probably, the methods worked out for the study of the
problems related to Theorem 8.3 are helpful, but in the study of generalized degenerate
U-statistics first some special questions have to be clarified. We have to find the right
form of the estimation about the distribution of a generalized degenerate U-statistic.
In particular, it must be clarified which are the natural quantities by which we should
express this estimate.

It is natural to expect that generalized degenerate U-statistics I, x(f) of order k
(without normalization) satisfy the inequality

o\ 2k
P(|Inx(f)| >u) < Aexp {—C’ <Vn> } (17.2)

with some universal constants A = A(k) > 0 and C = C(k) > 0 in a relatively large
interval for the parameter u, where V.2 denotes the variance of I, x(f). An essential
problem is to find a relatively good constant C' and to determine the interval 0 < u <
D,,, where the estimate (17.2) holds. Theorem 8.3 states that in the case of classical
degenerate U-statistics (17.2) holds in the interval [0, D,,] with D, = const.nFa**t
where 02 = Ef(&,...,&)% For k = 1 this means that relation (1.9) holds in the
interval 0 < u < Vnz. But it is not clear what corresponds in the case of generalized
degenerate U-statistics to the right end-point D,, = const. n*o*¥*1 of the interval where
the estimate (17.2) should hold. (The variance of a degenerate U-statistic of order k is
of order n¥o?2.)

Theorems 8.2 and 8.4 yield an estimate about the supremum of (degenerate) U-
statistics or of multiple random integrals with respect to a normalized empirical measure

128



when the class of kernel functions in these U-statistics or random integrals satisfy some
conditions. They were proved in my paper [20]. Earlier Arcones and Giné proved a
weaker form of this result in paper [3]. The Gaussian version of Theorem 8.1 or 8.3
given in Theorem 8.5 was proved much earlier. My lecture note [17] also contains
a proof of this result. The second statement of Theorem 8.5 about the supremum
of Wiener—Ito integrals can be simply proved. Section 8 also contains an example
which shows in particular that the probability P (n_lfn’g( f) > u) can be bounded for
a degenerate U-statistic I,, o(f) of order 2 by the estimate given in Theorem 8.3 only
if u < const.no?, i.e. this condition of Theorem 8.3 (in the case k = 2) cannot be
dropped. Similar examples could be constructed for all £ > 1. The paper of Arcones
and Giné [2]| contains another example explained by Talagrand to the authors which
also has a similar consequence.

On the other hand, this example does not exclude the possibility to prove such
a multi-dimensional version of Hoeffding’s inequality Theorem 3.3 which provides a
slight improvement of Theorems 8.1 and 8.3 similarly to the improvement of Bernstein’s
inequality provided by Hoeffding’s inequality. Moreover, we can also expect such a
strengthened form of Theorems 8.2 and 8.4 (or of Theorem 4.2 in the one-dimensional
case) which takes into account the above improvements if the supremum of a nice class
of random integrals or degenerated U-statistics is considered. There is a hope that some
refinement of the methods of the present work would supply such results. However, here
we did not study this problem.

Theorems 9.2 and 9.3 deal with the properties of degenerate U-statistics. This
subject deserves special attention. Degenerate U-statistics can be considered as the
multivariate version of sums of independent and identically distributed random variables
with expectation zero. Similarly, if f is a canonical function with respect to a measure
1 and put independent p-distributed random variables into its arguments, then the
random variables we get in such a way can be considered as the multivariate version of
random variables with expectation zero. The background of several proofs about the
behaviour of U-statistics can be better understood with the help of the above remark.
I tried to explain for instance that the proof about the Hoeffding decomposition of
U-statistics (Theorem 9.1) is actually a natural adaptation of the decomposition of a
random variable to the sum of a random variable with expectation zero plus the expected
value of the random variable.

Hoeffding’s decomposition is a fairly well-known result which can be found for
instance in the Appendix of [12]. Theorem 9.1 slightly differs from the formulation
of Hoeffding’s decomposition one usually meets in the literature. It can be exploited
that a U-statistic does not change if we replace its kernel function by its symmetrized
version. Besides, the value of the U-statistics I, |y|(fv) do not change if we replace
the kernel function fv(zj,,...,z5,,), V = {j1,---,Jv|}; by fv(z1,...,2v|) in the
Hoeffding decomposition (9.3) of the U-statistic I, x(f), and fy(x1,..., 7)) is also
a canonical function. The above observations enable us to unify the contribution of
all terms I, v |(fy) with [V| = [ for some 0 < [ < k into one non-degenerate U-
statistics of order [. Generally, the formula obtained in such a way is called the Hoeff-
ding decomposition in the literature. Nevertheless, we have applied Theorem 9.1 in this
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work, because this form of the Hoeffding’s decomposition was more convenient for us.

In our investigations it is important to know that if a function satisfies a good
Lo-norm or L.,-norm estimate, then the elements of its Hoeffding decomposition also
have this property, and if a class of function is Ls-dense, then the same relation holds
for the classes of functions in the Hoeffding decomposition of the functions in this class.
This is the content of Propositions 9.2 and 9.3. The estimates on the Ly-norm given in
formulas (9.7) and (9.8) are actually reformulations of some well-known facts about the
properties of conditional expectations.

Theorem 9.4 enables us to reduce the estimates about multiple random integrals
with respect to normalized empirical measures to estimates about degenerate U-sta-
tistics. Such random integrals are actually sums of U-statistics, and we can apply for
each of these U-statistics the Hoeffding decomposition. Besides, as we consider multiple
integrals with respect to a mormalized empirical measure we can expect that a lot of
cancellations appear during the calculation by which we express our random integral in
the form of linear combination of degenerate U-statistics. We get such a representation
which enables us to reduce the estimates we want to prove about multiple random
integrals to analogous estimates about degenerate U-statistics. This is the main content
of Theorem 9.4 which can be considered as an analog of the Hoeffding decomposition
for multiple stochastic integrals with respect to normalized empirical measures. This
representation of a multiple stochastic integral as a linear combination of degenerate
U-statistics of different order also contains degenerate U-statistics of low order. But
as a consequence of the cancellation effects these U-statistics are multiplied with small
coefficients. The proof of Theorem 9.4 is based on a good “book-keeping” of the different
contributions to the integral J,, (f). An essential, although less spectacular step of this
“book-keeping” procedure is to express the terms we are working with by means of the
(signed) measures p and u) — p, i.e. the measures 1 have to be replaced by their
normalizations p() — p. The calculations needed in the proof are quite natural, but
unfortunately they contain some unpleasant and complicated technical details.

Theorem 9.4 also has the consequence that the second moment of the multiple
random integral of a function with respect to a normalized empirical measure can be
bounded by constant times the Lo-norm of the kernel function we integrate. The repre-
sentation of the stochastic integrals given in Theorem 9.4 may also contain a non-zero
constant term. This has the unexpected consequence that the expected value of a mul-
tiple random integral with respect to a normalized empirical measure can be non-zero.
Our random integrals may show such an unusual behaviour because the numbers of
sample points falling to disjoint sets are not independent random variables. But the
dependence between such random variables is very weak, and the expected value of the
random integrals we consider is sufficiently small.

From the pair of Theorems 8.1 and 8.3 I have proved only Theorem 8.3, since its
proof is simpler, and by the results of Section 9 Theorem 8.1 follows from it. The proof
of Theorem 8.3 is different from its original proof published in paper [2]. First a good
estimate is presented about the moments of the degenerate U-statistics in Proposition
10.1. Theorem 8.3 can be deduced from this estimate. Actually the proof is different,
first a version Theorem 8.3" of Theorem 8.3 is proved, where an analogous estimate
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is proved for degenerate decoupled U-statistic. The adjective ‘decoupled’ refers to the
fact that we put independent copies of a sequence of iid. random variables in different
coordinates of the kernel function of the U-statistic. The study of decoupled U-statistics
is a popular subject of some authors. In particular, the main subject of the book [6] is
a comparison of the properties of U-statistics and decoupled U-statistics.

The study of decoupled U-statistics is simpler than that of usual U-statistics, be-
cause the arguments applied in the study of usual U-statistics can be applied for them,
and they also satisfy a multivariate version of the Marcinkiewicz—Zygmund inequality.
On the other hand, the Marcinkiewicz—Zygmund inequality does not hold for usual U-
statistics, at least the proofs I know of do not work for them. We can prove with the help
of the multivariate version of the Marcinkiewicz—Zygmund and Borell’s inequality an
estimate about the moments of degenerate U-statistics formulated in Proposition 10.1’.
Proposition 8.3 can be deduced from Proposition 10.1’, and by a result of de la Pena
and Montgomery—Smith formulated in Theorem 10.4 Theorem 8.3" implies Theorem 8.3.
The results applied in the proof of Theorem 8.3 are proved in Section 11. Let me also
remark that Proposition 10.1 is not proved in this text, since we chose such an approach
where we do not need it. On the other hand, it follows from the results of this work
and some other standard results about U-statistics not discussed in the present work.

I have mentioned the possibility of another proof of Theorem 8.3 on the basis of
the methods of the theory of Wiener-It6 integrals to this problem. In [19] I gave a
proof of Theorem 8.1 by means of the so-called diagram method. Let me also remark
that the method of paper [21] which yields an improvement of Theorem 8.3 presented
in Theorem 16.1 is actually a refinement of the method in [19]. Both in paper [19] and
in the present work the main step of the proof consists of finding a good estimate on
the moments of the random variables we are investigating. It is enough to estimate
the moments of the type M = 2™, where m is a positive integer. For m = 1 such
an estimate is known, and we can get an estimate for m > 1 by means of a recursive
procedure. A similar approach is applied in [19] and in the present work. The main
difference between them is in the form of the recursive inequality between the moments
of the random variables we work with and the way we prove them.

I found the result about the multivariate version of the Marcinkiewicz—Zygmund
equation in the book [6], but the proof of the result given here is different. Only the
proof about the upper estimate of the p-th moment of decoupled U-statistics is written
down. There is also an estimate in the opposite direction, but such a result would be
interesting for us only for the sake of some orientation. Theorem 10.4 was proved by
de la Pena and Montgomery—Smith in their paper [7]. I formulated their result for
separable Banach space valued random variables, just as they did it. Such a general
formulation of the results is very popular in the literature, but here the discussion of
Banach space valued random variables had a different cause. I also wanted to prove
formula (10.8"), a result which is actually not contained in paper [7]. (Book [6] contains
this result, but the proof is left to the reader.) The simplest way to get this statement
was to prove the original result in Banach spaces, and to apply it in appropriate L.
spaces. Paper [7] also contains some kind of converse result of Theorem 10.4, but as we
do not need it I omitted its discussion.
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This work contains the proof of de la Pena and Montgomery—Smith for Theo-
rem 10.4, but I have explained it in my own style. In particular, I worked out some
details where the author gave only a very short explanation. This proof is given in the
Appendix.

The proof of Borell’s inequality is closely related to that of Nelson’s inequality.
Edward Nelson published the inequality named after him in his paper [27]. He also
showed that the general inequality presented in Appendix C can be reduced to the
inequality given in formula (C1) or in Proposition C2 of this work. This reduction
follows actually from our Theorem 11.2. However, this observation did not help him
to find a proof, and finally he gave a proof without its application. Borell’s inequality
can also be reduced to a one-dimensional statement formulated in Theorem 11.3. This
seems to be a simple inequality, but its proof is surprisingly hard. Actually in this paper
it is enough to prove this inequality in the special case ¢ =2 and p =2k, k =1,2,....
Actually, as I mentioned in Theorem 16.6, Borell’s inequality can be proved in this
special case with better constants. (See paper [22].)

In the proof of Theorem 11.3 I have followed the paper of Leonhard Gross Logarith-
mic Sobolev inequalities [13]. Gross has worked out a general theory and he could prove
both Nelson’s and Borell’s inequality (more precisely an estimate which simply implies
this result) with its help. Gross’ method and results are interesting, because they are
very useful in several parts of the mathematics. (See e.g [16] or [14].) Let me also
remark that similar results and ideas also appeared in an earlier work of A. Bonami [5].

Gross introduced a so-called logarithmic Sobolev inequality related to Markov pro-
cesses and showed that it implies another inequality, which is in the case of a Wiener
process Nelson’s inequality, while we can define such a simple Markov process for which
the logarithmic Sobolev inequality corresponding to it yields the proof of Theorem 11.3.
This Markov process is explicitly described in Section 11, and the logarithmic Sobolev in-
equality corresponding to it is also formulated and proved there. Actually Gross showed
that each logarithmic Sobolev inequality is equivalent to the inequality he proved as its
consequence. On the other hand, the proof of the logarithmic Sobolev inequalities is
less difficult than a direct proof of the inequalities he has obtained as their consequence.

The name ‘logarithmic Sobolev inequality’ has the following explanation. Generally
one calls ‘Sobolev inequality’ such inequalities where for some pairs of numbers 1 < g <
p < oo we prove a bound on the L,-norm of a function if we have an estimate on its
Ls-norm together with the L,-norm of some partial derivatives of this function. In
the logarithmic Sobolev inequalities the integral of a function of the form |f|Plog|f| is
bounded by means of the integral of | f|P and the integral of a differential type operator
of this function f which is closely related to the infinitesimal operator of a Markov
process.

The proof of Borell’s inequality presented here is due to Leonhard Gross. We
have also shown in the Appendix that from this estimate and the central limit theorem
Nelson’s inequality can be deduced. In this proof we have applied some basic facts about
Wiener—It6 integrals which we did not discuss in detail. The most important results we
have used here are the so-called 1t6’s formula for Wiener—Ito integrals and the diagram
formula. All these results can be found in my lecture note [17]. Borell’s inequality was
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applied in the proof of Theorem 8.3’. We also proved another result with its help which
plays an important role in our study. This is the multivariate version of Hoeffding’s
inequality in Theorem 12.3. This result is a simple consequence of Borell’s inequality,
but I did not find it in the literature. Paper [22] contains an improved version of this
estimates presented in Theorem 16.6.

Sections 12 — 15 deal with the proof of Theorem 8.4 about the tail-behaviour of
the supremum of a class of degenerate U-statistics under appropriate conditions. This
result was proved in my paper [20]. The proof of this result is similar to that of its one-
variate version Theorem 4.1, but some additional difficulties have to be overcome. We
have formulated some results in Propositions 12.1 and 12.2 which are the multivariate
analogs of Propositions 6.1 and 6.2, and Theorem 8.4 can be proved as their consequence.
Proposition 12.1 can be proved similarly to Proposition 6.1, and also the deduction of
Theorem 8.4 from Propositions 12.1 and 12.2 is similar to the argument applied in the
proof of Theorem 4.1.

The hard part of the problem is to prove Proposition 12.2. By means of the results
of de la Pena and Montgomery-Smith it can be reduced to a version formulated in
Proposition 12.2’, where degenerate U-statistics are replaced by degenerate decoupled
U-statistics. This result is proved by means of a refinement of the argument of the proof
of Proposition 6.2. The main difficulty appears as we want to find the multivariate
analog of the symmetrization argument made by means of the Symmetrization Lemma,
Lemma 7.1 and Lemma 7.2 in the one-variate case. In the proof of Theorem 4.1 we could
carry out a symmetrization procedure by investigating the difference of two independent
copies of the random sums we have considered. In the proof of Proposition 12.2" a more
sophisticated construction has to be applied. This construction actually appeared in
the proof of Theorem 8.3, and Lemma 11.5 explains its most important properties.

In the proof of Proposition 12.2" Lemma 7.1 is not sufficient for us in its original
form. We need a generalization of this result, and this is given in Lemma 13.1. The
proof of Lemma 13.1 is not hard. The real difficulty arises when we want to apply it in
our case. Then as we want to check formula (13.1) we have to bound some non-trivial
conditional probabilities. In the analog relation, in formula (7.1) of Lemma 7.1 it was
enough to bound a usual probability, and this was simple. But as we want to adapt this
method in the multivariate case we have to bound an appropriate conditional variance.
This demands much more work, and the hardest new steps of the proof were introduced
to overcome this difficulty.

Proposition 12.2" was proved by means of an inductive procedure formulated in
Proposition 13.2, which is the multivariate analog of Proposition 6.2. But because of
the problems we meet in carrying out the symmetrization procedure the arguments of
Proposition 7.2 are not sufficient in this case. Hence another statement is introduced in
Proposition 13.3. Propositions 13.2 and 13.3 can be proved simultaneously by means of
an appropriate inductive procedure. The proof is based on a refinement of the arguments
in the proof of Proposition 6.2. We also have to exploit our knowledge about the
properties of Hoeffding’s decomposition.
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Appendix A.

The proof of some results about Vapnik-Cervonenkis classes

Proof of Theorem 5.1. (Sauer’s lemma) Let Fy,..., F,, be the subsets of cardinality k
of the set Sp(n), m = (Z) By the conditions of the theorem all sets £, 1 < j < m, have
a “hidden” subset H; C F} such that the class of sets D(Sy, ;) = {F;NB; B € D(S5))}
does not contain the set H;. Let us denote by Co = Co((F1,Hi),...,(Fm,Hp)) the
class of subsets of Sy(n) we get by taking first all subsets of Sp(n) and then omitting all
subsets of the form H; UG; with some G; C Sy \ Fj, 1 < j < m. The subsets omitted in
the definition of Cy do not belong to D(Sp), thus Cy contains all elements of D(Sy), and
it is enough to show that Cy contains no more than (j) + (7) +--- + (") subsets of
So(n). If H; = F; for all “hidden” subsets H;, 1 < j < m, then Cy contains the subsets
of Sp(n) with cardinality at most k& — 1, and we have to show that this is the extreme
case.

Let us choose some element s € Sy, and define similarly to the class Cyp a new
class C; = C1((F1, Hy), ..., (Fy, Hy)) with the difference that instead of the “hidden”
subsets H; of F; taking part in the definition of Cy we work with the sets H; we get
by augmenting H; with the element s if it is possible, i.e. in the definition of C; H;
is replaced by H; = (H; U {s}) N F;. Given a set B C Sy we can say that B € Cy if
and only if BN F; # H; for all 1 < j < m, and B € C; if and only if BN F; # H;
for all 1 < 7 < m. We want to show that C; has more elements than Cy. Theorem 5.1
can be deduced from this statement, because by iterating this procedure for enlarging
the “hidden” subsets H; of the sets F} for all s € Sy we get that the class Cy has the
greatest cardinality in the case when H; = I for all 1 < j <.

Let us define the map T'(B) = B\ {s} for all sets B C Sp(n). We shall show
that T'(-) is an injection of Cy \ C; to Cy \ Cp. This implies that the cardinality of C; is
larger than that of Cy just as we claimed. To prove the above property of T'(-) first we
check that a) if B € Cy \ C; then s € B. This implies that different elements of Cy \ Cy
have different images under the map 7. We also check that b) if B € Cy \ C1, then
T(B) € C, \ Co, i.e. bl) T(B) € C; and b2) T(B) ¢ Co.

If B€Cy\Cythen BNF; # Hj for all 1 < j < m, and BN F; = H; for some j.
This means that BN F; # H; and BN F; = H ; for some index j. This is only possible
if s ¢ Hj, s € Fj and s € B, i.e. property a) holds. Besides, T(B)NF; = H;\ {s} = H;
for such an index j which means that property b2) holds. To check property bl) we
have to show that if B € Cy \ C1, then (B\ {s})NF; # H; for all 1 < j < m. This
relation clearly holds for such indices j for which s € Fj, since in this case s € f_Ij.
If s ¢ F}, then the condition B € Cy implies that B N F; # H;, and H; = Hj; and
BNF; = (B)\ {s}) N F; because of the relation s ¢ F;. These relations imply that
(B\ {s}) N F; # H; also in this case.

The proof of Theorem 5.3 Let us fix an arbitrary set F' = {s1,...,sk41} of the set S,
and consider the set of vectors Gx(F) = {(g(s1),---,9(Sk+1)): g € Gx} of the k + 1-
dimensional space R¥*1. By the conditions of the Theorem Gi(F) is an at most k-
dimensional subspace of R¥*!. Hence there exists a non-zero vector a = (a1,...,aK+1)
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k+1

such that ) a;g(s;) = 0 for all g € G,,. We may assume that A = A(a) = {j: a; <
j=1

0,1 <j < k+1} is a non-empty set by multiplying the vector a by —1 if it is necessary.

Thus we can write

Z a;g(s;) = Z (—aj;)g(s;), for all g € G. (A1)

jeA GE{Le kH1INA

Put B = {s;,j € A}. Then B C F, and we claim that B # {g: g(s) > 0} N F for all
g € Gi. Indeed, if there were some g € Gy, such that B = {g: g(s) > 0} N F, then the
left-hand side of the equation (A1) would be strictly positive and its right-hand side
would be non-positive for this g € Gi, and this is a contradiction.

Thus Theorem 5.1 implies that for all subsets So(n) of S with n > k + 1 elements
and the class of subsets D of S introduced in the formulation of Theorem 5.3 Sy(n) D
has at most (8) + (Tf) + e (Z) elements. Hence D is a Vapnik—Cervonenkis class.

Appendix B. The proof of Theorem 10.3
(A result of de le Pena and Montgomery—Smith)

The proof of Theorem 10.3. We concentrate our efforts to prove relation (10.8). For-
mula (10.8") can be obtained as a relatively simple consequence of this result. The
proof of formula (10.8) will be made by means of an inductive procedure. To carry out
it we have to formulate and prove our statement in a more general form where such
generalized U-statistics are considered for which different kernel functions may appear
in each term of the sum. More explicitly, let £ = ¢(n, k) denote the set of all sequences
Il =(ly,...,1l;) of length k such that 1 <[; <n, 1< j < k. Let us fix a class of func-
tions {fi,.. 1. (%1, ., 2k), (I1,...,l;) € £} which map the space (X*, X*) to a separable
Banach space B. Let us denote this class of functions by f(¢), and define similarly to
the U-statistics and decoupled U-statistics the generalized U-statistics and generalized
decoupled U-statistics by the formulas

1
In gk (f(0)) = il > Jio e (Gas o5 &0)
LA i AT

and

LaD=2 5 e (696

(with the same random variables £ and £l(j), 1<1<n,1<j <k as before.)
The following generalization of relation (10.8) will be proved.

P (| Ink(f(O) > u) < AP (| Lnk (F(O)]| > yu) (10.8b)
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with some constants A = A(k) and v = ~(k) depending only on the order of these
U-statistics.

To prove relation (10.8b) first we verify the following statement.

Let us take two independent copies gi”, ceey 7(11) and £§2), ceey ,(12) of our original
sequence of random variables &1, ...,&§, and introduce for all sets V' C {1,...,k} the

function ay (), 1 < j <k, defined as ay(j) =1if j € V and ay(j) =2if j ¢ V. Let
us define with the help of these quantities the decoupled generalized U-statistics

Lopv (f(0) = % S fuen (68 foran Ve {1, k),
1<l;<n, j=1,...,k
Ly i 5
(B1)
The following inequality will be proved: There are some constants C} > 0 and
Dy, > 0 depending only on the order k of the generalized U-statistic I, x(f(¢)) such
that for all numbers u > 0

P (L k ()] > u) < > Cro P (Di|[ I v (F(O)] > w) . (B2)

Vc{l,.. k}, 1<|V|<k—1

Here |V| denotes the cardinality of the set V', and the condition 1 < |V| < k — 1 in the
summation of formula (B2) means that we omit the sets V =0 and V = {1,...,k} from
the summation, i.e. the cases when either ay(j) =1 forall 1 < j <k or ay(j) = 2
for all 1 < j < k are not considered in this sum. Formula (10.8b) can be deduced
from formula (B2) by means of a relatively simple inductive argument. In the proof of
formula (B2) we shall apply the following simple lemma.

Lemma B1. Let £ and n be two independent and identically distributed random vari-
ables taking values on a separable Banach space B. Then

P <|§+77| > gu) > P(|¢] > u)  for allu > 0.

Proof of Lemma Bl1. Let &, n and ( three independent, identically distributed random
variables taking values in B. Then

P(|§+n\>§u) :P(|§+n\>§u) +P<\§+C!>§u)+P(]—(7}+C)|>§u>

> P(I§+n+&+C—n—¢| > 2u) = P(I¢] > ).
To prove formula (B2) let us introduce the random variable

Tn,k(f(g)) = % Z fl1, (5(81)7 s (Sk)> Z In,k:,V

1<l;<n,s;=1 or 33:2/7 7j=1,..,k Vc{l,...,k}
Li#l it j#j
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and observe that the random variables I, x (f(£)), Inko(f(¢)) and I, ; (1,... .k} (f(£)) are
identically distributed and the last two random variables are independent of each other.
Hence Lemma B1 yields that

PO > 1) <3P (ILsalT(O) + ooy (PO > 3 )

=3P (|t - Y Ly (F0)| > 50

V:Vc{l,. . k},1<|VI<k—1
< PB-2" YTk (F(O)] > w) (B4)

+ > PG 2Ly (FO)]] > w).

V:Vc{l,. .k}, 1<|V|<k—1

To deduce relation (B2) from relation (B4) we need a good estimate on the probability
P32 Y T, x(f(0)]| > u). We shall compare the distribution of |1}, x(f(¢))| with
that of ||1,,x,v(f(¢))| for an arbitrary set V' C {1,...,k} and get an estimate which is
sufficient to prove relation (B2). To carry out this program first we prove the following
lemmas.

Lemma B2. Let us consider a sequence of independent random variables €1, ..., &y,

Plep = 1) = P(gg = —-1) = ;, 1 < I < n, which is also independent of the ran-

dom variables 59), e (1) and 5 cee T(LZ) appearing in the definition of the decoupled
U-statistics I v (f(£ )) deﬁned in formula (B1). Let us define with their help the se-

quences of random variables 7);1)7 e ,777(3) and 77(2) e ,7]7(1 ) whose elements (m, a )777l(2)) =

(" &), m ™ ), 1 S U<, are given as

1+e 1—-¢ 1—-¢ 1+e¢
() = (S5 + T ST+ )

9 i 2
ie. let (fV(e),nP(e) = (€, ife; = 1, and (P (1), 1P (1) = €2,¢W)

ifeg = =1, 1 <1 < n. Then the joint dzstmbutzon of the pair of sequences of ran-
dom variables 5(1) 6(1) and 5%2)7 ceey 22) agrees with that of the pair of sequences
(1) W) nd n'? ) (2)
MM and g, ... )
Let us fix some V C {1, ..., k}, and introduce the random variable
T 1 ay (1 ay (k
Lv(FO) =2 3 fuen (@) (BY)
T 1<li<n, j=1,...,k
LAl if j#5

where similarly to formula (B1) ay(j)=11ifj €V, and ay(j) =2 if j ¢ V. Then the
identity

25 L e v (f(0)) (B6)
1 1 k s s
- k_ Z (1+€l(1,)81,V)".(1+€l(k,)sk,V)fl1, Sl (5( 1)7"'7§( k)>
1<l;<n,s;=1 or s;=2, j=1,..., k
LAl it 55
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holds, where 51(va =g, 5l(j2)v =g ifj€V, and 51(71)’V = —¢, &tl(Jz v=eaifj¢V,

1<l <n.

In the proof of relation (B2) we need besides Lemma B2 another result given in
Lemma B4. Before the formulation of Lemma B4 we present Lemma B3 whose result
will be used in its proof.

Lemma B3. Let Z be a random variable in a separable Banach space B with expectation

zero, i.e. let Ek(Z) =0 for all k € B'. Then P(||lv+ Z|| > ||z||) > 1n£, (4%;((?)2 for all

v € B. Here B" denotes the (Banach) space of all (bounded) linear transformations on
B to the real line.

Lemma B4. Let us consider a sequence of independent random variables €1,. .., &y,
P(ey =1) = P(e; = —1) = £, 1 <1 < n, a polynomial of order k of these random
variables with some coefficients a(ly,...,ls), 1 < s <k, 1 <l <n, from some separable
Banach space B. Let us assume that the coefficients of this polynomial satisfy the
relation a(ly,...,ls) =0 if [, = l; with some 1 < p < q < s, and the constant term is
zero. The inequality

k
P U+Z Z a’(ll:"'als)gh e EL|| > ||UH > Ck (B7)

s=11<l;<n, j=1,...,s
UL if j#5'

holds for all v € B with some constant ¢ > 0 depending only on the order k of this
polynomial.

The proof of Lemma B2. Let us consider the conditional joint distribution of the se-

quences of random variables ?7( ) ...,77%1) and 77(2) ...,nﬁl) under the condition that

the random vector €1, ..., ¢, takes the value of some prescribed +1 series of length n.
Observe that this conditional distribution agrees with the joint distribution of the se-

quences &, (1) ceey 7(11) and & (2), o én ) for all possible conditions. This fact implies the

statement about the joint distribution of the sequences 77( ), 771(2), 1< <n.
To prove identity (B6) let us fix a set M C {1,...,n} and consider the case when

=1ifl € M and ¢g = —1if [ ¢ M. Observe that for all fixed sequences 1 <
Lyl <y l]#l]’ lfj#]/
« avy(k 1,11) k,l
fll, ,k; (77[(1 V(l))7"'7nl(k V( ))> f17 7k) <€(BVM( 1 7"'7€(ﬁVM( k))> )

where Sy (j,l) =1if j e Vandl € Mor j¢ V and !l ¢ M), and By (j, 1) = 2
otherwise. On the other hand,

> (el ) (el ) o (6575600

s;=1or s;=2, j=1,..., k

_ 2kfl <€(5V M (1, 11)) 5(/5\/ M (K, lk)))
Looli e ,
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since the product (1 _,_5;11)31,‘/) (1 +gl(f)s V) equals either zero or 2%, and 5(3) v=1

: lj7sj7
if Bvar(s.ly) = s, and e, = —1if Buar(5. ;) # 5.
Summing up these identities for all 1 <y,...,l; < n such that [; # [, if j # j' we
get identity (B6).

The proof of Lemma B3. Let us first observe that if £ is a real valued random variable

with zero expectation, then P(¢ > 0) > (ﬂ;&g% since (E[£])? = 4(E(EI({€ > 0}))?
4P(¢€ > 0)E€? by the Schwarz inequality, where I(A) denotes the indicator function of

the set A.

Given some v € B let us choose a linear operator £ such that ||| =1 and k(v) =
|v]]. Such an operator exists by the Banach-Hahn theorem. Observe that {w: |[v +
Zw)| = |lv]|} D {w: k(v + Z(w)) > k(v)} = {w: K(Z(w)) > 0}. Besides, Ex(Z) =
0. Hence we can apply the above proved inequality for ¢ = k(Z), and it yields that

P(llv+ Z|| > ||v]) > %. Lemma B3 is proved.

Proof of Lemma Bj. Take the class of random polynomials

Y = Z Z b(ly, ... ls)er, e,

_l ;ﬁl g if j#£57
where 51, 1 <1 < n, are independent random variables with P(g; = 1) = P(g; =
—1) = 5, and the coefficients b(ly,...,ls), 1 < s < k, are arbitrary real numbers. It is

enough to show that there exists a constant ¢; depending only on the order k of these
polynomials such that the inequality

(E|Y|)? > 4c, EY?. (B8)

holds for all of these polynomials Y. Indeed, formula (B7) follows from relation (BS)

and Lemma B3 with ¢; > mf (EF”((ZZ)))g if we apply them for the vector v € B in formula

(B7) and

k
7Y Y e

s=11<i;<n, j=1,...,s
Ll if j#£5'

and the infimum is taken for all bounded linear operators x on the Banach space B.
But this inequality follows from relation (BS8).

To prove relation (B8) first we compare the moments EY? and EY?. Let us
introduce the random variables

Y, = > b(ly, ... l)ey, e, 1<s<k,
l#l o if jA£g
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and observe that because of Borell’s inequality (Theorem 10.2) and the uncorrelatedness
of the random variables Yy, 1 < s <k,

k 4 k k
_ (Z Y'g) < k3ZEYS4 < ]{}333k/2 Z(EY;2>2
s=1 s=1 s=1

k 2
< k333k/2 <Z EY32> _ k333k/2(EY2>2.

s=1

This estimate together with the Holder inequality yield that EY? = E(Y*)1/3|Y|?/3 <
(EYDY3(E|Y )23 < k3F/2(EY)V/3(E|Y])?/3, ie. EY? < Ek3/23%%/4(E|Y|)?, and rela-
tion (B8) holds with 4c, = k~3/2373%/4, Lemma B4 is proved.

Let us turn back to the estimation of the probability P(3 - 2*=1|T, ()| > u).
Let us introduce the o-algebra F = B( 1(1)7 1(2)’ 1 <1 < n) generated by the random

variables 5;1),@(2), 1 <1 <n,andfixsomeset V C {_1, ..., k}. We claim that there exists
some constant ¢, > 0 that the random variable I,, x v (f(¢)) defined in formula (B5)
satisfies the inequality

P (||2’“I_n7kyv(f(€))|| > | To ik (fO)|F) > ¢ with probability 1. (B9)

Indeed, formula (B6) and the independence of the random sequences ¢; v, l(l) and
¢® .1 <1< n yield that

P (12" Lo v (FO)I > |1 Tk (fFE)IIF)

1 . . . S
(‘k_ Z (1+€l(17)517v)..'(1+€l(k7)8k,V)fll ..... Uk <£( ) ---,5( k)>H
1<l;<n,s;=1 or s;=2, j=1,....k
lj#lj/ if ];é]/
> IT47(O)]), ®10)

where P.,, means that we fix the values of the random variables 5;1), 51(2)7 1 <l <nand

take the probability with respect to the remaining random variables El(i,)’v, 1 <5<k,
1 <l <n,and s = 1or s = 2. Let us observe that the probability considered
at the right-hand side of (B10) is a polynomial of order k of the random variables
€1,...,6n. (The terms ‘95(5,)sj,v taking part in it equal either €;; or —¢;, depending on
the parameters j and s;.) Besides, the constant term of this polynomial equals T, »(f).

Hence this probability can be bounded by means of Lemma B4, and this result yields
relation (B9).
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Relation (B9) implies that

P2 g (FO)] 2 325 )
> P2 Ty (T 2 1T (SN I T (O] = 325 )

P (|12 Lo ey (FO) > |1 T (F(O)IIIF) dP

/{w: 1T 1 (£(0) () | 23241}
> e P(| T (FO)] = 3- 2" )

The last inequality with the choice of any set V' C {1,...,k}, 1 < |V| <k —1, together
with relation (B4) imply formula (B2).

To formulate the inductive hypothesis we need to prove formula (10.8b) with the
help of relation (B2) first we introduce the following quantities. Let W = W(k) denote
(4) (4)
1o

RIS

the set of all partitions of the set {1, ..., k}. Let us fix k independent copies £
1 < j < k, of the sequence of random variables &q,...,&,. Given a partition W =
(Vi,...,Vs) € W(k) let us introduce the function sy (j), 1 < j < k, which tells for all
arguments j the index of that element of the partition W which contains the point j,
i.e. the function sy (j), 1 < j <k, is defined by the relation j € V; ;). Let us define
(actually generalizing the notion introduced in formula (B1)) the notion of generalized
decoupled U-statistics corresponding to a partition W € W(k) as

1 S S
Lew(FO)=2 > fu.u (5}1“”), . ,5§kw(’“”) for all W € W(k).
k

T 1<l <n, j=1,...,
LAl if j#5'

Given a partition W = (Vi,...,V;) let us call the number s of the elements of this
partition the rank both of the partition W and of the generalized decoupled U-statistic
Lo kw (f(€)).

Relation (10.8b) will be proved by induction with respect to the order k of the
U-statistics. This induction assumption clearly holds for £ = 1, so when we prove it
for k& we may assume that it holds for all £ < k. We prove it by first showing the
following statement. Fix the number k. For all numbers 2 < j < k there exist some
constants C'(k, j) > 0 and d(k, j) > 0 such that for all generalized decoupled U-statistics
Ik w(f(0)) of order k

P(| Lo, (FO)I] > w) < C(k, 5)P ([ o (F(€))]] > (K, j)u)

R . (B11)
for all 2 < j < k if the rank of W equals j.

(In relation (B11) we compare the distribution of some generalized decoupled U-statis-
tics with that of the decoupled U-statistic I, x(f(¢)).) We shall prove this statement by
means of a backward induction with respect to the rank j of the generalized decoupled
U-statistics.

Relation (B11) clearly holds for j = k with C(k, k) = 1 and d(k, k) = 1. To prove
it for generalized decoupled U-statistics of rank 2 < j < k first we make the following
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observation. If the rank j of the partition W = (Uy,...,U;) satisfies the relation
2 < j < k —1, then it contains an element with cardinality strictly less than k£ and
strictly greater than 1. For the sake of simpler notation let us assume that the element
U; of this partition is such an element, and U; = {s, ..., k} with some 2 < s < k—1. The
investigation of general U-statistics of rank 7, 2 < 7 < k —1 can be reduced to this case
by a reindexation of the random arguments in the U-statistics if it is necessary. Let us
consider the partition W = (Uy,...,U;_1,{s},...,{k}) and the generalized decoupled
U-statistic I,,  y1-(f(£)) corresponding to this partition . We show that our inductive
hypothesis implies the inequality

P(| Lo e,w (FO) > u) < A(R)P (L, 1w (FO))] > 7(k)u) (B12)

with A(k) = ‘illiplA(j% v(k) = j<ir’§f 17(]’) if the rank j of W is such that 2 < j < k—1.
j<k— <

To prove relation (B12) let us define the o-algebra F generated by the random
variables appearing in the first s — 1 coordinates of these generalized U-statistics. We
show that relation (10.8b) for U-statistics of order K — s +1 < k — 1 yields that
P(|[ L kw ()| > ulF) < A(k)P (HIn,k,W(f(g))H > ﬁ(k)u]]—") with probability 1. This
inequality follows from our inductive hypothesis, since the conditional probabilities we
compare here are generalized U-statistics and generalized decoupled U-statistics of or-
der k — s+ 1 we get by putting substituting the (known) first s — 1 coordinates in the
generalized U-statistics I, . w (f(£)) and I,, . w (f(¢)). Then taking expectation at both
sides of this inequality we get relation (B12). As the rank of W is strictly greater than
the rank of W relation (B12) together with our backward inductive assumption imply
relation (B11) for all 2 < j < k.

Inequality (10.8b) is a simple consequence of relations (B2) and (B11). Indeed,
the probability P (||Z,,x(f(¢))]| > u) is bounded in formula (B2) by such an expression,
where some linear combination of the probabilities are considered that certain gener-
alized decoupled U-statistics of order k£ and rank 2 are larger than uDk_l. Each of
these terms can be bounded by means of relation (B11), and in such a way we get

relation (10.8b).

We prove formula (10.8") first in the simpler case when the supremum of finitely
many functions is taken. Let us have M functions f1,..., fas, and to prove relation
(10.8") in this case let us apply formula (10.8) with the function f = (f1,..., fm)
taking values in the separable Banach space By, consisting of the points (v1,...,vn),
v; € B, 1 <j < M, with the norm |[(v1,...,vam)|| = sup |lvj||. The application of

1<j<m
formula (10.8) with this choice yields formula (10.8") in this case. Let us emphasize that
the constants appearing in this estimate do not depend on the number M. Since the

distribution of the random variables sup ||, x(fs)| converge to sup |1 x(fs)||, the

1<s<M 1<s<oo
distribution of the random variables sup HIn k(fs) H converge to sup ||Ink( fs) H as
1<s<M 1<s<o0

M — oo, we get the proof of relation (1078’ ) in the general case by taking limit M — oo
in this relation.
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Appendix C.

Nelson’s inequality and its application

In this part of the Appendix I formulate and prove Nelson’s inequality and briefly indi-
cate how it can be applied in the proof of Theorem 8.5, i.e. in the Gaussian counterpart
of Theorems 8.3 and 8.4. As the latter problem does not belong to the main subject of
the work, the detailed explanation of some background results I shall apply in the proof
will be omitted. In particular, I do not discuss the basic results about the properties
of multiple Wiener—Ito integrals. These results can be found for instance in my lecture
note Multiple Wiener—Ito integrals.

There are several equivalent formulations of Nelson’s inequality. First I present its
terminologically simplest form. Before its formulation let me recall that the Hermite
polynomials Hi(x), k =0,1,2,..., are those polynomials which constitute an orthogo-
nal system with respect to the normal density function ¢(z) = J%?e_xz/ 2. To fix their

normalization, let us make the agreement that Hj(x) is a polynomial of order k, and
the coefficient of its leading term z* equals 1.

Theorem C1. (Nelson’s inequality). Let (Y,),v) = (R>*,B°°,v>°) be the direct
product of infinite many copies of the space (R,B,\,), where R denotes the real line,
B is the Borel o-algebra on it, A, is the measure determined by the standard normal
distribution function, i.e. the probability measure which is abslolutelg continuous with

respect to the Lebesque measure with density function p(y) = ﬁe_y /2,

Given a number v > 0 introduce the operator T~ on (Y,Y) by defining it first on
polynomials by the formula

T, <Z Cly it eodede 1 (Y5) -+ H, <yjs)>
=Y AT g Hi (yg) - H (y5,),

where all finite sums of the above form are considered, and H;(-) denotes the Hermite
polynomial of order . Let us extend this linear operator to general functions on the
space (Y,)) in the natural way.

Fiz two numbers 1 < g < p < oo and a number v < ,/Z%}. Then the operator T,
defined above, considered as a linear operator from the space Ly(Y,Y,v) to L,(Y,Y,v)
is a contraction, i.e. ||Ty(f)|p < | fllq for all functions f € Ly(Y,Y,v).

By Theorem 11.2 Nelson’s inequality can be reduced to the following one-dimen-
sional inequality

o0 1 5 oo
—xz°/2
e dr <
/_OO V2 - [/_Oo
q—1

for all finite polynomials > ¢ H;(z) if 1 < ¢ < p < 0o, and v < g
1=0

p q

1
\V 2T

p/q
e /2 dac] (C1)

cl’ylHl ()
1=0

ClHl(i‘)
=0
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We shall prove inequality (C1) in a seemingly more complicated equivalent form
in the following Proposition C2. Proposition C2 can be proved by means of the hyper-
contractive inequality for Rademacher functions, the central limit theorem and by some
basic results in the theory of multiple Wiener—Ito integrals.

Proposition C2. Let us consider a Wiener process W (t) on the interval [0,1], and
consider multiple Wiener—ito integrals with respect to it. The inequality

qp/a

] (C2)

. . -1
holds for all numbers s and coefficients ¢;, 0 <1< s if 1l <qg<p<oo, andy < 7%.

P
E < |F

chl /W( dxy)---W(dzp)
1=0

o | W(dzy)---W(dx)
>

Remark: Relations (C1) and (C2) are equivalent. To show this observe that by It6’s for-
mula for multiple Wiener—Ito integrals ['W(dz1)--- W (dx;) = H; ([ W(dz)). Besides,
the random variable £ = [ W(dz) = W (1) — W(0) has standard normal distribution,
and formula (C2) can be rewritten with its help as

q] r/q

S
> aH|(©6)
1=0
The proof of Proposition C2. First we want to show a version of formula (C2) where
the multiple Wiener—It6 integrals are replaced by appropriate approximations of these
integrals. For this goal let us consider m independent, normally distributed random
variables &1,...,&, with expectation zero and variance % We shall prove with the
help of the hypercontractive inequality for Rademacher functions and the central limit

theorem (more precisely a slight generalization of it) the following inequality:

p

E < |E

> e Hi(€)
=0

which is clearly equivalent to relation (C1).

P qq P/q

E ch'yl Z & S| E ZCZ Z §ir -+ - &y (C3)
1=0 1=0

1<j1,..,i<m 1<j1,---,i<m
Ju#il, if utu, 1<u,u’'<m JuFgl, if utu, 1<u,u’'<m

for all s and coefficients ¢, 1 < s <[, if 1 <g<p<oo,and v < ,/%.

To prove relation (C3) let us choose for all n =1,2,... a sequence of independent
random variables €1,...,&m;, such that P(e; = 1) = P(g; = —=1) = 3,1 < j <
jn
mn, and define the random variables ZJ(.”) — \/;mink (Z;) » gj, 1 < j < m. The
=—1)n
hypercontractive inequality for Rademacher functions implies that
P qq r/a
. ) ) y () .. )
l n n n n
B> ay >, LV <|\BE)da ),z Z
1=0 1<j1,....i<m =0  1<j1,..,i<m
Juil, if uu’, 1<uu’ <m Gudl, i uu 1<uu’ <m
(C4)
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By the central limit theorem the random vectors (an), VN Z{n )) converge in dis-
tribution to the random vector (&1, ...,&,) as n — oo. This convergence in distribution
also can be expressed as the relation

Jim Bf(Z",....Z50) = Bf (&, &n) (C5)
for all bounded and continuous functions f on R™. Moreover, it can be proved that

the distribution of the random vectors Z ](-n) converge to zero sufficiently fast at infinity,
more explicitly for all K > 0 there exists some constant C' = C(K) > 0 such that

P(\Z}TTM > 12) < Oz¥ for all > 1 and n = 1,2,.... This fact implies that relation
(C5) also holds for continuous functions f such that |f(x)| < C(1 + |z|)®) with some
constant C' > 0 and K > 0, where z = (z1,...,2,,) and |z| is the length of the vector x.

This strengthened form of (C5) enables us to take the limit n — oo in formula (C4) and
to get relation (C3) in such a way.

Let us apply formula (C3) with the choice {; = W (%) - W (%), 1 <5< m.
Observe that for all indices [ the inner sums at both sides of this expression are approx-
imative sums for the Wiener—Ité integral [ W (dz1)--- W (dx;). Hence it is natural to
expect that by applying the limiting procedure m — oo in formula (C3) with the above
choice of the random variables &; we get relation (C2). This belief is correct, only its jus-
tification requires the application of some deeper results from the theory of Wiener—Ito
integrals. We need some estimate which states that also the high moments of a Wiener—
Ito integral with a small kernel function are small. We can apply the following result.

If h is such a function in [0,1]' for which f |h(x1,...,21)]?dxy ... do; < & with some
e > 0, then also the inequality E | [ h(z1,...,z)W (dzy). .. W(dxl)‘ZK < C(K,l)ek
holds for all K =1,2,... with some constant C(K,[) depending only on K and [. But
the proof of this estimate demands some deeper results about Wiener—Ito6 integrals. (In
my lecture note about Wiener—Ito integrals this result is proved as a consequence of
the so-called diagram formula.) By applying this limiting procedure we get the proof of

(C2). In such a way we have proved Proposition C2 which, as we have shown, implies
Theorem C1.

Now I formulate a version of Nelson’s inequality presented in the language of
Wiener—It6 integrals.

Theorem C3. Let us fiz a measurable space (X, X) together with a countable non-
atomic measure [ on it, and let Z, be an orthogonal Gaussian random measure with
counting measure p on (X, X). (See the definition of counting measure before the for-
mulation of Theorem (8.5).) For the sake of simplicity let us assume that the space
Lo(X, X, 1) is separable.

Let us have a sequence of measurable functions fi(x1,...,x) on (X¥, X%) of real
constant ¢, k =1,2,..., and also a constant cy such that
0(2)—1—2k—’?/f,?(ml,...,xk)u(dxl)...,u(dack)<oo. (C6)
k=1 """
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Then

P

> &
E co+kak—k|/fk(xlw-kaz)zu(dm)'--Zu(dxk)
k=1 '

(C7)

< |E

q] p/q

Inequality (C7) means in particular that if the right-hand side is finite then the
left-hand side is also finite.

> C
co + Z k_k‘:/fk(xb .. -;xk)Zu(dxl) Ce Z“(dilfk)
k=1 """

1
ifl<qg<p<oo, andy < Z*l'

The proof of Theorem (3. Theorem C3 will be proved as the consequence of Theorem C1
and I[t0’s formula for multiple Wiener—It6 integrals. Let us choose a complete orthonor-
mal system @Dl( ), ¥2(x), -+ in the space Lo(X, X, 1), and define the random variables

= [¢(x)Z,(dx). Then &,&2,... is a sequence of independent random variables
Wlth standard normal distribution, and U(w) = (&1 (w), &2(w), . .. ) is a measure preserv-
ing transformation of the probability space (2,4, P) where the orthonormal Gaussian
random measure Z,, is defined to the space (Y, Y, v) introduced in the formulation of
Theorem C1. We express the Wiener—It6 integrals

Vk:/fk(xl,...,xk)ZM(dxl)...Zu(dxk), 1§/{7<OO,

by means of It6’s formula as a function of the Hermite polynomials of the random
variables £;, 1 < j < oo, and then we deduce Theorem C3 from Theorem C1 by means
of the above introduced measure preserving transformation U.

To carry out this program let us expand the function fi(z1,...,xx) by means of the
complete orthonormal system consisting of the products 1, (z1) - - - ¥, (xr) 1 < js < 00,
j=1,...,k, in the space (X*, X* p*). We can write

]~

fk;(-Tl,--«;ZCk:) = Z dj17---7js,11,-~~,lsFjl,---7js,ll,--~,ls(3717"‘vxk?)

s=1 (15e-5s)s (11,-000s)
]uzla luZL 1§U§S,]1++]s:k
lu#ly, if uu’ 1<u,u'<s

with some appropriate coefficients dj, .. ;. 1,,...1, and

.....

Fiio ot ds (@1, xp) = H V1, (2 7 (u—1)+1) V1, (T ru—1)+1) - Y1, (T g(w)),

u=1
where J(0) =0 and J(u) =j1 4+ -+ ju, 1 <u <s.
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S

By Itd’s formula fFj1,~~7jsal17~~~,ls (1,...,21)Z,(dzy) ... Z,,(dxy) = [1 Hj, (&)

u=1
s

and [V5Fj o0 (@ xk) Zu(da) - Zy(dog) = T A7 Hj, (6).

u=1

By summing up the above inequalities we get that

k

Vi=U"| > > iy, gt Hjy (i) - Hj (1)
s=1 (G1seesdis ), (L1yensls)

Z 4y W =9y

and

k

FVe=U" ) > iy ootV Hyy () - -7 Hy, (1)

s=1 (j17--~7js)7(ll 7777 lé)
Juz1,lu>1,1<u<s, ji+-+js=k

with some coefficients le,...,js,ll,...,lsa where U* denotes the operator from the space of
functions on (Y,),v) to the space of functions on (2,4, P) induced by the measure
preserving transformation U. Summing up these identities for all £ = 0,1,2,... and
exploiting the measure preserving property of the transformation U we get that Theo-
rem C1 implies Theorem C3. (Let me remark that condition (C6) was imposed only to
guarantee that the infinite sum of the Wiener—Ito6 integrals we considered really exists.)

The proof of formula (8.11) in Theorem 8.5 is fairly simple with the help of Nelson’s
inequality.

The proof of formula (8.11). Let us observe that relation (B7) with ¢ = 2, p = 2M
yields that for a k-fold Wiener—It6 integral

2M

E —/f(a:l,...,xk)ZM(dacl)...Zu(dack)

9 M
< (2M —1)*M ] (C8)

E %/f(xl,...,xk)ZM(dxl)...Zu(dack)

M
= (2M — 1)*M (%/fQ(acl,...,xk),u(dxl)...u(dack)> it M > 1.

In the last line of formula (C8) we exploited the following simple but basic relation of
the theory of Wiener—Ito integrals:

E(%/f((L‘l,...,:E]{)Zu(dl‘l)...zu(dl'k)) = %/f2(1'1,...,:Ek)u(diljl)...,u(dxk),
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Relation (C8) and the Markov inequality imply that under the conditions of The-

orem 8.5 k .
EZ 2M M)k 2
JWZMUN>MS—J§%L_§(LZ%Q)

if M > 1. We get with the choice M = % (H)Q/k that

o

PﬂZ%kUﬁk>u)Sexp{—§%<g>2ﬂ} if u > (2¢)"/2.

o

By choosing a sufficiently large A > 1 at the right-hand side of this inequality we get
that formula (8.11) holds for all u > 0.

The second inequality (8.12) of Theorem 8.5 can be proved in the same way as
Theorem 4.1 in the one-dimensional case. No difficulty arises during the proof. The
main point is that inequality (8.11) holds for all u > 0, hence the chaining argument
applied in the proof of Theorem 4.1 supplies the proof also in this case. I omit the
details.

Let me finally remark that Leonhard Gross in his paper Logarithmic Sobolev in-
equalities also gave a proof of the Nelson inequality by means of the hypercontractive
inequality for Rademacher functions. He showed that the central limit theorem enables
us to prove that the logarithmic Sobolev inequality holds not only for the Markov process
considered in Section 11, but also for Wiener processes. This result together with the
general theory he presents imply an inequality which is equivalent to our formula (C1).
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