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Preface

The history of the High-Dimensional Probability (HDP) conferences dates back to
the 1975 International Conference on Probability in Banach Spaces in Oberwolfach,
Germany. After eight Probability in Banach Spaces meetings, in 1994 it was
decided to give the series its current name: the International Conference on High-
Dimensional Probability.

The present volume is an outgrowth of the Eighth High-Dimensional Probability
Conference (HDP VIII), which was held at the Casa Matematica Oaxaca (Mexico)
from May 28th to June 2nd, 2017. The scope and quality of the talks and contributed
papers amply demonstrate that, now more than ever, high-dimensional probability
is a very active area of mathematical research.

High-Dimensional Probability has its roots in the investigation of limit theorems
for random vectors and regularity of stochastic processes. It was initially motivated
by the study of necessary and sufficient conditions for the boundedness and
continuity of trajectories of Gaussian processes and the extension of classical limit
theorems, such as laws of large numbers, laws of the iterated logarithm and central
limit theorems, to Hilbert and Banach space-valued random variables and empirical
processes.

This resulted in the creation of powerful new tools: the methods of high-
dimensional probability and especially its offshoots, the concentration of measure
phenomenon and generic chaining techniques, were found to have a number of
applications in various areas of mathematics, as well as statistics and computer
science. These include random matrix theory, convex geometry, asymptotic geomet-
ric analysis, nonparametric statistics, empirical process theory, statistical learning
theory, compressed sensing, strong and weak approximations, distribution function
estimation in high dimensions, combinatorial optimization, random graph theory,
stochastic analysis in infinite dimensions, and information and coding theory.

In recent years there has been substantial progress in the area. In particu-
lar, numerous important results have been obtained concerning the connections
between various functional inequalities related to the concentration of measure
phenomenon, application of generic chaining methods to study the suprema of
stochastic processes and norms of random matrices, Malliavin—Stein theory of
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Gaussian approximation, various stochastic inequalities and their applications in
high-dimensional statistics and computer science. This breadth is duly reflected by
the diverse contributions in the present volume.

The majority of the papers gathered here were presented at HDP VIII. The
conference participants wish to express their gratitude for the support provided
by the BIRS-affiliated mathematics research center Casa Matematica Oaxaca. In
addition, the editors wish to thank Springer-Verlag for publishing the proceedings.

The book begins with a dedication to our departed and esteemed colleague,
Jgrgen Hoffmann-Jgrgensen, whom we lost in 2017. This is followed by a collection
of contributed papers that are divided into four general areas: inequalities and
convexity, limit theorems, stochastic processes, and high-dimensional statistics. To
give readers an idea of their scope, in the following we briefly describe them by
subject area and in the order they appear in this volume.

Dedication to Jgrgen Hoffmann-Jgrgensen (1942-2017)

* Jgrgen Hoffmann-Jgrgensen, by M. B. Marcus, G. Peskir and J. Rosifski.
This paper honors the memory, scientific career and achievements of Jgrgen
Hoffmann-Jgrgensen.

Inequalities and Convexity

*  Moment estimation implied by the Bobkov-Ledoux inequality, by W. Bednorz and
G. Glowienko. The authors derive general bounds for exponential Orlicz norms
of locally Lipschitz functions using the Bobkov-Ledoux entropic form of the
Poincaré inequality.

* Polar isoperimetry I—the case of the plane, by S. G. Bobkov, N. Gozlan,
C. Roberto and P.-M. Samson. This is the first part of a lecture notes series
and offers preliminary remarks on the plane isoperimetric inequality and its
applications to the Poincaré and Sobolev type inequalities in dimension one.

o [terated Jackknives and two-sided variance inequalities, by O. Bousquet and
C. Houdré. The authors revisit selected classical variance inequalities, such as
the Efron—Stein inequality, and present refined versions.

* A probabilistic characterization of negative definite functions, by F. Gao. The
author proves using Fourier transform tools that a continuous function f on R”
is negative definite if and only if it is polynomially bounded and satisfies the
inequality

Ef( X -Y)<Ef(X+7Y)

for all i.i.d. random vectors X and Y in R”".

* Higher order concentration in presence of Poincaré type inequalities, by F. Gotze
and H. Sambale. The authors obtain sharpened forms of the concentration
of measure phenomenon that typically apply to differentiable functions with
centered derivatives up to the order d — 1 and bounded derivatives of order d.
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Rearrangement and Prékopa—Leindler type inequalities, by J. Melbourne. The
author obtains rearrangement sharpenings of several classical Prékopa—Leindler
type functional inequalities.

Generalized semimodularity: order statistics, by 1. Pinelis. The author
introduces a notion of generalized n-semimodularity, which extends that of
(sub/super)modularity, and derives applications to correlation inequalities for
order statistics.

Geometry of ',-balls: Classical results and recent developments, by J. Prochno,
C. Thile and N. Turchi. The paper presents a survey of asymptotic theorems for
uniform measures on £, -balls and cone measures on £’-spheres.

Remarks on superconcentration and Gamma calculus. Applications to spin
glasses, by K. Tanguy. This paper explores applications of Bakry-Emery I
calculus to refined variant inequalities for several spin systems models.

Limit Theorems

Asymptotic behavior of Renyi entropy in the central limit theorem, by
S. G. Bobkov and A. Marsiglietti. The authors explore the asymptotic behavior
and monotonicity of Renyi entropy along convolutions in the central limit
theorem.

Uniform-in-bandwidth functional limit laws for multivariate empirical processes,
by P. Deheuvels. The author provides uniform-in-bandwidth functional limit laws
for multivariate local empirical processes, with statistical applications to kernel
density estimation.

Universality of limiting spectral distribution under projective criteria, by
F. Merlevede and M. Peligrad. The authors study the limiting empirical spectral
distribution of an n x n symmetric matrix with dependent entries. For a class of
generalized martingales, they show that the asymptotic behavior of the empirical
spectral distribution depends only on the covariance structure.

Exchangeable pairs on Wiener chaos, by 1. Nourdin and G. Zheng. In this paper,
the authors propose a new proof of a quantitative form of the fourth moment
theorem in Gaussian approximation based on the construction of exchangeable
pairs of Brownian motions.

Stochastic Processes

Permanental processes with kernels that are equivalent to a symmetric matrix,
by M. B. Marcus and J. Rosen. The authors consider «-permanental processes
whose kernel is of the form

ux,y)=ulx,y)+ f(y), x,y €S,

where u is symmetric and f has some good properties. In turn, they define con-
ditions that determine whether the kernel # is symmetrizable or asymptotically
symmetrizable.

Pointwise properties of martingales with values in Banach function spaces,
by M. Veraar and I. Yaroslavtsev. In this paper, the authors consider local
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martingales with values in a UMD Banach function space and prove that
such martingales have a version which is a martingale field. Moreover, a new
Burkholder—Davis—Gundy type inequality is obtained.

High-Dimensional Statistics

* Concentration inequalities for randomly permuted sums, by M. Albert. The
author proves a deviation inequality for random permutations and uses it to
analyze the second kind error rate in a test of independence.

* Uncertainty quantification for matrix compressed sensing and quantum tomog-
raphy problems, by A. Carpentier, J. Eisert, D. Gross and R. Nickl. The authors
construct minimax optimal non-asymptotic confidence sets for low-rank matrix
recovery algorithms such as the Matrix Lasso and Dantzig selector.

* Uniform-in-bandwidth estimation of the gradient lines of a density, by D. Mason
and B. Pelletier. This paper exploits non parametric statistical techniques to
estimate the gradient flow of a stochastic differential equation. The results can
be of interest in clustering applications or the analysis of stochastic gradient
schemes.

Paris, France Nathael Gozlan
Warsaw, Poland Rafat Latala
Palaiseau, France Karim Lounici

Newark, DE, USA Mokshay Madiman
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Jorgen Hoffmann-Jorgensen (1942-2017) )

Check for
updates

Michael B. Marcus, Goran Peskir, and Jan Rosinski

Jgrgen Hoffmann-Jgrgensen, docent emeritus in the Department of Mathematics at
Aarhus University, Denmark, died on the 8th of December 2017. He was 75 years
old. He is survived by Karen, his wife of fifty years, his mother Ingeborg, his brother
Bent and his niece Dorthe.

He was a devoted teacher and advisor, a wonderful, friendly person, and a very
fine and prolific mathematician. His ties to Aarhus are legendary. Jgrgen received his
magister scientiarum degree from the Institute of Mathematics at Aarhus University
in 1966. He began his research and teaching there in the previous year and continued
through the academic ranks, becoming docent in 1988.

With a stroke of good luck he began his career as a probabilist under the most
auspicious circumstances. Kiyoshi It6 was a professor at Aarhus from 1966 to 1969.
Ron Getoor, who had been with It6 at Princeton, came to Aarhus as a visiting
professor in the spring semester of 1969. Jgrgen began his research career in the
presence of these outstanding probabilists. He often commented that, more than any
other mathematician, It6 had the greatest influence on his work.

There was widespread interest in sums of independent Banach space valued
random variables at that time. The famous paper of It6 and Nisio, ‘On the
convergence of sums of independent Banach space valued random variables’,
appeared in 1968. Jean-Pierre Kahane’s book, ‘Some random series of functions’

M. B. Marcus
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(first edition), mostly dealing with random Fourier series, also came out in 1968.
Functional analysts in the circle of Laurent Schwartz were using properties of sums
of independent Banach space valued random variables to classify Banach spaces.

Engaged in this work, Jgrgen published his most cited papers, ‘Sums of
independent Banach space valued random variables’, as a publication of the Institute
of Mathematics in Aarhus in 1972, and a paper with the same title, in Studia
Mathematica in 1974 (cf. [9]). The two papers overlap but each has material that
is not in the other. They contain the important and very useful relationship, between
the norm of the maximal term in a series and the norm of the series, that is now
commonly referred to as ‘Hoffmann-Jgrgensen’s inequality’.

Continuing in this study, Jgrgen collaborated on two important papers; with
Gilles Pisier on the law of large numbers and the central limit theorem in Banach
spaces [12], and with Richard Dudley and Larry Shepp on the lower tails of
Gaussian seminorms [13]. He returned repeatedly to the topics of these and his
other early papers, examining them in more general and abstract spaces. In this vein
Jgrgen reexamined the concept of weak convergence from a new perspective that
completely changed the paradigm of its applications in statistics. He formulated his
new definition of weak convergence in the 1980s'. This is now referred to as ‘weak
convergence in Hoffmann-Jgrgensen’s sense’.

Jgrgen remained an active researcher throughout his life. He was completing a
paper with Andreas Basse-O’Connor and Jan Rosifiski on the extension of the It6-
Nisio theorem to non-separable Banach spaces, when he died.

Jgrgen was also a very fine teacher and advisor with great concern for his
students. He wrote 10 sets of lecture notes for his courses, 2,620 pages in total, and
a monumental 1,184 page, two volume, ‘Probability with a view toward Statistics’,
published by Chapman and Hall in 1994. He was the principal advisor of seven
Ph.D. students.

Reflecting the interest in sums of independent Banach space valued random
variables, and the related field of Gaussian processes in Europe, Laurent Schwarz
and Jacques Neveu organized an auspicious conference on Gaussian Processes in
Strasbourg in 1973. This stimulated research and collaborations that continue to
this day. The Strasbourg conference was followed, every two or three years, by
nine conferences on Probability in Banach Spaces and eight conferences on High
Dimensional Probability. The last one was in Oaxaca, Mexico in 2017. The change
in the conference name reflected a broadening of the interests of the participants.

Jgrgen was one of a core group, many of whom attended the 1973 conference,
who took part in all or most of the eighteen conferences throughout their careers,
and often were the conference organizers and editors of the conference proceedings.
Most significantly, Jorgen was the principal organizer of three of these conferences
in the beautiful, serene, conference center in Sandbjerg, Denmark in 1986, 1993
and 2002, and was an editor of the proceedings of these conferences. Moreover, his

'Some authors have claimed, as we did in [14], that this definition was introduced in Jgrgen’s paper
Probability in Banach space [10] in 1977. However, after a careful reading of this paper, we do not
think that this is correct.
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influence on the study of probability in Europe extended beyond these activities. In
total, Jgrgen served on the conference committees of eighteen meetings in Croatia,
Denmark, Italy, France and Germany. Jgrgen also served as an editor of the Journal
of Theoretical Probability.

Jgrgen was one of the mathematicians at Aarhus University who made Aarhus
a focal point for generations of probabilists. But it was not only the research that
brought them to Aarhus. Just as important was Jgrgen’s warmth and wit and not
least of all the wonderful hospitality he and his wife Karen extended to all of them.
Who can forget the fabulous Danish meals at their house, and then, sitting around
after dinner, exchanging mathematical gossip and arguing politics, with the mating
calls of hump backed whales playing in the background?.

We now present some of Jgrgen’s better known results. This is not an attempt to
place him in the history of probability but merely to mention some of his work that
has been important to us and to give the reader a glimpse of his achievements.

Hoffmann-Jgrgensen’s Inequality Let (X,) be a sequence of independent sym-
metric random variables with values in a Banach space E with norm || - ||. We define

n
Si=Y X, N= SUp | Xl M = sup Sy
j=1

Hoffmann-Jgrgensen’s inequality states that
P(M > 2t +5) <2P(N > s) + 8P*(M > 1) (1.1

forallt,s > 0.

Note that since probabilities are less than 1 and the last term in this inequality
is a square it suggests that if M has sufficient regularity the distribution of M is
controlled by the distribution of N. This is a remarkable result.

Jgrgen gives this inequality in his famous paper [9]. He does not highlight it. It
simply appears in the proof of his Theorem 3.1 which is:

Theorem 1 Let (X,) be a sequence of independent E-valued random variables
such that

P(M <o0)=1 and E(N?) < o0

for some 0 < p < 0o. Then E(MP) < oc.

2The material up to this point has appeared in [14].
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This is how he uses the inequality to prove this theorem. Assume that the
elements of (X,) are symmetric and let R(z) = P(M > t) and Q(t) = P(N > 1)
for t > 0. Using the relationship

EMP) = f pxP71R(x)dx,
0

and similarly for N and Q, it follows from (1.1) that for A > 0

A A3
/ pxP7IR(x)dx = p3p/ pxP7VR(Bx)dx (1.2)
0 0

A/3 A/3
<2p 31’/ pxP~1Q(x)dx + 8p 31’/ pxP 7V R?(x)dx
0 0

A/3
< 2p3PE(N?) + 8p3p/ pxPIR?(x)dx.
0

Choose o > 0 such that R(f9) < (16p3P)~!. The condition that P(M < 00) = 1
implies that 75 < co. Then choose A > 3f(. Note that

A/3 10 A/3
f pxP T R?(x)dx =/ pxP ' R?(x)dx —I—/ pxP T R?(x)dx
0 0 fo

A3
<1+ R(to)f pxP IR (x)dx. (1.3)
1o

Combining (1.2) and (1.3) we get

A 1 A/3
/ pxP ' R(x)dx <2p3PE(NP) + 1) + 2/ pxP' R(x)dx. (1.4)
0 0

It follows from (1.4) that when the elements of (X)) are symmetric and E(N”) <
00, then E(M?) < oo. Eliminating the condition that (X},) is symmetric is routine.

Inequalities for sums of independent random variables that relate the sum to
the supremum of the individual terms are often referred to as Hoffmann-Jgrgensen
type inequalities. Jgrgen’s original inequality has been generalized and extended.
Many of these results are surveyed in [5] which obtains Hoffmann-Jgrgensen type
inequalities for U statistics. See [4] for a more recent treatment of Hoffmann-
Jgrgensen type inequalities in statistics.

Weak Convergence in Hoffmann-Jgrgensen’s Sense The classic concept of
convergence in distribution, dating back to de Moivre’s central limit theorem in
1737, admits the following well-known characterisation, traditionally referred to as
weak convergence (cf. [3]).
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Let (2, F, P) be a probability space, let S be a metric (topological) space, and let
B(S) be the Borel o-algebra on S. Let X1, X5, ... and X be measurable functions
from 2 to S with respect to F and B(S). If

Jlim Ef(X,) =Ef(X) (1.5)

for every bounded continuous function f : S — R, then we say that X,, converges
weakly to X, and following Jgrgen’s notation, write

X, > X (1.6)

as n — 00. The expectation E in (1.5) is defined as the (Lebesgue-Stieltjes) integral
with respect to the (o-additive) probability measure P.

The state space S in classical examples is finite dimensional, e.g. R or R” for
n > 2. The main motivation for Jgrgen’s reconsideration of (1.5) and (1.6) comes
from the empirical processes theory. Recall that the empirical distribution function
is given by

Fult, ) = i D IE ) <) (1.7)

i=1

forn > 1,¢ € [0, 1] and w € Q, where &1, &, ... are independent and identically
distributed random variables on 2 taking values in [0, 1] and having the common
distribution function F. In this setting, motivated by the classical central limit
theorem, one forms the empirical process

Xn(t, ) :=/n (Fu(t, 0) = F(1)) (1.8)

and aims to establish that X, converges ‘weakly’ to a limiting process X (of a
Brownian bridge type) as n — o00. A substantial difficulty arises immediately
because the mapping X, : Q2 — S is not measurable when S is taken to be the
set of all right-continuous functions x : [0, 1] — R with left-limits, equipped with
the supremum norm || x||cc = SUp,¢(o, 171X (r)| as a natural choice.

Skorokhod solved this measurability problem in 1956 by creating a different
metric on S, for which the Borel o-algebra coincides with the cylinder o-algebra,
so that each X, is measurable. For more general empirical processes

1 n
Xa(foo) = (| 3 K@) —Ef(XD) (19)
i=1

indexed by f belonging to a family of functions, there is no obvious way to
extend the Skorokhod approach. Jgrgen solved this measurability problem in the
most elegant way by simply replacing the first expectation E in (1.5) by the outer
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expectation E*, which is defined by
E*Y =inf{EZ | Z > Y is measurable } (1.10)

where Y is any (not necessarily measurable) function from 2 to R, and leaving
the second expectation E in (1.5) unchanged (upon assuming that the limit X is
measurable).

This definition of weak convergence in Hoffmann-Jgrgensen’s sense is given for
the first time in his monograph [11, page 149]. Although [11] was published in
1991, a draft of the monograph was available in Aarhus and elsewhere since 1984.
Furthermore, the first paper [1] which uses Jgrgen’s new definition was published in
1985. Jgrgen’s definition of weak convergence became standard soon afterwards. It
continues to be widely used.

It is now known that replacing the first E in (1.5) by E* is equivalent to replacing
it by EC where Q is any finitely additive extension of P from F to 2% (see
Theorem 4 in [2] for details). This revealing equivalence just adds to both simplicity
and depth of Jgrgen’s thought when opting for E* in his celebrated definition.

Hoffmann-Jgrgensen’s Work on Measure Theory As measure theory matured,
difficult measurability problems arose in various areas of mathematics that could not
be solved in general measure spaces. Consequently, new classes of measure spaces
were introduced, such as analytic spaces, also called Souslin spaces, defined by
Lusin and Souslin and further developed by Sierpinski, Kuratowski and others. For
many years analytic spaces received little attention until important applications were
found in potential theory by Choquet and group representation theory by Mackey.
Analytic spaces were also found to be important in the theory of convex sets, and
other branches of mathematics.

Stimulated by these developments, Jgrgen undertook a deep study of analytic
spaces early in his academic career, resulting in his monograph ‘The Theory
of Analytic Spaces’ [7]. This monograph contains many original, and carefully
presented results, that are hard to find elsewhere. For example, from Jgrgen’s Section
Theorem, [7, Theorem 1, page 84], one can derive all of the most commonly used
section and selection theorems in the literature.

The final chapter of the monograph is devoted to locally convex vector spaces,
where it is shown that all of the locally convex spaces that are of interest to
researchers are analytic spaces. As Jgrgen wrote “The importance of analytic spaces
lies in the fact that even though the category is sufficiently small to exclude all
pathological examples ..., it is sufficiently large to include all (or almost all)
interesting and important examples of topological measure spaces.”

In one of his first papers [6] listed in Mathematical Reviews and Zentralblatt,
Jgrgen investigates extensions of regenerative events to continuous state spaces, a
problem proposed to him by P.-A. Meyer. In his subsequent paper [8], he makes the
surprising observation that the existence of a measurable modification of a stochastic
process depends only on its 2-dimensional marginal distributions. He then gives
necessary and sufficient conditions for the existence of such a modification for the
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process (X;);er with values in a complete separable metric space K, expressed in
terms of the kernel

Q(s, 1, A) = P((Xy, X1) € A)

where T is a separable metric space, s, € T, and A € B(K?). Jgrgen’s interest in
measure theory aspects of probability continued throughout his career.
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Chapter 2 m)
Moment Estimation Implied Shethie
by the Bobkov-Ledoux Inequality

Witold Bednorz and Grzegorz Glowienko

Abstract In this paper we consider a probability measure on the high dimensional
Euclidean space satisfying Bobkov-Ledoux inequality. Bobkov and Ledoux have
shown in (Probab Theory Related Fields 107(3):383—400, 1997) that such entropy
inequality captures concentration phenomenon of product exponential measure and
implies Poincaré inequality. For this reason any measure satisfying one of those
inequalities shares the same concentration result as the exponential measure. In
this paper using B-L inequality we derive some bounds for exponential Orlicz
norms for any locally Lipschitz function. The result is close to the question posted
by Adamczak and Wolff in (Probab Theory Related Fields 162:531-586, 2015)
regarding moments estimate for locally Lipschitz functions, which is expected to
result from B-L inequality.

Keywords Concentration of measure - Poincaré inequality - Sobolev inequality

Subject Classification 60E15, 46N30

2.1 The Bobkov-Ledoux Inequality

Let u be a probability measure on RY. We assume that 1 satisfies Bobkov-Ledoux
inequality i.e. with fixed D > 0, for any positive, locally Lipschitz function f such
that |V f|eo < f/2 we have

Ent, f> < DE, |V f|3. 2.1

As noticed by Bobkov and Ledoux in [3] this modification of log-Sobolev inequality
is satisfied by product exponential measure, but more importantly, it implies
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subexponential concentration. It is also quite easy to show that it implies Poincaré
inequality. For any smooth function g we may take f = 1 4 €g and € > 0 such that
|V floo < f/2, which allows us to apply (2.1). In the next step divide both sides of
inequality by €2, consider standard Taylor expansion and take limit with e tending
to 0. As a result

D 2
Var,g < EulVels, 2.2)

which is exactly the Poincaré inequality. Finally just notice that any locally Lipschitz
function f such that both f and |V f|> are square integrable w.rt. u may be
approximated in (2.2) by smooth functions. The result means that B-L inequality
(2.1) is stronger than Poincaré inequality (2.2), nevertheless both inequalities imply
concentration phenomenon of product exponential measure, therefore any measure
satisfying one of those inequalities shares the same concentration result. See [3] for
more details regarding this subtle connection.

As we are dealing with big number of constants in the following section, it would
be wise to adopt some useful convention. Therefore, let us denote by D’ numeric
constant which may vary from line to line, but importantly, it is comparable to D
from log-Sobolev inequality (2.1). Similarly let C be constant comparable to 1 and
by C(«) denote one that depends on « only.

In [4] it was noticed by E. Milman that, Poincaré inequality (2.2) implies the
following estimate for p > 1

If =Euflp < VDIV flallp, (2.3)
with f locally Lipschitz. It is easy to see that above results with the following bound
If =Eufllp, < VD' pVAIlIV floollp-

Adamczak and Wolff has conjectured in [1] that Bobkov-Ledoux inequality (2.1)
imply

Lf —Eufllp VDIV flallp + CPIY floollp-

They also proved following weaker form of the conjecture

If =Eufll, < VDIV flallp + CPIY floslloo. (2.4)

Their result is based on tricky modification of given function so that (2.1) could be
used. In our paper we are trying to understand this phenomenon and apply its more
advanced form.
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2.2 Bounds for Moments

In this section we investigate possible estimates for ||g||po, With a given o > 0,
when we know that g“ is globally Lipschitz. This bounds will be useful when we
start dealing with the exponential Orlicz norms.

Theorem 2.1 If measure | satisfies (2.1), function g is non-negative, locally
Lipschitz and p > 1, then
for 0 <a <1

1
lgllpe < 2¢ max {pe [1Ve%loo]| 2., Igll2ar ap? v/ D[V gl ll e

and in case of o0 > 1

1
lgllpe < max {26 pe ||Ve% o] &, 24 I glloas ap> VD'l Vglall o).

Proof Consider g* to be a non-negative Lipschitz function, otherwise estimate is
trivial. Note that in case of p < 2 there is also nothing to prove, therefore we may
take p > 2. For simplicity let us assume that |||Vg%|solloc = 1. If it happens to be

Igl5e <2p[1VE% 0]l o (2.5)

then proof is once again trivial, therefore assume that

18156 > 2P]1V8% 00| o (2.6)

then following the idea of the proof of (2.4) from [1] we define function 1 =
max{g, c}, where ¢ = ||g||,,a/2§c. Obviously, for2 <t < p

IV 2|og 1 [Vh¥| oo
hot/2 = 2 ho

Due to our definition & > ¢ and |VA® |5 < |Vg%|oo, Which gives us

Voo _ 21V
~
he gl

Combining above with (2.6) we get

H [VAY1/2| H t o 1
het/2 oo ~2p T 27
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Therefore, we may apply (2.1) to the function 2%'/2 and thus by the Aida Stroock
[2] argument i.e.

2/t—1

d 2 2 2/1—1 2o D 2— 2
dt||h°‘||, =t2(Eh°") Ent(h*'/%)? < 2(Eh°") E[h%/27*Vh%|3,

combined with Holder inequality with exponents #/(t — 2) and ¢/2 applied to the
last term, gives us

d D _ _ D
i ||ha||t2 < ) (Ehat)z/t I(Ehal‘)l 2/I(E|Vha|t2)2/l‘ — 5 Hthab”tz

The moment function (as function of ¢) is non-decreasing, therefore for2 <t < p
we get

IR 15 = 1A 15 < lz)(p = )IVR“ a5 2.7)
Now we have to consider two cases. First suppose that @ < 1 and then
VA 1201, < @lllVglh* ™, < ac® 'IVgall,
and combining this with (2.7), we infer

a?D

1A < WAI5 +

(p =2 *[|Vglall3.
Now observe that ||h% II?, > |g* ||?7 and furthermore
o2 20 o2 1 o2 o2
1A% < c™ +11g” Iz < 4||g I + 187113,

which combined together gives us

3 a’D _
e G < g I3+ 7,7 (p =2 Vel Il (2.8)
Noting that the case of
lgl5e < 208l15: (2.9)

is another trivial part, we assume conversely getting

1 1
1815 = llglza < lelpe = , 18”1
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which together with (2.8) implies that
gl < a*D(p — 2> [|Vglall3. (2.10)

Reminding that ¢* = 27 "||g||%, we infer

gl < 24722 D(p — 2)|Vglall
and rewriting it in simplified form
1 , 1
lgllpa < 2¢av/D'p2(||Vgl2llp. (2.11)

Combining together (2.5), (2.9), and (2.11) implies the result in the case of 0 < o <
1.

Consider now case of o > 1, following the same reasoning as in previous case,
up to the (2.7) after that Holder inequality is used, we get

VA2l < alllVelah* I, < @llVelallpallhll%

Therefore, by (2.7)

2 (A 2D 2
17076 (1 — Il )< 2(p—2)||IVgI2||pa- (2.12)

Again, either (2.9) holds or we have

1 1 1
Il5e = 1115 < * + 1115 =, 1"l + , 1l = , gle

Since obviously ||h||f7 ||g||pa, we get
g — M8 - ooy [
e )2 "~
and combining above with (2.12) gives us
1
lgllpe < /D' p21||Vglallp. (2.13)

Clearly (2.5), (2.9), and (2.13) cover the case of « > 1, which ends whole proof. B

Next step of the reasoning is to apply previousresult to g = | f —E, f| and combine
it with Poincaré inequality. Let us gather everything together in form of
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Corollary 2.1 If measure u satisfies (2.1), function f is locally Lipschitz and p >
1, thenfor 0 <a < 1

1
a
)
o

1 1
1f = By fllpo < 26 max | pe

VIf =Euf1”]
DNV ]y eV D19 Pl -

and in case of a > 1

1
a
)
o

1/ = Epf e < max {20 po | [91f = By f 1]
200/ DIV fla] o0 @02 VD1V £ |

Proof If we fix g = | f — E,, f| then by the Poincaré inequality

If = Eufloa < @V DVD'[IVFl2] g0

Note also that

[1V8l2] o = 1191121 g

then applying Theorem 2.1 statement easily follows. ]

2.3 Bounds for Exponential Orlicz Norms

First, let us recall the notion of exponential Orlicz norms. For any o > 0
I fllg@ = inf{s > 0: E,exp(|f|*/s*) <2}.

Obviously, || fllgw) is a norm in case of o > 1 only, otherwise there is a

1
problem with the triangle inequality. Moreover, we have || fllow) = lIlf |°‘||(‘;(1).
Nevertheless, in case of 0 < o < 1 one can use

1
Il f +g||(ﬂ(0l) =lf +g|a”(‘;(1)
1 1
S M+ 18155y < U1 lpay + Mg lpay) @

1 1
= (112 + 181% ) e < 267 U llp) + N8llpt)-
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It is worth to know that || f[l4() 1s always comparable with sup; >, ”l{l%‘*. More
precisely, observe that for all £k > 1 and a positive g

||g||
< lglke,.

Note that, just by the definition of ||g || (), there exists k > 1 for which

||g||’,§
e gl

Let us denote the set of such k > 1 by J(g, o) and note that for any k € J (g, @)

1
(kD7 ke |Igllke < lgllpe) < 2“(k') ta I lko - (2.14)

Next let M > e be such a constant that (k!)/i > k/M for all k > 1. We have
following crucial observation namely for all k € J(g, )

 lelha
Iglp@ < @M)a '8k 2.15)

o

Therefore, we may use Theorem 2.1 in order to obtain

Corollary 2.2 If u satisfies (2.1) and g is non-negative locally Lipschitz function,
then forany k € J(g,a) incaseof 0 <o <1

gy < @M max {||Vg® oo 2. K lglaas k> =o /D |1V, )

andfor1l <a <2

1
gy < @M= max {[IVgloo| 2, k™ l1gllaa 27w k2o /D982 |, }-

Note that set J (g, ) is stable with respect to g — h, where h = max{g, c} i.e. if ¢
is comparable to ||glly(«) there exists C > 1 such that for k € J (g, @)

ka
A1l ih[ke
k! Ck p(a)’

which means that we cannot easily improve the result using the trick.
In the same way as we have established Corollary 2.1 we can deduce the
following result.
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Corollary 2.3 If u satisfies (2.1) and g is locally Lipschitz function, then for any
ke J(g,a)incaseof 0 <a < 1

1
1 o
1 = By ot < @a0)e max{|[V17 =B, f1] |
1 11
ke DIV fla]) , k2 m/D’|||Vf|2||ka].
and for o > 1
| .
1 =Bl < @a0s max {917 = B, f1e] |

ke /D' ||V 11

y 2o ak2 e/ DIV £, )

A simple consequence of the above is

Corollary 2.4 If j satisfies (2.1) and 0 < « < 2, then for any locally Lipschitz
function f

I = Euf o < C@IVIS = Euf 9] |2 + VD19 712 20 ).

The result shows that at least for globally Lipschitz function | f|%, ¢ < 1 the

exponential moment || f — E, fly«) has to bounded, though it is still far from
1

replacement of |||V|f — E, %l |l% by the expected |||Vf|oo||(p(lga).

Note that it is not possible to simply replace the constant C(«) ~ (4M )olc in
Corollary 2.4 by 1 which would be a natural choice for the question. In the next
section we will show another approach which allows to obtain such a result.

2.4 Another Approach

Theorem 2.2 If u satisfies (2.1) and 0 < o < 2, then for any locally Lipschitz
function f

1
I = Euflloe) < [|VIf = Enf1*| | & + C@VD IV £l 2o

1

where C(a) = a (11122>a.

Proof Let g% be a non-negative Lipschitz function, we may assume that

[1V8% Ioolloo = ]| IVglocg® " lloo < 1.
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Then for any # < 1 and a function 2 = exp(g*#/2) we can apply (2.1), indeed

VAo t 1

|| = oIl <

In fact there are three possibilities we should acknowledge.
The first case we should consider is E, exp(g¥) < 2, but then

llgllp@ < 1. (2.16)

1
Otherwise there must exist £, < 1 such that Eexp(g®ts) = 2. Clearly 1/t =
lglly(a)- For simplicity let us denote V (t) = InEexp(g*t), t > 0. It is well known
that V is convex, increasing and V (0) = 0. Now we use (2.1), in order to get for all
t €[0,1]

V(1)
(") < Bave et — Vi), 2.17)
Note that V (0)’ = E, g*. Moreover, for 0 < ¢ < 1, we have ! , Sexp(=V() <1
so we can rewrite (2.17) in the following form
Vit «
( t”) <Pg LIV 3es™. (2.18)

Since V is convex V(0) = 0 we know that V (¢)/¢ is increasing and also V'(0) =
E, g% Consequently, integrating (2.18) on [0, ]

V(l*) i k(xtk+l
e ~ i k+ D
Note that V(t,) = 1n2, so
S tk+2

D
In2 < t,E Vg®|2gke.
n2 < tE, g% + Z(k+1), ulVe“lsg

The second case which should be considered is when ¢, is very close to E, g%. If
tE,g% > ) In2, then

1 2 \a
lglow = 1 < () lglle- (2.19)

1y
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For the last part of the proof we assume that
o 1
tE; g% < 5 In2.

Obviously, we have then

n2 D (k2
< *k E v a2 ko
2 S g kZ_O (k4 1y EulVETI28

Using the Holder inequality, we get
Eu. |Vgc{ |%gk0l — O{ZEH, |Vg|%g(k+2)a_2

2 2
«?[[IVgll
2 2 k+2)a—2 (k+2) k+2
<AVl inalgliae > = ) “E, g%t
”g”(k+2)oz

Therefore,

(k+2)| |Vg|2”(k+2)a Z>I:+2Eﬂg(k+2)a

1
1n2 (2.20)
; ”g”(k+2)a (k+2)!
Now we split all the indices k into two classes.

1 1

(k+2)e (k+2)e
I'={k=20: lglk+2ye < o b I =200 liglw2e > 1 b
Matf Matf

where the constant M > 1 will be chosen later. First, we bound summands over the
set I, 1.e.

2

2
kel 811120

(k + 2 1IVELR NG 2 thH2E, gk +2e
(k +2)!

2 2002 -2 (k+2)%2 2 2
< max(k +2) Vel l[Gsayols Mk +2) kZIj ks 42y M

k+2
Obviously it is easy to choose M close to 2e so that ), ; M(,]ffzz&ﬂ), < 1. Thus,

we may state our bound over [ in the following form

2

2
kel 1811 +2)a

(k+2DIVEI2012 5y t5H2E, gk +De 2
(k+2)a Ty “ I_Li_gz)y < K2t? Mi’ (2.21)
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11Vel2llke
11
ke 2

where K = max; > . On the set J we do as follows

(k + 2 1IVELRNG 2 thH2E, gk +2e
(k +2)!

2

2
kel 1811 +2)a

2 k+2)Velal? (K2R, g k2
<t Mgc max (k+2)er Z * n8

k=0 (k-|—2)§ ey K2
But now
Z t>l:+2Ep,g(k+2)a tf+2EMg(k+2)a )
P L o
o Gt T (42

Thus, our bound on J is

(k + 211Vl 2 tAH2E, gk +2e

2 ) .
kel ”g”(k+2)a (k +2)!

2 52
< MoKt

Combining bounds (2.21), (2.22), and (2.20) we get

22 2,2
Doy S MoK

but this implies
1

nNe oo
o S (DHEaK"

Note that K is comparable with [||Vg|2|| o(2) It leads to the formula

1 !
lgllye = , <avD'|l|Velal

200 .
o 0(,5,)

Bound (2.16), (2.19), and (2.23) implies that for any positive g

1
1 2 a
lgllp@ < max {|IVe1%] .. (m) Igler /D IIVgl2lly 2o )}

If we now fix g = | f — E,, f| then by the Poincaré inequality

If —Eufla < VDIVl

19

(2.22)

(2.23)

(2.24)
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Note also that
11Vl 2o ) = IV Fl2lly 2o )

Thus, by (2.24) we obtain

1

1 2 a
IIf—Eu.f||¢<a><maX{H|V|f—Euf|°‘\ongo,( ) 1f ~Epflla e/ DIV f L2l 20}

In2

It ends the proof. ]
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Chapter 3 )
Polar Isoperimetry. I: The Case Shethie
of the Plane

Sergey G. Bobkov, Nathael Gozlan, Cyril Roberto, and Paul-Marie Samson

Abstract This is the first part of the notes with preliminary remarks on the plane
isoperimetric inequality and its applications to the Poincaré and Sobolev-type
inequalities in dimension one. Links with informational quantities of Rényi and
Fisher are briefly discussed.

Keywords Isoperimetry - Sobolev-type inequalities - Rényi divergence power -
Relative Fisher information

3.1 Isoperimetry on the Plane and the Upper Half-Plane

The paper by Diaz et al. [4] contains the following interesting Sobolev-type
inequality in dimension one.

Proposition 3.1.1 For any smooth real-valued function f on [0, 1],

1 1
| Jrors L peras = ( [ rewrax)” G.1)
0 T 0

S. G. Bobkov (<)
School of Mathematics, University of Minnesota, Minneapolis, MN, USA
e-mail: bobkov@math.umn.edu

N. Gozlan
Université Paris Descartes, MAPS, UMR 8145, Paris Cedex, France
e-mail: natael.gozlan @parisdescartes.fr

C. Roberto
Université Paris Nanterre, MODAL’X, EA 3454, Nanterre, France
e-mail: croberto@math.cnrs.fr

P.-M. Samson

LAMA, Univ Gustave Eiffel, UPEM, Univ Paris Est Creteil, CNRS, F-77447, Marne-la-Vallée,
France

e-mail: paul-marie.samson @univ-mlv.fr

© Springer Nature Switzerland AG 2019 21
N. Gozlan et al. (eds.), High Dimensional Probability VIII,
Progress in Probability 74, https://doi.org/10.1007/978-3-030-26391-1_3


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-26391-1_3&domain=pdf
mailto:bobkov@math.umn.edu
mailto:natael.gozlan@parisdescartes.fr
mailto:croberto@math.cnrs.fr
mailto:paul-marie.samson@univ-mlv.fr
https://doi.org/10.1007/978-3-030-26391-1_3

22 S. G. Bobkov et al.

More precisely, this paper mentions without proof that (3.1) is a consequence
of the isoperimetric inequality on the plane R?. Let us give an argument, which is
actually based on the isoperimetric inequality

nt(A) = V21 (n(A)'?, A CRY (Ais Borel), (3.2)

in the upper half-plane Ri = {(x1,x2) € R? : xo > 0}. Here, u denotes the
Lebesgue measure restricted to this half-plane, which generates the corresponding
notion of the perimeter

w(A +eBy) — u(A)

wt(A) = liminf
e—>0 &

(cf.e.g. [2]).
Inequality (3.2) follows from the Brunn-Minkowski inequality in R?

WA+ B2 > ()2 + w(B)'?

along the same arguments as in the case of its application to the usual isoperimetric
inequality. Indeed, applying it with a Borel set A C R%r and B = ¢B; (¢ > 0), we
get

1WA +eBp) > [ (A2 + M(€Bz)1/2]2

[ ()]

= (A) + V271 (u(A)%e + 0 (e,

and therefore (3.2) from the definition of the perimeter.
The relation (3.2) is sharp and is attained for the upper semi-discs

A, ={(x1,x) eR>:x2 +x2 <p?, x2>0}, p>0.

In this case, u(A,) = é mp? is the area size between the upper part of the circle
x% + x% = p? and the x;-axis x, = 0, while the z-perimeter is just the length of the
half-circle u*(A,) = mp.

To derive (3.1), one may assume that the function f is non-negative and is not
identically zero on [0, 1]. Then we associate with it the set in Ri described in polar
coordinates as

A={(x1,x):0<r<f@), 0<t<1)
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with x; = r cos(rrt), xo = r sin(r¢). Integration in polar coordinates indicates that,
for any non-negative Borel function u on R?,

1 o0
//2 u(xiy,x2)dx1dxr = / |:/ u(r cos(mt), r sin(m‘)) rdri| dt. 3.3)
R -1 0

Applying it to the indicator function u = 14, we get

1
=" / F@0)? .
0

On the other hand, *(A) represents the length of the curve C = {(x1(¢), x2(¢)) :
0 <t < 1} parameterized by

x1(t) = f(t)cos(rwt), x2(t) = f(t)sin(we).
Since
O+ x50 = FOF + 7t f(0)2,

we find that
1 1
pta) = f JH 02 + 02 de = f Jrwr s x2perar.
0 0

As a result, the isoperimetric inequality (3.2) takes the form

1 1
/ \/f’(t)2+712f(t)2dt > 27 (”/ f(t)zdt)l/z.
0 2 Jo

which is the same as (3.1). Note that the condition f > 0 may easily be removed in
the resulting inequality. O

One can reverse the argument and obtain the isoperimetric inequality (3.2) on the
basis of (3.1) for the class of star-shaped sets in the upper half-plane.

The same argument may be used on the basis of the classical isoperimetric
inequality

wt(A) > Var (u(A)'?  (Ais Borel) (3.4)

in the whole plane R? with respect to the Lebesgue measure s. It is attained for the
discs

Ap={(x1.x) eR?:x{+x3 < p?),  p>0,

in which case u(A,) = 7p? and ,u+(Ap) =2mp.
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Starting from a smooth non-negative function f on [—1, 1] such that f(—1) =
f(1), one may consider the star-shaped region

A={(x1,x):0<r<f@@), —-1<t<l1}, x1 =rcos(mt), xo = rsin(wt),
enclosed by the curve C = {(x1(¢), x2(¢)) : —1 <t < 1} with the same functions

x1(¢t) = f(t)cos(mt), xo(t) = f(¢)sin(rwt). Integration in polar coordinates (3.3)
then yields a similar formula as before,

1
jL(A) = Z / o2
-1

and also the perimeter it (A) represents the length of C, i.e.,

1 1
ntA) = f e 4 502 di = / Jr@r 2 p@rar.
—1 -1

As a result, the isoperimetric inequality (3.4) takes the form

1 1
f S+ pwrar = Vi (”f f(t)zdt)1/2,
-1 2 -1

or equivalently,

1 1\/1 - 5 PN V-
o e rrwr s seran= ([ rwra)” (5)

To compare with (3.1), let us restate (3.5) on the unit interval [0, 1] by making
the substitution f(¢) = u( 1;”). Then it becomes

1 1\/1 L2 42 Ll e 2
dt > ( )dt .
2/_1 4n2”( 2 ) +”< 2 ) —<2/_1” 2 >

Changing x = “2” , replacing u again with f, and removing the unnecessary

condition f > 0, we arrive at:

Proposition 3.1.2 For any smooth real-valued function f on [0, 1] such that

J(0) = f(1),

1 1 1 1/2
/ Jrors L perac= ( | rwrax)” (3.6)

As we can see, an additional condition f(0) = f(1) allows one to improve the
coefficient in front of the derivative, in comparison with (3.1). It should also be clear
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that (3.6) represents an equivalent form of the isoperimetric inequality (3.4) for the
class of star-shaped regions.

3.2 Relationship with Poincaré-type Inequalities

It would be interesting to compare Propositions 3.1.1-3.1.2 with other popu-
lar Sobolev-type inequalities such as the Poincaré-type and logarithmic Sobolev
inequalities. Starting from (3.1) and (3.6), a simple variational argument yields:

Corollary 3.2.1 For any smooth real-valued function f on [0, 1],

1
var, () < / 102 dx, 3.7
s 0

where the variance is understood with respect to the uniform probability measure
du(x) = dx on the unit segment. Moreover, if f(0) = f(1), then

ot
Var,(f) <, , /O f'(x)*dx. (3.8)

The constants nlz and 47112 in (3.7)—(3.8) are optimal and are respectively attained

for the functions f(x) = cos(mrx) and f(x) = sin(2wx) (cf. also [1]).
For the proof, let us note that an analytic inequality of the form

1 1
[ Vrwrsererar = ([ rwrax)” (39)
0 0

with a constant ¢ > 0 becomes equality for f = 1. So, one may apply it to f, =
1 4 ¢f, and letting ¢ — 0, one may compare the coefficients in front of the powers
of & on both sides. First,

1 1 1
/ fo()dx =1 +2e[ f(x)dx+82/ f(x)*dx,
0 0 0

so, by Taylor’s expansion, as € — 0,

</1 fg(x)z dx>l/2
0

1 82 1
1+g/ f)dx + / f)?dx
0 2 Jo

1 1
! (25/ f(x)dx+52/ f(x)zdx)2+0(s3)
8 0 0

1 &2 rl g2 1 2
1 +€/ f@)dx + / fx)?dx — (/ f(x)dx) + 0(&).
0 2 0 2 0
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On the other hand, since
Fo)? +cefl(0)? = 14 2ef(x) + &* (f ()% + cf ' (0)?).
we have
2
(e +cfl)?) P = 1+ef(x) + 82 (F@)2 +cf'(0)2)
1 2 2 / 2 2 3
4 (28f(x)+8 (F()2 +cf'(x) )) + 0@
2
—14ef(x)+ C; 102 + 0.
Hence
! 2 20172 ! ce? 2 3
| (@ s erior) Pay = 1ee [ poan+ ) [ raracs o).
0 0

Inserting both expansions in (3.9), we see that the linear coefficients coincide, while
comparing the quadratic terms leads to the Poincaré-type inequality

1 1 2
c/f/(x)zdx > / f(x)%lx—(/ f(x)dx) .
0 0

O

Thus, the isoperimetric inequality on the upper half-plane implies the Poincaré-
type inequality (3.7) on [0, 1], while the isoperimetric inequality on the whole plane
implies the restricted Poincaré-type inequality (3.8), with optimal constants in both
cases.

3.3 Sobolev Inequalities

If f is non-negative, then f(x) = 0 = f’(x) = 0 and thus f(x)> + cf’(x)> = 0.
Hence, applying Cauchy’s inequality, from (3.9) we get

1 5 1 f/(x)z 2
fo fx)?dx < ( /0 VI fx) +c o) 1{f(x)>0}dx)

1 1 1 g7 2
JS1(x)
< /0 fx)dx (/0 f(x)dx +c Ly F) 1{f(x)>0} dx).
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Therefore, Propositions 3.1.1-3.1.2 also yield:

Proposition 3.3.1 For any non-negative smooth function f on [0,1] with

Jo fydx =1,

1 1 f/(x)Z

Varﬂ(f) < 2 f(x) l{f(x)>0}dx, (3.10)

where the variance is with respect to the uniform probability measure |v on the unit
segment. Moreover; if f(0) = f(1), then

1 f/(x)Z

I{fx)>0pdx. (3.11)
f(x) {f (x>0}

1
Varu(f) <, 5

Recall that there is a general relation between the entropy functional

B (/) = [ flogfdi— [ fautog [ fau (£ =0

and the variance, namely

Entﬂ(f)/fdu < Var, (f). (3.12)

It is rather elementary; assume by homogeneity that f fdp=1.Sincelogt <t—1
and therefore r logt < ¢(t — 1) for all ¢+ > 0, we have

f)log f(x) < f(x)* = f(x).

After integration it yields (3.12).
Using the latter in (3.10)—(3.11), we arrive at the logarithmic Sobolev inequali-
ties.

Corollary 3.3.2 For any non-negative smooth function f on [0, 1], with respect to
the uniform probability measure p on the unit segment we have

1 1 £ 2
Ent, (f) < 2 ff(();)) Lifoo>0pdx. (3.13)
Moreover, if f(0) = f(1), then
lf/(x)Z

1
Entﬂ(f) < 42 1{f(x)>0} dx. (3.14)

J(x)
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Replacing here f by (14 ¢f)? and letting ¢ — 0, we return to the Poincaré-type
inequalities (3.7) and (3.8) with an extra factor of 2. The best constant in (3.13)
is however 27112 and in (3.14) is 87112 [1, Proposition 5.7.5]. On the other hand, the
inequalities (3.10)—(3.11) are much stronger than (3.13)—(3.14).

3.4 Informational Quantities and Distances

The inequalities (3.13)—(3.14) may be stated equivalently in terms of informational
distances to the uniform measure p on the unit segment. Let us recall that, for
random elements X and Z in an abstract measurable space §2 with distributions
v and u respectively, the Rényi divergence power or the Tsallis distance from v to
w of order o > 0 is defined by

1 o 1
L(XI12) = Tl = [/(;’) pdx—l} =, [/f"‘du— 1},

where p and ¢ are densities of v and p with respect to some (any) o-finite
dominating measure A on £2, with f = p/q being the density of v with respect
to u (the definition does not depend on the choice of A). If « = 1, we arrive at the
Kullback-Leibler distance or an informational divergence

T1(XIIZ)=D(XIIZ)=/p10g2d>»=/f10gfdu,

which is the same as Ent, (f). For o = 2 the Tsallis T>-distance is the same as the
x2-distance. If & > 1, necessarily Ty (X||Z) = oo as long as v is not absolutely
continuous with respect to w. In any case, the function « — 7, is non-decreasing;
we refer an interested reader to the survey [6] (cf. also [3]).

In the case of the real line £2 = R, and when the densities p and g are absolutely
continuous, the relative Fisher information or the Fisher information distance from
v to u is defined by

0 ’ Ny oo f£2
(p—q>pdA=/ ! du,

P q —oo f
still assuming that the probability measure v is absolutely continuous with respect to
n and has density f = p/q. This definition is commonly used when g is supported
and is positive on an interval A C R, finite or not, with the above integration

restricted to A. With these notations, Proposition 3.3.1 corresponds to the order
o = 2 and therefore takes the form

1(X[|Z) = T (v]|w) =/

—00

1 1
nLX12) = _, I(X]12), LX2) =, , 1(X|12), (3.15)
T 4
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holding true for an arbitrary random variable X with values in [0, 1]. Here the
random variable Z has a uniform distribution w on [0, 1], and we use an additional
constraint f(0) = f(1) in the second relation.

There is also another non-distance formulation of (3.15) in terms of classical
informational quantities such as the Rényi entropy power and the Fisher information

o0 _ 2 o0 ./ 2
Ne(X) = (/ p(x)“dx) “t I(X):/ pp((i)) dx.

Here the case « = 2 defines the quadratic Rényi entropy power Na(X). If w is
supported and has an absolutely continuous positive density g on the interval A C
R, one may also define the restricted Fisher information

/ 2
Io(X)=/ AN
A px)

For example, if Z is uniformly distributed in the unit interval, so that g(x) = 1 for
0 < x < 1, we have I(Z) = oo, while Ip(Z) = 0. In this case, if X has values in
[0, 1], we have

1
Tz(X||Z)=/ p)dx —1=Ny(X)""?2 =1,  1(X]|12) = I)(X).
0

Hence, the first inequality in (3.15) may be written as the following.

Corollary 3.4.1 For any random variable X with values in [0, 1], having there an
absolutely continuous density, we have

1 2
NZ(X)<1 + IO(X)) > 1. (3.16)

This relation is analogous to the well-known isoperimetric inequality for
entropies,

N(X)I(X) > 2me,

where N(X) = Ni(X) = ¢*"® is the entropy power, corresponding to the Shannon
differential entropy

(e.¢]

h(X) = — / p(x)log p(x) dx.
—00

The functional Ip(X) may be replaced with 7(X) in (3.16) (since Iy < I),

and then one may remove the assumption on the values of X. Moreover, with

the functional 7 (X), this inequality may be considerably strengthened. Indeed, the
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relation No(X)(1 + ﬂlz 1(X))? > 1is not 0-homogeneous with respect to X, and
therefore it admits a self-refinement when applying it to the random variables 1 X,
A > 0. Optimizing over this parameter, we will obtain an equivalent 0-homogeneous
relation

N2 (X)I(X) = c, (3.17)

with ¢ = /4. But, it is obviously true that with ¢ = 1. To see this, first note that,
by the Cauchy inequality, for all x € R,

p(x)=f P () dy sf PO dy =f PO 5y dy
—o0 P(3)=0 p(1)>0 VP()

1rn2 1/2 172
< (/ PO) dy) (/ p(y)dy) = JI(X).
p(=0 P(Y) p(3)>0

Therefore,

/w p(x)?dx < VI(X),

that is, Np(X)I(X) > 1.

Observe that another inequality involving the quadratic Rényi entropy power
N>(X) and some generalisation of Fisher information can be extracted from [5],
namely for all 1 < g < oo, Nao(X)? [ |p/|p > C, for an optimal constant Cy.
However it’s unclear how to related this inequality to (3.17).
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Chapter 4 m)
Iterated Jackknives and Two-Sided fleckir
Variance Inequalities

Olivier Bousquet and Christian Houdré

Abstract We consider the variance of a function of n independent random variables
and provide inequalities that generalize previous results obtained for i.i.d. random
variables. In particular we obtain upper and lower bounds on the variance based on
iterated jackknife statistics that can be considered generalizations of the Efron—Stein
inequality.

4.1 Introduction

The properties of functions of n independent random variables, and in particular
the estimation of their moments from the moments of their increments (i.e. when
replacing a random variable by an independent copy) have been thoroughly studied
(see, e.g., [2] for a comprehensive overview). We focus here on the variance
and consider how to refine and generalize known extensions of the Efron—Stein
inequality in the non-symmetric, non-iid case.

But first, let us review some of the existing results. Let X1, X2, ..., X, be iid
random variables and let S : R" — R be a statistic of interest which is symmetric,
i.e., invariant under any permutation of its arguments, and square integrable. The
(original) Efron—Stein inequality [3], states that the jackknife estimates of variance
is biased upwards, i.e., denoting by X an independent copy of Xi,..., X, and
setting S; = S(X1,..., X1, Xi41,.... X0, X),i=1,...,n,and S, ;| = S, then

Var § < EJj, “4.1
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where

n+1 1

_ a o
Jl—i;(s, 9= i SN s -5 4.2)

I<i<j<n+l1

and § = Z?:ll S;/(n + 1). Beyond the original framework, the inequality (4.1)
has seen many extensions and generalizations with different proofs which are well
described in [2], whose notation we essentially adopt and to which we refer for a
more complete bibliography and many instances of applications. Let us just say that
(4.1) can be seen as the “well known" tensorization property of the variance which
asserts thatif X1, Xo, ..., X, are independent random variables with X; ~ u;, then

n
Va_‘["unS < ]E'un ZVarm S, (43)
i=1

where [E» and Var,» are respectively the expectation and variance with respect to
w", the joint law of X, X5, ..., X,,, while Var,,, S is the variance of S with respect
to i, the law of X;. In fact, if foreachi = 1,2, ...,n, 5(,- ~ [i; is an independent
copy of X;, then (4.3) can be rewritten as

1 n
Var,n S < ZEM Z]EM@,L. (S — Si)?
i=1

1 n
= Ew > B (S - 8% (4.4)

i=1

where §; = S(X1, ..., X;—1, 5(,', Xit1, ooy Xn).

Neither (4.1) nor (4.4), whose proof can be obtained, for example, by induction,
require S to be symmetric. In case S is symmetric, and the random variables are
identically distributed, the right-hand side of (4.4) becomes nlE,» gz, (S — S 1)?/2
while, via (4.2), the right-hand side of (4.1) becomes ("El)E(Sl -5/ (n+1) =
nE(S; — S2)2/2, and (4.4) and (4.1) are identical.

Since the jackknife estimate of variance is biased upwards, it is natural to try to
estimate the bias EJ; — Var S, and such an attempt is already presented in [5] via the
“iterated jackknives”. Let us recall what was meant there: Resampling the jackknife
statistics, introduce for any k = 2, ..., n, the iterated jackknives J2, J3, ..., Ju,
leading to both upper and lower bounds on Var S, showing, in particular, that

1 1 1
ZEJZ — 6EJ3 <EJ;—Var§ < 2EJ2. (4.5)
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In [5], the inequalities (4.1) and (4.5) were viewed as statistical versions of
generalized (multivariate) Gaussian Poincaré inequalities previously obtained in [6].
Indeed, setting VS = (S — S$1, S — $2,..., 8 — Sy), then EJ; = ]E||VS||2. If
instead of looking at the vector of first differences, one looks at second and third
ones, then the corresponding norms will lead to (4.5). Throughout the years, it was
asked whether or not an inequality such as (4.5) would have a general version and a
positive answer had been informally given. The aim of the present note is to provide
a synthetic proof of these, removing the iid and symmetry assumptions in (4.5) and
its generalizations, leading to generic inequalities. This could be useful, as these
dormant inequalities seem to have found, in recent times, some new life, e.g., see
[1,8,9].

4.2 Iterated Jackknife Bounds

Throughout and unless otherwise noted, Xi,..., X, are independent random
variables and § : R"” — R is a Borel function such that ES2(X1, L Xy <
+o00. Next, and if § is short for S(Xi,..., Xn), let, for any i = 1,...,n,
E® denote the conditional expectation with respect to the o-field generated by
X1,....Xi—1, Xi41, ..., Xn. Hence,

EDS :=ES | X1,.... Xi—1, Xit1, ..., Xn)

+o00
:/ S(Xls'-~7Xi717-xl'1Xl'+11'-'7Xn)/1/i(dxi)s (4’6)

—00

where p; is the law of X;. By convention, E(© is the identity operator and so
E®S = S. Iterating the above, it is clear that

EOEVS = EVEDS = E(S | X1, ..., Xic1, Xit1s s Xjo1s Xjt1, - > Xn)
(4.7)

— RGNS — E(j’i)S,
foranyi,j=1,...,nandthatfori =0,1,...,n,
EVEQs = EOEDg .= 05 - gOHg —EDg,
Next, let
Var)§ := EV(§ —ED$)?2 = ED§? — (EV$)?,
i=0,1,...,n,and foranyi, j =0,1,...,n,set

Var®)§ .= EOvarD§ — varDED § = var) § > 0. (4.8)
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where, above, the rightmost equality follows from the commutativity property of
the conditional expectations, as given in (4.7), while the inequality follows from
convexity, and more precisely from the conditional Holder’s inequality.

Continuing with our notation, for any i = 1, ..., n, let throughout E; denote the
conditional expectation with respect to the o-field generated by Xy, ..., X;, i.e.,
E;S:=E(S | X1,..., X;), while this time E¢S = ES.

At this point we also note that although Var) is the conditional variance
with respect to the o-field generated by Xi,..., Xi—1, Xi+1,..., Xn, Var/)
is not the conditional variance with respect to the o-field generated by
X1, Xi-1, Xit1, -, Xj—1, Xj41, ..., Xp. Indeed,

Var®)§ = B¢ (s — BCD§)2 — VarlDED S — varVED 5. (4.9)
Further iterating, for iy, is,...,ix € {0,1,2,...,n}, then EGV...E@) .=

E(i2--4) is uniquely defined, i.e., the order in which the indices are taken is
irrelevant, in particular EL2m g — ES. Still, iterating, set

Var(1:i200) § .= B yar(2:i) § — varli2- R g, (4.10)

where again, above, the order in which the indices i1, i2, ..., € {0,1,2,...,n}
are taken is irrelevant, and further, by convexity, (4.10) is non-negative, i.e.,

Var(1:2:10 § >,

With the help of the above definitions, and in view of [5], let us now introduce
the iterated jackknives,

Jk = Z Var(1-#) § = k1 Z Var/1>-#) g

1<iy#ip-#ix<n 1<ii<ip<---<ix<n

Clearly, J1 = Y7, Var) § and in view of (4.6), (4.3) can just be rewritten as:

n
Var§ < IEZVaI(i)S =EJ. (4.11)
i=1
Still in view of the results of [5], we now intend to prove:
Theorem 4.2.1 Forany p =1,2,...,[n/2],
2 2p—1
p (_1)k+1 P ( 1)k+1

2 u EJ; < Var § < ; EJi, (4.12)
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and
Var § = B EJy. (4.13)

Proof The proof of (4.13) is a simple decomposition/induction, while that of (4.12)
further uses convexity. Fork = 1,2, ..., n, let

R = Z Var(ilwwik)(E(lwwil*I)S)’

1<ij<---<ix<n

with the understanding that fori = 1, ELi-Dg — EO§ — S Then, first note that,

i1=1

= E(S* — (ES)?) = VarS. (4.14)
Notice further thatfor2 <k <n — 1,

ERy=E Y VarltW@Eh--1-Dg)

1<ij<--<ixy<n

-E Y (Varuz,m,ik)(E(l AAAAA irl)s)_Var(izw,ik)(]E(lw,ms))

1<ij<--<ix<n

—E Y Z(Var“z ..... i) (E-i1=D gy _ Var(2:-i0) (g1 il)S))

=E > (Var(iz""’ik)S—Var(iz ----- 0 (g "2—”5))

1<ip<---<ip<n

EJi_
= U mR. (4.15)
(k—1)!
Finally, it is clear that, R, = arlm g ,and so n!ER, = EJ,. Combining the last

three identities, gives (4.13). To obtain (4.12), note first that by convexity and for
any 1 <ij <ip <--- <iy <n,

]E(l ,,,,, i]*l)Var(il ,,,,, ik)S > Var(i] ,,,,, ik)(E(l ,,,,, i]*l)S). (416)

Hence, taking expectation and summing gives EJ; > k!ERy, which when combined
with (4.15) finishes the proof. |
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Remark 4.2.2

(i) In case S is symmetric, i.e., invariant under any permutation of its arguments,
Je=nn—1)...(n —k+ DHVarLoPOS then EJy = n(n — 1)...(n — k +
DEVar"~% s and (4.13) and (4.12) precisely recover corresponding results
in [5].

(i) The inequalities (4.12) can be viewed as martingale inequalities.

(iii) Asin[2]or[1], one could also rewrite (4.12) using only the positive or negative
parts of the involved quantities.

(iv) It is natural to wonder whether or not the above inequalities have ®-entropic
versions; this will be explored and presented elsewhere.

Let us now further refine (4.12) providing, in particular, a non-trivial lower bound
on the bias EJ; — Var § improving upon (4.5). To do so, denote by (i1, ..., ix) the

complement of the indices (i1, .. ., ix) (i.e., the ordered sequence of elements of the
set {1,...,n}\{i1, ..., ir}, and introduce the following quantities:
K :=k! Z Var(t-- R0 g

1<ii<ip<---<ix<n
It is clear that by Jensen’s inequality and the convexity of Var/l+) we have
EKy <EJ;.

Theorem 4.2.3 Forany p=1,2,...,[n/2],

2p (_1)k+1 1 2p—1 (_1)k+1 1
EJ, EK <Var § < EJ; — EK
Zu Kt op 41y Rl S VA = /;1 kR T ot
4.17)

Proof The only modification compared to the proof of Theorem 4.2.1 is that instead
of using the bound EJ; > k!ER; we use the fact that

EKy < k!ERy,

which follows from the convexity of Var(t:+i), O

In particular, from Theorems 4.2.1 and 4.2.3, the following inequalities hold true:

1 1
LEKy <EJi = VarS < Eb. (4.18)
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4.3 Relationship with the Hoeffding Decomposition

Let us recall the notion of a Hoeffding decomposition [4] (see [7] Section 2 for
the general non-symmetric non-iid case). Given a function f(X) € L1(P), it is the
unique decomposition

fXL LX) =EfCO+ Y k(X4 Y hi(Xi X))+

1<i<n I<i<j<n

=fo+fi+...+ fu,

such that E(is)h,-l,_,_,,-k(Xil, ..., X;y) =0wheneverl <ij <...<if <n,s =
1,..., k. The term fy is called the Hoeffding term of degree d and these terms form
an orthogonal decomposition of f in Ly (IP) (provided, of course, f € Lo(P)), so

that Varf = 3 _  Var fe = 3 1c1 ) Ehj
The following lemma provides a relationship between the previously introduced
iterated jackknives and the variance of the Hoeffding terms.

Lemma 4.3.1 Foranyk suchthat1 <k <n,

| .
UGEDS <£)Varfj,

Jj=k
and

1

k!EKk(f) = Var fi .

Proof Letus rewrite the Hoeffding decompositionof f as f =} ;1. . hi- We
have EDh; = 0 whenever i € I, and E?h; = h; otherwise. Hence, Var(i)hI =
E(i)h% if i € I and 0 otherwise. Therefore, EVar!)§ = Yier Eh%.

Continuing with the same reasoning, we can see that VarOEW p = E(i)h%,
ifi € I and j ¢ I and O otherwise, thus EVarVEV)S = Yicl, j¢l Eh? so that
EVar®)§ =3,

i jycr Eh% and by induction, we get that

[ yueesd _ 2
EVar(l--§ =" %" Ehj.
If we now sum over the possible sets of indices, since each term ]Eh% appears

as many times as there are subsets of size k of I, this implies that EJy =
kY sk (W)ERT = KUY o, () Var f; and gives the first statement.
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To prove the second statement of the lemma, observe that E(1-i)§ =
> ictiy.iyy 1 so that EVar-WEC--i) s — EhZ . and therefore EK} =

.....

K'Y = Bh] = k!Var fi. O

It is easily verified that (4.13) can be recovered as a consequence of Lemma4.3.1.
Also, from Lemma 4.3.1 it is easy to get the following corollary obtained in [1] (as
part of their Theorem 1.8).

Corollary 4.3.2 Let S have Hoeffding decomposition of type S = ES + >} _; Sk,
i.e., such that fy =0, for1 <k < d, then

1
Var s < Eg. (4.19)

Proof Using the fact that f; = 0, for 1 < k < d, we have

n n .
j 1
Var § = XEZVarfj < 2;1 <d>Varfj = d!EJd,
j: j:

where the last equality follows from Lemma 4.3.1. O
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Chapter 5 )
A Probabilistic Characterization s
of Negative Definite Functions

Fuchang Gao

Abstract It is proved that a continuous function f on R" is negative definite if
and only if it is polynomially bounded and satisfies the inequality Ef(X — Y) <
Ef(X 4+ Y) for all i.i.d. random vectors X and Y in R". The proof uses Fourier
transforms of tempered distributions. The “only if” part has been proved earlier
by Lifshits et al. (A probabilistic inequality related to negative definite functions.
Progress in probability, vol. 66 (Springer, Basel, 2013), pp. 73-80).

Keywords Negative definite function - Lévy—Khintchine representation - Fourier
inversion theorem - Polynomially bounded
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42B10, 60E10

5.1 Introduction

A real-valued function f on R” is said to be negative definite if for every sequence
of vectors x1, x2, ..., X;; in R”, the matrix

(fGi) + fxj) = f&xi —xj)1<ij<m (5.1)

is positive definite [3]; or equivalently [8], for every sequence of vectors
X1, X2, ..., Xy, in R", and every sequence of real numbers p1, p2, . .., o satisfying
YL, pi = 0, the following inequality holds

YN fi —xjpip; <0. (5.2)
i=1 j=1
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The conditions (5.1) and (5.2) are difficult to check in general. If in addition f is
continuous, then by the well known Lévy—Khintchine representation (cf. [7]), f can
be uniquely expressed as

f(&) = f(0)+(Q¢&.8) + /'1\{0}(1 —cos (u, §)) dv(u), (5.3)

where Q is a positive semidefinite matrix, and dv is a Borel measure on R” \ {0}
satisfying

f min{lull2, 1}dv(u) < oo,
R\ {0}

where and in the rest of the paper, || - || means the Euclidean norm.

Negative definite functions have many applications in potential theory, statistics,
and the theory of probability. For example, they are closely related to Lévy
processes. The purpose of this paper is to provide a probabilistic characterization of
negative definite functions. This study is motivated by a recent work of Lifshits et
al. [5], in which it was proved that if f is a continuous real-valued negative definite
function on R", then the inequality

Ef(X-Y)<Ef(X+7) (5.4)

holds for all i.i.d. random vectors X and Y in R”. (Here and throughout the paper,
A < B means either A < B < 00, or B = 400.) The main idea of the proof of
[5] is as follows: If f is a continuous negative definite function on R”, then by the
Lévy—Khintchine representation (5.3) we can write

FX+Y)— f(X —Y) =4(0X,Y) +2f (sin (u, X) sin (u, Y))dv(u).
R\ (0)

Taking expectation and using Fubini’s Theorem, one obtains the desired inequality
(5.4). What seems to be a bit surprising is that under some growth rate assumptions
on f, the validity of the inequality (5.4) for all i.i.d. random vectors X and Y in R"
also implies that f is negative definite. This is the main contribution of the current
paper. The proof uses Fourier transforms of tempered distributions.

Inequalities relating X + Y and X — Y have attracted interest from different
communities. We refer interested readers to a recent article of Li and Madiman [4]
in which inequalities on small ball probabilities of X+Y and X —Y were established,
where X and Y are i.i.d. random variables taking values in an abelian topological

group.
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5.2 Statement of Results

A function f on R” is said to be polynomially bounded if there exist a positive
constant C and a positive integer k such that | f(x)| < Cllx||*¥ for all ||x| > 1.
The main result of this paper is the following characterization of negative definite
functions on R".

Theorem 5.1 If f is a negative definite function on R”", then the inequality E f (X —
Y) <Ef(X+Y) holds for all i.i.d. random vectors X and Y that take finitely many
values in R". If f is a continuous function on R", then f is negative definite if and
only if f is polynomially bounded and satisfies Ef (X —Y) < Ef(X 4+ Y) for all
i.i.d. random vectors X and Y in R".

Remark 5.2 In Theorem 5.1 and throughout the rest of the paper, Ef (X — Y) <
Ef(X+7Y)meanseither Ef (X —Y) <Ef(X+7Y) <ococorEf(X+Y) = oco.

In applications, one may need an inequality Ef(X — Y) < Ef(X + Y) for
functions f which have a singularity at 0. Note that if f has singularity at O, the
matrix (f (x;)+ f(x;) — f(x; —x;)) makes no sense, while the expectation E f (X —
Y) — Ef(X + Y) may still make sense for continuous random variables. From the
proof of Theorem 5.1 the following result can be easily observed:

Proposition 5.3 Let f be continuous everywhere except at its unique singular point
at 0. Suppose f is polynomially bounded. If the Fourier transform of f is negative
(i.e., as a linear functional on the space of Schwartz test functions, the Fourier
transform fmaps every positive Schwartz test function into a non-positive number),
then, Ef (X —Y) <Ef(X+7Y) foralli.i.d. randomvectors X and Y.

Note that the negativity of f is related to the negative definiteness of the
generalized function f, cf. [2]. As an example, we consider the function f(x) =
—lx)I7# on R” \ {0}, where 0 < B < n. A direct computation shows that its Fourier
transform is negative:

. w22 (" P)

J@© =~ 5 lgNP=" <.
ré)

Thus, by Proposition 5.3, for all i.i.d. random vectors X and Y in R”,
EIX+YI? <E|Xx —v|~F. (5.5)

Note that the function ||x||~# does not have a Lévy—Khintchine representation, but
it has the following Fourier transform representation:

Lo ()
x|l ~F =

, /S—nd ,
anr [ cos ey e
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from which (5.5) can be easily derived. (Note that the integral converges when 0 <

B <n.)
Theorem 5.1 should be compared with the following characterization of func-
tions satisfying inequality (5.4) for all i.i.d. random vectors:

Theorem 5.4 The inequality Ef(X —Y) <Ef(X 4 Y) holds for all i.i.d. random
vectors X and Y that take finitely many values in R" if and only if for every sequence
of vectors x1, x2, ..., Xy in R, the matrix

(fxi +xj) — fxi —xjD1<i,j<m (5.6)

is positive definite. If f is continuous, then the inequality Ef (X —Y) <Ef(X+7Y)
holds for all i.i.d. random vectors X and Y in R" if and only if the matrices in (5.6)
are positive definite.

As we will see in the proof that Theorem 5.4 remains valid if the continuity of
f is replaced by local integrability of f(X + Y) and f(X — Y). Also note that
the matrix (f(x; +x;) — f(x; — x;)) in Theorem 5.4 has some similarity with the
matrix (f(x;) + f(x;) — f(x; — x;)) in (5.1) by which negative definite functions
are defined. Because by Lévy—Khintchine representation every continuous function
satisfying (5.1) is polynomially bounded, one might wonder if the requirement of
polynomial boundedness in Theorem 5.1 is redundant. The following theorem says
that it is not the case.

Theorem 5.5 For alli.i.d. random variables X and Y in R,

while the function e\ is not a negative definite function on R.

5.3 Proofs

We first prove Theorem 5.4, one of the properties proved in the proof of Theorem 5.4
will be used in the proof of Theorem 5.1.

Proof of Theorem 5.4 Suppose Ef(X +Y) > Ef(X — Y) for all i.i.d. random
vectors X and Y that take finitely many values in R”. We first show that f is an
even function. Indeed, for any fixed y € R", let X and Y be i.i.d. random vectors
suchthat P(X = y) = pand P(X =0) = 1 — p. Then
Ef(X+Y)—Ef(X =Y)=[p*fQ2y) +2p(1 = p)f(y) + (1 — p)> f(0)]

—[P*FO) + (1 = p)>f(O) + p(1 = p)f () + p(1 = p) f (=]

=plp(f2y) = fO) + A = p)(f () = fF(=y)]
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Because Ef (X +Y) > Ef(X — Y), we obtain

p(f2y) = fO)+ A =p)(f) = f(=y) =0.

Letting p — 07, we obtain f(y) > f(—y). Since y is arbitrary, we also have
f(=y) = f(y).Hence f(—y) = f(y) forall y € R”, and therefore f is even.

Next, we show that the matrix (f (x; +x;) — f(x; — x;)) is positive definite for
every sequence of vectors xp, x2, ..., X, in R". Take any sequence of real numbers
P1, P2, - - ., Pm that are not all 0. Without loss of generality, we assume Z;"zl |pil =
1. Let X and Y be i.i.d. random vectors such that

P(X = sign(pi)xi) = |pil-

Then, by using the fact that f is an even function in the second equality below, we
have

0<Ef(X+Y)—Ef(X—-7Y)

3

> Lf (sign(pi)x; + sign(p;)x;) — f(sign(pi)xi — sign(p;)x)]lpillp;]
i=1 j=1

LG 4x)) = fOi = xplpipj — D [f G = x)) = f (i +x)pip)

pip;<0

)

2
>

Lf (i +x5) — fxi —x)]pip;j.

I
NE
ik

I
_

i=1j
Hence, the matrix (f(x; +x;) — f(x; — x;)) is positive definite. (This method has
been used in the proof of Theorem 2.3 of [1].)

On the other hand, suppose the matrix (f(x; + x;) — f(x; — x;)) is positive
definite for every sequence of vectors x1, x2, . . ., X,,. For every pair of i.i.d. random
vectors X and Y that take finitely many values in R”, suppose > ;_; P(X = z;) = 1.
By letting m = k, x; = z;, and p; = P(X = x;) for 1 <i < m, we have

Ef(X+Y)=Ef(X=Y) =) [f(xi+x)— fOxi —x)]pip; = 0.

i=1 j=1

This finishes the proof of the first statement in Theorem 5.4.

For the second statement in Theorem 5.4, we only need to prove the “if” part.
Since the matrix (f(x; + x;) — f(x; — Xj))1<i,j<m is positive definite for every
sequence of vectors x1, X2, ..., X, by choosing m = 1, we see that f(x) > f(0)
for all x € R". By otherwise replacing f(x) by f(x) — f(0), we can now assume
f=0.
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Let X, Y be i.i.d. continuous random vectors in R". Fix a large number M. We
partition [—M, M]" into M2 small cubes of side length2/M. Let x1, x2, ... x;, be
the center of these small cubes. Thus, [-M, M]" = U/, (x; + [-1/M,1/M]")
Let o =P(X € x; + [-1/M,1/M]"). If Ef(X + Y) < oo, then by the “if” part
of the first statement in Theorem 5.4, we have

hmsupZZf(x, xXj)pipj < hmsupZZf(x, +xp)pipj =Ef(X+7Y),

M—o0 1 i M—o0 1 i

which implies that Ef (X — Y) <Ef(X +7Y).

Proof of Theorem 5.1 Suppose f is negative definite on R". Then, by definition,
the matrix (f(x;) + f(x;) — f(x; — x;)) is positive definite for every sequence of
vectors xi, X2, . .., Xp. In particular, it implies that the matrix is symmetric. So, we
have f(x; — x;) = f(x; — x;), and hence f is an even function.

We prove that for any i.i.d. random vectors X and Y that take finitely many values
in R”, the inequality Ef(X — Y) —Ef(X + Y) < 0 holds.

Suppose P(X = x;) > 0,1 <i <m and Z;"zl P(X = x;) = 1. Denote

= {x1,x2, ..., X} U {=x1, =x2, ..., =Xm},
and relabel it as {z1, 22, .. ., zx}. Because f is an even function, we have
Ef(X—-Y)—Ef(X+Y)

1
=, 2 2 = NIPX =x) = P(X = 0[P = y) = P(Y = —)]
xeT yeT
1 k
=, 2.0 [ = )P = z) = P(X = =z)][P(Y = 2)) = P(Y = —z))].
i=1 j=1

Hagle

5.7
Let pj = P(X = z;) — P(X = —z;). Because

k

Zpi:Z[P(XZZ,')—]P)(X:_ZI')]:1_120’

i=1

the right-hand side of (5.7) is non-positive by (5.2). This proves the first statement
of Theorem 5.1.

Now, we assume that f is a continuous function on R”. Because a continuous
negative definite function is necessarily polynomial bounded, we only need to
prove the validity of the inequality. Just as in the proof of second statement of
Theorem 5.4, the “only if” part of the second statement of Theorem 5.1 follows by
approximating continuous random vectors using random vectors that take finitely
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many values in R”, and taking limit. It is also a simple application of Lévy—
Khintchine representation Theorem as we discussed in the introduction. Thus, we
only need to prove the “if” part.

Note that for every continuous function f that is polynomially bounded, and
every x € R", we have

fe) = lim / F& +1)Go(w)du, (5.8)
o—> Rn
where

Goy= el

’ (V2o )"

This is an elementary fact in approximation of unit (cf. Theorem 6.32 in [6]), and
can be easily proved. Indeed, because f is continuous at x, for any ¢ > 0, there
exists 0 < § < 1 such that for every ||u|| < 8, we have | f(x +u) — f(x)| < ¢. Let
M (x) = sups_,j<i+4yx) |/ (x + )] Then,

‘/R J&x+u)Gow)du — f(x)

- ‘/Rn[f(x 1) = f()]1Go w)du

5[ eGy(u)du ~|—/ | f(x)|Go(u)du
lull<s

flul|>8

4 / (x4 )]G () + / 1 (x + )]G (w)du
S<|ul|<1+]x|l [lee||> 14| x]|

<e + ([f)] + M (x)) Go (u)du + / CQlulh*Go w)du.
lufl >3 lull>1+1x]
(5.9

It is easy to check that the last two terms on the right-hand side go to 0 as o — 0.
Now, we use expression (5.8) to show that if f is polynomially bounded and
satisfies the inequality (5.4) for all i.i.d. random vectors X and Y, then f is

negatively definite; or equivalently, for every sequence of vectors xi, x2, ..., Xn,
in R”, and every sequence of real numbers p1, 02, ..., om, With Z:”:l pi =0, we
have
m m
=) fi—xjpip; 0. (5.10)
i=1 j=1

We claim that we only need to consider the case when m > n and

span{xi, x2, ..., X, = R". (5.11)
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Indeed, if (5.10) has been proved under the assumption (5.11). For any sequence
X1, X2, ..., X in R", if span{xy, x2, ..., x,,} # R", we can find some extra vectors
Xm+1s Xm—+2 - - - » Xm+s, such that

span{xq, x2, ..., Xpms} =R
By choosing p;+1 = - -+ = pm+s = 0, we have
m m m-+s m—+s
YD fi—xppipj =y > [ —xppipj <0.
i=1 j=1 i=1 j=1

This means that the inequality (5.10) continues to hold without the assumption
(5.11).

To prove (5.10) under the assumption (5.11), without loss of generality, we can
assume Y ;- |p;| = 1. By using (5.8), we can write

Y = lim ZZf(x, xj+upipj | Go(u)du.

o—0
i=1 j=1

Since f is a tempered distribution, and G, is a Schwartz test function, by Parseval
identity [9] and the fact that f is even (which was proved in the first paragraph of
the proof of Theorem 5.4), we have

/]R" fxi —xj +u)Go(u)du = (2711)'1 /R" 116G) cos x; — x;, g)e*"; I\S\Izd;

Thus,

n

f@® |: Zcos(x,- _xj’é)pipj:| % IE1R g

i=1 j=1

1
Y = lim
o—0 (2m)"

i=1

m 2
f@® |:<Zcos i, ) <Z sin (x;, ,) }—”j €17 gg
R i—1
1 m 2 m 2 )
2y /R F® [(gﬂi(l—cos (mué‘))) + (;pi sin(xi,g)) }"2 l€I” g

where in the last equality we used the fact that ) ;- p; = 0.

1
m
o—0 (27‘[)"

S { gcos i, €) cos (1. €)+sin (xi, &) sin (x;, £l p i|_22'5'2d$
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On the other hand, if X and Y are i.i.d. random vectors with a density g which
is a Schwartz test function, then Parseval identity together with the fact that f is an
even function gives

EfX-Y)-Ef(X+Y) = 202n ),,/ F®12E) —8(—8)17ds. (5.12)

Indeed,
B -1 -5 = [ [ re- = ro o] soy
1 - . .
::‘/1 [ FE) (e —-e<%$”>g<s>ds} g()dy
n (27‘[ )n Rn

= n )n/ F©) @) — 2(—6) 3®)dé. (5.13)

Since f is even, so is f By changing variable & to —&, we can rewrite (5.13) as
Ef(X—Y)—Ef(X+7) = (zw/’ﬂ9g® 6B (—)de.
(5.14)

Averaging (5.13) and (5.14), we obtain (5.12).
In particular, if we define a random vector W such that

P(W = sign(p)xi) = lpil, i = 1,2,...,m,

and let X and Y be i.i.d. random vectors with the same distribution as W + 52 Z,

where Z is a standard centered Gaussian random vector independent of W, then it
is straightforward to check that the density function g of X and Y is a Schwartz test
function:

m
1 — L e —sign(on)xi |12
Xx) = ; e o2 O
g(x) ;_1 Ipzl(\/m)n
Thus,

m
/g\(f) = Z |pl |e_(r42 HSHze—i(Sign(pi)xi,g) ,
i=1
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which implies that

m 2
86 — 85 =20y e+ I psin (i )

i=1

Thus,
m 2 2

3(6) —3(—8)1> =4 (Z pi sin (x;, s>) e~ I,

i=1

Thus, by using the expression (5.12), we have

m 2
f f® (Z pi sin (x;, s>) 3 VEPGE —Ef(X —¥) ~Ef(X +7Y) <0.
R i=1
(5.15)

@m)"

Next, we will use a similar method to show that

m 2
1 -~ )
2y fR 7@ (?:1 pi(1 — cos <x,»,s>)> =2 P ag <o,

from which Theorem 5.1 follows.
For ¢ > 0, define

m 0.2
T(cit) = tanh(c(t + 12+ -+ 1)) Y pi(1 —cos (xi, 1)) s 17,
i=1

Because lim.—, | tanh(c(t; + 12+ - - +1,))| = 1l excepton {tj + 12 +---+1, = 0}
which has measure 0, it suffices to show that for each ¢ > 0,

/ F&T e E)e‘“f 1§ g < 0. (5.16)
RV!

For notational simplicity, for fixed ¢, we denote T (c; t) simply by T(¢). Let T
be the Fourier transform of 7 (¢). Since T (¢) is odd and continuously differentiable,
the cosine term does not appear. Integrating by parts and using the fact that 7' (¢) is
a Schwartz test function, we obtain

7:()’) =—i / T(t)sin(y,t)dtdt---dt,

(_1)n+1i aZnT(t) )
- sin (y, 1) dydita - - - diy. (5.17)

y%y% e yr% Rn at128[22 e 81‘3
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In particular, this implies that iT is a real-valued absolutely integrable function on
R”", and there exists a positive constant A such that 1| f(§)| is a probability density.

Let W be a random vector with density function Alfl. Let X and Y be i.i.d.
random variables having the same distribution as sign(i T(W)) W+ 9 Z, where Z is
a standard centered Gaussian random vector. Then, the density function g of X and
Y is a Schwartz test function:

2}’1
glx) = w2 e

2 e o 2
— (\/ )n 2 llx—signG T (1))¢]| )\.lT([) |dt
R» To

Furthermore,
2 . ~
§(5)=/ o= 612 =i (sienGTE) 3 7 (1)
which implies that
0'2 —~
2E) —3(—&) =2 5 161 / T(t)sin(r,£)dt. (5.18)
Rn

Because both 7 and i T are absolutely integrable in R”, by using Fourier inversion
theorem, we have

/Rn T(t)sin (1, £) di = Q)" T(=&) = —Q2m)"T ().
Plugging into (5.18), we obtain

() — B-5)P = 4Qm2 T2 E)e s P,

Thus, by using (5.12) in the second equality below, we have

v lEl e 1 /A ey a2
[ Joree ¥ a=, o [ TORE g6 P
= 2y B X =) ~Ef (X4 )

<O0.

This finishes the proof of (5.16), and therefore the proof Theorem 5.1 as well.

Remark 5.6 If f is not polynomially bounded, (5.17) fails, and consequently,
A|T (§)] may no longer be a probability density for any A.

Proof of Theorem 5.5 By applying Theorem 5.4, we only need to show that for
every sequence of real numbers xi, x2, ..., x,, the matrix (e'xi”f I — el ”‘J")
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is positive definite. By Sylvester’s criterion, we only need to show that all its
leading principal minors are non-negative, or equivalently, for every sequence of
real numbers z1, 22, ..., Zk, the determinant det(e'zi il _ elzi—zj |) is non-negative,
which can be directly verified as

m
det((el el — 7511y oy o) = [ sign(zi))? |25 — ekl

i=1

where we set zo = 0. Alternatively, we notice that (e‘xi )l pli—x; |)15,-, j<m 1s the
Gram matrix of the system of functions g;(-), 1 <i <m, on L2(R), where

gi (1) = 2sgn(x;)e = 1o 1,1 (1).

Hence, the matrix (eMi+¥il — ¢li=¥l) is positive definite.

The function f(x) = el is not negative definite because any continuous
negative definite function is necessarily polynomially bounded. We can also see that
from the definition of negative definiteness. Indeed, the matrix (f(x;) + f(x;) —
f(xi —xj))1<i,j<n in the definition (5.1) is not positive definite. For example, by
choosing x; = —1In4 and x» = In4, the corresponding matrix

(f(x1)+f(x1)—f(x1—x1) F)+ fx2) — fa —X2)) _ < 7 —8)
f2)+ f(x1) — flxa—x1) f(x2) + f(x2) — fx2 —x2) -8 7

is clearly not positive definite.

Acknowledgements This research was partially supported by a grant from the Simons Founda-
tion, #246211, and an NIH grant P20GM 104420.

References

1. A. Buja, B.F. Logan, J.A. Reeds, L.A. Shepp, Inequalities and positive-definite functions arising
from a problem in multidimensional scaling. Ann. Stat. 22(1), 406438 (1994)

2. ILM. Gel’fand, N.Ya. Vilenkin, Generalized Functions. Applications of Harmonic Analysis, vol.
4 Translated by Amiel Feinstein (Academic, New York, 1964)

3. N. Jacob, Pseudo Differential Operators and Markov Processes. Fourier Analysis and Semi-
groups, vol. I (Imperial College Press, London, 2001)

4. J. Li, M. Madiman, A combinatorial approach to small ball inequalities for sums and differences.
Comb. Probab. Comput. 28(1), 100-129 (2019). https://arxiv.org/abs/1601.03927

5. M. Lifshits, R. Schilling, I. Tyurin, A Probabilistic Inequality Related to Negative Definite
Functions. Progress in Probability, vol. 66 (Springer, Basel, 2013), pp. 73-80

6. W. Rudin, Functional Analysis. International Series in Pure and Applied Mathematics, 2nd edn.
(McGraw-Hill, New York, 1991)

7. K. Sato, Lévy Processes and Infinitely Divisible Distributions. Cambridge Studies in Advanced
Mathematics, vol. 68 (Cambridge University Press, Cambridge, 1999)


https://arxiv.org/abs/1601.03927

5 A Probabilistic Characterization of Negative Definite Functions 53

8. I.J. Schoenberg, Metric spaces and positive definite functions. Trans. Am. Math. Soc. 44(3),
522-536 (1938)

9. R.S. Strichartz, A Guide to Distribution Theory and Fourier Transforms. Reprint of the 1994
original (World Scientific, River Edge, 2003)



Chapter 6 m)
Higher Order Concentration in Presence sz
of Poincaré-Type Inequalities

Friedrich Goétze and Holger Sambale

Abstract We show sharpened forms of the concentration of measure phenomenon
typically centered at stochastic expansions of order d — 1 for any d € N. Here we
focus on differentiable functions on the Euclidean space in presence of a Poincaré-
type inequality. The bounds are based on d-th order derivatives.

Keywords Concentration of measure phenomenon - Poincaré inequalities
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60B20

6.1 Introduction

In this note, we study higher order versions of the concentration of measure
phenomenon. Instead of the classical problem of deviations of f around the mean
E f, we study potentially smaller fluctuations of fa:=f=Ef—fi—...— f4, where
f1, ..., fa are “lower order terms” of f with respect to a suitable decomposition,
such as a Taylor-type decomposition of f. In order to study the concentration of f;
around 0, which we call higher order concentration of measure, we use derivatives
up to order d.

Previous work includes Adamczak and Wolff [2], who exploited certain Sobolev-
type inequalities or subGaussian tail conditions to derive exponential tail inequali-
ties for functions with bounded higher-order derivatives (evaluated in terms of some
tensor-product matrix norms). This approach was continued by Adamczak, Bednorz
and Wolff for measures satisfying modified logarithmic Sobolev inequalities in [3].
While in [2], concentration around the mean is studied, the idea of sharpening con-
centration inequalities for Gaussian and related measures by requiring orthogonality
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to linear functions also appears in Wolff [16] as well as in Cordero-Erausquin et
al. [9]. For a detailed overview of the concentration of measure phenomenon, see
[8, 14].

Our research started with second order results for functions on the n-sphere
orthogonal to linear functions [6], with an approach which has been extended in
[10] for measures satisfying logarithmic Sobolev inequalities. This includes discrete
models as well as differentiable functions on open subsets of R”. These results were
extended to arbitrary higher orders in [7].

While in [7], measures satisfying a logarithmic Sobolev inequality were con-
sidered, the aim of this note is to prove similar results for measures satisfying a
Poincaré-type inequality, i.e. a weaker assumption. To this end, let us recall that a
Borel probability measure 1 on an open set G C R” is said to satisfy a Poincaré-
type inequality with constant > > 0 if for any bounded smooth function f on G
with gradient V f,

Var, (f) <o’ / VPP dp. (6.1)

Here, Var, (f) = f frdu —( f f dw)? denotes the variance. When considering o
instead of o2 itself, we will always assume it to be positive.

Given a function f € C%(G), we define f@ to be the (hyper-) matrix whose
entries

S0 @) = b S, d=1.2,. €2

represent the d-fold (continuous) partial derivatives of f at x € G. By considering
£ (x) as a symmetric multilinear d-form, we define operator-type norms by

£ @lop = sup [ FOLvr, vl ol = Jval = 1] (6.3)

For instance, |f (1)(x)|op is the Euclidean norm of the gradient V f(x), and
| f @ (x)|op is the operator norm of the Hessian f "”(x). Furthermore, we will use
the short-hand notation

1/p
||f<">||op,p=(/G |f<">|gpdu) . pe©00] (6.4)

For p = 0o, the right-hand side has to be read as the L>°-norm of | f @) |op-
We now have the following:

Theorem 6.1.1 Let jv be a probability measure on an open set G C R" satisfying a
Poincaré-type inequality with constant > > 0, and let f: G — R be a C*-smooth
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Sfunction with fG fdu = 0. Assuming the conditions

1fOllopa <o®™* Vk=1.....d~1, 65)

IF“Dllop.ce < 1, (6.6)

there exists some universal constant ¢ > 0 such that

/Gexp((f~ £ dpe < 2.

Here, a possible choice is ¢ = 1/(12e). Comparing Theorem 6.1.1 to its analogue
in presence of a logarithmic Sobolev inequality, i.e. Theorem 1.6 in [7], we see that
under the same assumptions (6.5) and (6.6), logarithmic Sobolev inequalities yield
exponential moment bounds for | f|>/¢, whereas Poincaré-type inequalities provide
exponential moments for | £|!/¢ only. This corresponds to the well-known behaviour
incase of d = 1.

If f has centered partial derivatives of order up to d — 1, it is possible to replace
(6.5) by a somewhat simpler condition. To this end, we need to involve Hilbert—
Schmidt-type norms | £ (x)|us defined as the Euclidean norm of f@(x) e R,
Similarly to (6.4), || f4||lus.2 then denotes the L?-norm of | f ) |ys. In detail:

Theorem 6.1.2 Let i be a probability measure on an open set G C R”" satisfying
a Poincaré-type inequality with constant o2, and let f: G — R be a C?-smooth
function such that

[rau=0 wa [ o iran=0
G G
forallk =1,...,d —land 1 <iy,...,i; < n. Assuming that

I Dlasa <1 and  1f@lopo < 1,

there exists some universal constant ¢ > 0 such that

/Gexp (1 )dp <2,

Here again, a possible choice is ¢ = 1/(12e).
By Chebyshev’s inequality, Theorem 6.1.1 immediately yields

_eplrd
w(fl = 1) <2e /e
for any + > 0. For small values of ¢, it is possible to obtain refined tail estimates in

the spirit of Adamczak [1], Theorem 7, or Adamczak and Wolff [2], Theorem 3.3
(with y = 1 using their notation), by analyzing the proof of Theorem 6.1.1:
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Corollary 6.1.3 Let i be a probability measure on an open set G C R”" satisfying a
Poincaré-type inequality with constant %> > 0, and let f: G — R be a C*-smooth
function with fG fdu=0.Foranyt > 0, set

. V21174 _ J2rl/k
ny(t) == mm( Vg +, nin Uk )
O'”f(d)”O/p’oo k=1,...d—1 U”f(k)”O/p,2

Then,

w(fl = 1) < e?exp(—ns(t)/(de)).

As a generalization of these bounds, we may consider measures satisfying
weighted Poincaré-type inequalities. Recall that a Borel probability measure @ on
an open set G C R" is said to satisfy a weighted Poincaré-type inequality if for any
bounded smooth function f on G with gradient V f,

Var, () < [ 19fPu? d, 6.7)

where w: G — [0, 0o) is some measurable function. Examples include Cauchy
measures and Beta distributions. For a detailed discussion see Bobkov and Ledoux
[5].

In these cases we cannot expect exponential integrability as in Theorem 6.1.1 any
more, since distributions satisfying (6.7) may have a slow, say, polynomial, decay at
infinity. Nevertheless, it is still possible to obtain higher order concentration results
by controlling the L”-norms of f and its derivatives. In detail:

Proposition 6.1.4 Let (1 be a probability measure on an open set G C R" satisfying
a weighted Poincaré-type inequality (6.7), and let f: G — R be a C*-smooth
Sfunction with fG fdu = 0. Then, for any p > 2,

d—1

k=2 d—2 d—1
Il < D@72 pllwly ) 17 Pllop2 + @2 P wlgl ) llwl fCloplloet),
k=1
d—1
< Y7 Ky p® 2% )
< @2 plwla ) 1fPllopa + Q"2 plwlad ) 1f P llop 2y
k=1

Proposition 6.1.4 should be compared to (6.15) from the proof of Theorem 6.1.1
in Sect. 6.2. In particular, if the weight function w is bounded by some real number
o > 0, u clearly satisfies a Poincaré-type inequality (6.1) with constant o2, In this
case, Proposition 6.1.4 implies a slightly weaker version of (6.15), and it is possible
to derive Theorem 6.1.1 again though with a somewhat weaker constant c = ¢; > 0.
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Suitable conditions on the weight function w may still yield exponential-type
tails at least in certain intervals. For instance, the following higher order analogue
of Corollary 4.2 in [5] holds:

Corollary 6.1.5 Let u be a probability measure on an open set G C R" satisfying
a weighted Poincaré-type inequality (6.7), and let f: G — R be a C?-smooth
function with fG fdp = 0 and such that (6.5) (with 6> = 1) and (6.6) from
Theorem 6.1.1 hold. Assume ||w|lya ), < C for some p > 2 and some C > 2-(@=-072,

Then, forany 0 <t < (2(135 Cep)4,
w(fl = 1) < e exp(—di'/? /23 Ce)).

Hence, we obtain exponential-type tail bounds on an interval of length propor-

tional to p¢. Note that if 1 > (2‘135 Ce p)d , we may still give bounds on w(| f| > 1)
by taking (6.23) for ¢ = p from the proof of Corollary 6.1.5. We omit details at
this point. The assumption C > 2~d=1/2 s needed for technical reasons. In fact, it
guarantees that the quantities (21{5l C )k , k < d — 1, are bounded by (2d§l C )d. For
d = 1 it can be removed. It is possible to adapt the proof for 0 < C < 2~@=D/2
and obtain similar bounds.

For d = 1, Corollary 6.1.5 gives back a version of Corollary 4.2 from [5] up
to constants, though with a boundedness condition on ||w||2, rather than [w]|,.
This may be adjusted by working with the first inequality from Proposition 6.1.4,
in which case we directly get back the [5] result. In the same way, it is possible to
derive a result similar to Corollary 6.1.5 which requires bounds on [[w]ld-1,. We
have chosen to work with the second inequality from Proposition 6.1.4 instead (and
thus need bounds on ||w||,q,) since this is technically slightly more convenient.

Under stronger moment conditions on the weight function w, e. g. ['e w?fag u <
2 for some « > 0, it is possible to obtain exponential-type tail bounds even on the
whole positive half-line, cf. Corollary 4.3 in [5].

Outline In Sect. 6.2, we give the proofs of the results stated above. In Sect. 6.3,
we provide some applications, including homogeneous multilinear polynomials of
order d and linear eigenvalue statistics in random matrix theory.

6.2 Proofs

Given a continuous function on an open subset G C R", the equality

V700l = timsup & 7SO

, x € G, (6.8)
xX—y lx — ¥yl
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may be used as definition of the generalized modulus of the gradient of f. The
function |V f| is Borel measurable, and if f is differentiable at x, the generalized
modulus of the gradient agrees with the Euclidean norm of the usual gradient. This
operator preserves many identities from calculus in form of inequalities, such as a
“chain rule inequality”

IVT (NI < 1T (HIIV I, (6.9)

where |T’| is understood according to (6.8) again.
As shown in [7], Lemma 4.1, using the generalized modulus of the gradient, the
operator norms of the derivatives of consecutive orders are related as follows:

Lemma 6.2.1 Given a C?-smooth function f: G — R, d € N, at all points x € G,
VI P @)lopl < 19 @)lop-
Proof Indeed, for any i € R", by the triangle inequality,
[V +lop = 1F 9"V lop| < 1797V +h) = 9D @)]op
= sup{(f V0 + 1) = fOTV @)V vaalt v vaer € 87T,
while, by the Taylor expansion,
FYD0 ) = FC D), vaaal = PO va, b+ o(lhI)

as h — 0. Here, the o-term can be bounded by a quantity which is independent of
Vl,...,V4—1 € s 1 Asa consequence,

. 9D+ m)lop — | £971 (x)]opl
lim sup
70 |

< sup{f D), ..., va-1,val: v1, ..., 00 € " = | F D)o

O

Following the scheme of proof developed in [7], we moreover need to establish a
recursion for the L”-norms of the derivatives of f of consecutive orders. To this end,
we recall a classical result on the moments of Lipschitz functions in the presence of
Poincaré-type inequalities. Here, similarly to (6.4), we write

l/p
IVgllop,p = (/G [Vegl? du) , p € (0, c0],

for any locally Lipschitz function g on G with generalized modulus of gradient
[Vgl|. In detail:
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Lemma 6.2.2 Let (v be a probability measure on an open set G C R”" satisfying
a Poincaré-type inequality with constant o> > 0, and let g: G — R be locally
Lipschitz with fG gdu = 0. Then, for any p > 2,

op\P
/ gl = (°)) / VelPdp. (6.10)
G V27 Je
In particular, for any g: G — R locally Lipschitz,
gl < ligha+ 77 19gl (6.11)
8llp = [1&l12 «/2 8lip- .

Note thatin (6.11), g is not required to have mean 0. For the reader’s convenience,
let us briefly recall the proof.

Proof By standard arguments, we may assume g to be C'-smooth and bounded.
Moreover, by the subadditivity property of the variance functional, the Poincaré-
type inequality for the probability measure u on G is extended to the same relation
onG x G, 1ie.

Var,» (u) < 0” / VuCx, ) Pdp(x)dp(y) (6.12)

for the product measure u?> = p® . Here, for any C!-smooth function u = u(x, y),
the modulus of the gradient is given by

Vule, I® = [VeauCe, )P+ [Vyulr, y) P
Now consider the function
u(x, y) = lg(x) — g2 sign(g(x) — g(»),
which is C!-smooth for p > 2 with modulus of gradient

Vute I = 1 lg@ — gl I9@R + Vg0

Since u has a symmetric distribution under u2, applying (6.12) together with
Holder’s inequality yields

1
2/ lg(x) — gIPdp?(x, y)
[e2
2
s’; f |g<x)—g(y>|P*2(|Vg(x>|2+|Vg<y)|2)du2<x,y>

f 8 — PP ) / (Ve + 9emP) bdier, )
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By Jensen’s inequality, the last integral may be bounded by

25! //(IVg(x)l” +IVeWINdpP(x, y) = 2" /Ivgl”du-

Consequently,

2 G
/ / 1800 — sPdix. ) / IVgI”du

or, equivalently,
_ P2 apy? P
/ lg(x) =g du”(x,y) < (\/2) fIVgI du.

In particular, the latter inequality shows that any locally Lipschitz function g such
that the right-hand side is finite is integrable (if g is unbounded, we may perform a
simple truncation argument). If f gdu = 0, it follows from Jensen’s inequality that
the left integral can be bounded below by f |g|Pd ., which proves (6.10). To see
(6.11), it remains to note that by the triangle inequality,

Je = [ odu| = ey | [ ed = a1, - gl

O

Combining Lemma 6.2.1 and (6.11), we are able to prove Theorem 6.1.1. Recall
that if a relation of the form

Ifll =vk  (keN) (6.13)

holds true with some constant y > 0, then f has sub-exponential tails, i.e. f efldu
< 2 for some constant ¢ = c(y) > 0,e.g.c = 2;6. Indeed, using k! > (]e‘)k, we
have

> kf|f|kd,U« > kkk > k
eXp(CIfI)du=1+k2;c 0 51+;(cy> N 51+;(cye) =2

Proof of Theorem 6.1.1 Using (6.11) with f replaced by | f*~D]op, 2 < k < d,
we get

O'p _
IV1£“Dlopll

V2

_ op
< [1F* Vlopa2 +

V2

1% Do, < 1F* Dllop.2 +
(6.14)
£ ®llop, p»
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where Lemma 6.2.1 was applied on the last step. Consequently, using (6.10) and
then (6.14) iteratively,

d—1

AN op N\ @)

171, = 2 (L) 1 ®lopz+(°F ) 17 lop.p- (6.15)

S = 2, ) 17 on2+ () 15 lon
Since [|f®llop2 < o?* forallk = 1,...,d — 1 and [|f@|opoo < 1 by
assumption, we obtain

d 1
Il < o® ) (p/VDF < (op/vV2)y! < 4(op/V2)!
! ,; 1= (p/v2)™!
(6.16)

and therefore || |, < (3ap)d forall p > 2. Moreover, || fll, < [ fll2 < (60)¢ for
p < 2.1t follows that

1/d
LAY e =1 1g < vk

for all k € N, i.e. (6.13) holds with y = 60 (and | £|'/? in place of f). This yields
the assertion of the theorem. m]

Proof of Theorem 6.1.2 Starting as in the proof of Theorem 6.1.1, we arrive at

d—1

11y <D ep/VDr 1 Plusz + @p/ND N F P lop.p- (6.17)

k=1

where we used that operator norms are dominated by Hilbert—Schmidt norms.
Moreover, since f G 0i,..i; f dp = 0, by the Poincaré-type inequality,

/ @iy [P dp <oy / @By ) din
G =176

whenever 1 <ij,...,ix <n,k <d — 1. Summingoverall 1 <iy,...,if <n,we
get

If® s, = /G lf®Rsdu < o? /G |5 D g du = o | F 4V |E 5
(6.18)
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Using (6.18) in (6.17) and iterating, we thus obtain

d—1
£l <o/ I Pllus2 + (0p/V2D!N1LF P lop.p-

k=1

Noting that || f@|lus2 < 1 and || fD]lop,cc < 1, we arrive at (6.16), from where
we may proceed as in the proof of Theorem 6.1.1. O

Proof of Corollary 6.1.3 First note that by Chebyshev’s inequality, for any p > 1

w(fl=elfllp) <e?. (6.19)
Moreover, if p > 2, it follows from (6.15) that

d—1

el 1y = (Y @p/v2K 1 Pllopa + @p/NVD! 1V l0p.cc)-

k=1

Assuming n¢(t) > 2, we therefore arrive at

d—1
ell fllnsa e (D t+1) = (de)r.

k=1

Hence, applying (6.19) to p = n¢(¢) Gf p > 2) yields

p(fl = (de)) = u(fl = el fllnm) < exp(—ny ().

Using a trivial estimate provided that p = n¢(t) < 2, we obtain

w(|f1 = (de)t) <e?exp(—ny (1))

for all + > 0. The proof now easily follows by rescaling f by de and using that
Nde f (1) = ny(1)/(de). O

In order to prove Proposition 6.1.4, we have to adapt the first steps of the proof
of Theorem 6.1.1. First, we have the following generalization of Lemma 6.2.2 (in
fact, this is a version of Theorem 4.1 in [5]):

Lemma 6.2.3 Let u be a probability measure on an open set G C R" satisfying
a weighted Poincaré-type inequality (6.7), and let g: G — R be locally Lipschitz
with [ gdu = 0. Then, for any p > 2,

D \P
rd VglPw? dpu. 6.20
/G|g| us(ﬂ)f(}mwu (6.20)
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In particular, for any g: G — R locally Lipschitz,
lgllp < ligl2+ b lwiVeglllp. (6.21)
NG

The proof of Lemma 6.2.3 uses similar arguments as the proof of Lemma 6.2.2,
and we therefore omit it. In particular, by Holder’s inequality, (6.21) implies

p
lglly, < ligl2+ lwll2pliVellap- (6.22)
8llp 8 \/2 pllVE&Ili2p

Starting with (6.20)—(6.22) and iterating as in (6.14) and (6.15), we obtain

d—1
iy 7 Pllwllok, \k ay 7 Pllwllga—1,\d
o = 3220 (70 57 ) 1 o2 (T 2N wl s Ploplaser
k=1

hence we easily arrive at the conclusions of Proposition 6.1.4. Again, we omit the
details.
Finally, the proof of Corollary 6.1.5 is similar to the proof of Corollary 4.2 in [5].

Proof of Corollary 6.1.5 First let 2 < g < p. Using the assumptions and

Proposition 6.1.4, we arrive at

d—1

Il = Y @2 g0k + 2% g0
k=1

and hence

1fll, <427 co)? < 23 cg)f

(this follows as in (6.16), substituting o by 2°2' C > 1). Moreover, if 0 < ¢ < 2,
we have

d+5
£l < Iflla < @72 )%

Since the function ¢ + e?/¢¢94, ¢ > 0, is minimized at ¢ = 1/e with minimum
value 1, it follows that E| f|9 < gdl/e (2‘135 Cq)d‘f for all 0 < g < p. Therefore, for
anyt > 0Oandany 0 < g < p,

d+5

E|f|4 2°2 Cq)?\1
up1zn = 1 <o (48 €00 (6.23)
Now set s = 1174723’ C) and write u(|f] = 1) < e¥/ce=%@ with ¢(q) =

dqg(log(s) — log(g)). It is easy to check that ¢ is a concave function on (0, co0)
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which attains its maximum at go = s/e with p(q9) = ds/e = dtl/”l/(zdf5 Ce).
Noting that gg < p is equivalent with ¢ < (2‘135 Ce p)¢ completes the proof. O

6.3 Applications

Let X1, ..., X, be independent random variables with distributions satisfying a
Poincaré-type inequality (6.1) with common constant > > 0. For real numbers
ajy..ig» 11 < ... < ig, consider the function

fXu LX) = Y an iy Xiy e Xy, (6.24)

i1<...<ig

which is a homogeneous multilinear polynomial of order d. For any i < ... < iy
and any permutation o € Sd, set dg(iy)...o(y) = Gi..iy- Moreover, set a;, i, =
0 whenever the indexes i1, ..., Iy are not pairwise different. This gives rise to a
hypermatrix A = (a;,..i;) € R"d, whose Euclidean norm we denote by ||Alns.
Moreover, set ||Allco 1= max;, <...<iy|ai;...iy |-

As a first example, we may apply our results to functions of type (6.24). Here it
is convenient to assume for the random variables X; to have mean zero:

Proposition 6.3.1 Let X1, ..., X, be independent random variables with distribu-
tions satisfying a Poincaré-type inequality (6.1) with common constant o> > 0.
Assume EX; =0 foralli =1,...,n. Letd € N, and consider a function f of type
(6.24). Then,

C
exp( 1) <2
olIAIs

Here, E denotes the expectation with respect to the random variables X1, ..., Xy,
and c is the absolute constant appearing in Theorem 6.1.2. In particular,

1/d
Eex Ll )52.

e¢]

Cc
dt
on'l2|A|

Moreover, ifIEXl.2 =l1foralli=1,...,n,

1/d
i ) V2 t !
P(f -Eflz 0 < eexp adem‘“<||A||Hs’||A||L/§’))

<ezex (_ \/2 min( t 11/d ))
=erexp( = e nd2Allss” 12 A 4
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Proposition 6.3.1 follows immediately from Theorem 6.1.2 and Corollary 6.1.3.
Note that for non-centered random variables X1, ..., X,, applying Proposition 6.3.1
to the random variables X; — EX; means removing certain “lower order” terms in
(6.24), which is in accordance with the ideas sketched in the introduction.

We may furthermore apply our results in the context of random matrix theory.
Here we extend an example on second order concentration bounds for linear eigen-
value statistics in presence of a logarithmic Sobolev inequality [10], Proposition
1.10, to the situation where only a Poincaré-type inequality is available.

Indeed, let {§jx,1 < j < k < N} be a family of independent random variables
on some probability space. Assume that the distributions of the &;;’s all satisfy
a (one-dimensional) Poincaré-type inequality (6.1) with common constant 2. Put
Eik = &;j for1 < k < j < N and consider a symmetric N x N random matrix
E = (£jx/v'N)i<jk<n and denote by ™) the joint distribution of its ordered
eigenvalues A < ... < Ay on RY (in fact, A\; < ... < Ay a.s.). Recall that by a
simple argument using the Hoffman—Wielandt theorem, 1N satisfies a Poincaré-
type inequality with constant

o2 =2 (6.25)
NT N :
(see for instance Bobkov and Gotze [4]). Note that similar observations also hold
for Hermitian random matrices.
Considering the probability space (RY, BN, u™), if f: R — Ris a C'-smooth
function, it is well-known that asymptotic normality

N
SN =) (f)) —Ef(rj)) = N0, 07) (6.26)

j=1

holds for the self-normalized linear eigenvalue statistics Sy. Here, “=" denotes
weak convergence, I means taking the expectation with respect to u™) and
N0, a%) denotes a normal distribution with mean zero and variance o2 depending
on f. This result was established by Johansson [12] for the case of S-ensembles
and, for general Wigner matrices, by Khorunzhy et al. [13] as well as Sinai and
Soshnikov [15]. Concentration of measure results have been studied by Guionnet
and Zeitouni [11], in particular proving fluctuations of order Op(1). Our results
yield a second order concentration bound:

Proposition 6.3.2 Let u‘N) be the joint distribution of the ordered eigenvalues of
E. Let f: R — R be a C*-smooth function with ') € LY (u™™)) and bounded
second derivatives, and let

N
Sni=5Sn—) (A —EG)EF (1))
j=1
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with Sy as in (6.26). Then, we have
1/4

Eexp
(~/20||f”llééz

Sl'?) <2,

where ¢ > 0 is the absolute constant from Theorem 6.1.2.

Since SN is “centered” in the sense of Theorem 6.1.2, Proposition 6.3.2
immediately follows from elementary calculus, using (6.25). Note that in view of
the self-normalizing property of Sy, the fluctuation result for Sy is of the next
order, although the scaling is of order /N only. Comparing Proposition 6.3.2 to
[10], Proposition 1.10, we see that we essentially arrive at the same result though
for |Sy|'/? instead of |Sy| due to the assumption of a Poincaré-type inequality.

Using Corollary 6.1.3, we can in fact slightly sharpen the results on the tail
behavior of Sy. Indeed, an easy calculation yields

tN'/? 12174
(3 an2dun)i/ ”f,,”ééz))

un(ISyl =1 < ezeXp(— e min(

for any ¢ > 0. Similar results may be obtained for higher orders d > 3.
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Chapter 7 m)
Rearrangement and Prékopa-Leindler Shesiie
Type Inequalities

James Melbourne

Abstract We investigate the interactions of functional rearrangements with
Prékopa—Leindler type inequalities. It is shown that certain set theoretic
rearrangement inequalities can be lifted to functional analogs, thus demonstrating
that several important integral inequalities tighten on functional rearrangement
about “isoperimetric” sets with respect to a relevant measure. Applications to the
Borell-Brascamp—Lieb, Borell-Ehrhard, and the recent polar Prékopa—Leindler
inequalities are demonstrated. It is also proven that an integrated form of the
Gaussian log-Sobolev inequality sharpens on rearrangement.

7.1 Introduction

The Prékopa-Leindler inequality (PLI) stated below has become a useful tool in the
study of log-concave distributions in probability and statistics, particularly in high
dimension, and a point of interest and unification between probabilists and convex
geometers.

Theorem 7.1.1 (Prékopa-Leindler) For f, g : R? — [0, c0) Borel measurable
andt € (0, 1), define

fOg@) = sup  f(0g" )
(I-t)x+ty=z

A portion of this work relevant to information theory was announced at 56th Annual Allerton
Conference on Communication, Control, and Computing [43].
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then

1—t t
/ ng(z)dzz</ g(z)dz> ( / h(z)dz).
R4 R4 Rd

The inequality can be motivated from a convex geometric perspective as a
functional generalization of the dimension free statement of the Brunn—Minkowski
inequality (BMI), which we recall as the fact that for A, B compact in R and | - |4
the d-dimensional Lebesgue volume,

(1 —1)A +1Bla > |AlL B,

Indeed, by taking f = 14 and g = 15, we have flg = 1(1—;)a+,p. PLI implies
that integration preserves the inequality and the result follows.

The BMI has an elegant qualitative formulation; the volume of sum-sets
decreases on spherical symmetrization. More explicitly, if A and B are compact
sets, with A* and B* Euclidean balls satisfying |[A*|; = |A|4, |B*|q = | B|4, then

|A+ Blg = |A* + B¥|q. (1.1)

Our first main result (Theorem 7.3.1) contains a functional generalization of
(7.1). We will show PLI “sharpens” on rearrangement in the sense that

f fOg(x)dz > / f*0g* (2)dz, (7.2)

where * denotes a functional rearrangement to be defined below. In fact we will
prove that for v increasing,

/%ﬁ(ng(Z))dz > /W(f*Dg*(z))dz. (7.3)

Our methods are reasonably general and Theorem 7.4.6 will give a class of set
theoretic inequalities that admit functional generalization in the sense of (7.3). As
a consequence, we will show that analogs of (7.3) can be given to sharpen not only
the PLI, but the Borell-Brascamp-Lieb inequalities [15, 18], the Borell-Ehrhard
inequality in the Gaussian setting [16, 24], and a recent Polar Prékopa—Leindler [1].

These results can also be motivated from an information theoretic perspective,
where the BMI can be considered a Rényi entropy power inequality. There has
been considerable recent work (see [6, 7, 10, 29, 31, 33, 45]) developing Rényi
entropy [46] generalizations of the classical entropy power inequality (EPI) of
Shannon—Stam [47, 48]. One should compare the sharpening of PLI here to [50],
where Madiman and Wang show that while spherically symmetric decreasing
rearrangements of random variables preserve their Rényi entropy, they decrease the
Rényi entropy of independent sums of random variables. One information theoretic
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application of the rearrangement result is the reduction of Rényi generalizations of
the EPI to the spherically symmetric case, see for example [39] where the Madiman—
Wang result is used to sharpen the Rényi EPI put forth in [40]. See [36] to find an
extension and application of [50] for the co-Rényi entropy. It should be mentioned
that the connections between BMI and entropy power inequalities are not new. The
analogy between the two inequalities was first observed in [21], and a unified proof
was given in [23] drawing on the work of [4, 17, 34]. The reader is directed to
[35] where a further development of Rényi entropy power inequalities and their
connections to convex geometry are given.

In the Gaussian case, the strict convexity of the potential gives a result stronger
than PLI, and we are able to adapt the rearrangement ideas to approach the Gaussian
log-Sobolev inequality. We show in Theorem 7.6.5 that for the Gaussian measure,
the “integrated” log-Sobolev inequality derived in [8] by Bobkov and Ledoux, and
understood as reverse hypercontractivity of the Hamilton—Jacobi equations in [12],
sharpens on half space rearrangement.

An alternative motivation for this investigation is the Brascamp-Lieb—Barthe
inequality’s relationship to the Brascamp-Lieb—Luttinger rearrangement inequali-
ties [19]. The Brascamp-Lieb inequality [18] enjoys the Brascamp-Lieb-Luttinger
inequality as a rearrangement analog. In [2] Barthe used an optimal transport
argument to prove Brascamp-Lieb and simultaneously demonstrated a dual inequal-
ity that includes PLI as a special case. It is natural to ask for a rearrangement
inequality analog of Barthe’s result, to provide a dual to the Brascamp-Lieb—
Luttinger rearrangement inequality. This work represents a confirmation of such
an inequality in the special case corresponding to PLI.

The paper is organized in the following manner; in Sect.7.2, we will give
definitions and background on a notion of rearrangement. In Sect. 7.3, we give a
rearrangement inequality for PLI, before giving a general version in Sect.7.4. In
Sect.7.5, we give applications of the theorem derived in Sect. 7.4 to special cases.
In Sect. 7.6, we give a sharpening of an integrated Gaussian log-Sobolev inequality
via half-space rearrangement. Finally, in Sect. 7.7, we discuss connections with the
work of Barthe and Brascamp-Lieb-Luttinger closing with an open problem.

7.2 Preliminaries

For a set A, we will use the notation 1 4 to denote the indicator function of A, taking
the value 1 on A, and 0 elsewhere. For x € R?, |x| will denote the usual Euclidean
norm. We use Q4 to denote the non-negative rational numbers. We use y,; to denote
both the standard Gaussian measure on R and its density function

e xI7/2
va(x) = J -
(2m)2
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When d = 1, and there is no risk of confusion, we will omit the subscript and write
y. We denote the Gaussian distribution function

d(x) = / y()dy

and its inverse ®!.

7.2.1 Spherically Symmetric Decreasing Rearrangements

Given a nonempty measurable set A C R?, we define its spherically symmetric
rearrangement A* to be the origin centered ball of equal volume,

A* = {x Dx| < (|A|d/wd)‘;},

where wy is the volume of the d-dimensional unit ball, with the understanding that
A* = @ in the case that [A|; = 0 and A* = R? when |A|s = oco.

We can extend this notion of symmetrization to functions via the layer-cake
decomposition of a non-negative function f,

F @) e
f(x) 2/0 1dt Z/O Jl{y:f(y)>[}(x)dt.

Definition 7.2.1 For a measurable non-negative function f, define its decreasing
symmetric rearrangement f* by

f*(x) = /0 ﬂ{y;f(y)>[}*(x)dt. (7.4)

Note that decreasing is used here in the non-strict sense, synonymous with non-
increasing.

Proposition 7.2.2 f* is characterized by the equality

{f*>a={f>n" (7.5)

The proof will be given in greater generality in the following section.

Corollary 7.2.3 f* is lower semi-continuous, spherically symmetric and non-
increasing in the sense that |x| < |y| implies f*(x) > f*(y).

Proof f* has open super level sets by Eq. (7.5) and is thus lower semi-continuous.
To prove non-increasingness observe that using the characterization above f*(y) >
riff y € {f > A}* which implies by |x| < |y| that x € {f > A}*, and thus
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f*(x) > . Applying this to %, increasing to f*(y) yields our result. Observe that
this implies spherical symmetry by applying the preceding argument in the opposite
direction f(x) = f(y) when |x| = |y|. m|

7.2.2 More General Rearrangements

Definition 7.2.4 For Polish measure spaces (M, i) and (N, «), with Borel o-
algebra, we will call a set map from the Borel o -algebra of M to the Borel o-algebra
of N a rearrangement when it satisfies the following,

1. %(A) is an open set satisfying o(x(A)) = p(A)
2. u(A) < u(B) implies %(A) C *(B)
3. Forasequence A; € A;y1, (U2 A;) = U2, * (A).

Notice that in 3, U; * (A;) € *(U;A;) holds from 2, so the assumption is only
Uj * (Aj) 2 %(U;jA;). For brevity of notation, we write A* = x(A) and note the
following extension to functions.

Definition 7.2.5 For a rearrangement * and Borel measurable f : M — [0, c0)
define f* : N — [0, 00),

) 1=/0 Lifspx(x)dr.

Rearrangement is in general non-linear, however, we do have linear behavior in
the following special case.

Lemma 7.2.6 For a simple function s, expressed as s = Y i, aila, witha; > 0
and A; C Aj—y,

n
s* = ZaillAeﬂ.
1

i=1

Proof Let us give more explicit formulas for both quantities.

n mg
D aily@ =) a
i=1 i=1

where m; = max{i : z € A7}, and the formula

s*(z) = sup{t : z € {s > 1}*},
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which holds not just for simple functions but general f. If z € A}, with m;
maximal, then for r < Z:’Zl ai, A, € {s > t}, which in turn gives Aj;z C{s >
t}*. Thus z € {s > t}* forallt < Z:":l a; and we have

@ =suplz € s> 1171 = Y ar = Y a2
f i=1 i=1

For the reverse inequality, assume s*(z) > 0 (else there is nothing to prove) and take
t such that z € {s > r}*. Since {s > 1} = Ay, where k; = min{j : Z{zlai > t},
we have {s > 1}* = Aj;. This implies that ), _; ail s (2) = 5'(’:1 a; > t. Taking
the supremum in ¢,

Y aily (@) = 55 2).
i=1

Proposition 7.2.7 f* is characterized by the equality

Uf* >0 = {f > 1" (7.6)

In particular f* is lower semi-continuous, and equi-measureable with f in that
pw{f > 2} =aff* > A}

Proof First we prove the equality (7.6). Since f*(x) > A implies f0°° Lipsep(x)
dt > A, which in turn, by the monotonicity of 1;r-,+ implies the existence of
t > A such that x € {f > t}*. From this it follows that

{(f*> A C{f > A}~
For the converse, first assume that f = s is a simple function, expressed as

n
s = ZaﬂlAi
i=1

witha; > 0and A; C A;_1. By Lemma 7.2.6
n
s* = ZaiﬂA?'
i=1

Since {s > A} = Ay where k = min{j : lezlai > ALz € fs > A = A}
implies s*(z) = >_i_; ai 142 (2) Zle a; > A Thus {s > A}* C {s* > A} holds

v



7 Rearrangement and Prékopa—Leindler Type Inequalities 77

for simple functions. Now take s, to be a sequence of increasing simple functions
approximating f pointwise and uniformly on sets where f is bounded. Then

(f > A = (U{sn > )\}) = Jtsn > 11" = Utsy > 4.
n=1 n=1 n=1

where the first equality is from the assumption of increasingness of the simple
functions, the second is from Definition 7.2.4 item 3, and the third follows from the
characterization just proven for simple functions. Since f; < f2, implies f* < f5
it follows that U{s)' > A} C {f* > A}, sothat {f > A}* C {f* > A}.

If g is another function satisfying {g > A} = {f > A}* for all A, then

S o0 S
g(2) =/0 ]l{g>)\}d)» = [) ]l{f>A}*d)L = /0 ]l{f*>A}d)u = f*(z)

The fact that f is lower semi-continuous follows from item (1) of our definition,
that A* is open. Equimeasurability is given by a{f* > A} = o{f > A}* = u
{f > A} O

Proposition 7.2.8 For an open convex set K C R? with closure containing the
origin. The set map *g defined by

1
A¥K — <|A|d>d K
|K|a 7

is a rearrangement with (M, ;1) = (N, &) = (R?, | - |a).

Proof Tt is immediate that A*X is open and the homogeneity of the Lebesgue
measure ensures that |[A*K|; = |A|g, hence (1) follows. To prove (2), note that
for 0 < |A| < |B], by the definition of xg, A* = tK and B* = sK for some
0 <t <s.Letx =tk fork € K and k, a sequence in K converging to 0. Then

o= () (1= ) m).

By K open, k— (3 — 1)k, belongs to K for large n, and when this holds, by convexity
(Ltk = (5 = Dky) + (1 = Dky) € K. Tt follows that x € sK, as such, A*K C B*K.
The continuity condition in (3) holds, since both sets are origin symmetric balls of
the same volume. |

Observe that the qualitative statement of Brunn—Minkowski (7.1), for Borel A, B
|A+ Blg = |A*% + B*K|,, (7.7)

is preserved. In the following section, we will extend this qualitative result to the
functional setting.
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Proposition 7.2.9 For a fixed coordinate i, the set function * defined on a Polish
space M with probability measure ju and (N, a) = (R?, y4) by

A* =[x x; < D (u(A)))

isa rearrangement.

Proof A* is open by definition, and y;(A*) = o(p! (u(A))) = u(A). Conditions
(2) and (3) follow from the monotonicity and continuity of ®. |

We will not pursue examples in discrete spaces here. We direct the interested
reader to [37, 38] for recent information theoretic work regarding rearrangement on
discrete spaces and [25, 26, 44] for discrete PLI investigations.

7.3 Rearrangement and Prékopa-Leindler

We begin with a special case of a more general result to build some intuition for the
abstractions to follow. For f, g : R? — [0, 00) and ¢ € [0, 1] recall

fOg@ = sup  fI0g ). (7.8)
(I-t)x+ty=z

Theorem 7.3.1 For f, g : R? — [0, 00) Borel, t € (0,1), and x denoting a
rearrangement to a fixed open convex set with closure containing the origin,

1—¢ t
/Rd fOg(x)dz > /Rd fOg*(2)dz > (/ fdz) (f gdz> . (7.9)

What is more, when v/ is a non-negative and non-decreasing function

f v (fOg) D)z = / ¥ (*Og" ()dz. (7.10)
R4 R4

The universal measurability of f[g will follow from the proof, which gives the
universal measurability of ¥/ (f[]g) as a consequence.

Proof For A € (0, 00), define
So=So(\) = {s € Q% : 5/ "s5 > A} (7.11)
Observe,

fOg>n= [J d=0{f >s)+t{g >} (7.12)

s€SH(X)
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Indeed, it is routine to check that z € Uses, (1 — ){f > s1} + 1{g > s2} implies
fUOg(z) > A. Conversely, if flg(z) > A, then there exists a pair of x and y
such that (1 — #)x +ty = z and f!~'(x)g’(y) > A. By the continuity of the map
(u,v) — u'~"v", there exists (s1, 52) rational satisfying 51 < f(x), s2 < g(y), and
sllftsé > A, which proves the claim.

Let us remark that the sum of Borel sets is universally measurable,! and
hence {flJg > A} is as well. This shows we are well justified in our notation
fRd fOg(z)dz. By Brunn—Minkowski and the characterizing property of rearrange-
ments on super level sets

(L =D{f > s1} +t{g > 2}l = [(L = D{f > s1}* + t{g > 52} (7.13)
=10 =D{f" > si} +1{g" > s2}I. (7.14)

Now applying (7.12) to f*[Jg* and observing that
(L=D{f" > s1} +H{g" > 5}

is an origin centered ball in R? for every s € So(1), we see that

e Og > M =| [ 0= > s} +1{g" > 52}
s€So(A)
= sup [(1 = D{f* > s1} + t{g" > 2}].
s€So

Using (7.13),

A= >sib+tle* > = | | =Dlf >s1} +1{g > )|
s€So(A)
Thus it follows that

HfOg > A}l = [{f*0g* > A}l (7.15)

Using the layer-cake decomposition of the integral,

/Rd ¥ (fOg)(2)dz =/O Y (fUg) > t}ldr.

Notice that by the non-decreasingness, w’l (A, 00) is an interval of the form [x, c0)
or (x,00) for a non-negative x. From this, we can use (7.15) (and continuity of

I'This follows from the fact that Borel sets are analytic, see [28], and analytic sets are closed under
summation and universally measurable.
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measure if the interval is closed) to obtain (7.10). To recover (7.9), note that the first
inequality follows from setting ¥ (x) = x, while the second is the application of PLI
to f* and g* combined with the equimeasurability of the rearrangements ensuring

[ff=/[fand [g*=[g. O

7.4 Functional Lifting of Rearrangements

In this section we show that in a general setting, certain set theoretic rearrangement
inequalities can be extended to functional analogs, extending the rearrangement
inequality proven for PLI in the previous section to more general operations than
O in (7.8). Let us make precise the set theoretic rearrangement inequality we will
generalize.

Definition 7.4.1 Let m : M" — M and n : N" — N be such that
m(Ar, ..., Ap) = {x = m(ay,...,ay) : ai € A;} and n(Bi1,...,By) =
{y = n(b1,...,by) : bj € B;} are universally measurable for A; and B; Borel.
Suppose further that {n(A7, ..., A¥)}4 indexed on n-tuples of Borel sets is totally
ordered in the sense that for any Borel Ay, ..., A, and A’l, R A;, we have either
(AT, ..., A% C n(A'], ..., A") orn(A%, ..., AF) D n(A’],..., A"}) we say
that * satisfies a set theoretic rearrangement inequality when the following holds

w(m(Ai, ..., Ap)) = a((A], ..., AD)).

We will focus on two main examples, the rearrangement to convex sets in
Euclidean space and rearrangement to half-spaces in Gaussian space.

Proposition 7.4.2 When (M,m,n) = (N,n,a) = RY m;,dx), and t =

(t1, ..., ty) € R defines a map m; by vector space operations,
n
x=(x1,...,xn).—>2t,-x,-, (7.16)
i=1

then the xK rearrangement, as in Sect. 7.2 for K open, convex, and symmetric,
satisfies a set theoretic rearrangement inequality. If the t; are assumed positive, xK
satisfies a set theoretic rearrangement without symmetry if O belongs to the closure
of K.

Proof Take B; = sgn(t;)A; so that t1A1 + --- + 1t,A, = |t1|B1 + - -+ + |t,|By.
Using the symmetry and convexity of K and the definition of our rearrangement as
a scaling of K, it follows that

n
1
nAY + -+ 1A, = (E |ti||Ai|d> K
i=1
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and hence, the images of m;, are totally ordered. Brunn—Minkowski implies that
ler| By + -+ + |ta| Bul = |le1| BY + -+ + |tul By .
It follows that
1AL+ + 1, Ap] = [0AT + -+ Al

When #; are positive, the proof is similar and simpler. O

Proposition 7.4.3 When (M, m, ) is a centered Gaussian measure on a Banach
space M and m defined as x = (x1,...,x,) = Y ;tixj fort; > 0, ;1 =1,
and (N,n,«) with N = R?, 1 defined by y Y itivi and a = y4 the half-
space rearrangement from Proposition 7.2.9 yields a set theoretic rearrangement
inequality.

This is the content of the Borell-Ehrhard theorem, which we will discuss in more
detail in Sect.7.5.2. Now let us generalize the geometric mean used in PLI.

Definition 7.4.4 For0 < T < oo, a function M : [0, T)" — [0, o0] is continuous
coordinate increasing when

1. x, y € R” satisfying x; > y; for all i, necessarily satisfy M(x) > M(y)

2. M(x) =0when[[;x; =0

3. M(x) = sup,_, M(y) with the convention that sup, _, M(y) = 0 when {y <
x} is empty.

By convention, in the case that T is finite, we extend M to [0, T]" by M(x) =
supy . M(y). It should also be assumed, all M that follow are defined to be zero
on{x:[[;x; =0}.

7.4.1 Examples

1. Fort = (t1,...,t;) witht; > 0 and p € [—00, 0) U (0, oo] take for u € [0, co)”
1
M) = (tu] + -+ tauy) 7 (7.17)
with M! _(u) = min; u; and M’ (u) = max; u;
2. Fort = (t;,--- ,t;) witht; > 0and u € [0, c0)",
M) =] Jul. (7.18)

Note that in the case that ) ;#; = 1, ./\/lf) is the limiting case of the previous
example.
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3. Define fort; > O andu € (0, 1)",
M) = @@~ @) + -+ 1,07 (up))
Now let us define the functional operation our set theoretic rearrangement
inequalities may be generalized to.
Definition 7.4.5 For M, a continuous coordinate increasing function, f = { f; ?:1

with f; : M — [0, T) and m : M" — M define

DM,mf(Z) = sup MC(fi(x1), ..., fu(xn)).

m(x)=z

Let us further denote for a rearrangement * satisfying a set theoretic rearrangement
inequality, fi = {f*}7_,, so that

i=1

Oy fu(w) = (Sl)lp MUFGDs - Sy Gn))
n(=w

When there is no risk of ambiguity we will suppress the notation for the mapping m
and write Lo f in place of Oy, f

Notice that Theorem 7.3.1 was the case that m(x, y) = n(x,y) = (1 —t)x + ty
and M is the geometric mean as in (7.18).

Theorem 7.4.6 A set theoretic rearrangement inequality,
pm(Ar, ..., Ap)) = a((AT, ..., AD)

can be extended to functions in the sense that for f = {f;}!_,, with f; Borel

measurable from M to [0, 00), M a continuous coordinate increasing function,
and a non-negative non-decreasing ,

/ VO f)dp > / Oy fo)da
Proof For A > 0, write

Sm@) ={g € Q : M(q) > A}

We will prove w(aqf > X) > a(0nrfix > A). First observe that by arguments
similar to the proof of Theorem 7.3.1

Omsf>1= | mdfi>ab....Afs> @D (7.19)

qeSpMmA)
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Indeed, suppose Uaq f(z) > A. This implies the existence of some x such that
m(x) = z and M(fi1(x1),..., fu(xn)) > A. By the continuity of M, there exists
q € Spq(A) such that M(qy,...,qn) > A and f(x;) > g;. The opposite direction
is immediate. Observe that by our measurability assumptions on m and (7.19),
the superlevel sets of [Iaq ,, f are universally measurable. Since v is necessarily
Borel measurable by its monotonicity, its composition with [Iaq , f is indeed
universally measurable. Analogously, (note that f* are Borel measurable, by lower
semi-continuity),

Ombe>r= | ndf >ad ... (7 > ad. (7.20)

geSMm()

This gives

WlOmf>1=n| U mda>ak....1f>aw)

geESM(A)
> sup upum{fi>aq},....{fn > aqu})
qeSpmA)
> sup o fi >qi}s ... Afu > an))
qeSpmA)

=o| | ndf=ad .. Af > ad

geSM)
= a{0pfi > A}
The first inequality is obvious, the second is by the assumed set theoretic rear-

rangement inequality, and the following equality is by the assumption of total
orderedness. The last equality is the from (7.20). O

7.5 Applications

7.5.1 Borell-Brascamp-Lieb Type Inequalities

In the case that A € (0,1) and —o0 < p < oo, we recall from example (1) the
following continuous coordinate increasing function,

(1 = MuP +rP)r  ifuv £0

if uv =0.

M, v) = M(u,v) = (7.21)
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The Borell-Brascamp-Lieb inequality generalizes the PLI with the understanding
that Mp(u, v) = u'~*v*. Note that M2 (u, v) = max{u, v} and M* _(u,v) =
min{u, v} as defined in Eq. (7.17). If we define fDM;,g usingm(x,y) = (1—-A)x+
Ay as in Definition 7.4.5, we can state the inequality as the following.

Theorem 7.5.1 (Borell-Brascamp-Lieb [15, 18]) For A € (0,1) and Borel
functions f, g : R" — [0, 00),

/fDM;g(x) dx = M5y 0011 (/ f(x)dx,/g(x)dx)

when p > —1/n.
We present the following sharpening.

Theorem 7.5.2 For Borel functions f, g : R" — [0, 0c0) and * a rearrangement to
a convex set,

/fDM;g(x) dx Z/f*DM;g*(X) dx

= M?’/(ﬂpﬂ) (/ fx)dx, /g(x)dx>

Proof As described in Proposition 7.4.2, the Brunn—Minkowski inequality shows
that the usual Lebesgue measure with the map (x, y) — (1 —X)x +ty) satisfy a set
theoretic rearrangement inequality. The result then follows from Theorem 7.4.6. O

when p > —1/n.

7.5.2 The Gaussian Case

For simplicity we restrict ourselves to the R¢ case and employ the rearrangement s
from the Gaussian measure space (Rd ,v4) to (R, y1), by

A*={xeR:x <1}

wherer = &1 (y4(A)) is chosen to satisfy y;(A) = y (A*). A functional half-space
rearrangement by

f*(X)=/0 Lipsep()dt.
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The Borell-Ehrhard’s inequality [16, 24] is usually stated as the assertion that
t €(0,1), A, BBorelin RY imply

va((1 —=DA+1B) = ©((1 — N~ (u(A) + 19~ (u(B))).

It can be equivalently formulated in our terminology and notation .

Theorem 7.5.3 (Borell-Ehrhard [16,24]) Fort € (0, 1), m(x,y) = (1—t)x+ty,
n(u, v) = (1 —t)u+tv, and * our halfspace rearrangement from (R, va) to (R, y),
satisfy a the set theoretic rearrangement inequality, explicitly for Borel A and B

va(1 = A +tB) > y((1 — ) A* + tB*).

We will extend Theorem 7.5.3 to a functional inequality by Theorem 7.4.6.
However, it should be mentioned that the semigroup proof of Borell actually gave
a functional inequality already. The argument was streamlined by Barthe and Huet,
and it is their generalization below that we will sharpen.

Theorem 7.5.4 (Barthe-Huet [3]) Fix a set I < {1,2,...,n} and positive
numbers A, ..., Ay satisfying 3 Aj > Landrj—3 ", ;Ai < 1for j ¢ I. Then for
Borel fi, ..., fu from R? 10 [0, 1] such that ®~' o f; is concave fori € I, and a
Borel h satisfying h(}_; hixi) = ®(3_; LDV fi(x:))), then

[ iz o (m»—l (f fldl/d) et agor! (f fndyd>> .

A consequence of Theorem 7.5.4 (and actually proven equivalent to Theo-
rem 7.5.4 in the same paper) is the following.

Corollary 7.5.5 FixasetI C {1,2,...,n} and set of positive numbers A1, ..., Ay
satisfying 3 Ai > Land hj — 3, ;Ai < 1for j ¢ I. Then for Borel Aj,

Va1 AL+ -+ An) = PO (a(AD) + - 4+ 4@ (Ya(An)))
=yMA] + -+ A A))

holds, provided A; are convex when i € I.

Strictly speaking, unless / is empty, the half-line rearrangement does not yield a
set theoretic rearrangement inequality with the maps m) (x) = Aix1 + -+ - + Apxy
and n) (y) = A1 y1+- - -+ A, yn. However the proof of Theorem 7.4.6 can be adapted
to achieve the following refinement of Barthe-Huet.
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Theorem 7.5.6 For Borel f1, ..., f, from R to [0, 1] such that <I>7lof,- is concave
fori e I and

/Dm)fdyd > fDMg)f*dV
> M4 (/ fl*dy,...,/fn*dy)
_ M (/fld%u-v/fnd)/)-

In analyzing the proof of Theorem 7.5.6, a loosening of the hypothesis can be
achieved, requiring only that for i € I, f; is quasi-concave and ®~! o f;* concave.

Proof Once it is observed that ®~! o f; concave ensures { f; > g;} is a convex set,
so that one can apply Corollary 7.5.5, the first inequality can be derived following
the proof of Theorem 7.4.6. The equality is immediate as well, following from
our definition of rearrangement. Thus, to prove the result, we need only justify
the second inequality, which follows from Theorem 7.5.4 once we know that the
concavity of ®~! o f; implies the concavity of ®~! o fi* as well. For this, we prove
a general result below. O

Definition 7.5.7 Forafixeds € (0, 1) and a convex set K we willcall f : K — R,
W,-concave when there exists a continuous coordinate increasing function W, such
that

S =D)xy +tx2) = Wi (f (x1), f(x2)).

Notice that the concavity of ®~! o f is equivalent to the statement that f is W,-
concave with W, (i1, uy) = Mip(ul, uz) = ®((1 — )& (uy) + td (un)) for
te(0,1).

Proposition 7.5.8 Suppose that f, g, h are Borel functions on a space (M, |1)
satisfying

h((1 —0)x +1y) = Wi (f(x), g(y) (7.22)

for x,y € M, and that x is a rearrangement from (M, ) to a space (N, o)
satisfying

w((1=1)A+1B) > a((1 — 1)A* +tB*). (7.23)

Additionally assume that the space of rearranged sets has a total ordering that
respects Minkowski summation in the sense that (1 — t)A* + tB* and C* satisfy
either

(1 —)A* +tB* C C*or (1 —t)A* +tB* D C* (7.24)
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then

RE((1 = )x +1ty) = W, (f*(x), 8" () (7.25)

holds for x,y € N.

Note that Theorem 7.5.6 follows from the proposition by taking f = g = h and
v, = M’d). Indeed, since the half-line rearrangement satisfies (7.24), as half-lines
are stable under convex combination, it follows that f* to be M -concave if f is.

Proof Observe that inequality (7.22) can be equivalently stated as A; € R implies
A =D{f > M} +1{g > A2} S {h > Wi (A1, A2)}. (7.26)

which can be easily verified using our assumptions of continuity and monotonicity.
Indeed, if (7.22) holds, then forz = (1—¢#)x+tyforx € {f > A}andy € {g > Az}
we have h(z) > W;(f(x), g(y)) > W;(r1, X2). For the converse, given x, y take
M < f(x)and Ay < g(y),thenz = (1 —t)x +ty € (1 —){f > A} +t{g >
A2}. By (7.26), h(z) > W,(f(x), g(»)), and by the continuity assumption on ¥,
W, (f(x), g(y)) = sup, W, (A1, 22) < h(z). Thus we will prove (1 —){f* > A1} +
t{g* > X} C {h* > Wi (A1, A2)}, or equivalently

(L =D{f > M} +1{g > 22}" S {h > W (0, A2)}"
By (7.24), it is enough to show
a((L=D{f > M} +t{g > 2} < a(th > Uk, 22)}).
By our assumptions (7.23) and (7.26),

a((1=0)f{f > 1Y +1t{g > 1)) < u((I—0{f > 1} +1t{g > 12})
< u({h > W (A1, A2)}).

Our result follows since
p({h > Wi(r1, 22)}) = a({h > W, (A1, 22)}").

O

Observe that Proposition 7.5.8 gives another proof of Theorem 7.3.1. Indeed,
since fOg((1 — )x +ty) > 177 (x)g' (y) holds for all x, y, (fOg)*((1 — 1)x +
1) = (f'(x)(g*)"(y) holds as well. This implies (fCg)* > f*Og* and
hence

(fOg > Al = [{(fOg)* > A}| = [{*De" > 4}
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Let us also point out the corollary obtained by taking f = g = h, as it is of
interest independent of the application to Theorem 7.5.6.

Corollary 7.5.9 If f : R? — [0, 00) is W;-concave, and  implies f* is as well.

It follows immediately that the class of d-dimensional s-concave measures is stable
under (convex set) rearrangement. See [11, 13] for background and [30, 32] for
recent connections between s-concave measures and information theory.

7.5.3 Polar Prékopa—Leindler

For fixed 7, A € (0, 1), define M : [0, 00)2 — [0, 00) by
M(u, v) = min {ullii, v } ,

and for x, y € R? define m(x, y) = (1 — t)x + ty so that

fOm@ = sup min{f(0i g}

m(x,y)=z
We can state the recent polar analog of Prékopa—Leindler due to Artstein-Avidan,
Florentin, and Segal.

Theorem 7.5.10 (Artstein-Avidan et al. [1]) For f, g : R4 — [0, 00) Borel, and
u log-concave

f FOMgdu() = M, ( f FOdu), / g(X)dM(x)>-

In the case that u is Lebesgue (with * rearrangement to a convex set) or Gaussian
(with * rearrangement to a half-space), and n(x, y) = (1 — #)x + ¢y, this can be
sharpened to the following.

Theorem 7.5.11 For f, g : RY — [0, 00) Borel, and 1 either Gaussian, with * the
half space rearrangement, or Lebesgue with x a convex set rearrangement, then

/ FOmgdu = / FOMme dp

> M, (f fdu,/gdu).

Proof As we have seen, the map (x,y) — (1 — #)x + ty satisfies a set theoretic
rearrangement inequality by Brunn—Minkowski with respect to Lebesgue measure
and rearrangement to a convex set, and by Borell-Ehrhard with respect to Gaussian
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measure and rearrangement to a halfspace. The map M (u, v) = min{u 113, v§} is
clearly continuous and coordinate increasing for A, ¢ € (0, 1). Thus in both cases,
Gaussian and Lebesgue, we can invoke Theorem 7.4.6 to obtain the first inequality.
The second inequality is obtained from the application of Theorem 7.5.10to f* and
g*, and the equimeasurability of rearrangements. O

7.6 Gaussian Log-Sobolev Inequality

For a probability measure . define the entropy functional® for a non-negative f by

() = [ s1og fau~ [ sapog [ s

One formulation of the Gaussian log-Sobolev inequality is the following.

Theorem 7.6.1 (Gaussian Log-Sobolev) For positive smooth f,

Hy(f) < - / VIE e
o]y

In this form the inequality is due to Gross [27]. Carlen [20] showed it to be
equivalent to the earlier information theoretic Blachman—Stam inequality [5, 48].
The Gaussian log-Sobolev inequality was shown to be a consequence of a strength-
ened PLI for strongly log-concave measures by Bobkov—Ledoux [8], and it is this
perspective that we now develop to motivate the main result of this section, a
rearrangement sharpening of an integrated Gaussian log-Sobolev inequality. In this
direction, let us recall that the PLI can be easily extended to the log-concave case.

Theorem 7.6.2 (Log-Concave PLI) For measure y with density ¢ satisfying
e((1=Dx +1y) = ¢! ()¢ (),

the inequality for non-negative functions u, v, w
(1= 0x +1y) = v (@' ()

implies

o (foa) (fo)- o

2Note that when f = j” is the density function of a probability measure v with respect to pu,
H, (f) is the Kullback—Liebler divergence D (v||u) or relative entropy [22].
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Proof Observing that the functions ii(z) = u(z)¢(z), v(z) = v(z)¢(z), and W(z) =
w(z)p(2) satisfy

A((1—0Dx +1ty) > 7 (0D ()

so that applying the ordinary PLI, we have

1—¢ t
/ﬁ(z)dz > (/ ﬁ(z)dz> (/ 11)(2)dz> ,

which is exactly (7.27). |

The log-concave case corresponds to the case when the measure is given by
a density corresponding to a convex potential, that is, ¢(x) = e~ V™ with V is
convex. For the Gaussian measure something stronger is true. In this case, V satisfies

VIl=Dx+1y) <A =0V @) +1V(y) —t(1—1)|x — y|?/2. (7.28)

Note that in the case that V is smooth, log-concavity is exactly V" > 04 in the
sense of positive semi-definite matrices, while (7.28) is V” > I;. Under these
assumptions, Theorem 7.6.2 admits the following strengthening.

Theorem 7.6.3 (Curved Prékopa-Leindler) For t € (0,1), w strongly log-
concave in the sense of (7.28), and u, v, w : RY — [0, c0) satisfying

u((1 = Ox + ty) > e~ DI/2y 11 (ot (3

forall x,y € R4, then

fo (o) ()

Proof The proof follows again from applying the Euclidean PLI to u(z) =
u(2)9(2), v(2) = v(2)@(2). O

Following arguments of Bobkov—Ledoux [8] we pursue a specialization of The-
orem 7.6.3 to a single function, revealing a log-Sobolev inequality as a consequence
of a strengthened PLI. For a fixed ¢ € (0, 1), and a strongly log-concave probability

1 . .
measure i, and f, take w = f, v = 1, then for any u, satisfying

u((1 = t)x +1y) > e T ADP2 £ ()

we have from Theorem 7.6.3

/uduz(/fidu)t.
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With the interest of determining the optimal such u achievable through the methods
of PLI, it is natural to consider

u(z) = sup e*f(lff)\x*ylzﬂf(y).
{Ce.):(1=D)x+ty=z}

Writing A = 1[_’ , note that the constraint on x, y is equivalentto y = z + A(z — x),

so that the u(z) above can be expressed as Q; f(z) in the following definition.

Definition 7.6.4 For 1 € (0, 00) and f non-negative and Borel measurable, define

03 f(2) = sup f(z + Aw)e /2

=sup f(z+ w)e_‘w‘z/”‘.
w

1
Writing || |, = (/1 f1Pd ) ” we can collect the above as the following.

Theorem 7.6.5 (Integrated Log-Sobolev) For 1 a strongly log-concave probabil-
ity measure, A € (0, 00) and f non-negative and Borel measurable,

1Ox /Nt = 11 f ll14a-

The log-Sobolev inequality for strongly log-concave probability measures can be
recovered as a corollary.

Corollary 7.6.6 (Log-Sobolev Inequality) For u strongly log-concave probability
measure, and f a positive smooth function

1 V|2
Hu(f)§2/| J’:' du

A proof is given in [8] where the expressions are given in terms of f rather than
f- It follows as a limiting case of Theorem 7.6.5 with A — 0.

Sketch of Proof For smooth positive functions constant outside of a compact set,
one observes that equality holds when A = 0. Then the Taylor series expansion,

Ifli+a = 1f Il + AHL(f) + o)
and a derived inequality
ho[IVSP
1Qxfl =1l + 7 dp+o(A)

deliver the conclusion. A limiting argument gives the result for general functions.
0
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To state our main result of the section, let © = y; a standard Gaussian and * be
the half-space rearrangement of a set under y;, as in Proposition 7.4.3.

Theorem 7.6.7 For non-negative Borel f and L, s > 0,

va({Onf > sh) = y({Qaf™ > s}

where f* is the Gaussian half-line rearrangement of f.
It will be a consequence of the proof that Q; f is universally measurable.

Proof We first express { Q) f > s} as the union of simpler sets. Denoting

S=S(.91.92) = {q = (q1.92) € Q% : q1q2 > 5},

it is straight forward to verify

{Qlf>s}=U({xeRd:f(x)>6]1}+{yeRd:|y|<\/2kln ! })

ges q2
(7.29)

Indeed, for z belonging to the union, there exists rational g;, and x, y satisfying

fx) >q1, |yl < \/2A1n qlz,andx—i—y =z. Takingw = —x =y — g,

o
Fwye W2 s g1y > s,

sothatz € {Q, f > s}. Conversely if there exists a w such that f(z~|—w)e_|w|2/2)‘ >
s then by continuity there exist rational g; satisfying f(z+w) > g1, e IwP/2
and g1q2 > 5. Taking x = z + w and y = —w we see that (g1, ¢2) € S and

ze{f>Q1}+!|y|<\/2Mn ! }
q2

Notice that this gives {Q, f > s} as a countable union of Minkowski sums of
analytic sets. Since analytic sets are closed under such operations, {Q;, f > s} is
an analytic set as well, and the universal measurability of Q; f follows.

Applying the Gaussian isoperimetric inequality [14, 49], which in our preferred
formulation states that y;(A + By) > y(A* + B;) where B; and B are origin

> q2,
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symmetric Euclidean balls of equal radius (in R? and R respectively), we have

1
vaQuf > sh =va | | JU > a1} + :w eR”:fw| < \/Mn }

ges q2

1
>supya | {f > q1} + weRY: lw| < [2A1n
qes q2
* 1
>supy ({f>q) +iweR:|w < [2A]n .
qes q2

But {f > q1}* = {f* > qi1} is a half-line and hence the sets {f* > ¢} +
{|w| < \/ 2A1In qlz }, indexed by S(X, g1, g2), are totally ordered. Thus,

sup y ({f > g1} + {le < \/ZKIn ! }) =y (U{f* > q1}+ {le <\/2kln ! }) .
qes q2 qes q2

Applying (7.29),

* 1 *
y U >q1}+{|w|<\/2xlnq2} = y(Qif* > A},

qges

and our theorem follows. O
As an immediate consequence, we have a sharpening of Theorem 7.6.5.

Corollary 7.6.8 For f non-negative and Borel, and norms taken with respect to y,

/Qxfdy Z/Qxf*dy = 1 s = 1 f .

Proof The first inequality is a consequence of Theorem 7.6.7, while the second is
from Theorem 7.6.5. |

We also direct the reader to the articles [41, 42] of Martin and Milman, whose
work on symmetrization, isoperimetry, and log-Sobolev inequalities the author
learned of during the revision of this paper.
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7.7 Barthe, Brascamp, Lieb and Rearrangement

The Brascamp-Lieb inequality is the following.

Theorem 7.7.1 (Brascamp-Lieb [17]) For natural numbers n < m, and {n;}]_,
with n; < n and {c,-};.":l a sequence of positive numbers such that Z;”:l cini =n
then for surjective linear maps B; : R" — R"™, with N; ker(B;) = 0 and transposes
denoted B] satisfy the following,

- Ciop, -1/2 A\
/Rl}f (Bix)dx < C H(/%f)

for fi : R" — [0, co) integrable, and

det(> ;_, ciB/A;B;
C = inf{ (X]:_l[_dlet‘l"' fll B1) : A; positive deﬁnite} .
The theorem enjoys a qualitative analog in the case that n; = d, so thatn = md and
x € R" can be expressed as x = (x1, ..., Xy) forx; € R? and B; are of the form
m
Bix = Z Bijx;. (7.30)

Theorem 7.7.2 (Brascamp et al. [19]) For B; satisfying (7.30),

/R ,, ]1 fi(Bix)dx < /R n 1] FF(Bix)dx,

where x represents the spherically symmetric decreasing rearrangement.

Notice that when Theorem 7.7.2 applies, it gives an intermediary inequality to
Theorem 7.7.1. Indeed, since (f)* = (f*)“, applying first Theorem 7.7.2, and
then 7.7.1, gives

/ []roBixydx < / [ e (Bix)dx
R i1 R i1

< C—l/zﬁ </Rn f)Ci .
i=1 '

Barthe gave the following reversal of Brascamp-Lieb, which serves as a dual
inequality.
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Theorem 7.7.3 (Barthe [2]) For n, m, {n;}!",, {c;}/,, Bi, and C as in Theo-
rem 7.7.1 then the inequality

m ci m
C1/21_[ <‘/R” fl) < ‘/R sup :1_[ f,'ci(yi) : ZC,’B;yi =xydx,
i=1 l ! i=1 i

holds for f; : R" — [0, co) integrable.

Taking m = 2, ¢y = (1 —t),c2 = t and n; = n and B; to be the identity map
yields C = 1 and we recover the Prekopa—Liendler inequality. We ask if further
extensions of our work here exist.

Question 7.7.4 Suppose that B; are of the form (7.30), and f; : RY — [0, 00),
when is it true that

/Rn Supinfi(yl') DILAY IX}dx > /Rn Sup{]_[f;*(yi) :> Bjyi=xpdx
i=1 i i=1 i
(731)

holds?

The results presented here verify the inequality for general Borel f; in the case
that B; are scalar multiples of the identity. Note that the case f; = 14, asks if the
following generalization of BMI holds

> B/A;
i

=

: (7.32)

n

Z Bl A}
i

n

where

ZB;A,' = {Z:ZB;X,' DX GA,’}.
i i

In the case that B : R — RY, inequality (7.32) was proven by Zamir and Feder
[51].
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Chapter 8 m)
Generalized Semimodularity: Order Shethie
Statistics

Tosif Pinelis

Abstract A notion of generalized n-semimodularity is introduced, which extends
that of (sub/super)modularity in four ways at once. The main result of this paper,
stating that every generalized (n: 2)-semimodular function on the nth Cartesian
power of a distributive lattice is generalized n-semimodular, may be considered
a multi/infinite-dimensional analogue of the well-known Muirhead lemma in the
theory of Schur majorization. This result is also similar to a discretized version
of the well-known theorem due to Lorentz, which latter was given only for
additive-type functions. Illustrations of our main result are presented for counts
of combinations of faces of a polytope; one-sided potentials; multiadditive forms,
including multilinear ones—in particular, permanents of rectangular matrices and
elementary symmetric functions; and association inequalities for order statistics.
Based on an extension of the FKG inequality due to Rinott & Saks and Aharoni &
Keich, applications to correlation inequalities for order statistics are given as well.
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8.1 Summary and Discussion

As pointed out e.g. in [3, 4], the notion of submodularity has become useful in
various areas: combinatorial optimization, with many applications in operations
research; machine learning; computer vision; electrical networks; signal processing;
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several areas of theoretical computer science, such as matroid theory; economics.
One may also note the use of this notion in potential theory [6], as a capacity is a
submodular function.

Let L be any distributive lattice; for definitions and facts pertaining to lattices,
see e.g. [10].

A function A: L — R is called submodular if

MO+ 1) = Mf Ve +AlfArg) 8.1

for all f and g in L. A function A is called supermodular if the function —A is
submodular, and A is called modular if it is both submodular and supermodular.
See e.g. [4, 9, 18, 19, 24, 25]. Let us say that a function u is log-submodular if
In p is submodular. The log-submodularity condition and the corresponding log-
supermodularity condition were referred to in Karlin and Rinott [13, 14] as the
multivariate total positivity of order 2 (MTP,) and the multivariate reverse rule of
order 2 (MRR7), respectively. As noted by Choquet [6, §14.3], a nondecreasing
function A is alternating of order 2 iff it satisfies inequality (8.1), that is, A is
submodular; it was also shown in [6] that the classical Newtonian capacity is such a
function.

The log-supermodularity condition is the condition under which the famous
Fortuin—Kasteleyn—Ginibre (FKG) correlation inequality [8] holds. Therefore, using
inequality (8.17) together with the FKG inequality and its generalizations, we will
be able to obtain the corresponding applications, in Corollaries 8.2.11 and 8.2.12.

More generally, let R be any set, endowed with a transitive relation X, so that
for any a, b, ¢ in R one has the implicationa X b & b x ¢ = a X c. For any
natural n, let us say that a function A: L" — R is generalized n-semimodular if

A(fla-'-a fn) X A(fnila-'-a fn:n)

forall f = (f1,..., fu) € L", where fy.1, ..., fu:n are the “order statistics” for f
defined by the formula

fn;jz/\{\/ﬁzje<[’;])} (8.2)

ieJ

(n]
J
that the cardinality of J is j. Here and in the sequel we use the notation «, 8 :=
{jeZ: a<j<p} Inpartticular, .1 = fin---A fpand fry = fi V-V fo.

For any function A: L — R, let the function A;: L?> — R be given by the
formula A, (f, g) := A(f)+X(g) for f and g in L. Then, obviously, X is submodular
or supermodular or modular if and only if A} is generalized 2-semimodular with the
relation “x” being “>" or “<” or “=", respectively.

Thus, the notion of generalized n-semimodularity extends that of (sub/super)mo-
dularity in four ways at once: (1) the function A may be a function of any natural

for j € [n] := 1, n, with (") denoting the set of all subsets J of the set [n] such
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number n of arguments, whereas A is a function of only one argument; (2) in contrast
with a general form of dependence of A(fi, ..., fu)on fi, ..., fu, the function A,
of two arguments is of the special form, linear in A(f) and A(g); (3) whereas the
values of A are real numbers, those of A may be in any set R; and (iv) we now
have an arbitrary transitive relation X over R instead of one of the three particular
relations “>"" or “<” or “=" over R.

For any k € [n], let us say that a function A: L" — R is generalized
(n: k)-semimodular if for each j € 0,n —k and each (n — k)-tuple (f;: i €
[n]\ j+1,j+k) € L" ¥ the function L* > (fj41, ..., fi+k) = A(f1, -\ fn)
is generalized k-semimodular. In particular, A is generalized (n : n)-semimodular if
and only if it is generalized n-semimodular.

Whenever the relation “x” is denoted as “>" or “<” or “=", let us replace
“semi” in the above definitions by “sub”, “super”, and “”’, respectively. For instance,
“generalized n-modular” will stand for “generalized n-semimodular” with the
relation “x” being “=".

The main result of this note is

Theorem 8.1.1 Again, let L be any distributive lattice. If a function A: L" — R
is generalized (n:2)-semimodular, then it is generalized n-semimodular.

The necessary proofs will be given in Sect. 8.3.

As will be seen from the proof of Theorem 8.1.1, the condition that the function
A be generalized (n: 2)-semimodular can be relaxed to the following: for each j €
I,n—1and each f = (f1,..., fu) € L" such that fi < --- < f}, one has

L(frseoes ) WLUf1seoos [i=1o Fi A S S5 Y Sitts fiv2s oo Ja).

Remark 8.1.2 Theorem 8.1.1 will not hold in general if the lattice L is not assumed
to be distributive. For instance, let L be defined by the set [5] = {1, 2, 3, 4, 5} with
the partial order being the subset of the natural order < on the set [5] with elements
2, 3, 4 now considered non-comparable with one another, so that the resulting order
relation is the set {(f, f): f € [5]} U {(1,2), (1, 3), (1,4),(2,5),(3,5),4,9),
(1,5)}; then, in particular, 2 A3 = 1 and 2 v 3 = 5. This lattice is one of
the simplest examples of non-distributive lattices. It is isomorphic to the diamond
lattice M3—see e.g. [10, p. 110]. Let n = 3, R = R, and define the function
AL > R by the formula A(f1, f2, f3) = 12f1fo + 3 f2f3 + 5f1f3 for all
f = (fi, f», f3) € L>. Then one can verify directly—by a straightforward but
tedious calculation consisting in checking 2 x 5% = 250 inequalities, two inequalities
for each f = (f1, f2, f3) € [51°>— that this function A is generalized (3:2)-
submodular. However, A is not generalized 3-submodular, because for f = (2, 3, 4)
one has (fy1, f32, f33) = (1,5.5) and A(fi, fo, f3) = A(2,3,4) = 148 #
160 = A(1,5,5) = A(f3:1, f3:2, f3:3)- |

Remark 8.1.3 A well-known fact, which will be crucial in the proof of Theo-
rem 8.1.1, is the representation theorem due to Birkhoff and Stone stating that any
distributive lattice L is isomorphic to a lattice of subsets of (and hence to a lattice of
nonnegative real-valued functions on) a certain set S, depending on L (see e.g. [10,
Theorem 119]). For such a lattice of functions, the “order statistics” f;:1, ..., fan
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are uniquely determined by the condition that

Su1(8) <o =< fum(s) and {{fu(s)s ..oy fun (O} = {AG), ..., fu($)}}
(8.3)

for each s € S, where the double braces are used to denote multisets, with
appropriate multiplicities. To quickly see why this is true, one may reason as
follows: Let us now use condition (8.3) to define fy.1, ..., fun. Note that the value
of the right-hand side (rhs) of (8.2) at any point s € S is invariant with respect to
all permutations of the values fi(s), ..., f,(s). So, the value of the rhs of (8.2) at
s will not change if one replaces there fi, ..., f, by fu:1, ..., fun, and this value
will equal f,.; (s). Thus, the definition of fy.1, ..., fu:n by means of formula (8.3) is
equivalent to the one given by (8.2), if the lattice L is already a lattice of real-valued
functions on S. Moreover, it is clear now that, if the lattice L is distributive, then
definition (8.2) can be rewritten in the dual form, as

fn;jz\/i/\ﬁ:fe(n+[’l1]_j>} (8.4)

iel

forall j € [n].

On the other hand, it can be seen that, if L is not distributive, then this duality can
be lost and each of the definitions (8.2) and (8.4) of f,.; can be rather unnaturally
skewed up or down. For instance, in the counterexample given in Remark 8.1.2, for
f = (2,3,4) we had (f3.1, f32, f3:3) = (1,5, 5) according to definition (8.2), but
we would have ( f3.1, f3:2, f3:3) = (1, 1, 5) according to (8.4).

However, one may note that the right-hand side of (8.4) is always < than that of
(8.2); this follows because for any J € (nJr[’ILL]) and any K € ([;]) there is some
ke JNK,andthen \;.; fi < fx < Viex fi- O

In view of the lattice representation theorem cited in Remark 8.1.3, Theo-
rem 8.1.1 may be considered a multi/infinite-dimensional analogue of the well-
known Muirhead lemma in the theory of Schur majorization (cf. e.g. [17, Lemma
2.B.1, p. 32]), which may be stated as follows: for vectors x and y in R” such that
x < y (that is, x is majorized by y), there exist finitely many vectors xg, ..., X
in R” such that x = xo < -+ < x,, = y and for each j € 0, m — 1 the vectors
x;j and x4 differ only in two coordinates. However, no direct multi-dimensional
extension of the Muirhead lemma seems to exist, even in two dimensions (see e.g.
[20, p. 11]).

For functions that are “infinite-dimensional” counterparts of the “m-
dimensional” function A: L™ — R given by the formula of the additive form

AgL - gm) = ) 2j(8)), (8.5)
j=1
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Lorentz [16] obtained a result similar to Theorem 8.1.1; for readers’ convenience, let
us reproduce it here: For each j € [n], let f JT" denote the equimeasurable decreasing
rearrangement [11] of a function f;: (0,1) — R. Let a real-valued expression
d(x,uy,...,u,) becontinuousin (x, uyg,...,u,) € (0,1)x[0, 00) x---x[0, 00).
Then the inequality

1 1
/ D(x, fi(x), ..., fu(x))dx 5/0 D(x, fiF(x), ..., fF(x)dx (8.6)

0

holds for all bounded positive measurable functions fi, ..., f, from (0, 1) to R if
and only if the following two conditions hold:

D +h,u;j+h)— P +h,u;)—dwi,u;+h)+dw;,u;) >0 (8.7)

and
§

/[(IJ(x—t,u,-—i—h)—CD(x—t,ui)—d>(x+t,ui+h)+d>(x+t,ui)]dt20 (8.8)
0

forallh > 0,x € (0,1),6 € (0,x A (1 —x)), (uy,...,un) €[0,00)", and i, j in
[n] such thati < j; here, in each of inequalities (8.7) and (8.8), the arguments of ®
that are the same for all the four instances of ® are omitted, for brevity.

To establish the connection between Lorentz’s result and our Theorem 8.1.1,
suppose e.g. that each of the functions fi, ..., f, in [16] is a step function, constant
on each of the intervals (~’,;1, 2] for j € [m], and then let g;(s) := f;(/) for
j € [m]and s € S := [n]. In fact, in the proof in [16] the result is first established
for such step functions fi, ..., f,. It is also shown in [16] that, for such “infinite-
dimensional” counterparts of the functions given by the “additive” formula (8.5),
the sufficient condition is also necessary. In turn, as pointed out in [16], the result
there generalizes an inequality in [23]. Another proof of a special case of the result
in [16] was given in [5].

8.2 Illustrations and Applications

8.2.1 A General Construction of Generalized n-Submodular
Functions from Submodular Ones

Recall here some basics of majorization theory [17]. For x = (x1,...,x,) and
y=O1,..-,yn) in R, write x < yifx;+---4+x, = y1+---+ y, and
Xp:14 - 4+ Xn:k = Yn:1+ -+ Yn:x forall k € [n]. Forany D C R", a function
F: D — Riis called Schur-concave if for any x and y in D such that x < y one
has F(x) > F(y). If D = I" for some open interval / € R and the function
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F is continuously d‘ifferen‘tiable then, by Schur’s theorem [17, Theorem A.4], F is
Schur—concaveiff(gg — gfj_)(x,- —xj) <Oforall x = (x1,...,x,) € D.

Proposition 8.2.1 Suppose that a real-valued function A defined on a distribu-
tive lattice L is submodular and nondecreasing, and a function R" > x =
(X1, ...,%xn) = F(x1,...,x,) is nondecreasing in each of its n arguments and
Schur-concave. Then the function A = A, r: L" — R defined by the formula

A(frs-os fo) =D p(frs ) fo) = F(fD, -0 A(f) (8.9)

for (f1, ..., fn) € L" is generalized (n: 2)-submodular and hence generalized n-
submodular.

A rather general construction of submodular functions on rings of sets is provided
by [6, §23.2], which implies that U-homomorpisms preserve the property of being
alternating of a given order, and the proposition at the end of [6, §23.1], which
describes general U-homomorpisms as maps of the form

SODOA G(A):={teT: (s,t) e Gforsomes € A},

where S and T are sets and G € S x T; in the case when G is (the graph of) a
map, the above notation G(A) is of course consistent with that for the image of a
set A under the map G; according to the definition in the beginning of [6, §23],
a U-homomorpism is a map ¢ of set rings defined by the condition p(A U B) =
@(A) U @(B) for all relevant sets A and B.

Therefore and because an additive function on a ring of sets is modular and hence
submodular, we conclude that functions of the form

A n(G(A)) (8.10)

are submodular, where p is a measure or, more generally, an additive function (say
on a discrete set, to avoid matters of measurability). From this observation, one
can immediately obtain any number of corollaries of Proposition 8.2.1 such as the
following:

Corollary 8.2.2 Let P be a polytope of dimension d. For each a € 0,d, let Fy
denote the set of all a-faces (that is, faces of dimension o) of P. For any distinct
a,B,y in 0,d, let G = Gg,p,y be the set of all pairs (fa, (f8, fy)) € Foq X
(Fg x Fy) such that fo O fg 0, fa N fy # 0, and fg N f,, # V. Let L be a
lattice of subsets of Fy. Let a function R" 3 x = (x1,...,%x3) = F(x1,...,Xx3)
be nondecreasing in each of its n arguments and Schur-concave. Then the function
A=Ay p,y: L" — Rdefined by the formula

A(AyL, ..., Ay) ;= F(cardG(Ay), ...,card G(Ap))

for (A1, ..., Ay) € L" is generalized (n: 2)-submodular and hence generalized
n-submodular:
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For readers’ convenience, here is a direct verification of the fact that maps of the
form (8.10) are submodular: noting that G(AUB) = G(A)UG(B) and G(ANB) C
G(A) N G(B) and using the additivity of , we have

n(G(AUB))+u(G(ANB)) < u(G(AVUG(B)+n(G(ANG(B)) = n(G(A))+u(G(B))

for all relevant sets A and B.

8.2.2 Generalized One-Sided Potential

Let here L be the lattice of all measurable real-valued functions on a measure space
(S, 2, n), with the pointwise lattice operations V and A. Consider the function
A: L™ — R given by the formula

Afis e ) = By (fio s f) == ) WS — fo) (8.11)

Jik=1

forall f = (f1,..., fn) € L", where

() =v( [wonan) (8.12)

forall g € L, ¢: R — [0, oo] is a nondecreasing or nonincreasing function, and
¥ : [0, 00] — (—o00, o] is a concave function. Thus, the function A = A, 4 may
be referred to as a generalized one-sided potential, since the function ¢ is assumed
to be monotonic.

Proposition 8.2.3 The function A = Ay y defined by formula (8.11) is generalized
(n:2)-submodular and hence generalized n-submodular.

8.2.3 Symmetric Sums of Nonnegative Multiadditive Functions

Let k be a natural number. Let L be a sublattice of the lattice RS of all real-valued
functions on a set S. Let us say that the lattice L is complementable if f \ g :=
f—fArgeLforany fand gin L, sothat f = f A g+ f \ g. Assuming that L
is complementable, let us say that a function m: L — R is additive if

m(f)=m(f Ag)+m(f\g)

for all f and g in L; further, let us say that a function m: L¥ — R is multiadditive
or, more specifically, k-additive if m is additive in each of its k arguments, that
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is, if for each j € [k] and each (k — 1)-tuple (f;: i € [k] \ {j}) the function
L> fj = m(fi,..., fr)is additive.

To state the main result of this subsection, we shall need the following notation:
for any set J, let I1 ,{ denote the set of all k-permutations of J, that is, the set of all
injective maps of the set [k] to J.

Proposition 8.2.4 Suppose that k and n are natural numbers such that k < n, L is
a complementable sublattice of RS, and m: L*¥ — R is a nonnegative multiadditive
function. Then the function A, : L™ — R defined by the formula

An(fioeci )= Y m(frys - frh) (8.13)
J'[EHI[:']
for (fi, ..., fu) € L" is generalized (n:2)-submodular and hence generalized n-

submodular.

Formula (8.13) can be rewritten in the following symmetrized form:

Am(fis oo f) =KUY m(fo), (8.14)
1e(t)
where, for I = {iy,...,ig}withl <i; <--- < iy <n,
. . 1 .
m(fry = mfisooo i) = D mUfays s Fado): (8.15)
nel‘[,ﬁ

note that the so-defined function m: L¥ — R is multiadditive and nonnega-
tive, given that m is so. Also, m is permutation-symmetric in the sense that
m(fratys - frwy) = m(fi, ..., fi) forall (fi,..., fx) € LF and all permuta-
tions € 1'[}C !

Example 8.2.5 If V is a vector sublattice of the lattice RS and L is the lattice of all
nonnegative functions in V then, clearly, L is complementable and the restriction to
L* of any multilinear function from V¥ to R is multiadditive.

In particular, if 1 is a measure on a o -algebra ¥ over S, V is a vector sublattice of
LK (S, X, w), and L is the lattice of all nonnegative functions in V, then the function
m: L*¥ — R given by the formula

m(fi-e fO 1=/Sf1---fkdu

for (fi, ..., fx) € L¥ is multiadditive.

So, by Proposition 8.2.4, the functions A,, corresponding to the functions m
presented above in this example are generalized (n: 2)-submodular and hence
generalized n-submodular.
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Letnow B = (b; j) be ad x p matrix with d < p and nonnegative entries b; ;.
The permanent of B is defined by the formula

perm B := Z perm B.,
Je(dh

where B.; the square submatrix of B consisting of the columns of B with column
indices in the set J € ([5]); and for a square d x d matrix B = (b;,;),

permB = Y bix) bax)

renld
So, perm B is a multilinear function of the d-tuple (by,., ..., bg,.) of the rows of B.
Also, if d = p, then perm B is a multilinear function of the d-tuple (b. 1, ..., b. )

of the columns of B. If d > p, then perm B may be defined by the requirement that
the permanent be invariant with respect to transposition.
Thus, from Proposition 8.2.4 we immediately obtain

Corollary 8.2.6 Assuming that the entries b; ; of the d x p matrix B are nonnega-
tive, perm B is a generalized d-submodular function of the d-tuple (b1, ., ..., ba,.)
of its rows and a generalized p-submodular function of the p-tuple (b. 1,...,b. p)
of its columns (with respect to the standard lattice structures on R'*? and R4*!,
respectively):

bg.1,. by, .
perm : <perm| : |[=permB],
bd od, - bd, .
perm(b. p:1,...,b. p.) <perm(b. 1,...,b. p)[= perm B].
Note that the condition d < p is not needed or assumed in Corollary 8.2.6.
Yet another way in which multilinear and hence multiadditive functions may

arise is via the elementary symmetric polynomials. Let n be any natural number,
and let k € [n]. The elementary symmetric polynomials are defined by the formula

ex(X1, ..., xy) = Z l—[xj.

JE([Zl) jeJ
In particular, ej (x1, ..., x,) := Zje[n] xjand e, (x1,...,x,) 1= ]_[je[n] xj.
Let f = (f1, ..., fa) be the vector of measurable functions fi, ..., f, defined

on a measure space (S, X, ) with values in the interval [0, co). Then it is not hard
to see that the “order statistics” are nonnegative measurable functions as well. As
usual, let p(h) :== [¢h dp.
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If the measure p is a probability measure, then the functions f, ..., f, are
called random variables (r.v.’s) and, in this case, fy:1, ..., fu:n Will indeed be what
is commonly referred to as the order statistics based on the “random sample”
f = (fi,--., fn); cf. e.g. [7]. In contrast with settings common in statistics, in
general we do not impose any conditions on the joint or individual distributions of
ther.v.’s f1, ..., fu—except that these r.v.’s be nonnegative.

Then we have the following.

Corollary 8.2.7

@k(ﬂ(fl)a s M(fn)) = ek(ﬂ(fn:l)a ce M(fn:n))- (8.16)
In particular,

w(f) - mn(fo) = m(faet) - 1 (fun)- (8.17)

This follows immediately from Proposition 8.2.4 and formula (8.14), since the prod-
uct ;£(f1) - - - u(fr) is clearly multilinear and hence multiadditive in (fi, ..., fk).

To deal with cases when some of the w(f;)’s (or the u(fy:;)’s) equal O and
other ones equal oo, let us assume here the convention 0 - oo := 0. One may note
that, if the nonnegative functions fi, ..., f, are scalar multiples of one another or,
more generally, if fr1) < -+ < fr() for some permutation 7 of the set [n], then
inequality (8.16) turns into the equality.

As mentioned above, in Corollary 8.2.7 it is not assumed that fi, ..., f, are
independent r.v.’s. However, if p is a probability measure and the r.v.’s fi,..., f;
are independent (but not necessarily identically distributed), then (1) - - - u(fn) =
w(fi - fu) = u(fu:1--- fun) by the second part of (8.3), and so, (8.17) can
then be rewritten as the following positive-association-type inequality for the order
statistics:

M(fn:l fnn) = ,u(fn:l)"‘,u(fn:n)- (8.18)

Let now ¥ be any monotone (that is, either nondecreasing or nonincreasing)
function from [0, oo] to [0, oo]. For f = (fi, ..., fu) as before, let

vefi={ofi,....¥o fa)

Then for j € [n] one has (Ve f),.; = Yo fy.; if Y isnondecreasing and (Yo f),.; =
Y o fung1—j if ¥ is nonincreasing. Thus, we have the following ostensibly more
general forms of (8.17) and (8.18):

Corollary 8.2.8

uo f1)---u(o fn) = IL((W o fln1) - u((Y e f)nn) (3.19)
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If i is a probability measure and the r.v.’s f1, ..., [, are independent, then

M((lﬁ o - (Ve f)n:n) = H((w . f)n:l) s M((Iﬁ . f)nn) (8.20)

The property of the order statistics fp.1, - - - , fu:n given by inequality (8.20) may
be called the diagonal positive orthant dependence—cf. e.g. Definition 2.3 in [12]
of the negative orthant dependence.

Immediately from Theorem 8.1.1 or from inequality (8.19) in Corollary 8.2.8,
one obtains

Corollary 8.2.9 Take any p € R\ {0}. Then

w(fD (D = w (P (i) (8.21)

foranyr € (0, 00), and

wCfD (D < w(fPD - w(fil)" (8.22)

for any r € (—00,0). Here we use the conventions 0' := oo and oo’ := 0 for
t € (—00,0). We also the following conventions: 0 - co := 0 concerning (8.21) and
0 - 00 := o0 concerning (8.22).

Consider now the special case of Corollary 8.2.9 with r = 1/p. Letting
then p — oo, we see that (8.21) will hold with the M(fjp)”s and /L(fnlfj)”s
replaced there by p-esssup f; and p-esssup fy.j, respectively, where ji-esssup
denotes the essential supremum with respect to measure p. This follows because
w(hP)l/p pjgo p-esssup k. Similarly, letting p — —oo, we see that (8.22)

will hold with the M(fjp)”s and u(fnlfj)”s replaced there by u-essinf f; and
w-essinf fy.;, respectively, where u-essinf denotes the essential infimum with
respect to u. Moreover, considering (say) the counting measures 1 on finite subsets
of the set § and noting that supsz = supgh coincides with the limit of the net
(maxj h) over the filter of all finite subsets J of S, we conclude that (8.21) will hold
with the p(f jp )"’s and p( fnli j)’ ’s replaced there by sup f; and sup f;.;, respectively.
(The statement about the limit can be spelled out as follows: supg 2 > max; h for
all finite J C S, and for each real ¢ such that ¢ < suph there is some finite set
J. € S such that for all finite sets J such that J. € J C S one has max; h > c.)
Similarly, (8.22) will hold with the p( f jp )"’s and p( fnlf j)’ ’s replaced there by inf f;
and inf f),.;, respectively. Thus, we have

Corollary 8.2.10

(sup f1) - - - (sup fp) = (sup fu:1) - - - (SUp fu:n) (8.23)

and

@inf f1) - - - (inf f,) < (inf fy:1) - - - (nf fon). (8.24)
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Here we use the following conventions: 0-00 := 0 concerning (8.23) and 0-00 := 0o
concerning (8.24).

Alternatively, one can obtain (8.23) and (8.24) directly from Theorem 8.1.1.

Also, of course there is no need to assume in Corollary 8.2.10 that the functions
f1, ..., fn are measurable.

The special cases of inequalities (8.22) and (8.24) for n = 2 mean that the
functions 4 +— w(h?)" and h + infh are log-supermodular functions on the
distributive lattice (say Lyx) of all nonnegative X-measurable functions on S and
on the distributive lattice (say £) of all nonnegative functions on S, respectively.

At this point, let us recall the famous Fortuin—Kasteleyn—Ginibre (FKG) correla-
tion inequality [8], which states that for any log-supermodular function v on a finite
distributive lattice L and any nondecreasing functions F' and G on L we have

V(FG)v(1) = v(F)v(G),

where v(F) := ZfeL v(f).
Then we immediately obtain

Corollary 8.2.11 Let L3, be any finite sub-lattice of the lattice Ly, and let F and
G be nondecreasing functions from L3, to R. Then

(X FanGcmumy)( X wew) = (X Faoum)( X Gwum)

heLls, heLls, heLls, heLls,

forany r € (—o0,0). Similarly, let L° be any finite sub-lattice of the lattice L, and
let F and G be nondecreasing functions from L° to R. Then

( 3 F(h)G(h)infh)( 3 infh) > ( 3 F(h)infh)( 3 Gy infh).

hel$ hel$ heLls, heLls,

As shown by Ahlswede and Daykin [2, pp. 288-289], their inequality [2,
Theorem 1] almost immediately implies, and is in a sense sharper than, the FKG
inequality. Furthermore, Rinott and Saks [21, 22] and Aharoni and Keich [1]
independently obtained a more general inequality “for n-tuples of nonnegative
functions on a distributive lattice, of which the Ahlswede—Daykin inequality is the
case n = 2.” More specifically, in notation closer to that used in the present paper,
[1, Theorem 1.1] states the following:

Let oy, ..., an, B1, ..., By be nonnegative functions defined on a distributive
lattice L such that

[Teitrn <18/ (i)

j=1 j=1
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forall fi,..., f, in L. Then for any finite subsets F1, ..., F,, of L
n n
[T eitrn<]] > 8ien
Jj=1 f;€F; j=1gj€Fy;
where

Foji=A{foj: f=U1,..., fn) € F1 X--- X Fy}.

Note that the definition of the “order statistics” used in [1] is different from (8.2) in
that their “order statistics” go in the descending, rather than ascending, order; also,
the term “order statistics” is not used in [1].

In view of this result of [1] and our Corollaries 8.2.9 and 8.2.10, one imme-
diately obtains the following statement, which generalizes and strengthens Corol-
lary 8.2.11:

Corollary 8.2.12 Let F, ..., F, be any finite subsets of the lattice L. For each
j € [n], let

Fuj i =Afnjs [=f10 fo) € Fix - x Fal.

Then

[T vy <[1 Do neyy (8.25)

j=1 ij]:j j=1hj€]:n;j
foranyr € (—o00,0).
Similarly, let now F1, ..., F, be any finite subsets of the lattice L. Then
n n
[T inff; <] D infhy.
j=1fjeF; Jj=lhjeFu;

Comparing inequalities (8.21) and (8.22) in Corollary 8.2.9 or inequalities (8.23)
and (8.24) in Corollary 8.2.10, one may wonder whether the FKG-type inequalities
stated in Corollaries 8.2.11 and 8.2.12 for the functions & +— u(h)” with r < 0
and & +— inf & admit of the corresponding reverse analogues for the functions 4 +—
w(h)" withr > 0 and & — sup k. However, it is not hard to see that such FKG-type
inequalities are not reversible in this sense, a reason being that the sets F;,.; may be
much larger than the sets F;.

E.g., suppose that n = 2, § = R, u is a Borel probability measure on R, 0 <
& < & < 1, N is a natural number, F] is the set of N pairwise distinct constant
functions fi,..., fn on Rsuchthat 1 —¢ < f; < 1+ ¢ forall j € [n], and
Fo =1{g1,...,8gn}, where g; := (1 — 81— j1 + (1 + 8)1(j,00) and 14 denotes
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the indicator of a set A. Then it is easy to see that each of the sets F».1 and F>.; is
of cardinality N 2. So, letting § | O (so that ¢ | 0 as well), we see that, for any real
r, the right-hand side of (8.25) goes to N* whereas its left-hand side goes to N2,
which is much less than N* if N is large.

Example 8.2.13 Closely related to Example 8.2.5 is as follows. Suppose that (S, %)
is a measurable space, ;4 is a measure on the product o-algebra £, and L is a
subring of . Then L is complementable and the function m : L¥ — R given by the
formula

m(Ay, ..., Ax) == u(Ap X --- X Ag) (8.26)

for (Aq, ..., Ag) € LF is multiadditive.
A particular case of formula (8.26) is

m(Aq, ..., Ay) :=card (G N(AL X -+ X Ak)), (8.27)

where card stands for the cardinality and G is an arbitrary subset of S¥. If G is
symmetric in the sense that (s1,...,sx) € G iff (s7q1),...,8z@k) € G for all
permutations 7 of the set [k], then G represents the set (say E) of all hyperedges of a
k-uniform hypergraph over S, in the sense that (sq, ..., sx) € G iff{s1,..., s} € E.

We now have another immediate corollary of Proposition 8.2.4:

Corollary 8.2.14 Suppose that k and n are natural numbers such that k < n,
(S, X) is a measurable space, | is a measure on the product o -algebra ¥, and
L is a subring of X. Then

Z WAL 71y X - X Apgp) < Z M(Az) X -+ X Ag)) (8.28)

nel‘[,[("] nel‘[,[("]

forall (A, ..., A,) € L

8.3 Proofs

One may note that formula (8.31) in the proof of Theorem 8.1.1 below defines a
step similar to a step in the process of the so-called insertion search (cf. e.g. [15,
Section 5.2.1] (also called the sifting or sinking technique)—except that here we
do the pointwise comparison of functions (rather than numbers) and therefore we
do not stop when the right place of the value f,4(s) of the “new” function f,1
among the already ordered values f;,.1(s), ..., fu:n(s) ata particular point s € S has
been found, because this place will in general depend on s. So, the proof that (8.31)
implies (8.34) may be considered as (something a bit more than) a rigorous proof
of the validity of the insertion search algorithm, avoiding such informal, undefined
terms as swap, moving, and interleaving.
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Proof of Theorem 8.1.1 Let us prove the theorem by induction in n. For n = 1, the
result is trivial. To make the induction step, it suffices to prove the following: For
any natural n > 2, if the function A: L" — R is generalized (n: 2)-semimodular
and the function L' 5 (f1,..., fu—1) = A(f1, ..., fn) is generalized (n — 1)-
semimodular for each f,, € L, then A is generalized n-semimodular. Thus, we are
assuming that the function A: L" — R is generalized (n : 2)-semimodular and

A(fls BRI fn) X A(f}’l*lilv B fnflznfls fn) (829)
for all (f1,..., fu) € L", where f,_1:1,..., fu—1:n—1 are the “order statistics”
based on (f1, ..., fu—1)-

Take indeed any (f1,..., fu) € L". Define the rectangular array of functions

(8k,j: k € 0,n— 1, j € [n]) recursively, as follows:
(80,15 - - - &0,n—1, 80,n) = (fu—1:1, - -+, fa—1:n—1, Jfn) (8.30)
and,fork e I,n — land j € [n],
8k—1,j if jel,n—k—1Un—k+2,n,

8k,j =\ Sk—1n—k N 8k—1n—k+1 if j=n—k, (8.31)

8k—1n—k V 8k—1n—k+1 if j=n—k+1
By (8.29) and (8.30),
A(fi, o fn) M A(go,1, - - -, 80,n—1, 80,n)- (8.32)
Moreover, foreachk € 1,n — 1,
AGk—1,15 - 8k—1,0) X A(8k,15 - -, &k,n)s (8.33)

since A is generalized (n: 2)-semimodular.
It follows from (8.32) and (8.33) that

A(flv ey fn) X A(gnfl,ls ceey gnfl,n)-

It remains to verify the identity

?
(gnfl,lv---sgnfl,n) (:) (fn:lvu-»fn:n)- (8.34)

In accordance with Remark 8.1.3, we may and shall assume that the distributive
lattice L is a lattice of nonnegative real-valued functions on a set S, so that (8.3)
holds for each s € S.
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In the remainder of the proof, fix any s € S. Then

{{g0.1(5). .-+, gon ()} = {H{f1(8), s fu(D}),

by (8.30) and the second part of (8.3) used with n — 1 in place of n; also, for each
kel,n—1,

{gr,10), .-+, ()} = {gk-1.1(5), .-, gr—1,n()}},

by (8.31). So,

{{gn-1.10), ...  gn—1.a (Y = {1 (), ..., fu ()}

Therefore, to complete the proof of (8.34) and thus that of Theorem 8.1.1, it
remains to show that

()] @)
gn—1,108) < -+ < gn_1,0(5), (8.35)

which will follow immediately from

Lemma 8.3.1 Foreachk € 1,n — 1, the following assertion is true forall s € S:

8k,j(8) < gr,j+1(s) foralljel,n—k—-2Un—k,n—1,
(Ak)
also, gkn—k—1(5) < gkn—k+1(5) if k <n — 2.

Indeed, (8.35) is the first clause in assertion (Ay) with k = n — 1. Thus, what
finally remains to prove Theorem 8.1.1 is to present the following.

Proof of Lemma 8.3.1 For simplicity, let us be dropping (s)—thus writing
8k,j» fn,-.. in place of g ;(s), fu(s),.... We shall prove Lemma 8.3.1 by
induction in k € 1,n — 1. Assertion (A1) means that g1 < -+ < g1n-2,
8ln—1 < &in and g1u—2 < ginpif 1 < n — 2. So, in view of (8.31)
and (8.30), (A1) can be rewritten as follows: f,—1.1 < -+ < fu—1m—2,
Joctn—i A fo £ famtmaa Vo fasand fu_1:0-2 < fu_1m—1V fu; all these inequalities
are obvious. So, (A1) holds.

Take now any k € 2, n — 1 and suppose that (Ax—1) holds. We need to show that
then (Ag) holds.

Forall je l,n—k—2Un—k+2,n—1,wehave j+1 € l,n—k—1U
n —k +2,n, whence, by (8.31) and the first clause of (Ax—1), gk,; = &k-1,j <
8k—1,j+1 = &k, j+1- SO,

gkj < 8&kjy1 forjel,n—k—-2Un—k+2,n—1. (8.36)

If j = n —k then, by (8.31), gk,j = gk—1.n—k N Zk—lin—k+1 < Zk—ln—k V
8k—1,n—k+1 = &k, j+1-
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If j = n — k4 1 then the condition k € 2, n — 1 implies j < n — 1, and so, by
(8.31) and the second and first clauses of (Ax—1), gk,j = &k—1,n—k V gk—1,n—k+1 <
8k—1n—k+2 = 8k—1,j+1 = 8k, j+1-

Thus, in view of (8.36), the first clause of (Ay) holds. Also, if k < n — 2 then,
by (8.31) and the first clause of (Ax—1), Sk.n—k—1 = Gk—lin—k—1 = Zk—1n—k =<

8k—1.n—k NV 8k—1.n—k+1 = 8k.n—k+1, SO that the second clause of (Ay) holds as well.
This completes the proof of Lemma 8.3.1. O

Thus, Theorem 8.1.1 is proved. O

Proof of Proposition 8.2.1 Take any (f1, ..., fu) € L". Corollary B.3 in [17] states
that x < y iff x is in the convex hull of the set of all points obtained by permuting
the coordinates of the vector y. Also, since the function A is nondecreasing, we
have A(f1 VvV f2) = A(f1) V A(f2). For any real a, b, ¢ such that ¢ > a Vv b, we
have (a,b) = (1 —t)(a+b —c,c) +t(c,a+b—c)fort = 20‘:}’717 e [0, 1]if
¢ > (a + b)/2 and for any ¢ € [0, 1] otherwise (that is, if a = b = ¢). So, the point
(a, b) is a convex combination of points (a + b — ¢, ¢) and (¢, a + b — ¢). Using
this fact fora = A(f1), b = A(f2), c = L(f1 V f2), we see that

A, - Af) < (D) +A(2) = A1V 2, A(f1V [2), A(f3), ... A(fn))-

Also, A(fin f2) < A(f1)+A(f2) —A(f1V f2), by the submodularity of A. Therefore
and because F' is nondecreasing (in each of its n arguments) and Schur-concave, we
conclude that

FO(fi N f2), A1V f2), A(f3), ..., A(fn))

S FA(f1) A2 = A1V 2, A1V 2), A(f3), ..., A(fn))
< F(f1), - A ).

Quite similarly,

F()"(fl)s R )"(fifl)v )"(fl A fi+1)v )"(fl Vv fi+1)v )"(ﬁ+2)7 e )\(fn))
< F(f1), ..., 2(fn)

foralli € 1,n — 1, so that the function F is indeed generalized (n: 2)-submodular
and hence, by Theorem 8.1.1, generalized n-submodular. O

Proof of Proposition 8.2.3 In view of Theorem 8.1.1, it is enough to show that the
function A = Ay y is generalized (n:2)-submodular. Without loss of generality
(w.l.o.g.), we may and shall assume that the function ¢ is nondecreasing, since
Ay = Agy, where ¢~ (1) = @(—u) for all real u. Also, w.lLo.g. ¥(0) = 0
and hence W (0) = 0.

Take any f = (f1,..., fu) € L". Then, letting

P(g) :=W(g) + ¥(—g) (8.37)
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for g € L, one has

AL fo oo ) =W = )+ Y (B@) + W)+ R, (838)

j=3

where g; := fi — fj,hj == fo — fj,and R := Z§§j<k§n \il(fj — fr)- Since
firh fo— fiV fo=—|fi — f2l, one similarly has

AFLA f2 iV for fao oo ) =W = o)+ D (Ugj ARy +W(g; vV h))) + R.
j=3
(8.39)

Next,
W= =v( [ eotri=mau)+u( [ o= fodn). G0

V(Ifi - 2 = w(/sgoo i = faldp) +"’</S“’° (12— fibd),
(8.41)

po(fi— fa)+eo(fa—fi)=¢olfi — fal +¢o(=|fi — f2]) and hence

/S(Po(fl_fz)dl/«‘f'/sﬁﬂo(fz_fl)dllvzfsﬁﬂo|fl_f2|dl/«+/s¢’°(_|f2_fl|)dll«~
(8.42)

Also, since ¢ is nondecreasing, ¢ o (f1 — f2) V ¢ o (fo — f1) <¢o|f1 — f2| and
hence

[oeti—many [oot-fodus [polfi-pidn 64
Since the function v is convex, it follows from (8.40)—(8.43) that

U(fi — ) <¥(f - f2D). (8.44)

Further, take any j € 3, n. Thengog;j+¢@oh; =@o(gjAhj)+@o(g;Vhj).
So,

Jweznant [wonpdn=[vownnpant oot vipan

Moreover, since ¢ is nondecreasing, f g9 o(gjVhj)dpisno less than each of the
integrals fS((p ogj)dpand fs (¢ o hj)dp. So, in view of (8.12) and the convexity
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of the function v/, one has W(g;) + W(h;) < V(g Ahj) + W (g; V hj). Similarly,
because fS(po(—(gj Ahj))dpis no less than each of the integrals fs(po(—gj)d,u
andfs po(—hj)dp,onehas W(—g;)+W(—h;) < W(—(gjnh;)+V(—(g;Vh))).
So, by (8.37), W(gj) + W(hj) < W(g; Ahj)+W(g; Vh)).

Therefore, by (8.38), (8.39), and (8.44), A(f1, fo, f3,...» fn) < A(fi A
f2, fi Vv fa, 3,0 fu). Similarly, A(f1, ..., fi—1 fis fi+ts fid2sooos fn) <

ACfrs ey fi=1s i AN Fjv1s fi v Fiss fita, oo, fu) forall j € 1,n — 1.
Thus, the function A is generalized (n:2)-supermodular, and so, by Theo-
rem 8.1.1, it is generalized n-supermodular. O

Proof of Proposition 8.2.4 Fix any (fi,..., fs) € L". Then, in view of the
permutation symmetry of m defined by (8.15),

1
Iy Ap(fis o s f) = 22(fumts fr) + A0 (fam1) + A1 (fa) + Ao, (8.45)
where
Ma(f g) = Yoo mUnseeos fuas 0,
1<ij<-<if—2<n-2
M(f) = Yoo mUnsees furs
1<ij<-<if—1=<n-2
Ao 1= Yo mfu o fa)s

1<ij<--<ix<n-2

Similarly,

1
k! Am(flv B fn72s fnfl A fnv fnfl \ fn) = )\2(fn71 N fns fnfl \% fn)
+ A1 (fa=1 A fu) + 21 (fa=1 V fu) + 2o (8.46)

Note that the function A2: L> — R is 2-additive and permutation-symmetric,
and the function A1 : L? — R is additive. Take any f and g in L. Then (f Vg)A f =
fand (f vg \ f = g\ f- So, by the additivity of A; we have A;(f V g) =
A1(f) +21(g \ f), whereas A1 (f A g) + A1(g \ f) = A1(g)- So,

MFAQFM(fVE = (fA+HM) A\ = r(f)+ri(g).  (847)
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By the 2-additivity and permutation symmetry of A, and because the function A is
2-additive, permutation-symmetric, and nonnegative, we have

M(fAg Ve =Mm(frg f\e+r(fArg e
=M(fAg N+ (S8 —r(f\g 8
=(fAg N\ +2(f.8) —r(f\g g f)—2(f\g g\ f)
=2(fig) —2(f\g g\ f)

<r(f. 9.
(8.48)

It follows from (8.45), (8.46), (8.47), and (8.48) (with f = f,_ and g = f,) that

Am(fla e fn—2a fn—l N fna fn—l an) =< Am(fla ceey fn)

Therefore, being permutation-symmetric, the function A, is indeed generalized
(n:2)-submodular. Hence, by Theorem 8.1.1, A, is generalized n-submodular. O
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Chapter 9 m)
Geometry of K’I’, -Balls: Classical Results Shethie
and Recent Developments

Joscha Prochno, Christoph Thiéle, and Nicola Turchi

Abstract In this article we first review some by-now classical results about the
geometry of £,-balls B}, in R" and provide modern probabilistic arguments for
them. We also present some more recent developments including a central limit
theorem and a large deviations principle for the g-norm of a random point in B',.
We discuss their relation to the classical results and give hints to various extensions
that are available in the existing literature.

Keywords Asymptotic geometric analysis - £},-Balls - Central limit theorem -
Law of large numbers - Large deviations - Polar integration formula

2010 Mathematics Subject Classification 46B06, 47B10, 60B20, 60F10

9.1 Introduction

The geometry of the classical £, sequence spaces and their finite-dimensional
versions is nowadays quite well understood. It has turned out that it is often a
probabilistic point of view that shed (new) light on various geometric aspects and
characteristics of these spaces and, in particular, their unit balls. In this survey we
want to take a fresh look at some of the classical results and also on some more
recent developments. The probabilistic approach to study the geometry of Zg-balls
will be an asymptotic one. In particular, our aim is to demonstrate the usage of
various limit theorems from probability theory, such as laws of large numbers,
central limit theorems or large deviation principles. While the law of large numbers
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and the central limit theorem are already part of the—by now—classical theory (see,
e.g., [21, 23, 24]), the latter approach via large deviation principles was introduced
only recently in the theory of asymptotic geometric analysis by Gantert et al. in [9].
Most of the results we present below are not new and we shall always give precise
references to the original papers. On the other hand, we provide detailed arguments
at those places where we present generalizations of existing results that cannot be
found somewhere else. For some of the other results the arguments are occasionally
sketched as well.

Our text is structured as follows. In Sect.9.2 we collect some preliminary
material. In particular, we introduce our notation (Sect.9.2.1), the class of EZ-
balls (Sect.9.2.2), and also rephrase some background material on Grassmannian
manifolds (Sect.9.2.3) and large deviation theory (Sect.9.2.4). In Sect.9.3 we
introduce a number of probability measures that can be considered in connection
with a convex body. We do this for the case of Zg-balls (Sect.9.3.1), but also more
generally for symmetric convex bodies (Sect. 9.3.2). The usage of the central limit
theorem and the law of large numbers in the context of £,-balls is demonstrated
in Sect.9.4. We rephrase there some more classical results of Schechtman and
Schmuckenschlédger (Sect. 9.4.1) and also consider some more recent developments
(Sect. 9.4.2) including applications of the multivariate central limit theorem. We also
take there an outlook to the matrix-valued set-up. The final Sect. 9.5 is concerned
with various aspects of large deviations. We start with the classical concentration
inequalities of Schechtman and Zinn (Sect. 9.5.1) and then describe large deviation
principles for random projections of £7,-balls (Sect.9.5.2).

9.2 Preliminaries

In this section we shall provide the basics from both asymptotic geometric analysis
and probability theory that are used throughout this survey article. The reader may
also consult [3, 5-7, 14] for detailed expositions and additional explanations when
necessary.

9.2.1 Notation

We shall denote with N = {1, 2, ...}, R and R the set of natural, real and real non-
negative numbers, respectively. Given n € N, let R” be the n-dimensional vector
space on the real numbers, equipped with the standard inner product denoted by
(-, -). We write B(R") for the o-field of all Borel subsets of R". Analogously, for a
subset § € R”, we denote by B(S) := {ANS : A € B(R")} the corresponding trace
o-field of B(R"). Given a set A, we write #A for its cardinality. For a set A C R”,
we shall write 14 : R" — {0, 1} for the indicator function of A. Given A € B(R"),
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we write |A| for its n-dimensional Lebesgue measure and frequently refer to this as
the volume of A.
Given sets I € Rt and A € R”, we define the set I A as follows,

IA={rxeR":rel,xcA}.

If I = {r}, we also write rA instead of {r}A. Note that RTA is usually called the
cone spanned by A.

We say that K € R” is a convex body if it is a convex, compact set with non-
empty interior. We indicate with d K its boundary.

Fix now a probability space (€2, F, P). We will always assume that our random
variables live in this probability space. Given a random variable X : 2 — R” and a
probability measure Q on R”, we write X ~ Q to indicate that Q is the probability
distribution of X, namely, for any A € B(R"),

P(X € A) =/ 14(x) dO(x).
Rn

We write E and Var to denote the expectation and the variance with respect to the
probability P, respectively.
Given a sequence of random variables (X,),en and a random variable Y we write

X, -5y, x,—2svy @ x, vy

to indicate that (X)), <N converges to Y in distribution, probability or almost surely,
respectively, as n — oo.

We write N ~ N(0, ) and say that N is a centred Gaussian random vector in
R" with covariance matrix ¥, i.e., its density function w.r.t. the Lebesgue measure
is given by

— 1 _1 —1 n
T Jomy ders exp(=,fr E71x). xe R

For a,60 > 0, we write X ~ I'(a, 9) (resp. X ~ B(«, ¥)) and say that X has
a Gamma distribution (resp. a Beta distribution) with parameters o and 9 if the
probability density function of X w.r.t. to the Lebesgue measure is proportional to
x > x4 e g o) (x) (resp. x > x@71(1 —x)? "o 1)(x)). We also say that X
has a uniform distribution on [0, 1] if X ~ Unif([0, 1]) :== B(1, 1) or an exponential
distribution with parameter 1 if X ~ exp(¢) = I'(1, ¥).
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The following properties of the aforementioned distributions are of interest and
easy to verify by direct computation:

X s
y "B,

if X ~I'(o,?®) and Y ~ I'(&, ¥) are independent, then X+
9.1

if X ~ Unif([0, 1]), then X* ~ B(l/k, 1), 9.2)

for any «, &, 9, k € (0, 00).

Given a real sequence (a,),ecN, We write a, = a if a, = a foreveryn € N. If
(bn)nen 1s a positive sequence, we write a, = O(b,) if there exists C € (0, 0o)
such that |a,| < Cb, for every n € N, and a, = o(by) if lim,,_, (a,/b,) = 0.

9.2.2 The K'I’,-Balls

Forn € N, letx = (x1,...,x,) € R" and define the p-norm of x via
“ 1/p
(Xmi?) ™ it peltioo,
xll, =1 i=1
max |x;| if p = oo.
1<i<n

The unit ball B, and sphere S’;_l with respect to this norm are defined as
._ . -1 ._ . — —
B, ={x e R": |Ix|l, < 1} and S, ={x eR": x|, =1} = 9B,

As usual, we shall write E’;, for the Banach space (R", ||-|| ,). The exact value of |IBS;’,|
is known since Dirichlet [8] and is given by

@rda+1/p)”

B"| =
B! r'(l+n/p)

The interested reader may consult [19] for a modern computation. The volume-
normalized ball shall be denoted by D, and is given by

n
n o__ BP
P~ mnl/n’
B |
For convenience, in what follows we will use the convention that in the case p = oo,

1/p = 0. It is worth noticing that the restriction on the domain of p is due to the
fact that an analogous definition of ||-||, for p < 1 does only result in a quasi-norm,
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meaning that the triangle inequality does not hold. As a consequence, IB%?’, is convex
if and only if p > 1. Although a priori many arguments of this survey do not rely
on ||-||,, being a norm, we restrict our presentation to the case p > 1, since it is
necessary in some of the theorems.

9.2.3 Grassmannian Manifolds

The group of (n x n)-orthogonal matrices is denoted by O(n) and we let SO(n) be
the subgroup of orthogonal n x n matrices with determinant 1. As subsets of R"z,
O(n) and SO(n) can be equipped with the trace o-field of B (R"z). Moreover, both
compact groups O(n) and SO(n) carry a unique Haar probability measure which
we denote by 7 and 7, respectively. Since Q(n) consists of two copies of SO(n), the
measure 7 can easily be derived from 7 and vice versa. Given k € {0, 1, ..., n}, we
use the symbol G} to denote the Grassmannian of k-dimensional linear subspaces
of R". We supply G}, with the metric

d(E, F) = max{ sup inf [lx — yll,, sup inf [lx — y||2}, E,F eG,

xeBEg yeBF yEBF x€BE

where Bg and Br stand for the Euclidean unit balls in £ and F, respectively. The
Borel o-field on Gy induced by this metric is denoted by B(G}) and we supply the
arising measurable space (G}, with the unique Haar probability measure n;. It can be
identified with the image measure of the Haar probability measure 77 on SO(n) under
the mapping SO(n) — GJ, T — T Ep with Eg = span({ey, ..., e}). Here, we
write 1 := (1,0,...,0),e2 .= (0,1,0,...,0),...,¢;, = (0,...,0,1) € R" for
the standard orthonormal basis in R" and span({ey, ..., ex}) € G, k € {1,...,n},
for the k-dimensional linear subspace spanned by the first k£ vectors of this basis.

9.2.4 Large Deviation Principles

Consider a sequence (X,,),cN of i.i.d. integrable real random variables and let

1 n
Sy = " XI:X,'
=

be the empirical average of the first n random variables of the sequence. It is well
known that the law of large numbers provides the asymptotic behaviour of S,,, as n
tends to infinity. In particular, the strong law of large numbers says that

S, —> 5 B[X4].
n—00
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If X has also positive and finite variance, then the classical central limit theorem
states that the fluctuations of S,, around E[X] are normal and of scale 1/,/n. More
precisely,

Vn(Sy — E[X1]) ——> N (0, Var[X1]).

One of the important features of the central limit theorem is its universality, i.e., that
the limiting distribution is normal independently of the precise distribution of the
summands X1, X», . ... This allows to have a good estimate for probabilities of the
kind

P(S, > x), x € R,

when 7 is large, but fixed. However, such estimate can be quite imprecise if x is
much larger than E[X]. Moreover, it does not provide any rate of convergence for
such tail probabilities as n tends to infinity for fixed x.

In typical situations, if S, arises as a sum of n independent random variables
X1, ..., X, with finite exponential moments, say, one has that

P(S, > x) ~ ¢ T, x > E[X]

if n — oo, where 7 is the so-called rate function. Here ~ expresses an asymptotic
equivalence up to sub-exponential functions of n. For concreteness, let us consider
two examples. f P(X; = 1) = P(X; = 0) = 1/2, then

70 xlogx + (1 —x)log(l —x) +log?2 if x € [0, 1],
X) =
+00 otherwise,
which describes the upper large deviations. If on the other hand X; ~ A/(0, 02),
then the rate function is given by

x2
I(x) = 252 x € R.

Contrarily to the universality shown in the central limit theorem, these two examples
already underline that the function Z and thus the decay of the tail probabilities is
much more sensitive and specific to the distribution of X7 .

The study of the atypical situations (in contrast to the typical ones described in
the laws of large numbers and the central limit theorem) is called Large Deviations
Theory. The concept expressed heuristically in the examples above can be made
formal in the following way. Let X := (X,),en be a sequence of random vectors
taking values in R?. Further, let s: N — [0, o] be a non-negative sequence such
that s(n) 1t oo and assume that Z: R? — [0, 00] is a lower semi-continuous
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function, i.e., all of its lower level sets {x € R4 . I(x) < £}, £ € [0, 00], are
closed. We say that X satisfies a large deviation principle (or simply LDP) with
speed s(n) and rate function Z if and only if

1 1
— inf Z(x) < liminf logP(X, € A) < limsup logP(X, € A) < — inf Z(x)
n—00 s(n) (n)

xeA° n—oo S x€A

forall A € B (Rd). Moreover, Z is said to be a good rate function if all of its lower
level sets are compact. The latter property is essential to guarantee the so-called
exponential tightness of the sequence of measures.

The following result, known as Cramér’s Theorem, guarantees an LDP for the
empirical average of a sequence of i.i.d. random vectors, provided that their common
distribution is sufficiently nice (see, e.g. [14, Theorem 27.5]).

Theorem 9.2.1 (Cramér’s Theorem) Let (X,),cn be a sequence of i.i.d. random
vectors in R? such that the cumulant generating function of X1,

Au) = logE[exp Xlu], ue Rd,

is finite in a neighbourhood of 0 € R%. Let § = (,11 i1 Xidnen be the sequence
of the sample means. Then S satisfies an LDP with speed n and good rate function
T = A*, where

A*(x) = sup (xu — Aw)), x e RY,

ueRd

is the Fenchel-Legendre transform of A.

Cramér’s Theorem is a fundamental tool that allows to prove an LDP if the
random variables of interest can be transformed into a sum of independent random
variables.

Sometimes there is the need to ‘transport’ a large deviation principle from one
space to another by means of a continuous function. This can be done with a
device known as the contraction principle and we refer to [6, Theorem 4.2.1] or
[14, Theorem 27.11(1)].

Proposition 9.2.2 (Contraction Principle) Letd;,d> € Nandlet F : R — R®2
be a continuous function. Further, let X := (Xp)neN be a sequence of R -valued
random vectors that satisfies an LDP with speed s(n) and rate function Ix. Then the
sequence Y := (F(Xp))neN ofRdz-valued random vectors satisfies an LDP with the
same speed and with good rate function Iy = Ix o F~lie, Iy (y) = inf{Zx(x) :
F(x) =y}, y € R%, with the convention that Ty (y) = 400 if F~'({y}) = 0.

While this form of the contraction principle is sufficient to analyse the large
deviation behavior for one-dimensional random projections of E?’, -balls, a refinement
to treat the higher-dimensional cases is needed. To handle this situation, the classical
contraction principle can be extended to allow a dependency on n of the continuous
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function F. We refer the interested reader to [6, Corollary 4.2.21] for the precise
statement.

9.3 Probability Measures on Convex Bodies

There is a variety of probability measures that can be defined on the family of E’;,-
balls or spheres. We shall present some of them and their key properties below.

9.3.1 Probability Measures on an (’I', -Ball

One can endow IB%’;, with a natural volume probability measure. This is defined as
follows,

|ANBY

VIA) =
b 1B

) 9.3)

for any A € B(R"). We also refer to v;', as the uniform distribution on IBS'I',.

As far as S’;_l is concerned, there are two probability measures that are of
particular interest. The first is the so-called surface measure, which we denote by
a;', and which is defined as the normalised (n — 1)-dimensional Hausdorff measure.
The second, M'I',, is the so-called cone (probability) measure and is defined via

[0, 1]A]

Wi(A) = ,
r 1B

AeBES). 9.4)

In other words, M'I', (A) is the normalised volume of the cone that intersects S’;_l in
A, intersected with IB%’;,. The cone measure is known to be the unique measure that
satisfies the following polar integration formula for any integrable function f on R”"
(see, e.g., [18, Proposition 1])

/ f(x)dx=n|B;|/ r"_lf f(rz)duly () dr. 9.5)
R" 0 st

In particular, whenever f is p-radial, i.e., there exists a function g defined on Rt
such that f(x) = g(llx|,), then

fR (el dx = )| /0 g(r) dr. 9.6)
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The relation between ol',' and M?, has been deeply investigated. It is known, for
example, that they coincide whenever p € {1, 2, oo} (see, e.g., [20]). In the other
cases, Naor [17] provided a bound on the total variation distance of these two
measures.

Proposition 9.3.1 Let o, and ', be the surface probability and cone probability
measure on 87,_1, respectively. Then

2

1
drv(op, 1) :=sup{|a;<A)—u*;,(A)|:AeB(S’},*)]sc(l—p)‘l . v

n—i—p’

where C € (0, 00) is an absolute constant.

In particular, the above proposition ensures that for p fixed, such a distance
decreases to 0 not slower than n=1/2,

An important feature of the cone measure is described by the following proba-
bilistic representation, due to Schechtman and Zinn [22] (independently discovered
by Rachev and Riischendorf [20]). We will below present a proof in a more general
set-up.

Theorem 9.3.2 Let n € N and p € [1,0]. Let (Z;)ien be independent and
p-generalized Gaussian random variables, meaning absolutely continuous w.r.t. to
the Lebesgue measure on R with density

2 l/pr(ll +1/ )e—|X|p/p if pell,o00),

5 Lo (D) if p=o0.

Consider the random vector Z = (Z1, ..., Z,) € R" and let U ~ Unif([0, 1]) be
independent of Z1, ..., Z,. Then

VA VA
~ ,uZ and ul/n
1Z1l,

~

n
V,.
iz, 7

Moreover, Z/\|Z|| , is independent of || Z|| ,.

It is worth noticing that in [22] the density used by the authors for Z; is actually
proportional to x > exp(—|x|”). As will become clear later, this difference is
irrelevant as far as the conclusion of the theorem is concerned.

Indeed, although the statement of Theorem 9.3.2 reflects the focus of this survey
on the £/ -balls and the literature on the topic, its result is not strictly dependent on
the particular choice of f, in Eq.(9.7). In fact, it is not even a prerogative of the
¢',-balls, as subsequently explained in Proposition 9.3.3.
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9.3.2 The Cone Measure on a Symmetric Convex Body

Consider a symmetric convex body K C R”, meaning that if x € K then also
—x € K. Define the functional ||-|| ¢ : R" — [0, co) by

x|l g :=inf{r > 0:x € rK}.

The functional ||-|| ¢ is known as the Minkowski functional associated with K and,
under the aforementioned conditions on K, defines a norm on R”. We will also
say that ||x| g is the K-norm of the vector x € R”. Whenever a function on R”" is
dependent only on ||-|| ¢, we say that it is a K -radial function. Analogously, we call
a probability measure K -radial when its distribution function is K-radial. We will
also write p-radial meaning B/, -radial.

In analogy with Eqgs. (9.3) and (9.4), it is possible to define a uniform probability
measure vk on K and a cone measure (g on d K, respectively, as

vk (A) = AN K] and uk (B) = 10, 1151
K=k EE= ko

forany A € B(R") and B € B(3K).
Note that it g, as a ratio of volumes, is invariant under a simultaneous transforma-

tion of both the numerator and the denominator. In particular, for any I € B (R,
such that |7| > 0, it holds

|1 B]
nk(B) =

- , 9.8
110K | ©8)

for any B € B(dK) (note that K = [0, 1]0 K). This fact will be used in the proof of
the following generalization of Theorem 9.3.2 to arbitrary symmetric convex bodies.

Proposition 9.3.3 Let K C R" be a symmetric convex body. Suppose that
there exists a continuous function f: [0,00) — [0,00) with the property
f]R” fUlxllg)dx = 1 such that the distribution of a random vector Z on R" is
given by

P(Z € A) =/Af(IIXI|K)dx,

forany A € B(R"). Also, let U ~ Unif([0, 1]) be independent of Z. Then,

VA Z
~ WK and 1/n
1Z1 x 1Z1 x

In addition, Z/||Z|| g is independent of || Z|| k-

~ VK. 9.9)
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The proof of Proposition 9.3.3 is based on the following polar integration
formula, which generalizes Eq. (9.5). It says that for measurable functions  : R" —
[0, 00),

/ h(x)dx=n|1<|/oor"*1/ h(rz) duk (z) dr. (9.10)
Rn 0 0K

By the usual measure-theoretic standard procedure to prove Eq. (9.10) it is sufficient
to consider functions 4 of the form A(x) = 14(x), where A = (a, b)E with 0 <
a < b < ooand E a Borel subset of 0 K. However, in this case, the left-hand side is
just |A|, while for the right-hand side we obtain, by definition of the cone measure

MK’

0. 1E]

o0
n|K|/ r"*ll(a,m(r)/ 1E<z>duK(z)dr=n|K|/ !
0 aK K|

=" —a")|[0, 1]E|,

which is clearly also equal to |A|.

Proof of Proposition 9.3.3 Let ¢ : R" — R and ¢ : R — R be non-negative
measurable functions. Applying the polar integration formula, Eq. (9.10), yields

Z X
E[o(, 7, )razio] = fR ooy )Y 0 £ el d
=n|1<|f wr)f(r)r"*ldr/ ¢() dpuk (2).
0 K

By the product structure of the last expression this first shows the independence of
Z/|Z|| g and || Z|| . Moreover, choosing ¢ = 1 we see that

Bo(, 0 )=niki [ o e [ s@ane = [ s@duxe
0 0K K

V4
1Z1l x
by definition of f. This proves that Z/||Z|| ¢ ~ pk. That ul/n ”ZZHK ~ v finally
follows from the fact that U'/" ~ B(n, 1), which has density r > nr*~! forr €
©, D). O

The main reason why the theory treated in this survey is restricted to E’;,-balls,
and not to more general convex bodies K, is that E?’,-balls are a class of convex
bodies whose Minkowski functional is of the form

Il = F(3 fitn) ©.11)
i=1
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for certain functions fi, ..., f, and invertible positive function F. This is necessary
for Z to have independent coordinates. Indeed, in this case one can assign a joint
density on Z that factorizes into its components, like for example (omitting the
normalizing constant),

n
e F N xllg) — o= X0y fitn) — 1—[ e fit),

i=1

which ensures the independence of the coordinates Z; of Z.
Already for slightly more complicated convex bodies than £/ -balls, Eq. (9.11) no
longer holds. For example, considering the convex body defined as

Bi, :={x e R*: x| + x5 < 1}.

It can be computed that ||x||B% , = [x11/2 + x12/4 + x%, which is not of the form

(9.11).

On the other hand, the coordinate-wise representation of the density of Z in
the precise form given by Eq.(9.7), is also convenient to explicitly compute the
distribution of some functionals of Z, as we will see in the following section.

9.3.3 A Different Probabilistic Representation for p-Radial
Probability Measures

Another probabilistic representation for a p-symmetric probability measure on IB%’;,
has been given by Barthe et al. [4] in the following way,

Theorem 9.3.4 Let Z be a random vector in R" defined as in Theorem 9.3.2.
Let W be a non-negative random variable with probability distribution Py and
independent of Z. Then

zZ

where Hy : IB%’;) — R, Hy (x) = h(x), with

1

MO = 0 gy = royiore

/ sn/pesrl’/(rp—l) dPy (s).
(0,00)

Remark Note that all the distributions obtainable from Theorem 9.3.4 are p-radial,
especially the p-norm of Z/(ZP + W)!/P is

ZP \1/p
R:( ) .
Zr + W
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Moreover, some particular choices of W in Theorem 9.3.4 lead to interesting
distributions:

1. When W = 0 we recover the cone measure of Theorem 9.3.2;

2. For ¢ > 0, choosing W ~ I'(a, 1) results in the density proportional to x >
(1 —xP) forx < 1.

3. As a particular case of the previous one, when W ~ exp(l) = I'(1, 1), then
Hwy =1and

Z n
~V,.
Azl +wye P

This is not in contrast with Theorem 9.3.2. Indeed, it is easy to compute that
IZII; ~ Tn/p, 1).
In view of the properties (9.1) and (9.2), this implies

4

~ Bn/p, 1) ~ ur/n,

Iziy+w
As a consequence of this fact, the orthogonal projection of the cone measure
17 on 8B}, "7 onto the first n coordinates is v Indeed, if W = e lZil?,
then W ~ exp(1), while

Z _ (Zla '-'aZn)
WZI+W)lr = (X142 Z,p)1/p

is the required projection. We refer to [4, Corollaries 3-4] for more details in this
direction.

9.4 Central Limit Theorems and Laws of Large Numbers

The law of large numbers and the central limit theorem are arguably among the most
prominent limit theorems in probability theory. Thanks to the probabilistic represen-
tation for the various geometric measures on EZ -balls described in Sect. 9.3.1, both
of these limit theorems can successfully applied to deduce information about the
geometry of Kg-balls. This—by now classical—approach will be described here,
but we will also consider some more recent developments in this direction as well
as several generalizations of known results.
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9.4.1 Classical Results: Limit Theorems a la
Schechtman-Schmuckenschliger

The following result on the absolute moments of a p-generalized Gaussian random
variable is easy to derive by direct computation, and therefore we omit its proof,
which the reader can find in [13, Lemma 4.1]

Lemma 9.4.1 Let p € (0, 00] and let Zy be a p-generalized Gaussian random
variable (i.e., its density is given by Eq. (9.7)). Then, for any q € [0, o],

pa/P r(1+ q;fl)

= My(q) if p<oo,
g+1 r(1+)) pla) g

E[IZol?] =

q+1:5Moo(Q) if p=o0.

For convenience, we will also indicate m, 4 == M (q)l/ 9 and
Cp(g.r) = Cov(|Zo|?, |Zo|") = Mp(q +7) — Mp(q)Mp(r).

We use the convention that My (00) = Cxo(00, 00) = Coo(00, g) = 0. The next
theorem is a version of the central limit theorem in [24, Proposition 2.4].
Theorem 9.4.2 Let0 < p,q < 00, p # q and X ~ vy,. Then
\/n(nl/pfl/‘l ”X”q _1) d N,
n

Ip.q
~ 2
where N N(O, ap’q) and

> . Cplg.q)  2Cp(p,q) | Cp(p,p)
Opq = 2 2~ ’
’ q°Mp(q) pPaMpy(q) p

Note that, since M, (p) = 1, then 03 = 0. In fact, in such a case

p

d
VXl = D) =0,

and a different normalization than /n is needed to obtain a non-degenerate limit
distribution. Moreover, 05’ q > 0 whenever p # g.
For our purposes, it is convenient to define the following quantities

kpn = n'PIBLIYT, kg = 0B



9  Geometry of ¢}, -Balls: Classical Results and Recent Developments 135

and

A . kpsn
p.g.n = .
mp gkq.n

It is easy to verify with Sterling’s approximation that, for any p,q > 0, A, 4, =
Ap g +0O/n)for Ap 4 € (0,00),as n — 0.

With this definition in mind, we exploit Theorem 9.4.2 to prove a result on the
volume of the intersection of £’ -balls. This can be regarded as a generalization of the
main results in Schechtman and Schmuckenschldger [21], and Schmuckenschldger
[23, 24].

Corollary 9.4.3 Let0 < p,q < ocoand p # q. Let r € [0, 1] and (ty)neny € R
be such that

- ~1
nlggo \/n(tnAp,q - = @p’q(r),

where ®, 4 : [—00, +00] — [0, 1] is the distribution function of N ~ N0, og’q)
and ag’q is defined in Theorem 9.4.2, i.e.,

1 x ‘
Ppqx) = , / e 100 s,
—00

Then

lim [D N 5, D] = 7.

n—oo

In particular, when t,, = t, then

0 ift<1/Ap4,
Jim (D) N eDgl=11/2  ift=1/A,,
1 ift>1/A,,.

Proof First of all, note that, since A, 4, = Ap 4 + O(1/n), then

m (A pgn—1) = lim Vn(tApg =1,

n—o00

provided that the latter exists in [—00, 00], as per assumption. In particular, taking
the limit on both sides of the following equality,

P(IX 1, < takp kom0 = P(Sn@"/PVim LX), —1) < Vn(taApga—1)).
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we get, because of Theorem 9.4.2,
. -1 _1/p—1 -1
lim_ P(IIXly < takpnky yn'/P711) =P(N < @} (1) =
On the other hand, it is true that the following chain of equalities hold:

lz € BY : z € takp uk, Lnl/P=V4aBY|
-1 _1/p=1/q\ _ p P:1n%q,n q
P(”X”q = tnkp,nkq’”n ) = IIB%I
— |Z c UBZ'_l/nBZ iz € tnkp,nk(;}qnl/p_l/q|BZ|_l/nBZ|
=z e]D)Z iz € t”]D)Zl
= ”D)r;; N [nDZL
which concludes the main part of proof. For the last observation, note that for any ¢
constant, either \/n(tA, 4 — 1) = 0 or it diverges. O

9.4.2 Recent Developments
9.4.2.1 The Multivariate CLT

We present here a multivariate central limit theorem that recently appeared in [13]. It
constitutes the multivariate generalization of Theorem 9.4.2. Similar to the classical
results of Schechtman and Schmuckenschldger [21], and Schmuckenschlédger [23,
24] this was used to study intersections of (this time multiple) E'I', -balls. In part 1, we
replace the original assumption X ~ v;' of [13] to a more general one, that appears
naturally from the proof. Part 2 is substantially different and cannot be generalized
with the same assumption.

Theorem 9.4.4 Letn,k € Nand p € [1, co].

1. Let X be a continuous p-radial random vector in R" such that

P

\/n(1—||X||[,) mo. (9.12)
Fix a k-tuple (q1,...,qx) € ([1,00) \ {p})k. We have the multivariate central

limit theorem

Jn(nl/p—l/ql IXlgr e Xl 1) 4N
Mp,q, M p,q1 n=oeo
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where N = (N1, ..., Ny) ~ N(0, ), with covariance matrix ¥ = (c,',j)f.‘j:l
whose entries are given by

i+q+1
1 (F(},m“f;*) 1) 1
4igj \ T (4t

1
qi +q;j+1

if p<oo,
(9.13)

Ci,j =

if p=o0.

2. Let X ~ v;’. If p < oo, then we have the non-central limit theorem

1/p

4 4
(plogn)l/l’*l ”X”oo An m Ga

where
» . I—p 1/p
A7 = plogn — » log(plogn) 4+ log(p/PT'(1 4+ 1/p))

and G is a Gumbel random variable with distribution function R 5 t e

Remark Note that the assumptions of Theorem 9.4.4 include the cases X ~ v;' and
X ~ ,u’;,. In fact, condition (9.12) is just the quantitative version of the following
concept: to have Gaussian fluctuations it is necessary that the bigger n gets, the more
the distribution of X is concentrated in near 3183';,. It is relevant to note that (9.12)
also keeps open the possibility for a non-trivial limit distribution when rescaling
(1 = [IX],) with a sequence that grows faster than +/n. This would yield a limit-

theorem for || X||,. For example, when X ~ v}, we already noted that || X, 4

UY/n, so that
d
n(1 = 1XIl,) —— E ~exp(l).

On the other hand, when X ~ M;’,, then 1 — [|X]|, = 0.

Proof We only give a proof for the first part of the theorem, the second one can be
found in [13].

Let first p € [1,00). Consider a sequence of independent p-generalized
Gaussian random variables (Z;) jen, also independent from every X. Set Z =
(Z1,...,Zy).Foranyn e Nandi € {1, ..., k}, consider the random variables

, 1 & Iy
gD = > (1Zj1" —Mp(g))  and  my= Y (1Z;17 - 1).
Vn j=1 ' ’ Vn j=1 :
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According to the classical multivariate central limit theorem, we get

1 k d 1 k S
D 6 ) = G5O ) ~ N0, )

with covariance matrix given by
Cplqr.q1) -+~ Cp(q1.qr) Cp(q1, p)

2= Cplgr, q1) -~ Cplar> ax) Cplgr, p)

Cp(p,q1) -+ Cp(p,qr) Cp(p,p)

Using Theorem 9.3.2 and the aforementioned definitions we can write, for i €
{1,....k},
a XIZl,,

1Z1

x|, Mo + JnES)ai
P (n+ \/nnn)l/p

IX1l,,

(M, (g)) '/ 5 (s,?) M )

=X ,
XM, n’

1 1 @ Mn

;—_ n
= X1ty g5 (7, T )

@ @
i &n Nn o n Nn

— (X — Dnlai=1/p F( , ) 1/gi=1/p F( , )
(IX1l, — Dn moafil g +n "oabi\ g

where we defined the function F;: R x (R\ {—1}) - R as

(14 x/Mpy(gi)'/%

Filx, y) = (14+ytr

Note that F; is continuously differentiable around (0, 0) with Taylor expansion
given by

X y 2 2
Fi(x,y)=1+ — 7 4+ 0K+ y9).
l qiMp(gi) p

Since, for the law of large numbers, 5,5” /a/n %) 0 and n,/+/n %) 0, the

previous equation means that there exists a random variable C, independent of #,
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such that

F( 3 nn)_(1+ Log) nn)‘<c($,5i))2+n5
Nn’ n qiMy(gi) /n  p/n '

n

In particular,

@ 2, 2
dnixt, - n(1e Lo st oG

qiMy(gi) /n  pJn n
( boo 1, 7C(§,5”)2+n5>
. . n n
fItMp(fIt) P \/n
< «/n(nl/”_l/q" IXl 1)
Mp.qgi
TR S B (U G
<vn(Xll, - D(1+ — +C "
11 ( qiMy(gi) /n  pJ/n n )
( oot +C(€rfi))2+n,21>
qiMy(g)”" ! N

Note that the first summand of both bounding expressions tends to O in distribution
by assumption (9.12), while the second converges in distribution to a M}) ( qi)é(’) -

117 n. This implies that

x/n<n1/1’—1/qi 1Xlq: _ 1) SN ! £ — : n = Nj,
Mp.g; n—=eo g Mp(qi) p

where N; is a centered Gaussian random variable. To obtain the final multivariate
central limit theorem, we only have to compute the covariance matrix X. For
{i, j} € {1,...,k},its entries are given by

g0 g g0 _,7)
aiMp(qi) P qiMp(q;) P
_ CovE".£Y) _1(Cov(s<">,n> Cov(n,sm)) Cov (. n)
9iqiMp@dMp(qj) P\ aiMp(q) — qiMp(q)) p?
_ ©Gi.g) _1(Cp(qi,p)+Cp(qj,p)> Cp(p,p)’
9iqjMp(qi)Mp(q;)  pNqiMp(qi))  q;jMp(q;)) p?

Ci,j = COV(

and this can be made explicit to get Eq. (9.13). The remaining case of p = oo can be
repeated using the aforementioned conventions on the quantities Mo, and Coo. O

Remark From the proof is evident that in the case when /n(X — 1) converges in
distribution to a random variable F, independence yields, for every i € {1, ..., k},
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the convergence in distribution

X,
Jn(nl/p—l/m Xl _ 1) L F4 N
mp’qi n—oo

in which case the limiting random variable is not normal in general. Analogously, if
there exists a sequence (a,)neN, an = 0(+/n) and a random variable F such that

d
an(IX1, = 1) —= F,
then the previous proof, with just a change of normalization, yields the limit theorem

X
N G ) P
mp’q n oo

for every g € [1, 00), as n — oo.

In analogy to Corollary 9.4.3, one can prove in a similar way the following result
concerning the simultaneous intersection of several dilated £,-balls. In particular,
we emphasize that the volume of the simultaneous intersection of three balls I, N
nDg, NxDy, is not equal to 1/4 if these balls are in “critical” position, as one might
conjecture in view of Corollary 9.4.3.

Corollary 9.4.5 Let n,k € N and p € [l,00]. Fix a k-uple (q1,...,qk) €

([1,00) \ {pD¥. Let 11, ..., t be positive constants and define the sets I, = {i €
{1,...,k}: Ap 4:ti x 1}, where x is one of the symbols >, = or <. Then,
1 lf‘ #I> = ka
nl_i)nololD’;,ﬂtlDZlﬂ- . -ﬂtkDZkl =i1P\N; <0:iel) if #I- > 1l and #1. =0,
O lf‘#1< Z 15

where N = (N1, ..., Ny) is as in Theorem 9.4.4.

9.4.2.2 Outlook: The Non-commutative Setting

Very recently, Kabluchko et al. obtained in [11] a non-commutative analogue of the
classical result by Schechtman and Schmuckenschldger [21]. Instead of considering
the family of £7)-balls, they studied the volumetric properties of unit balls in classes
of classical matrix ensembles.

More precisely, we let 8 € {1, 2, 4} and consider the collection 7, (Fg) of all
self-adjoint n x n matrices with entries from the (skew) field Fg, where ' = R,
F, = C or F4 = H (the set of Hamiltonian quaternions). By A1 (A), ..., 1, (A) we
denote the (real) eigenvalues of a matrix A from 7, (IFg) and consider the following
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matrix analogues of the classical E?’, -balls discussed above:

n = !A € HEp) Y (AP < 1}, Be{l,2,4) and pell,ool,
j=1

where we interpret the sum in brackets as max{A;(A) : j = 1,...,n}if p = oo.
As in the case of the classical E’;,-balls we denote by ]D);’)’ L B € {1, 2, 4} the volume
normalized versions of these matrix unit balls. Here the volume can be identified
with the (8 ”(”2_ D 4 Bn)-dimensional Hausdorff measure on ., Fp).

Theorem 9.4.6 Let1 < p,q <ocowithp # q and B € {1,2,4}. Then

. 1 _ 1 2[7 l/q
2p T2
0 ftr<e 1p Iq(p;rq)l/ ’
i 2p "2 p q
1 ift>e2 q(p+q) .

: n n _
Jim 19,0151 =

To obtain this result, one first needs to study the asymptotic volume of the unit
balls of 7, (IFg). This is done by resorting to ideas from the theory of logarithmic
potentials with external fields. The second ingredient is a weak law of large numbers
for the eigenvalues of a matrix chosen uniformly at random from IB%;’ p- For details
we refer the interested reader to [11].

9.5 Large Deviations vs. Large Deviation Principles

The final section is devoted to large deviations and large deviation principles for
geometric characteristics of £/, -balls. We start by presenting some classical results
on large deviations related to the geometry of £7,-balls due to Schechtman and Zinn.
Its LDP counterpart has entered the stage of asymptotic geometry analysis only
recently in [13]. We then continue by presenting a large deviation principle for one-
dimensional random projections of £ -balls of Gantert et al. [9]. Finally, we present
a similar result for higher-dimensional projections as well.

9.5.1 Classical Results: Large Deviations a la
Schechtman-Zinn

We start by rephrasing the large deviation inequality of Schechtman and Zinn [22].
It is concerned with the £,-norm of a random vector in an £/,-balls. The proof that
we present follows the argument of [17].
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Theorem 9.5.1 Let1 < p < g < ooand X ~ v, or X ~ ;. Then there exists a
constant ¢ € (0, 00), depending only on p and q, such that

P(n'/P=1a|X |, > 2) < exp(—cnP/izP),

forevery z > 1/c.

Proof We sketch the proof for the case that X ~ “Z' Let Z1,...,Z, be
p-generalized Gaussian random variables and put S, = |Z{|" + ... + |Z,]|" for
r > 1. Now observe that by the exponential Markov inequality and Theorem 9.3.2,
fort > 0,

r/q 2P

S,
1/p=1/q — q
P(n 1X1l, > 2) =P( 5 > nlfp/q>
tz? Sp/q
< exp(=1 ) EeR(r 7L )

P
)4 Sp/q

1z q
= eXp<_nl—p/q ) EeXp<tE S, )
where we also used the independence property in Theorem 9.3.2 in the last step.
Next, we observe that E S;, = n by Lemma 9.4.1. Moreover from [17, Corollary 3]

it is known that there exists a constant ¢ € (0, oo) only depending on p and g such
that

EeXp(tS,f/q) < nl—p/q(l . ct)_"p/q

aslongas 0 <t < 1/c. Thus, choosing r = " — ', we arrive at
C V4

P\ nPl4
P(n'/P=Va X, > 2) < nlfp/"(ez ) exp(—cnP/zP).
C

This implies the result. O

9.5.2 Recent Developments
9.5.2.1 The LDP Counterpart to Schechtman-Zinn

After having presented the classical Schechtman-Zinn large deviation inequality, we
turn now to a LDP counterpart. The next result is a summary of the results presented
in from [13, Theorems from 1.2 to 1.5]. The speed and the rate function in its part 4
resembles the right hand side of the inequality in Theorem 9.5.1.
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Theorem 9.5.2 Letn € N, p € [1,00], ¢ € [1,00) and X ~ UZ. Define the
sequence

IX| = (n!/P=YaX),cn.

1. If g < p < oo, then | X|| satisfies an LDP with speed n and good rate function

inf{Zy (x1) + Z2(x2) : x = x1x2, x1 = 0, x2 > 0} if x >0,
i () = otherwise
Here
—1 j 0,1],
Ty = | leew) yredl (9.14)
+00 otherwise,
and

inf{A*(y,2) :x = y4z7V/P y >0,2>0}  ifx>0
Tr(x) =

+00 otherwise,

where A* is the Fenchel-Legendre transform of the function

A, 1) = log/+<>o ! ST =1/ps? g (t1, ) € R x (—oo 1).
' o pYPT(+1/p) ' ' ‘P

2. If g < p = o0, then || X|| satisfies an LDP with speed n and good rate function

p* j 0,
Ty o) = { )  ifx>
_I_

oo} otherwise,

where V* is the Fenchel-Legendre transform of the function

1
U (t) :=/ e ds, t eR.
0

3. If p = q, then |X|| satisfies an LDP with speed n and good rate function 1,
defined in Eq. (9.14).
4. If p < q, then ||X|| satisfies an LDP with speed n?/9 and good rate function

(=)
Lixj(x) =P

+00 otherwise.

if x=mpg,
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9.5.2.2 LDPs for Projections of (’,’I',-Balls: One-Dimensional Projections

We turn now to a different type of large deviation principles. More precisely,
we consider random projections of points uniformly distributed in an E?’, -ball
or distributed according to the corresponding cone probability measure onto a
uniform random direction. The following result is a summary of from [9, Theorems
2.2,2.3]. The proof of the first part follows rather directly from Cramér’s theorem
(Theorem 9.2.1) and the contraction principle (Proposition 9.2.2), the second part is
based on large deviation theory for sums of stretched exponentials.

Theorem 9.5.3 Letn € Nand p € [1,00). Let X ~ v; or X ~ M;’; and © ~ oy
be independent random vectors. Consider the sequence

W= n/P712X0),cn.

1. If p = 2, then W satisfies an LDP with speed n and good rate function

1/2 1/p

Iw(w) = inf[®* (10, 71, T2) : w = T, ‘1T, ',10>0,11 €R, 2 > 0},

where ®* is the Fenchel-Legendre transform of

O(tg, 11, ) = log/ / 102> Hhzy+i2lzl? @) fp(y)dzdy, to, 11, € R.
RJR

2. If p <2, then W satisfies an LDP with speed n?P/@+p) and good rate function

2+p
Tw(w) =", "/,
p

Proof Let us sketch the proof for the case that p > 2, by leaving out any technical
details. For this, let Zy,..., Z, be p-generalized Gaussian random variables,
G1, ..., G, be Gaussian random variables and U be a uniform random variable over
[0, 1]. Also assume that all the aforementioned random variables are independent.
Also put Z = (Z1,...,Z,) and G = (Gy,...,Gp). When X ~ MZ, by
Theorem 9.3.2, we can state that for each n € N the target random variable
n'/P=1/2X @ has the same distribution as

n n
> GiZ I3 Giz;
1/p—1/2 i=1 i=1

= . (9.15)
n 1/2 n 1/

1R (L xier) (L sizir)
i=1 i=1
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Note that @ is finite whenever p < 2,1t < 1/2,#1 € Rand , < 1/p. Then,
Cramér’s theorem (Theorem 9.2.1) shows that the R3-valued sum

n

1
2 IGi?, Gizi, 1Z:17)

i=1

satisfies an LDP with speed n and rate function ®*. Applying the contraction
principle (Proposition 9.2.2) to the function F(x,y,z) = x~'/2yz~1/P yields the
LDP for W with speed n and the desired rate function Zw. Once the LDP is
proven for the cone measure, it can be pushed to the case of the uniform measure.
By Theorem 9.3.2, multiplying the expression in Eq.(9.15) by U!/”, we obtain a
random variable distributed according to vj. It is proven in [9, Lemma 3.2] that
multiplying by U!/" every element of the sequence W, we obtain a new sequence
of random variables that also satisfies an LDP with the same speed and the same
rate function as W. On the other hand, when p < 2, ®(#, t1, ) = oo for any
11 # 0, hence suggesting that in this case the LDP could only occur at a lower speed
than n. m|

9.5.2.3 LDPs for Projections of Z’I’,-Balls: The Grassmannian Setting

Finally, let us discuss projections to higher dimensional subspaces, generalizing
thereby the set-up from the previous section. We adopt the Grassmannian setting and
consider the 2-norm of the projection to a uniformly distributed random subspace
in the Grassmannian Gﬁ of k-dimensional subspaces of R” of a point uniformly
distributed in the E';,-unit ball. Since we are interested in the asymptotic regime
where n — 00, we also allow the subspace dimension & to vary with n. However, in
order to keep our notation transparent, we shall nevertheless write k instead of k(n).
The next result is the collection of [1, Theorems 1.1,1.2].

Theorem 9.54 Let n € N. Fix p € [1,00] and a sequence k = k(n) €
{1,...,n — 1} such that the limit A = lim,_(k/n) exists. Let PEX be the
orthogonal projection of a random vector X ~ v;l) onto a random independent
linear subspace E ~ nj;. Consider the sequence

IPEX| == (/P72 PEX 2 nen.
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1. If p = 2, then || PE X || satisfies an LDP with speed n and good rate function

CTA ax2 1—2 1—a "

inf [2 tog( ¢ )+ ; 1og(1 B yzx—2) +70] i y=o.

Jp0) if y=0,2¢€(0,1],
Tippxy () =17

;g{)Jp(X) ify=0,12=0,

+o00 if y<0,

where we use the convention 0log 0 := 0 and for p # oo we have

Tp(y) = inf I;(xl, x2), yeR,
X1,X2>
2l

and I;k, (x1, x2) is the Fenchel-Legendre transform of

) 1
Iyt 1) = log/ il fp(x)dx, (t1, 1) € R x (—oo, )
R p
For p = oo, we write Joo(y) = T, (y?) with 1%, being the Fenchel-Legendre
transform of Io(t) = log fol e dx.
2. If p <2and ) > 0, then || PE X || satisfies and LDP with speed n?'* and good
rate function

1/y? p/2 ,
Lypex) () = P( ) !

+00 otherwise,

where m,, == pP/’I'(1 4+ 3/p)/3T(1 + 1/p)).

Let us emphasize that the proof of this theorem is in some sense similar to its one-
dimensional counterpart that we have discussed in the previous section. However,
there are a number of technicalities that need to be overcome when projections
to high-dimensional subspaces are considered. Among others, one needs a new
probabilistic representation of the target random variables. In fact, the previous
theorem heavily relies on the following probabilistic representation, proved in [1,
Theorem 3.1] for the case X ~ v}. We shall give a proof here for a more general
set-up, which might be of independent interest.

Theorem 9.5.5 Letn e N, k € {1,...,n}and p € [1, o). Let X be a continuous
p-radial random vector in R" and E ~ nj be a random k-dimensional linear
subspace. Let Z = (Zy,...,2Z,) and G = (Gy, ..., Gy) having i.i.d. coordinates,
distributed according to the densities f, and f, respectively. Moreover, let X, E,
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Z and G be independent. Then

1Zll (Gt ..., Go)ll2

d
1PEXIl, = X
"Iz, 1G1l2

Proof Fix a vector x € R". By construction of the Haar measure n; on G} and
uniqueness of the Haar measure n on Q(n), we have that, for any t € R,

i (E € G} : | Pexlly = 1) = n(T € On) : [ Pre x|y = 1)
=n(T € On) : | Pg,Tx|l, = 1)
=n(T € O®) : Ixll2| Pe, T (x/lIx12) |, = 1),

where Eq := span({e1, ..., ex}). Again, by the uniqueness of the Haar measure o
on Sg_l, T (x/llxll) ~ o5, provided that T € Q(n) has distribution n. Thus,

X —
o(7 €0 el Pr (7 )], 2 1) = o w e Syl Py 2 ).
2

By Theorem 9.3.2, G/||G|l, ~ oy. Thus,

Pg,G
of e Sy rlall P, Tuly = 0 = B(xly | T2 2 ).
1Gll2
Therefore, if E € Gj is a random subspace independent of X having distribution
ny» and G is a standard Gaussian random vector in R" that is independent of X and
E, we have that

I PEy8 l2 > t)

Py (e, F) € BY X G < 1Prxly 2 1) = Py () € B xRy
2

Here, P(x, gy denotes the joint distribution of the random vector (X, E) € R" x G},
while P(x ) stands for that of (X, G) € R" x R". By Proposition 9.3.3, X has the
same distribution as XZ |/ Z. Therefore,

P
P(X,G)((x,g) eR" x R" - ||x||2 l Eog”Z > t)

llgll2

Izll2 1 PEo& 2 t)

=Px.2.0) (.2, 0) € R x R" x R" : x|,
lzll, Tl

with P(x 7 G) being the joint distribution of the random vector (X, Z,G) € R" x
R" x R". Consequently, we conclude that the two random variables || P X||, and

PE G TR
X, ”g”z | ”E(‘;)HZHZ have the same distribution. ]
p
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Remark Let us remark that in his PhD thesis, Kim [15] was recently able to extend
the results from [1] and [9] to more general classes of random vectors under an
asymptotic thin-shell-type condition in the spirit of [2] (see [15, Assumption 5.1.2]).
For instance, this condition is satisfied by random vectors chosen uniformly at
random from an Orlicz ball.

9.5.2.4 Outlook: The Non-commutative Setting

The body of research on large deviation principles in asymptotic geometric analysis,
which we have just described above, is complemented by another paper of Kim and
Ramanan [16], in which they proved an LDP for the empirical measure of an n'/?
multiple of a point drawn from an Z’;,-sphere with respect to the cone or surface
measure. The rate function identified is essentially the so-called relative entropy
perturbed by some p-th moment penalty (see [16, Equation (3.4)]).

While this result is again in the commutative setting of the E?’, -balls, Kabluchko
et al. [12] recently studied principles of large deviations in the non-commutative
framework of self-adjoint and classical Schatten p-classes. The self-adjoint setting
is the one of the classical matrix ensembles which has already been introduced in
Sect.9.4.2.2 (to avoid introducing further notation, for the case of Schatten trace
classes we refer the reader to [12] directly). In the spirit of [16], they proved a
so-called Sanov-type large deviations principles for the spectral measure of n'/?
multiples of random matrices chosen uniformly (or with respect to the cone measure
on the boundary) from the unit balls of self-adjoint and non self-adjoint Schatten p-
classes where 0 < p < +oo. The good rate function identified and the speed are
quite different in the non-commutative setting and the rate is essentially given by the
logarithmic energy (which is the negative of Voiculescu’s free entropy introduced
in [25]). Interestingly also a perturbation by a constant connected to the famous
Ullman distribution appears. This constant already made an appearance in the recent
works [10, 11], where the precise asymptotic volume of unit balls in classical matrix
ensembles and Schatten trace classes were computed using ideas from the theory of
logarithmic potentials with external fields.

The main result of [12] for the self-adjoint case is the following theorem, where
we denote by M(RR) the space of Borel probability measures on R equipped with
the topology of weak convergence. On this topological space we consider the Borel
o-algebra, denoted by B(M (R)).

Theorem 9.5.6 Fix p € (0,00) and B € {1,2,4}. For everyn € N, let Z,, be a
random matrix chosen according to the uniform distribution on IB%"’ or the cone
measure on its boundary. Then the sequence of random probability measures

1 n
= 1) (7Y neN,
Mn . ; /Py (Z)



9  Geometry of ¢}, -Balls: Classical Results and Recent Developments 149

satisfies an LDP on M(R) with speed n*> and good rate function T : M(R) —
[0, +o0] defined by

) .
5 Ji Jetoghx =yl w@o way) + £, 10g(N ) i Jpi o < 1,

+oo if flxlP(dx) > 1.

I(w) =

Let us note that the case p = 400 as well as the case of Schatten trace classes is also
covered in that paper (see [12, Theorems 1.3 and 1.5]). The proof of Theorem 9.5.6
requires to control simultaneously the deviations of the empirical measures and
their p-th moments towards arbitrary small balls in the product topology of the
weak topology on the space of probability measures and the standard topology
on R. It is then completed by proving exponential tightness. Moreover, they also
use the probabilistic representation for random points in the unit balls of classical
matrix ensembles which they have recently obtained in [10]. We close this survey
by saying that as a consequence of the LDP in Theorem 9.5.6, they obtained that
the spectral measure of n!/?Z,, converges weakly almost surely to a non-random
limiting measure given by the Ullman distribution, as n — oo (see [12, Corollary
1.4] for the self-adjoint case and [12, Corollary 1.6] for the non-self-adjoint case).
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Chapter 10 )
Remarks on Superconcentration Shesiie
and Gamma Calculus: Applications

to Spin Glasses

Kevin Tanguy

Abstract This note is concerned with the so-called superconcentration
phenomenon. It shows that the Bakry-Emery’s Gamma calculus can provide
relevant bound on the variance of function satisfying a inverse, integrated, curvature
criterion. As an illustration, we present some variance bounds for the Free Energy
in different models from Spin Glasses Theory.

10.1 Introduction

Superconcentration phenomenon has been introduced by Chatterjee in [7] and has
given birth to a lot a work (cf. [15] for a survey). Each of these works, used
various ad-hoc methods to improve upon sub-optimal bounds given by classical
concentration of measure (cf. [4, 10]). In this note, we want to show that the
celebrated Gamma calculus from Bakry and Emery’s Theory is relevant to such
improvements. To this task, we introduce an inverse, integrated, I'» criterion which
provides a useful bound on the variance of a particular function. As far as we know,
this criterion seems to be new. We give below a sample of our modest achievement.

Denote by y;, the standard Gaussian measure on R"” and by (P;);>¢ the standard
Ornstein—Uhlenbeck semigroup. I' will stand for the so-called “carré du champ”
operator, associated to the infinitesimal generator L = A —x - V of (P);>0, and I'»
its iterated operator. We refer to Sect. 10.2 for more details about this topic.

Theorem 10.1.1 Let f : R" — R be a regular function and assume that there
exists ¥ : Ry — R such that

(1) foranyt >0,

/R Do Py < fR TPy + Y0, (10.1)
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(2)
o0 o
/ e / >y (s)dsdt < oo.
0 t

Then the following holds

2 00 00
/ V fdy, +4/ e_2t/ >y (s)dsdt.
R 0 t

with | - | the standard Euclidean norm.

Vary, (f) <

Remark Equation (10.14) can be seen as an inverse, integrated, curvature inequality
for the function f.

As an application of Theorem 10.1.1, we show that some results due to Chatterjee
can be expressed in terms of such criterion. From our point of view, this expression
seems to ease the original scheme of proof and could possibly lead to various
extensions. It also permits to easily recover some known variance bounds in Spin
Glass Theory (cf. [5, 6, 11, 12]). Therefore let us present a short introduction to this
theory.

Most of the time, in Spin Glasses Theory, it is customary to consider a centered
Gaussian field (H”(U))ae{—l,l}" on the discrete cube {—1, 1}"* (the map o +—
H, (o) is called the Hamiltonian of the system) and to focus on maxse{—1,1y H, (0)
(or minge(—1,1y» Hy(0)). In general, this quantity is rather complex and presents
a lack of regularity. Therefore, one focusses on a smooth approximation of the
maximum (or the minimum) called the Free Energy F, g. This function is defined
as follow

1
Fop= i,B log ( Z eiﬂH"(”)>

oe{—1,1}"

where 8 > 0 corresponds to (the inverse of) the temperature and its sign depends on
whether you want to study the maximum or the minimum of H,, over the discrete
cube.

For instance, for the Random Energy Model (REM in short), we have

H,(0) =+/nX,, oe{-1,1}"

where (X4 )se{—1,1)» is a sequence of i.i.d. standard Gaussian random variables.
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For the Sherrington and Kirkpatrick’s model (SK model in short), the Hamilto-
nian is more complex,

1 n
Ha@) =~ Y Xijoioj, o ef{-1,1)"
i,j=1

with (X;j)1<i, j<n a sequence of i.i.d. standard Gaussian random variables.
As an application of our methodology (cf. Sect. 10.4), we prove the following
two Propositions.

Proposition 10.1.1 The following holds for the SK model. Let 0 < B8 < é then
Var(F, ) <Cpg, n=>1 (10.2)

where Cg > 0 is a constant depending only on f.

Remark Talagrand obtained (cf. [11, 12]) such upper bound on the variance, for
0 < B < 1, as a consequence of precise (and much harder to prove than
our variance bounds) concentration inequalities for the Free Energy together with
second moment method. As far as we know, it is the first time that such bound is
obtained through semigroups arguments.

The methodology can also be used for the Random Energy Model (REM in short)
(cf. Sect. 10.4 for more details) and provides the following bounds.

Proposition 10.1.2 The following holds in the REM.

High temperature regime: for 0 < < J12n’ we have

n (1—np?
VaI)/zn (Fn,ﬂ) S 2n l _ 2nﬂ2 ’ n Z 1

with C > 0 a universal constant.
Remark

(1) The preceding bound has to be compared with the results exposed in [6, 7] (be

careful with the different renormalization, in [6] the free energy is F;‘ﬁ ). In [6],
it is shown that

1 log 2
Vary,, (Fu,p) ~ on x g2 B < 5

The dependance (in n and ) is clearly not optimal in this regime but, as
presented in Proposition 10.1.1, the scheme of proof of our method is robust
enough to treat more complicated models. It seems natural that it can fail to
capture precise behaviour such as the one obtained in [6]. Notice also that in
[6], the authors obtained various (according to the temperature ) asymptotic
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convergence results for the (renormalized) Free Energy. Therefore, their results
only indicate the correct order of the variance of this functional. However, to
our best knowledge, this is the first time that such non-asymptotic bounds on
the variance of the Free energy is obtained for the high temperature regime
temperature.

(2) In [6] the low temperature regime was also investigated. Non-asymptotic
variance bound, in accordance with the convergence results from Bovier et al.,
was already obtained in [7] and is presented and commented in Sect. 10.4
(Proposition 10.4.4) for the sake of completeness.

(3) As we will see latter in this note, it is easier to do the proof (of the preceding
result) with the standard Gaussian measure on R” and then to perform the
following substitutions

n<—2" and B <«— /np

to fit the framework of [6].

This note is organized as follows. In Sect. 10.2, we recall some facts about
superconcentration and Gamma calculus. In Sect. 10.3, we will prove our main
results. Finally, in Sect. 10.4, we will give some applications in Spin Glass Theory.

10.2 Framework and Tools

In this section, we briefly recall some notions about superconcentration, Gamma
calculus and interpolation methods by semigroups. General references about these
topics could be, respectively, [1, 7].

10.2.1 Superconcentration

It is well known (cf. [4, 10]), that concentration of measure of phenomenon is
useful in various mathematical contexts. Such phenomenon can be obtained through
functional inequalities. For instance, the standard Gaussian measure, on R”, y,
satisfies a Poincaré’s inequality:

Proposition 10.2.1 For any function f : R" — R smooth enough, the following
holds

Vary, (f) = / IV f12dyn (10.3)
Rn

where | - | stands for the Euclidean norm.
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Although this inequality holds for a large class of function, it could lead to sub-
optimal bounds. A classical example is the function f(x) = max;=1,.._, x;. For such
function, Poincaré’s inequality implies that

Var,, (f) <1
but it is known that Vary, () ~ | Ogn for some constant C > 0. In Chatterjee’s ter-
minology, in this Gaussian framework, a function f is said to be superconcentrated
when Poincaré’s inequality (10.3) is sub-optimal.

As we have said in the introduction, this phenomenon has been studied in various
manner: semigroup interpolation [14], Renyi’s representation of order statistics
[3], Optimal Transport [15], Ehrard’s inequality [17],...(cf. the Thesis [16] for a
recent survey about superconcentration). In this note, we want to show that some
differential inequalities between the operator I' and T from Bakry and Emery’s
Theory could provide superconcentration.

10.2.2 Semigroups Interpolation and Gamma Calculus

For more details about semigroups interpolation and I" calculus, we refer to [1, 9].
Although our work can easily be extended to a more general framework, we will
focus on a Gaussian setting.

The Ornstein—Uhlenbeck process (X;);>¢ is defined as follow:

X, =e'X+V1—e2Y, >0,
with X and Y i.i.d. standard Gaussian vectors in R". The semigroup (P;);>0, asso-
ciated to this process, acts on a class of smooth function A (due to the integrability

of Gaussian densities, one can choose here for A the class of C* functions whose
derivatives are rapidly decreasing) and admits an explicit representation formula:

P f(x)= / fxe™ +V1—e2y)dy,(y). x€R" 120
RVL
Its infinitesimal generator is given by
L=A—-x-V

Furthermore, y;, is the invariant and reversible measure of (P;);>0. That is to say,
for any function f and g belonging to A,

/P,fdy,l:f fdy, and /fP,gdy,,:/ gP fdyn.
Rll Rll Rn Rn
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Now, let us recall some properties satisfied by (P;);>o which will be useful in the
sequel.

Proposition 10.2.2 The Ornstein—Uhlenbeck semigroup (P;):>o satisfies the fol-
lowing properties

e Pi(f) is a solution of the heat equation associated to L
ie. (P f)= P(Lf)=L(Pf). (10.4)

o (P)>0 is ergodic, that is to say, for f € A

Jm P (f) = [ fdyn=Ey[f] (10.5)
—>T00 Rn

o (P;)r=0 commutes with the gradient V. More precisely, for any function f € A,
VP(f)=e"P(Vf), t=0. (10.6)
* (Py)r=0is acontractionin L (y,), for any function f € L?(y,) and everyt > 0,

1P (HIp = I1F 1l p- (10.7)

As it is exposed in [1], it is possible to give a dynamical representation of the
variance of a function f along the semigroup (P;);>0:

Vary, (f) =2 / ” f IV Py (f) Pdynds =2 / T f Py (V1) Pdynds
0 R” 0 R” (10 8)

10.2.3 Gamma Calculus and Poincaré’s Inequality

Let us introduce the fundamental operator I'; and I' from Bakry and Emery’s
Theory. Given an infinitesimal generator L set, for f and g, two smooth functions,

1 1
L(f.¢) = 2[L(fg)—ng—Lfg] and  T'a(f, g) = Z[LF(f, ©-T(f Lg)~T(Lf, 8]

In the case of the Ornstein—Uhlenbeck’s infinitesimal generator L = A — x - V,
it is easily seen that

T(f)=|Vf]*> and Ta(f) = [Hessfl3 + |V S| (10.9)
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where |[Hess f|l2 = (szzl ( 02f )2)1/2 is the Hilbert—Schmidt norm of the

0x;0x;
tensor of the second derivatives of f.
Now, let us briefly recall how a relationship between I and I'; can be used to
give a elementary proof of Poincaré’s inequality (10.3).
First, notice that the representation formula of the variance (10.8) can be
expressed in terms of I':

Vary, (f) :2/00/ L(P; f)dynds. (10.10)
0 R”

Then, observe that (10.9) implies the celebrated curvature-dimension criterion
CD(1, +o00) (cf. [1])

r, >T. (10.11)

Set I(t) = [gu T(P; f)dyy,. Itis classical that

') = -2 / o(Pf)dyn, 120
Rf’l

Thus, the inequality (10.11) leads to a differential inequality

/ Lo (P f)dyn 2/ TP fdy, 21 +1' <0, t>0 (10.12)
R” R?

which can be easily integrated between s and ¢ (with 0 < s < t). Thatis
1(t)e* < I(s)e™.

It is now classical to let s — 0 to easily recover Poincaré’s inequality (10.3) for
the measure y,,. As we will see in the next section, we will show that a differential
inequality of the form

I'> =21 +v), (10.13)

for some function ¥, can be used to obtain relevant bound (with respect to
superconcentration phenomenon) on the variance of the function f (being fixed)
by letting s fixed and t — +o0.

Remark Let us make few remarks.

(1) As itis proved in [1], the integrated curvature dimension inequality (10.12) is,
in fact, equivalent to the Poincaré’s inequality (10.3).

(2) As we will see in the next section, the inequality I’ > —2(I +) is equivalent to
an inverse, integrated, curvature dimension inequality which seems to be new.
However, notice that the major difference between (10.12) and (10.13) is that
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the first one holds for a large class of function whereas the second is only true
for a particular function f (and ¥ depends on f).

10.3 Inverse, Integrated, Curvature Inequality

In this section, we will use the methodology exposed in the preceding section to
obtain variance bounds for a (fixed) function f satisfying an inverse, integrated,
curvature inequality 1Cy, (1, ).

First, let us state a definition. We want to highlight the fact that this definition will
be stated in a Gaussian framework (R", T, y;,) with I" associated to the infinitesimal
generator L = A —x -V and the Ornstein—Uhlenbeck’s semigroup (P;);>0. The next
definition can be extended, mutatis mutandis, to fit the general framework of [1].

Definition 10.3.1 Let f : R” — R be a smooth function. We say that f satisfy an
inverse, integrated, curvature criterion with function ¢ : Ry — R if

/R 2Py f)dyn < /R C(P, P)dyn + 0 (1), 10 (10.14)

When the previous inequality is satisfied we denote it by f € ICy, (1, ¥).
Remark

(1) Notice, again, that the inequality (10.14) holds, a priori, only for the function
f.

(2) More generally, as it will be needed in the sequel, if © is a Gaussian measure
we will say that f € IC, (1, ¥) if Eq.(10.14) is satisfied with u instead of y,
and with the operators I" and I'; associated to the Markov Triple (R”, L, w).

Now, let us prove our main result Theorem 10.1.1.

Proof (of Theorem 10.1.1) Assume that f € ICy, (1,v) (cf. Eq.(10.14)) holds.
This is equivalent to the following differential inequality:

I'>=2(I +v), (10.15)

where 1(t) = [pu IVP f*dyn, t > 0. Set 1(t) = K(t)e™*, inequality (10.15)
becomes

K'(t) > =2y (1), t>0 (10.16)

Now, integrate inequality (10.16) between s and ¢. That is

t
K(t) — K(s) > —2/ ey uydu, forall 0<s <t.

N
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Then, let t — o0, this yields
o0
K(s) <[ lim K(@)] +2/ 2y u)du, s> 0,
11— 00 s
To conclude, observe that

2
K(t) = 1(1)e* =0 ‘ / Vfdyn
Rll

by ergodicity of (P;);>o. Finally, we have, for every ¢t > 0,

2

I(t):/ F(P,f)anSe_Z’O/ V fdy, +2/00e231p(s)ds). (10.17)
R, R~ t

It suffices to use the dynamical representation of the variance (10.8) with
elementary calculus to end the proof. O

Remark This method of interpolation, between ¢ and 400, has also been used in
[13] in order to obtain Talagrand’s inequality of higher order.

10.3.1 Another Variance Bound

As we will see in the last section, it is sometimes useful to restrict an 1C,, (1, ¥),
for some probability measure p, up to a time 7 in order to improve the dependance
with respect to some parameter.

In other words, the setting is the following: assume that an /C/, (1, ¥r) holds and
that we are able to produce some 7' > 0 such that the bound of /(7") (given by
Eq. (10.17)) is particularly nice (with respect to some parameter). Now, we have to
bound the variance in a different manner in order to use the information on 1 (7).
To this task, we will prove the next proposition.

Proposition 10.3.1 Ler f : R" — R be a function smooth enough. Then, for any
T=>0

2TI(0)[ 1 1 }

Vi = -
ary, (f) — 1 —e2T loga a loga

witha = ) and 1(t) = [gu T(P, f)dyy.

Remark This proposition will be used to show that the Free Energy is super-
concentrated for some Spin Glasses models. Although we stated the preceding
Proposition 10.3.1 for the standard Gaussian measure y,, it will also hold (up
to obvious renormalization) for p the law of a centered Gaussian vector with
covariance matrix M.



160 K. Tanguy

To prove the preceding theorem, we will need two further arguments.

First, we present an inequality due to Cordero-Erausquin and Ledoux [8]. The
proof of this inequality rests on the fact that the Poincaré’s inequality satisfied by y;,
implies an exponential decay of the variance along the semigroup (P;);>0.

Lemma 10.3.1 (Cordero-Erausquin-Ledoux) Ler f : R" — R be a function
smooth enough. Then, for any T > 0, the following holds

2 T
Var,, (f) < | _ 2T /0 I(t)dt (10.18)
with 1(t) = [gu T(P: f)dVn.
Proof For the sake of completeness we give the proof of the preceding Lemma.

Vary, (f) = Ey, [f21 = E,, [(Pr )*1 + E,, [(Pr f)*] - E,, [Pr f1*

T q
= —/ J E,, [(Ps £)*1ds + Vary, (Pr f)
0 S

T
<2 f 1(s)ds + e~ T Var,, (f).
0
O

Secondly, we will use the fact that the infinitesimal generator (—L) of the
Ornstein—Uhlenbeck process (X;);>o admits a (discrete) spectral decomposition.
Then, denote by d E), the spectral resolution of (—L). According to [1], this leads to
a different representation of ¢ = I(¢). With f : R" — R being fixed, we have:

oo
1(r) =/ VP, f*dyn =/ he MAE(f), 120
R” 0

As it is proven in [2] (cf. Corollary 5.6), t +— I(¢) satisfies, with the preceding
representation, an Holder-type inequality. That is to say, for every T > 0,

Lemma 10.3.2 (Baudoin—Wang)
I(s) < 1O'"TITy /T, 0<s<T (10.19)

Now, we can prove Proposition 10.3.1 with the help of preceding Lemma.

Proof (of Proposition 10.3.1) First use Lemma 10.3.1 to get

2 T
Vi < I1(t)dr.
ar)’n (f) = 1 _ €_2T [) ( )
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Then, use Lemma 10.3.2. This yields

2 T _
Vary, (f) < |y / 1Oy ar
- 0
T
_ 21 (0)2T e~ , loga 7,

1—e™ 0
where a = II((% >land I(t) = fR" I'(P; f)dyy. Finally, elementary calculus ends
the proof. O

10.4 Application in Spin Glasses’s Theory

In the remaining of this section, we will show how Theorem 10.1.1 can be used to
provide relevant bounds on the variance of F, g. We will focus on the REM and
the SK Model. For the remaining of this note we will denote by fg, for 8 > 0, the
following function

1 n
fax) = 8 log(Zeﬂxf), x=(x1,...,x,) € R
i=1

10.4.1 Random Energy Model

In this section we will show how Theorem 10.1.1 is useful to obtain relevant bound
on the variance of the Free Energy F, g (with g close to 0) for the REM.

Proposition 10.4.1 Forany B > 0, fg € ICy, (1, V) with

Y =28% 1)
where, let us recall it, 1(t) = fR" L'(P: fg)dyn and T is the standard “carré du
champ” operator.
We will need the following Lemma to prove the preceding Proposition.

Lemma 10.4.1 Let (u;)i=1....n be a family of functions, withu; : R" — R for any
i =1,...,n, satisfying the following condition

n
Zuiz(x)gl forall x eR"

i=1
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Then, for any functionv : R" — Ry and any probability measure w, we have

n 2 2
S ([ mnwedneo) < ([ van)
Rn n

i=1

Proof Consider the vector U = (uyv, ..., u,v) € R" and recall that | - | stands for
the Euclidean norm. Then, it holds

n 1/2
[va = [ wia= [ [ Y] v
n ]RH ]RH l':l

< / v(x)du
R)’l

where the first upper bound comes from Jensen’s inequality. O

n

£ (Lreri)] -

i=1

Now we turn to the proof of Proposition 10.4.1.

Proof (of Proposition 10.4.1) First, observe that the condition I Cy, (1, ) is equiv-
alent to

/Rn D2(Pi(fp))dyn < (1 42p%%) /R F(Pt(f,s))dyn, 1>0.
That is (since T2 (f) = [Hess |5 + |V f1? and I'(f) = [V f|?)

f [Hess P (fp)13dyn < 2B%¢* / IVP(fp)I*dyn. 1= 0. (10.20)
R, R"

Now, observe that, pointwise, Eq.(10.20) is equivalent to (thanks to the commu-
tation property between V and (P;)s>0)

D PG ) <287 Y [P fp))P, V=0

i,j=1 i=1

Elementary calculus yields, foreveryi = 1, ..., n, and every 8 > 0,
Bxi
e
Wil = k1 P
and, forevery j =1,...,n,

0;0; fp = B(0; fpdij — 3 [0} fp)-
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Thus, for every ¢t > 0,

SR @ 1 = 2 [P )] 28 Y Pi@i fp) PL[@r f) 2] +B2 Y [Pr(i f59, fp)] -

i,j=1 i=1 i=1 ij=l1

First ignore the crossed terms (which are always non positive), then apply
Lemma 10.4.1 to the third term.

Indeed, let i € {1,...,n} be fixed and set u; = 9; fg and v = 9; fg. Thus,
Lemma 10.4.1 implies

n

[P0, f59; )] < P23 f)-

j=1

This inequality finally yields,

n n

S P@ P < B2 Y [P + 8 Y [Pitfsdifn] <282 [P fp)]
ij=1 i=1 i,j=1 i=1
O

Now, the criterion I Cy, (1, v) can be used gives to provide relevant bound on the
variance of F;, g as stated in Proposition 10.1.2.

Proof (of Proposition 10.1.2) As mentioned earlier, the proof will be done for the
standard Gaussian measure on R” and then it will be enough to perform a change of
variable. As it will be useful in the sequel, observe that (by symmetry) the following
holds

1
/ 0i fgdyn= , Yi=1,...,n.
R® n

Now, let 8 > 0 and use Theorem 10.1.1 which implies that
1 o0 -

Vary, (Fpp) <+ 4;32[ e (1 —e ) Z[ P2(3; f)dynds — (10.21)
n 0 iz Rn

where we used Fubini’s Theorem and the commutation property between V and P;.

For the first bound, when 8 € (O, ‘/2), it is possible to rewrite (thanks to the
dynamical representation of the variance (10.21)) the integral in the right hand side
as

00 n
28%Vary, (F, ) — 4p* f ety /R P2(9; fg)dynds (10.22)
0 i=1 /R
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Furthermore, by Jensen’s inequality and the invariance of (P;);>¢ with respect to
Vn, We have

2
1
f Psz(aifﬁ)dyn2</ Ps(a,-fﬁ)dyn) = 5 Vi=l..n Vs>0
Rll Rll

1-82 )1
Thus, Vary, (Fy.g) < (12’}),,-

To conclude, as announced, it is enough to substitute n by 2" and 8 by /nf to
get the result. O

Remark Incidentally, the preceding proof can be used to get a lower bound on the
variance of the Free energy. More precisely, it is possible to deduce from (10.21)
and (10.22) the following lower bound

_n (1 —nB?) 1

Vary,, (Fy,p) > 2 (1 — 28%m)’ for B> S

10.4.2 SK Model

In this section we show how some work of Chatterjee (from [7]) can be rewritten
in term of an inverse, integrated, curvature criterion. Then, it allows us to easily
recover a bound, obtained by Talagrand (cf. [11, 12]), on the variance of the Free
Energy for the SK model at high temperature.

First, we need to express the I" and I'» operator when v, is replaced by u the law
of a centered Gaussian vector, in R”, with covariance matrix M.

Let X be a random Gaussian vector with £(X) = p and consider Y an
independent copy of X. It is then possible to define the generalized Ornstein—
Uhlenbeck process, which we will still denote by (X;);>0, as follow

X, =e'X+V1—e2Y, >0

Similarly, we also denote by (P;);>0 the associated semigroup. Then, it is known
(cf. [7, 14, 16]) that, for any smooth function f : R" — R,

1(1) =/ F(Prf)du=2f e E M;j 9 f)P:(9j f)dm, =0
R» R~ ..
iJ
As we will see latter, it will be more convenient to work with

1) =2 fR S (M) @ P3P, 120

iJj

where r is a positive integer. In the rest of this section, we choose f = fg.
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Proposition 10.4.2 (Chatterjee) Assume that M;; > 0 forall (i, j) € {1, ..., n}2.
Then, for any t > 0, the following holds

@) = =2[L@) + 2% J,11(1)] (10.23)

with J,(t) = e*I,.(¢).
Remark

(1) In [7], Chatterjee proved that J/(¢) > —4pB%¢2! ], 11 (1) for any r € N*. The
proof is similar the proof of Lemma 10.4.1 with the additional use of Holder’s
inequality.

(2) In particular, when r = 1, Chatterjee’s proposition amounts of saying that

Jp e IC.(1,¥)

with ¥ () = 28 2672 Ih(1). Unfortunately, it remains hard to upper bound this
quantity by something relevant.

As observed in the preceding remark, the inverse, integrated, curvature criterion
can not be used in the present form. However, it is possible to recycle the arguments
of Sect. 10.3. That is, use / times, with / € N, the fundamental Theorem of analysis
(on t +— I,(t)) together with the inequality (10.23) and let / — +o0. This leads to
a useful bound on the function ¢t — I,.(¢) for any r € N*.

Theorem 10.4.1 (Chatterjee) Assume that M;; > 0 for all (i, j) € {1,..., n}z.
Then, for any t > 0, the following holds

n
I(t) < 672t Z (Ml_j)rezﬁZe*ZtMijvivj’ Vr > 1 (10.24)
ij=1

where vi = [pa 0; fpdpforalli =1,... n.

Remark When r = 1, the main step of Chatterjee’s proof is equivalent to show that
€ 1C, (1, ) with ¥(r) = 28% 2. . M;;e2P’¢ Mijy;y: The proof of
B 1% i,j=1 J J p
this result can be found in [7, pp. 108-110] .

Unfortunately, the repeated use of the differential inequality (10.23) degrades the
upper bound on 7 — I, (¢). As we will briefly see in the next subsection, Chatterjee
used Eq.(10.24) only for a fixed T > 0 (large enough). We show, in the next
Proposition, that this bound (for » = 1) is still relevant to recover some work of
Talagrand on the variance of F, g, with small 8, for the SK model (cf. [11, 12]).

Now, let us prove Proposition 10.1.1.

Proof (of Proposition 10.1.1) First we show that inequality (10.24) leads to a
general upper bound on the variance of F, g which might be of independent interest.
Then, we choose M to be the covariance structure of the SK model and proved
inequality (10.2).
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When r = 1, Eq. (10.24) combined with Eq. (10.10) implies that, for any 8 > 0,

00 n
Varﬂ(Fn,,g) < 2/0 6721‘ Z Ml,je2ﬁ2e ZIMile-])jdt
i,j=1

1 " 2/32M
< ) E e YViv;
2p° <
i,j=1

Following Chatterjee (cf. [7]), choose M to be the covariance structure of the SK
model. That is,

1 & 2
My, = <\/n ;oiai’> , Vo,0’ e {-1,1}".

Besides, observe (by symmetry) that, for each o € {—1, 1}",

1

vo =Eu[0s Fug] = o

Thus,
1 2;32( ! aia-’)z
VarM(Fn,ﬁ) < ZﬂzEa’J,[e N/ !

where E;/, stands for the expectation under the product measure induced by the

Rademacher random variables o;, al.’, i=1,...,n.

n L 2
Finally, if 8 € (0, }) we have E, o [ezﬂz(% L) } — C(B). Indeed,

observe first that ) ;_, ;0] has the same distribution as ) ;_; ;. Then, it is enough
to use Hoeffding’s inequality (cf.[4]), which gives the following deviation inequality

1 <& 2
]P’( a»>t>§e"/2 t>0,
Jn 2

to conclude. O

10.4.3 Improvements of Variance Bounds with Respect to the
Parameter B

Let us collect some results of Chatterjee and briefly explain how Proposition 10.3.1
can be used to improve the dependence of the variance bounds with respect to S.
However, the dependance in n will be worse.
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Chatterjee used, in [7], a Theorem of Bernstein about completely monotone
function. As far as we are concerned, the spectral framework exposed in Sect. 10.3
seems to be more natural to work with and provides equivalent results.

The arguments, in order to improve the dependance in 8, can be summarize as
follow: choose T such that 7(7) can be bounded by a relevant quantity and apply
Proposition 10.3.1.

Proposition 10.4.3 (Chatterjee) In the SK model the following holds

Cinlog(2 + C28)

, ¥Y8>0
logn

Var, (Fy g) <

with C1, Cp > 0 two numerical constants.

Remark Here T > 0 is chosen such that

Ea,a’[Maa’ezﬁzeZTMogl} = Cﬁv VB > 0

2 .
where My = () >7_  0i0/)" and Cg > 0 is a constant that does not depend on

1

Jn
2

n. Thatis T = ! log (25 ) for some sufficiently small constant y > 0 (cf. [7]).

Proposition 10.4.4 (Chatterjee) In the REM, the following holds for B >
2/log2,

Var, (Fy,p) < Cg

where Cg > 0 is a constant that does not depend on n.

Remark Here T is chosen as T = élog(Z,Bz) so that I(T) < 2”,16_2Te" and the
upper bound is relevant in the low temperature regime (cf. [6, 7]). Again, notice the
difference of renormalization with Proposition 10.1.2 (one has to replace the number
of random variables n by 2" and the i.i.d. standard Gaussian random variables
(Xi)i=1...2n by o/nX; in the Proposition). In [7], Chatterjee also proved that the
upper bound is tight.

In fact, it also possible to use hypercontractive arguments instead of Theo-
rem 10.4.1 to achieve the upper bound of Proposition 10.4.4. Indeed, one can
use the inequality (10.21) together with hypercontractive estimates of (P;);>o (cf.

[7, 8, 15, 16]). More precisely, we have
1P @i fp)I3 < 19 f81IT par Vi=1,...,n, Vs >0
It is then standard, cf. Section 4 in [16] for instance, to prove that

Clla: fgll3

I\Bifﬁ|\2]2

o0
/’aﬁa—eﬁwamﬁﬂﬁws
0 [ +Tog 50,
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where C > 0 is a numerical constant. Then, it is elementary to conclude. Notice that
such estimates are already implicit in the celebrated L'/L? Talagrand’s inequality
(presented in [7, 8] for instance), which one can also be directly used to recover the
content of Proposition 10.4.4.

Acknowledgements I thank M. Ledoux for fruitful discussions on this topic. I also warmly thank
the referee for helpful comments in improving the exposition and the simplification of the proof of
Lemma 10.4.1.
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Chapter 11 m)
Asymptotic Behavior of Rényi Entropy Shethie
in the Central Limit Theorem

Sergey G. Bobkov and Arnaud Marsiglietti

Abstract We explore an asymptotic behavior of Rényi entropy along convolu-
tions in the central limit theorem with respect to the increasing number of i.i.d.
summands. In particular, the problem of monotonicity is addressed under suitable
moment hypotheses.

Keywords Rényi entropy - Central limit theorem

2010 Mathematics Subject Classification Primary 60E, 60F

11.1 Introduction

Given a (continuous) random variable X with density p, the associated Rényi
entropy and Rényi entropy power of index r (1 < r < 00) are defined by

1 RPN 2h, (X) o N
hr(X) = 1 log/ px)" dx, Ny (X) = e~ = / px) dx
- o

—00

Being translation invariant and homogeneous of order 2, the functional N, is similar
to the variance and is often interpreted as measure of uncertainty hidden in the
distribution of X. Another representation

No(X)7E = (Ep(xy )
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shows that N, is non-increasing in r, so that 0 < Ny, < N, < N; < oo. Here, for
the extreme indexes, the Rényi entropy power is defined by the monotonicity,

NMDﬂng=MW, Mmzﬁmmzﬂﬂx

where || p|l« is the essential supremum of p(x). In the case r = 1, we arrive at the
Shannon differential entropy 41 (X) = h(X) = — f p(x)log p(x) dx with entropy
power Ny = N = e?h (provided that N, (X) > O for some r > 1).

Much of the analysis about the Shannon and Rényi entropies is focused on the
behavior of these functionals on convolutions, i.e., for sums S, = X{ +---+ X, of
independent random variables (including a multidimensional setting). First, let us
recall a fundamental entropy power inequality, which may be written in terms of the
normalized sums Z, = S, //n as

N(Zy) = i Y NXo). (1L.1)
k=1

There are also some extensions of this relation to the Rényi case (cf. [4, 5, 9, 10]).

When X ’s are independent and identically distributed (i.i.d.), with mean zero
and variance one, the central limit theorem (CLT) asserts that Z,, = Z with weak
convergence in distribution to the Gaussian limit Z ~ N (0, 1). In this case, the
right-hand side of (11.1) is constant, while the sequence on the left is monotone, as
was shown by Artstein, Ball, Barthe and Naor [1], cf. also [12] (the inequality (11.1)
itself ensures that N(Z,) are non-decreasing along the values n = 2'). Moreover,
by another important result due to Barron [2], we have the entropic CLT: N(Z,,) are
convergent to the entropy power N(Z), as long as N(Z,,) > 0 for some ny.

These results give rise to a number of natural questions about an asymptotic
behavior of the Rényi entropy powers N, (Z,). In particular, when do they converge
to N,(Z), and if so, what is the rate of convergence? Is the monotonicity still true?
As we will see, such questions may be studied, at least partially, under suitable
moment assumptions.

Let us state a few observations in these directions, assuming throughout that
X, X1, X2, ... are i.i.d. random variables with EX = 0 and Var(X) = 1. Put 8; =
E |X|® for real s > 2. In order to describe necessary and sufficient conditions for
the convergence of the Rényi entropies in the CLT, we also introduce the common
characteristic function

f@t) =Ee'X (t € R).

Theorem 11.1.1 Given 1 < r < 0o, we have the convergence N.(Z,) — N;(Z)
or equivalently h.(Z,) — h,(Z) as n — 0o, if and only if

/ lfO'dt < oo for some v > 1. (11.2)

—00
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Equivalently, this holds if and only if Z,, have bounded densities for all (some) n
large enough.

This characterization coincides with the one for the uniform local limit theorem
due to Gnedenko, cf. [11]. Since (11.2) is equivalent to the property that Z, have
bounded and hence bounded C*-smooth densities for any fixed k and all n large
enough, it is often referred to as the smoothing condition. In general, (11.2) is
stronger than what is needed in the entropic case r = 1. In this connection, let
us note that there is still no explicit description such as (11.2) for the validity of the
entropic CLT in terms of the characteristic function f(¢).

Once (11.2) is fulfilled, one may ask about the rate of convergence in Theo-
rem 11.1.1, which may be guaranteed assuming that the absolute moment f; is finite
for some s > 2. Moreover, in this case one may obtain asymptotic expansions for
N, (Z,) in powers of 1/n similarly to the entropic expansions derived in [8]. They
involve the moments of X up to order m = [s], or equivalently—the cumulants

w=i*log HP), k=1,....m.

In the Gaussian case X ~ N (0, 1), all cumulants are vanishing, starting with k = 2.
In the general case, they indicate how close a given distribution to the normal. As
for the asymptotic behavior of Rényi’s entropies, it turns out that a special role is
played by the quantity

1[2—r , r—1
b=b=-_| |, vt ¢ 7l

Here, y3 = EX 3 and Va4 = EX* — 3, while for the extreme indexes, one may just
put

1
V4.

. 1 )
b(1) = lim b(r) = - LY g

2 — 1i —
PREE b(co) = lim b(r) =

This can be seen from the following assertion.

Theorem 11.1.2 Suppose that the smoothing condition (11.2) is fulfilled. If Bs is
finite for2 < s < 4, then forany 1 <r < o0,

_s=2 _s=2
he(Zy) = he(Z) +0(n™ 2 ), Ny (Zn) = Nr(Z) +o(n™ 2). (11.3)
Moreover, in case 4 < s < 6,

h(Zy) = h(Z) +bn~" +o(n~"2), (11.4)

s—2

Ny (Zy) = No(Z) (1 4+ 2607 ") +o(n™ 2 ).
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This assertion remains valid in the entropic case r = 1 as well (with a slight
logarithmic improvement in the remainder o-term, cf. [8]). In case s = 6, the
remainder term may be improved to O (n~2), and in fact, one may add quadratic
terms to get an expansion

he(Zy) = he(Z) +bn~ +bon? + o(n™?) (11.5)

with some functional b = by(r) depending also on ys and ye. Regardless of its
value, one may therefore conclude about an eventual monotonicity of N, (Z;) based
on the sign of b. Moreover, the above expansions continue to hold for r = oo, so
that this case may be included as well.

Theorem 11.1.3 Suppose that the smoothing condition (11.2) is fulfilled, and let B
be finite. Given 1 < r < 00, there exists ny > 1 such that the sequence N.(Z,) is
increasing for n > ng, whenever b(r) < 0, that is, if

2—r 5 r—1

2,
3 v; + ) vy (r =00).

yp>0 (1 <r <o), )/4>3

This sequence is decreasing for n > no, if b(r) > 0.

In particular, under the last condition y4 > §y32, the sequence N,(Z,) is
eventually increasing for any fixed » > 1. For example, this holds for X = §-a

D
where the random variable £ has a Gamma distribution with o degrees of freea/()m
(in which case y3 = 2//a and y4 = 6 /).

On the other hand, if X is uniformly distributed in the interval (—«/ 3, Vi 3), then
y3 =0, y4 = —6/5, s0 N, (Z,) is eventually decreasing for any r > 1, although the
opposite property takes place for r = 1.

The paper is organized as follows. We start with the proof of Theorem 11.1.1
(Sect. 11.2), and then collect together basic results on Edgeworth expansions for
densities p, of Z, (Sect.11.3). They are used in Sects. 11.4—-11.5 to construct a
formal asymptotic expansion for L"-norms of p, in powers of 1/n up to order
[’"2_ 2] with remainder term as in (11.3)-(11.4). One particular case, where the
first moments of X agree with those of Z ~ N (0, 1), is discussed separately in
Sect. 11.6, while the range 4 < s < 8 in such expansion is treated in Sect. 11.7. The
transition to the Rényi entropy is performed in Sect. 11.8, where Theorem 11.1.2 is
proved. Some comparison with the entropic CLT is given in Sect. 11.9, with remarks
leading to Theorem 11.1.3 for finite r. Finally, the index r = oo is treated separately
in Sect. 11.10. We refer to [6] for an extended version of the article where more
computational details are provided.
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11.2 Proof of Theorem 11.1.1

From now on, let X, X1, X5, ... be ii.d. random variables with EX = 0 and
Var(X) = 1, for which we define the normalized sums

X4+ X,
- T

First, let us recall Gnedenko’s uniform local limit theorem. Assuming the
smoothing condition (11.2), it asserts that, for all n large enough, the random
variables Z,, have bounded densities p,, and moreover, in that case as n — 00,

Zn n=1,2,...

sup | pn(x) — @(x)| = 0. (11.6)
X
Here, as usual,
e = | 2 (xeR)
V2

denotes the density of the standard normal random variable Z. Clearly, the property
(11.6) is also necessary for the uniform boundedness of p,’s.

Let us explain the equivalence of the two conditions—in terms of the character-
istic function as in (11.2), and in terms of densities (via the existence of a bounded
density). Since | f ()| < 1 for all ¢, the property (11.2) is getting weaker for growing
v, so it is sufficient to consider integer values of v. Since Z, has characteristic
function

fu@) =Ee'%n = f(t//n)",

(11.2) implies that Z,, has a bounded, continuous density p, for n = v, by the
Fourier inversion formula. Hence the same is true for all n > v, by the convolution
character of the distributions of Z,. Conversely, suppose that Z, has a bounded
density p, for n = ng. This implies that p, € L"(R) for any r > 1, with norm

00 1/r
lpnlly = (/ Pn(x)" dx) ,
—00

and in particular p, € L*(R). By Plancherel’s theorem, the characteristic function
f, is also in L?(R). But this means that (11.2) is fulfilled with v = 2n.

Also note that, under the condition (11.2), we have f,(f) — O ast — 00
(the Riemann-Lebesgue lemma), and thus f(r) — 0. Hence, (11.2) represents
a sharpening of the Cramér condition limsup,_, ., | f(#)| < 1, which is used to
establish a number of asymptotic results related to the CLT. In particular, using
the Fourier inversion formula, one can easily obtain (11.6) and actually a sharper



174 S. G. Bobkov and A. Marsiglietti

statement such as

sup (1—|—x2) [pn(x) —px)] — 0 (n - o0). (11.7)

Proof of Theorem 11.1.1 First, let r = co. As explained, the smoothing condition
(11.2) implies the uniform local limit theorem (11.6). In turn, the latter yields
IPnllocc = ll@lloo, that is, Noo(Z,) — Noo(Z) as n — oo. Conversely, this
convergence ensures that Noo(Z,) > 0 for all n large enough, that is, || p,|lcc < 00.
As was also emphasized, this implies (11.2).

Now, let 1 < r < o0.If N.(Z,) — N,(Z) asn — oo, then N,(Z,) > 0 for
all n large enough, say n > ng. Equivalently, for such n, Z, have densities p, with
lpnllr < co.If r = 2, then ||pyll2 < 1+ |Ipallr < 00, so that p, and therefore f,
are in L?(R). This means that (11.2) is fulfilled for v = 2n¢. In the case 1 < r < 2,
one may apply the Hausdorff-Young inequality

o]

lall,s < lull,,  where ﬁ(r>=/ AT y(xydx, 1= .
— 00 r —

It implies that || f|l,» < V2 | pnll» < oo, which means that (11.2) is fulfilled for
v = r'ng.

Thus, the smoothing condition (11.2) is indeed necessary. To argue in the other
direction, we apply the uniform local limit theorem: For all n > ng large enough,

Z, have densities p,, bounded by a constant M and moreover, the relation (11.6)
holds true, i.e.,

Sup [ pa(x)" —@(x)" | <en >0  (n— ). (11.8)

For a given ¢ > 0, applying the usual central limit theorem, one may pick up 7 > 0
such that

P{Zn| > TY+P{IZ] > T} <, n=ny = no.

Hence

/ pn(x) dx < MH/ pa@)dx = M"'P(1Z,| > T} < M s,
[x|>T |x|>T

and similarly for ¢(x). Hence

‘/ pn(x)rdx—/ e(x) dx| < M" e (11.9)
x|>T x|>T
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On the other hand, by (11.8),

‘ / ) dx— / ()" dx
|x|<T |x|<T

where the last inequality holds for all n > ny with some ny > n;. Together with
(11.9), we get

< / Ipn ()" —@(x) |dx < 2Te, < e,
[x|<T

[Ipalll = ll@lls] < (M + e, n>no.

Thatis, || p,|l. — ll¢ll. as n — oo, thus proving the theorem. |

11.3 Limit Theorems About Edgeworth Expansions

As is well-known, in case of the finite 3-rd absolute moment 3 = E|X|3, and
assuming the smoothness condition (11.2), the local limit theorems (11.6)—(11.7)
can be sharpened to

1
sup (1—|—|x|3)|pn(x)—(p(x)| = 0( (n — 00). (11.10)

o)

Here, the rate cannot be improved in general. However, under higher order moment
assumptions, the limit normal density may slightly be modified, which leads to the
sharpening of the right-hand side of (11.10). Namely, if 8,, = E |X|™ is finite for
an integer m > 2, one may introduce the cumulants

ve=i"*log HP©), k=1,....m

They represent certain polynomials in the moments o;; = EX' up to order k, namely,

Yk = k! Z =D = 1! Vl!.%.rk! (Olli)” '”(ZI!{YI{’

where j = r; 4+ --- 4 r; and where the summation is running over all tuples
(r1, ..., rr) of non-negative integers such that r; + 2r, + - - - + kry = k.

For example, with our moment assumptions EX = 0, Var(X) = 1, we have
n=0rn=1Ly=a,y4s=a—3.
Definition 11.3.1 An Edgeworth correction of the standard normal law of order m
for the distribution of Z,, is a finite signed measure v,, with density

m—2

om(x) = p(x) + 9(x) Y Qr(x)n~ ¥, (11.11)

k=1
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where

ROESY o f.rk! (?')1 ...((kyf:;)!)” Hypj (). (11.12)

Here, the summation is running over all collections of non-negative integers
Fl,..., g suchthatry 4+ 2rp 4 - - - + kry = k, with notation j =ry; + - - - + 7.

As usual, Hy denotes the Chebyshev-Hermite polynomial of degree k with
leading term xX. The polynomial Qy in (11.11) has degree at most 3(m — 2) in
the variable x. The index m for ¢, indicates that the cuamulants up to y,, participate
in the construction. The sumin (11.11) may also be viewed as a polynomialin 1/4/n
of degree at most m — 2.

For example, ¢» = ¢, and there are no terms in the sum (11.11). For m =
3,4,5,6,in (11.12) we correspondingly have

01(x) = ﬁ Hi (x),

2

02(0) = 3, Ho(x) + 1 Hao).
v; V374 ¥s
03(x) = A4 Ho(x) + 3141 Hy(x) + S| Hs(x),
vy Vs ¥3¥s vi Y6
Qa() = | Ja H20) 4 2 H1o0) + 57 Hy@) + 1o Hy() + ) He(x).

Moreover, if the first m — 1 moments of X coincide with those of Z ~ N (0, 1),
then the first m — 1 cumulants of X are vanishing, and (11.11) is simplified to

o) =91+ " Hyon™""), oy =EX" —EZ". (1113

The following observation, generalizing and refining the non-uniform local limit
theorems (11.7) and (11.10), is due to Petrov [14], cf. also [3, 15]. From now on, we
always assume that the smoothing condition (11.2) is fulfilled.

Lemma 11.3.2 If B,, < oo for an integer m > 2, then as n — 00
m _m=2
sup (14 1x]"™) [pa(x) = @m ()| = o(n™2"). (11.14)
X

Without the polynomial weight 1 + |x|™, a similar result was earlier obtained by
Gnedenko. However, in some applications the appearance of this weight turns out
to be crucial.



11 Expansions for Rényi Entropy in the CLT 177

If m > 3, one may also take ¢,,—1 as an approximation of p,, and then (11.14)
together with Definition 11.3.1 imply that

sup (1 4 [x™) |pa(x) — gm1(0)] = O(n~"2"). (11.15)

A further generalization was given in [7] to employ the case of fractional
moments.

Lemma 11.3.3 Let S5 < oo for some real s > 2, and m = [s]. Then uniformly
overall x, asn — 00,

(U+1x") (Pa(0) = @n (@) = o(n™ 2 )+ (1+1xl ™) (0(n™"2") +o(n=2)).

In particular, for some constant > 0 depending on s,

sup (1 + [x*) [pn(x) — om(X)] = 0(11_552)- (11.16)

|x|<n¢

Thus, (11.16) extends (11.14) when taking the supremum over relatively large
interval.

There are also similar results about the distribution functions F,(x) = P{Z, <
x}, which may be approximated by

X m—2

@ (x) = vp((—00,x]) = / on()dy = ®(x) —p(x) Y Re(x)n /2,

- k=1

(11.17)

where

1 r r
R =3 (73/3') 1 ...((kyf‘:;)!) " Hiaj1(x)

with summation as in Definition 11.3.1. The next result is due to Osipov and Petrov
[13].

Lemma 11.3.4 Suppose that s < oo for some real s > 2, and let m = [s]. Then,
asn — 09,

s=2

sup (1 + [x*) | Fy(x) = @ ()| = o(n™ 27).
X
In particular, when s = m > 3 is integer, we have

sup (14 x[) [ F(x) = @1 (0)] = o).
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This statement holds under the weaker assumption in comparison with (11.2):
nothing should be required in case 2 < s < 3, while for s > 3 the Cramér condition
is sufficient.

Remark 11.3.5 Since the densities p, can properly be approximated by the func-
tions ¢, it makes sense to isolate the leading term in the sum (11.11), by rewriting
the definition as

m—2
on() = 9@ + 9 M0 Heo@n 2 4o 32 Qi
’ Jj=k+1

(11.18)

for some unique 1 < k < m — 2. The value of k is the maximal one in the interval
[1,m — 2] such that y3 = - - = yx4+1 = 0, which means that the first moments of
X up to order k + 1 coincide with those of Z ~ N (O, 1). In this case, necessarily
Vg2 = EXk+2 _ gzk+2

Of course, if m = 2, there are no terms on the right-hand side of (11.18) except
for ¢.

11.4 Approximation for L”-Norm of Densities p,

Lemmas 11.3.2-11.3.4 can be applied to explore an asymptotic behavior of the
functionals

e¢]

I(p) = lpll; =/ px)dx  (r>1)

—00

with p = p,. Since the densities p, are approximated by ¢,,, we may expect that
I(py) ~ I(py) for large n. However, ¢, do not need to be positive on the whole
real line, and it is more natural to consider the integrals

Ir(p) = / p(x) dx, T >0,
[x|=T

over relatively long intervals. Actually, one may take 7 = 7, = \/ (s —2)logn
(s > 2). We have with some constants depending on the first m absolute moments
of X that

m=2 3(m—2)/2
S 10uln2 < €14 oD | o o Boem?
= Jn Jn

= [x| < Ty,

1
2
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for all n large enough in the last inequality. Hence, by Definition 11.3.1, for all n
large enough,

1
|om(x) =) =, ¢(x), x| < T, (11.19)

SO @, 1s positive on [—T,, T,]. On these intervals and for large n, consider the
functions

Pn(x) — (pm(x).

)= )

By (11.16) and (11.19), for |x| < T,, we have

s—=2

n- 2
len (X)| < 28, < 2V27$,,
@(x)

for some positive sequence &, — 0. Thus, for large n, p,(x) = @ (x)(1 + &,(x))
with |g, (x)| < % Hence, by Taylor’s formula, and using (11.19) together with the
non-uniform bound (11.16), we get

|Pn ()" = om ()| = co(x)" |en(x)]

r—1
@(x) 7552

<2c9() 7 pa(x) — gn(x)| < 8y L g "

with some constant ¢ which does not depend on x and n > ng and some positive
sequence 8, — 0. After integration over [T}, T, ], this gives

I (pn) = Ir(gm) + 0(n™ 7). (11.20)

In case s = m > 3 is integer, by a similar argument based on (11.15), we also have

Ir(pn) = It (gm_1) + O(n~"2), (11.21)

The remaining part of the integral,
sy = [ ptoras,
|x|>T

can be shown to be sufficiently small for p = p, on the basis of Lemma 11.3.4.
Indeed, first

S—

1
B(Z| > Tu) < ., e =o(n="2"),  Z~N@©,1).

n
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On the other hand, by Definition 11.3.1, using polynomial bounds | Ok (x)| < ¢ (1+
|x|V) with N = 3(m —2) and some constants c; which do not depend on x, we have

lom (O < @)+ (14 1x1Y) p(x)

c
N
with some c independent of x and n. In addition,
f ; XV p(x)dx < ¢y (1 + TNy e T2 < o tog(n) Y 1"
X|>1y

with constants ¢, and ¢}, independent of n. This gives

lomlx] > T} 5/ (o ()] dx

|x|>T
¢ N
< p(x)dx + (14 [x™) ¢(x) dx
|x|>T, n |x|>T,
(s=2)

c? N
N logmy2n~ 27,
n

=Pzl > T.} + N

and thus
|vm{|x| > Tn}| = o(nfsgz).

Since we assume the smoothness condition (11.2), the densities p, are uniformly
bounded by some constant M for all n > ng. Therefore, by Lemma 11.3.4, for all n
large enough,

Jr(pn) = MFI/ Pa(¥)dx = M P{|Z,] > T}

|x|>T,

s—=2

<Mm! lom{x x| > T} + T, o(n™ 2 ) = o(n™ 2).

Combining this relation with (11.20) and (11.21), we arrive at:

Lemma 11.4.1 Suppose that B; < oo for s > 2. Then for all n large enough, Z,
have bounded densities p,,. Moreover, for anyr > 1, asn — oo,

o Tn ¢ —
/ (@) dx = / om(x) dx +0(n_322), m = [s], (11.22)

—0 —Tn

where T, = \/(s — 2)logn. In particular, if s = m > 3 is integer, we also have

o0 Tn _
/ Pu(x) dx =/ o1 (x) dx +0(n~"?). (11.23)

—00 T,
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11.5 Truncated L”-Norm of Approximating Densities ¢,,

Let us now find an explicit expression for the second integral in (11.22), by applying
the Edgeworth approximation

m—2
Pm(x) = @(x) (1 +> Qk(x)n*"/z), m = [s]. (11.24)

k=1

In the case 2 < s < 3, when ¢, = ¢» = ¢, one may extend the integration in
(11.22) to the whole real line at the expense of the error

f e(x) dx < / p(x)dx = P{|Z| > Ty} = o(n™ 2),
|x|>T, |x|>T,
where T, = \/ (s —2) logn as before. Hence, (11.22) yields

0 o0 s=2
/ (@) dx = / o(x) dx +0(n_ 2 ), 2 <s < 3. (11.25)
—0o0

—00

This assertion remains to hold for s = 2 as well (Theorem 11.1.1).

Next, assume that s > 3. As we know, when 7 is large enough, ¢,, (x) is positive
for |x| < T,, so the second integral in (11.22) makes sense, cf. (11.19). Moreover,
in order to raise ¢, (x) to the power r on the basis of (11.24), one may apply the
Taylor expansion

(1+¢) _1+Z()" froEh,  N=1,2,..., (¢ > 0),

where the constant in O depends on N only, as long as |&| < é Here we used the
standard notation (r);y = r(r — 1)...(r — k + 1), with convention ()9 = 1 to be
used later on. Choosing

m—2

e=Y Oux)n M x| T,

k=1

for all n large enough the above Taylor expansion is thus valid. Hence, uniformly
overall x € [-T,, T, ], as n — oo,

(1+¢) = 1+Z( Dk e () (11.26)
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with
en(x) = 0((1 n |x|)3(m—2)(N+1)n—(N—i—l)/Z)'

Furthermore, by the polynomial formula,

k! 1
k _ ky kim—2 — ) 2k (m=2) kpp—2)
ek = Zkl!...kmle 0} (x)...0,"3(x)n"2 ;

where the summation is running over all non-negative integers k1, . .., k,—2 such
that k1 + - - - 4+ ky—2 = k. Inserting this in (11.26) and recalling (11.24), we can
represent @, (x)" as

(D) N Ko _1 (i
p)" Y kﬂl k ; OV (). Q2 (oyn2 ittt =D kn-2) 4 ()" g, (x)
.. ko]

with summation over all non-negative integers ki, ..., k;,—» such that k1 + --- +
km—2 < N.One may now note that

T N+1
[ ewramar =o',

Ty

where the constant in O depends on N only, as long as n is large enough.
Let us then choose N = m — 2. Integrating the above expression for ¢, (x)" over

the interval [—T,,, T,], we can represent f f”T om(x)" dx as

T, 1

Z (Mg 44k /T o(x)" Q/II x)... QZ”:;()C) dx

kil kp—2! 5 (k12w 4-(m=2) ko —2)

at the expense of an error O (n~ " ). Moreover, using the property
[ wVetwr dx = o),
[x|>T,
the above integration may be extended to the whole real line. Hence, f _T”Tn Om (X)) dx

is represented as

1
| +o
112 (ki+2ka+4-(m=2) k)

Myttt [ oAk K
s /,oo“’(x) 04 (x)... 02 (x) dx

Here, it is sufficient to keep only the powers of 1/n not exceeding (m — 2)/2.
But in that case, for any fixed value of

J=ki+2ky+---+ (m—2)kp-2,
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the constraint j < m—2implies thatk;j, 1 = --- = k;,—» = 0. Thatis, we only need
to consider the collections k1, ..., k; of length j. Thus, the above representation is
simplified to
Tn 00
f om(x) dx = f @(x)" dx
-1, —00

Pty otk [ : '
+ 2 k1]:+/:/k' /,oowx)f 01 (... 07 @y dxn T 4o(n™2) (1127)

with summation over all j = 1,...,m — 2 and over all non-negative integers
ki,...,kjsuchthatky + 2k +---+ jk; = j.

As the last simplifying step, we note that Qo1 (x) represents a linear combina-
tion of the polynomials Ha; _1(x) and has a leading term x3®¥~1D up to a constant.
In particular, it is an odd function. On the other hand, Q> (x) represents a linear
combination of Hj;(x)’s and has a leading term x% 5o it is an even function. It
follows that any function of the form

0=0'™...0 @)  (ki+2kat-+ k=) (11.28)

is either odd or even, depending on whether j is odd or even. Indeed, for
polynomials of the class 1, defined by

P(x) =co+ czx2 +---+ cszzN,

let us put Ev(P) = 2N (mod 2) = 0, and for the class 2, defined by

P(x)=cix+---+coy_1 x2N 71,

let us put Ev(P) = 2N — 1 (mod2) = 1. The products of such polynomials
belong to one of the classes, and we have the property Ev(P) P;) = (Ev(P)) +

Ev(P,)) (mod2). Therefore, using Ev(Q;) = 3i (mod2) = i (mod2) and the
summation in the group Z;, we have

EV(Q) = ki EV(Q1) + -+ + k; EV(Q))
=ky-1(mod2) +---+kj-j(mod2) = (ky +---+ jk;) (mod2) = j(mod2).

Thus, Q is an odd function in (11.28), as long as j is odd, and then the
corresponding integral in (11.27) is vanishing. As a result, (11.22) and (11.27) yield
the following asymptotic expansion, which also holds for 2 < s < 3, in view of
(11.25).
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Proposition 11.5.1 Suppose that s < oo for s > 2. Then, with m = [s], for any
r>1,

o0 o [m 2
/ pn(x) dx = /_oogo(x)’ dx (1+ > :j) (n="2) (11.29)

—00

j=1
with coefficients defined by
o
aj / () dx = ( )’”+ o / 0N (). Q57 (1) p(x) dx.
—0o0
(11.30)
Here, the summation runs over all integers ki, ..., kzj > 0 such that k1 + 2k, +

<+ 2jkoj = 2j with notation (r)y =r(r — 1) ...(r —k+1).

It follows from Definition 11.3.1 that each polynomial Qy is determined by the
moments of X up to order k + 2. Hence, each a; in (11.30) is only determined by r
and by the moments, hence, by the cumulants of X up to order 2j + 2. Moreover,
aj = 0 if these cumulants are vanishing.

11.6 The Case Where the First Cumulants Are Vanishing

For 2 < s < 4, we necessarily have m < 3, so that the sum in (11.29) has no term,
and then

/Oo Pu(x) dx = /Oo o) dx +o(n~"2), (11.31)

—0o0 —0o0

In the more interesting case s > 4, the leading term in the Edgeworth expansion
(11.24) may be written explicitly, as was already done in the representation (11.18).
It implies that, for some unique 1 <k <m — 2,

YVi+2

(k + 2)' Hk+2(x)n—k/2 + C(X)QD(.X) (1 + |X|3(m_2))n_(k+1)/2

(11.32)

om(x) = @(x) + ¢(x)

with some function C(x) bounded by a constant which does not depend on x and
large n > ny.

To study an asymptotic behavior of the truncated L” -norm of ¢,,, one may repeat
computations of the previous section in this simple particular case, or alternatively,
one may just refer to the general result described in Proposition 11.5.1. Indeed,
(11.32) is equivalent to saying that the first moments of X up to order k + 1 coincide
with those of Z ~ N(0, 1) for some 1 < k < m — 2. Therefore, as emphasized
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after Proposition 11.5.1, a; = O whenever 2j +2 < k + 1, thatis, j < kgl. Then
also Q; = 0.Incase 2j +2 = k + 2, thatis, j = k/2 with even k, all terms in
the sum (11.30) are vanishing, except (potentially) for the term corresponding to the

collection with k1 = --- = k2j_1 = 0, k2; = 1. Then the right-hand side of (11.30)
becomes
o° *° Ytz [
rf 02;(x) p(x)" dx = r/ Qr(x)p(x) dx =r / Hy 2 (x) 9(x)" dx,
—0 —00 k+2)!/

and hence (11.29) yields

o0 o0 k+1 5—2
/ pu(x) dx = / () dx+An* 4+ 0m 2 ) +o(n~ ), (11.33)

—00 —00
where

Vi+2

o0
=r Hiir(x) o(x) dx, = Exk? — Ezk2,
S /W er2() 9(x) Ves2

In particular, A = 0 for odd k, since then the Chebyshev-Hermite polynomial
Hi12(x) is odd.

To proceed, we focus on the integrals I (k,r) = ffooo Hi(x) o(x)" dx with even
k.

Lemma 11.6.1 Foranyk =1,2,...,

2k — !

2k+1 -1
r2 w2

12k, r) = (1 —nrk (11.34)

Proof The k-th Chebyshev-Hermite polynomial
Hix) = (=D} (e P 2 = B +iz)f,  Z~NO, 1), (1135

has generating function
> F 2
ZH"(X) Kkl eI, z €C,
k=0 ’

from which one can find the generating function for the sequence ¢, = I(k,r).
Namely,

S k
Sal o [Tetrgara L ctene
=0 k! —o0 Q2m) 2 fr



186 S. G. Bobkov and A. Marsiglietti

Differentiating this equality 2k times and applying the definition (11.35), we arrive
at

1
S em

C2k

(1 - i)ngk(O).

It remains to apply the equality (11.35), which gives Hy(0) = (—D)FEZ* =
(=D* 2k — D! O

For the first three even values k = 2, 4, 6, we thus have

1(27 r) = - ! r—1 (V - 1)7 1(41 r) = . r—1 (V - 1)21
r3/22m) 2 r3/2 2m) "2

16n=-_" -1 (11.36)
12 2m) 2

One may also evaluate the integrals f fooo Hi(x)? @(x)" dx. For example,

o0 2 1 Z\3 Z\\*  3G-6r+3r2)
./—ooH3(X) peord = J = E<<«/r> _3(«/r)) 2002
r(21) 2 r1/2 (7)) 2
(11.37)

Thus, the formula (11.34) may be used in the asymptotic representation (11.33).
The particular case k = [s] — 2 should be mentioned separately.

Corollary 11.6.2 Suppose that EX' = EZ! forl = 1,...,m — 1 (m > 3), where
Z ~ N0, 1). If Bs < oo for some s € [m,m + 1), then for all n large enough, Z,
have bounded densities p,. Moreover,

/00 Pn(x) dx = /00 e(x) dx —I—Arfm;2 +0(n7352) (11.38)

—00 —00

with A = 0 in the case m = 2k — 1 is odd, while in the case where m = 2k is even,
we have

v A=nf
k—1 2

2k 2k
= — yu = EX —EZ".
2k (27) 21r22
If Bs < oo for s = m + 1, then o-term in (11.38) may be replaced with O-term.

For example, if y3 = EX3 =0,sothatm = 4,4 <s < 5, we have

w1 (A-r?

H R va =EX* —EZ* = EX* -3,
8 Q2m) 2 r2

A=
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and (11.38) becomes
o o )
/ pn(x) dx = f o) dx+ An"' + o(n_ 2 ) (11.39)
—0o0 —0o0

By (11.33), a similar formula remains to hold in the case 5 < s < 6, but then the
o-term should be replaced with O (n=3/%).

11.7 Moments of Order 4 <s <8

Returning to the general expansion (11.29) in Proposition 11.5.1 with coefficients
aj described in (11.30), let us now derive formulas similar to (11.39) for two regions
of the values of s without additional assumptions on the first cumulants. To evaluate
the integrals in that definition, we will use the formulas for the polynomials Q
described in Sect. 11.3 for the indexes j < 4.

If 4 < s < 6, the expansion (11.29) contains only one term, namely, we get

/OO pu(x) dx = /OO o(x) dx + ‘: /oo o) dx+o(n~"2")  (11.40)

—00 —00 —0o0

with the coefficient for j = 1 in front of 1/n, i.e.,

Al = alf oy dx = )1/ 020 () dx + )2/ 03 (x) p(x) dx

—00

_ r/m (4' Hy(x) + (’;) Hﬁ(x)) o) dx

L 1)/ * () ® e dx.

Applying the formulas (11.36)—(11.37), we find that

2 0
_. " r(r—1) (y3\2 2
Av=r 2,16, r)+r T (3!) [ @) dx
v} 15 va ¥§ 5 —6r +3r?

3
= —r rl(r )" +r

72 r1/2 ) 2 ol (r— 1) +rer=1

24 ,5/2 @r)2 24 772 ) ot
Equivalently,

<2>r5'r5/2A— 5( 2924+ =yt L 5= 6r+ 32 2
JT r—l 1= 24r j/3 8rr )/4 24 r r 3/3.
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Collecting the coefficients in front of )/32, we arrive at the following refinement of
(11.40).

Proposition 11.7.1 Suppose that Bs < oo for 4 < s < 6. Then, foranyr > 1,

(0.¢] (0.¢] 52
/ pu(x) dx = / @) dx +Ain~ +o(n 2", (11.41)
—00 —00
where the constant A1 = A1(r) is given by
@ )r;l r3/2A()_2—r 2+r—1 (11.42)
Do, MT o T g ‘
In the case s = 6, the formula (11.41) remains valid with the remainder term

o(n=2).

Note that lim,—.1 1" = |\, . Also, if y3 = 0, then (11.42) is simplified and
defines exactly the constant A in the equality (11.39).

For the region 6 < s < 8§, the sum in (11.29) contains two terms, proportional
to }11 and ,,lz- The coefficient a; is as before, while according to (11.30), we arrive at
the following refinement.

Proposition 11.7.2 Suppose that s < oo for 6 < s < 8. Then, for anyr > 1,

o0 0 5s=2
/ Pa(x) dx = / e() dx +Ain~' + An 2 +o(n” ), (11.43)

—0o0 —0o0

where A1 is given in (11.42) and

A =r£ Q4(x) p(x)"dx + (2)2/, (Q3() +2 1) Q3(x) ¢ (x)" dx

()3 (r)a

/ Ql(X)Qz(X)w(X)rder / Q1(x) p(x)" dx.

In the case s = 8, the formula (11.43) remains valid with the remainder term
o(n=3).

One can rewrite A; explicitly in terms of the cumulants of X, cf. [6]. In the case
y3 = 0, a long expression for this constant is simplified to

V4r(

Ay / He(x) p(x)" dx+ 14

1
/ Hg(x) p(x)" dx + ) f Ha(x)? @(x)" dx.

2|4|2
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11.8 Expansions for Rényi Entropies

Let us now reformulate the asymptotic results about the integrals | fooo pn(x) dx in
terms of the Rényi entropies and entropy powers

2
1 00 0o Tr—1
h-(Z,) = _V—l IOg/ pn(x)r dx, Ny (Z,) = (f pn(x)r dx) .

Since these functionals represent smooth functions of the L”-norm, from Proposi-
tion 11.5.1 together with Taylor’s formulas

log(a +b+¢) =loga+a~'b+ 0®*+|c)), (11.44)
(a+b+c) =a?+qa?"'b+ O®B*+ |c]),

holding with a > 0, ¢ # 0, and b, ¢ — 0, we immediately obtain:

Proposition 11.8.1 Let E |X|* < oo for some s > 2, and m = [s]. Then, for any
r>1,

["52]
b/ _s—2
he(Zy) = hr (Z) + Zl o), (11.45)
J=
[mEZ] . .
J -5
N, (Z,) = N, (Z) <1+ Zl nf> +o(n=2), (11.46)
]:

with coefficients b and c that are determined by r and by the moments of X up to
order2j + 2.

Proof of Theorem 11.1.2 To evaluate the first coefficients in the expansions
(11.45)—(11.46), we apply Taylor’s formulas (11.44). For ¢ = —rzl, the last
equality in (11.44) reads

2

r —

2 2 ol 2
(@a+b+c)y ! =a -1 — 101 =1 b+ O+ |c|). (11.47)

In particular (with b = 0), the expansion of the form

/oo pn(x)" dx = /oo o(x) dx +o(n~ "),

—0o0 —0o0
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which corresponds to Proposition 11.5.1 to the region 2 < s < 4, implies

o0 o0 =2
log/ pn(x)" dx =10g/ p(x) dx+o(n~ 2).
o0 o0

Equivalently, i, (Zn) = hy(Z) + o(n="2") or Nv(Zp) = Ny(Z) + o(n~"2") for
Z ~ N(,1).
More generally, applying (11.44)—(11.47) to the expansion

o0 o0 )
/ pn(x) dx = / o) dx+An ' + o(n_ 2 ),
—0Q —0Q

corresponding to Proposition 11.7.1 with its region 4 < s < 6, we get

-2

oo o0 o0 —1
log/ pn(x) dx = log/ o(x) dx +A;n”! (/ p(x)" dx) +0(n_s2 ),

—0Q —0Q —0Q
and

00 *El 00 El
( / pn(X)’dX) =( / (p(x)’dx)
_r+l

_ %M n! (/00 p(x)" dx) . +0(n_S52).

r—1 o0
Thus,
Al r—1 -1 _s=2
hy(Zy) = hy(Z) — 1Nr(Z) 2 n to(n 2), (11.48)
and (equivalently)
2A1 r—1 -1 _s—2
Ny (Zy) = Ny(2) [1— M@ ]+0(n . (11.49)
r—

Recall that Ay = Aj(r) is determined by r and the cumulants y3 = EXx3
and y4 = EX* — 3. More precisely, according to the formula (11.42) of Propo-

sition 11.7.1,
Ay _ 1 2—r , n r—1
r—1 (271)’;' r3/2 12 3 8 YAl

Since also

00 —1
N,(Z)”l:(/ w(x)’dX) =@mn'? 2,

—00
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the coefficients by and ¢ in (11.45)—(11.46) in front of n~!are simplified according
to (11.48)—(11.49) as

Al

- 12— —1
bhi=- "' N@" =~ [ Tyie!
r—1 r

, = 2by.
8 J/4:| 1 1

O

Let us complement the expansions of Theorem 11.1.2 with similar assertions
corresponding to the scenario from Corollary 11.6.2, where the first m — 1 moments
of X coincide with those of Z ~ N (0, 1), for some integer m > 3. If S is finite for
s € [m, m + 1), in that case we have an expansion of the form

o0 o0 m—2 s—2
/ pn(x) dx = f e(x) dx+ An~ 2 ~|—0(n7 2 )
o0

—00

Hence, by (11.44)-(11.47),
o o
log/ pn(x) dx = log/ ex) dx
—00 —00

— 0 -1 §—
+ A" (/ o) dx) +00™ ") fo(n'Y),

—00
and
_ 2 _ 2
Sy r—1 o r—1
(/ Pn(x)" dX> = (f px)" dX)
—00 —oQ
2A m—2 e _:t} s—2
— n= (f p(x) dx> +0n ") +o(n” 7).
r—1 o0

Since m — 2 > 852, here O-term may be removed. In addition, as before, the

. . . . r+1 .
last integral with its power can be written as N,(Z) 2 . Therefore, we obtain the
asymptotic relations

A r— m— s
hy(Zn) = he(Z) — N2 " o)
r

—1
and

-2 -2

2A r=1  _m _s
Ny (Zn) = N (Z) [1— e M@)o :|+0(n 2)

in full analogy with (11.48)—(11.49). The only difference is that we have a different
formula for the constant A = A(r). As stated in Corollary 11.6.2, here A = 0 in the
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case m = 2k — 1 is odd, while in the case m = 2k is even, we have

1— k
Az v (A=t o = EX% — EZ%,
zkk' r—1  2k—1 )/
*Q2m) 2 2

Using again N, (Z) 2" = @n)'2 #12, the coefficients by_; and ¢;_; in (11.45)
(11.46) in front of n="2" = n—*=D are simplified to

)k—l

A r—1 ok (I—r
ber== " M@ =

= kg pk-l Ck—1 = 2bg—1.

Let us also remind that, if 8; < oo for s = m + 1, then o-term may be replaced with
m—1 .
O(n~ 2 ). We are thus ready to make a corresponding statement.

Proposition 11.8.2 Suppose that EX' = EZ! forl = 3,...,m — 1 (m > 3). If
Bs < oo for some s € [m, m + 1), then for anyr > 1,

he(Zy) = he(Z) + b2 +o(n™"2),

Ny(Zy) = Ne(Z) (142607 ) +0(n™"2)

with constant b = 0 in the case m = 2k — 1 is odd, while in the case m = 2k is
even,

1 k=1
( —1) . oy =EX* Rz

If Bs < oo for s = m + 1, then o-term may be replaced with O(n_mgl ).

For example, if y3 = EX? = 0, we return to the equality (11.4) from
Theorem 11.1.2.

11.9 Comparison with the Entropic CLT: Monotonicity

Put
Ap(r) =he(Z) — hy (Zy), Ay = Ay(D).

The latter quantity, which may also be written as D(Z,||Z) = [ pa(x) log ’;f(gf))
dx, represents the Kullback-Leibler distance from the distribution of Z, to the
standard normal law (or, the relative entropy). As was mentioned, the sequence
A, is always non-negative and non-increasing. Moreover, the entropic CLT asserts

that A, — 0 asn — o0, as long as A, is finite for some n (in general, it is a
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weaker condition in comparison with (11.2)). The basic references for these results
are [1, 2, 12].

The rate of convergence of A, to zero was studied in [8], and here we recall a few
asymptotic results, assuming that A, < oo for some n, and that §; = E | X|® < oo
for a real number s > 2. Namely, we have

1
An=0< S2>, 2<s<4.
(nlogn) 2

Modulo a logarithmic term, it is the same rate as for A, (r) indicated in Theo-
rem 11.1.2. Nevertheless, it is not yet clear, if one can similarly improve Theo-
rem 11.1.2. On the other hand, for any prescribed n > 1, it may occur that, for all n
large enough,
c
An Z s—=2
(nlogn) 2 (logn)"

with some constant ¢ = c¢(7, s) > 0 depending on 1 and s only ([8], Theorem 11.1.3).
The range s > 4 is more interesting, since then one may control the speed of A,,.
In particular,

2

1

An=y3 nl—i—o( Sz), 4<s5<6,
12 (nlogn) 2

V32 1 1
Av="n140 : — 6.
=t ((nlogn)2> y

Thus, if y3 # 0, then A, is equivalent to a decreasing sequence, which decreases at
rate n~!. (Strictly speaking, this property does not imply the monotonicity itself.)

Let us compare this asymptotic with what is given in Theorem 11.1.2. Namely,
for any r > 1, we have

Aty =Bin ' +o(n™), 4<s<6, (11.50)
An(r) = Bin"' +0(n7?), s =6, (11.51)

where

1[2-r 5, r—1
By =B1(r)=—b=4r v; + va|.

We see that B(r) — 112 y32 as r — 1, so that we recover the main term in the
asymptotic for A, and at the same rate modulo a logarithmic factor.
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However, what can one say about the sign of Bj(r) with fixed r > 17 First
suppose that 3 % 0. When r is sufficiently close to 1, then Bj(r) > 0, so that
A, (r) is equivalent to a decreasing sequence like for » = 1. More precisely, this is
true for all » > 1, whenever y4 > % y32. But, if y4 < % 7/32, then B (r) < O for all

4y =3y
r >rg= )
2y5 —3ya

Hence A, (r) becomes to be equivalent to an increasing sequence. In that case,
necessarily h,(Z,) > h,(Z) for all n large enough, which is impossible in the
Shannon case r = 1. This shows that A, () may not serve as distance!

If y3 = 0 (as in case of symmetric distributions), the constant is simplified to

—1
V4, V4 =EX* -3,

-
By = B(r) = %

and then the sign of B coincides with the sign of y4. Both cases, y4 > 0 or y4 < 0,
are typical, and one can make a similar conclusion as before, but for the whole
range r > 1. Namely, if y4 > 0, then A, (r) is equivalent to a decreasing sequence,
which decreases at rate n~!, and if y4 < 0,then A, (r) is equivalent to an increasing
sequence, which increases also at rate n~L

Proof of Theorem 11.1.3 in Case r < oo In order to make a more rigorous conclu-
sion about the monotonicity of A, (r) for large n, the expansions for Rényi entropy
h,(Z,) such as (11.50)—(11.51) are insufficient. We need to use more terms in
the general Proposition 11.8.1 involving the quadratic terms b2/n” and cp/n’.
This is possible under stronger moment assumptions, corresponding to the range
6 < s < 8. Indeed, in that case, Proposition 11.8.1 provides the expansion (11.5) in
which the coefficient b1 = b is as before, and we also know that the coefficient by
is only determined by r and by the moments of X up to order 6. In fact, one may
evaluate b on the basis of equality (11.43) of Proposition 11.7.2, which specializes
Proposition 11.5.1 to the range 6 < s < 8. Since the formula for the coefficient
Ay = As(r) is somewhat complicated, we will not go into tedious computations.
Now, from (11.5) it follows that

B
e (Zas) = e (Zo) = i b+ o(n™?),

which thus proves Theorem 11.1.3 in case of finite r. O
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11.10 Maximum of Density (the Case r = 00)

Recall that Noo(X) = || p||go2 when a random variable X has density p. An
expansion similar to the one of Proposition 11.5.1 can also be obtained for || p, |l 0o
and hence for Noo(Z,,). In order to deduce monotonicity, let us assume that g < oo.

From the non-uniform local limit theorem it follows that || p, — @¢llcc = 0(n™2)
as n — 0o, where gg is the Edgeworth expansion of order 6. Hence

I Palloe = ll@slloo +0(n™2). (11.52)

Here

1 1 1 1
T, W) 04 )

where the polynomials QO (x) are the same as in Sect. 11.3.

Let us find an asymptotic expansion for |¢sllcc (we refer to [6] for more
computational details). Since @¢(x) is vanishing at infinity, there exists a point x¢ ()
such that ||gellco = |@e(x6(n))|. Since also the functions ¢ (x) Qk(x) are bounded,
we have |gg(x)| = O(Jn) uniformly in the region |x| > \/logn. On the other hand,

060 = o) (1+ 01(x)

4 k 1
v6(0) = ¢(0) + ¢(0) Z Qr0)n—2 > ) ®(0)
k=1

for n large. Therefore, ¢6(0) > |@g(x)| for all n large enough, as long as |x| >
J/logn, and we conclude that

loslloo = sup  |pe(x)] and |x6(n)| < \/10gn- (11.53)
|x|</logn

Since x = xg(n) is the point of local extremum, we have (pé(x) = 0, that is,

‘o 01(x) —xQ;(x) + 05(x) = x02(x) + 05(x) —3XQ3(X) + 0, (x) — XQ4(X).
Jn n 0> n?

(11.54)

Using (11.53), we deduce from (11.54) that x¢(n) = O(jn (logn) l23) and hence

|xe(n)| < 1 for all n large enough. But then, from (11.54) again, x¢(n) = O(Jn).
For x = xg(n), we thus have

xQ3(x) _ O(nfs/z) Qi;(x) _ O(n,5/2) X Qa(x) _ 0(}175/2)
3 ’ 2 ’ 2 £

n2 n n
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and (11.54) is simplified to

‘= 0] (x) —xQ1(x) n 05 (x) —xQ02(x) n QQEX) n 0(n75/2).
Jn n ns

The Chebyshev-Hermite polynomials satisfy the relation H}(x) — x Hi(x) =
_Hk-‘rl(-x)’ SO

Hj(x) — xH3(x) = —Hy(x) = —3 4 6x% — x*
Hj(x) — xHa(x) = —Hs(x) = —15x +10x3 —x°
H{(x) — xHe(x) = —H7(x) = 105x — 105x% +21x° — x".

Using these identities in the formulas for Qy’s, we easily find for x = O( jn) that

"(x) —xQ1(x 2
Q1) —xQi(x) _ _ » +y3x L o),
Vn 24/n Jn
05(x) — x Q2 (x) 105 , 15 \«x 5
n _<2!3!2 LT V4)n+0(” ):
0i(x) (945 5 105 15 1 sz
n = (o B = qyqrarst 5 1) T O,
As aresult,
2
_ _ V3 X 105 2 15 X
X = x6(n)__2Jn +Y3Jn +<2'3!2 V3 — A1 )/4>n
945 105 15 1 B
+ (3!4 Vi — a3t s, ys) , +0(n?). (11.55)

n2

One may use this asymptotic equation to find an expansion for x¢(n) in powers
of 1/4/n. Indeed, first we immediately obtain that

3

3 _
x=x6(n)=—23:/n+0(n 2),
implying

X vs 1 -5/2
= - o .
Jn o4l n ER ()

|
w
+
QS
—
S
&
~
N
~
I
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Inserting the above to (11.55), we deduce that

a a
x = x¢(n) = \/ln + 3 + O(rfs/z)
n2

with coefficients

1 1 5 5 n 1
ay = — , ay = - .
1 ) V3 2 4 V3 12 V3v4 8 V5
In particular, a; = a = 0 and therefore x = xg(n) = O(n~>/?), as long as the
distribution of X is symmetric about the origin (in which case y3 = y5 = 0).
Still in the general case, keeping these coefficients, we deduce for x = xg(n) that

_ 1 1 _5)2 RN 1 "y
x = n (a1 +a2n)+0(n ), x° = " <a1 +2<11<12n>+0(n ),
¥ = lg a%—l—O(n_S/z), = n12 a‘f—l—O(n_S/z), xP = O(n_s/z) (p =9).
n
Hence

0i1(x) _ s vob s
= 6n (3 —3x) = 42 + o+ on>?, b= N (@ —3a2).

Similarly,
n _(4!"4_2!.3!2"3)n+n2+0(" )
X b
Q3§ ) _ ;_i_o(nfs/z)’
n2 n
Qa(x) by -5/2
n2 n2 +0(n™")
with

45 5 6 ) 945 , 105 15
by = (2_312 Y3 — 41 7/4) ar, bz = (3!4 V3 — 3141 V3ya + 59 y5) ai,

and

10395 4 945

B 105 , 15
T 43873 T g3

by VY5t 4V T g Ve

) 105
VAT 5 s

Note that in the case of symmetric distributions, by = by = b3 = 0, while
py— 105 2 15
4 = 2.412 J/4 6! 7/6'
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Now, as x — O,

@(x) L, 1 4 6
=1—- _x"+ x"4+ 0(x"),
lelloo 2 8

and recall that, for x = xg(n), we have x2 = ,11 (a% + 2aa; ,11) + 0% and
x4 = ,}z at + O(n=>/%). Thus,
p(x) a% "‘11 1 -5/2
=1- —|—( —a1a2> +0((n™"?).
l¢lloo 2n 8 n? ( )
Therefore, denoting b = by + by + b3 + by, we get

loslloo _ we6(x) @(x) 01(x) | Oa(x) | Q3(x) | Qax)
= = 1+ + + +
lello  ll@lloo llelloo ( n n na n? )

1, 1, 3 15 Al
l+<_2“1+4y3+4!V4_2!.3!2V3>n

1y 11, 3 15 o\ o) | _sp
+(b+8a1_a1“2_2(4”3+4!V4_2!.3!2y3)a1 2t o)

Simplifying the term in front of 1/n, we arrive at

el el -
lgsloo = llpllo+ " = A+ 2% B+ 0(n™/?),
n n

1 2, R Lt o, 3 B A
A = (V4— y3), B_b+8a1—a1a2—2<41/3+4!V4—2!.3!2V3)a1.
(11.56)

Using our assumptions, let us summarize by recalling the assertion (11.52). We
then get

1 1 5
I Pnlloc = ”(P”oo(l + A+ B) +0(n7?), (11.57)
n n

where A and B are as above with a; = —é y3 and a; = }1 7/3;7’ - 152 v3va + é V5.

One can now reformulate this result in terms of the Rényi entropy of index r =
0. Since Noo(Zy) = | pullZ and Noo (Z) = [l@||52 for Z ~ N(0, 1), the expansion
(11.57) yields:

Proposition 11.10.1 If Bg is finite, then as n — 09,

Noo(Za) = Noo(2)(1 = 2 + fz) +0<n12>
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with A = }‘ (ya — g y32), B = 3A% — 2B, where the constants A and B are given in
(11.56).

Proof of Theorem 11.1.3 in Case r = oo Denoting A, = Noo(Z) — Noo(Zy), from
(11.57) we get Apy1 — A, = —n(;}H) +o()). O

In the case y3 = y5 = 0, for example when X is symmetric, the coefficients
in Proposition 11.10.1 are simplified. Indeed, recalling the formula for b4 in such a
case, we have

A 1 B — by — 105 , 15
and therefore,
~ 1 ~ 1 13
A=y, B =3A%>-2B = — Z.
4 )z 24 Yo 96 V4

As a consequence, the eventual monotonicity of Noo(Z,) can be deduced based on
the sign of y4. However, if also y4 = 0, we need to look at the sign of ys.
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Chapter 12 )
Uniform-in-Bandwidth Functional Limit Crehie
Laws for Multivariate Empirical

Processes

Paul Deheuvels

Abstract We provide uniform-in-bandwidth functional limit laws for multivariate
local empirical processes. Statistical applications to kernel density estimation are
given to motivate these results.

Keywords Functional limit laws - Kernel density estimation - Weak laws

AMS 2000 Subject Classification Primary 60F15, 60F17; Secondary 60G07

12.1 Introduction and Motivation

We establish uniform-in-bandwidth functional limit laws for local empirical pro-
cesses in RY. Our main result, stated in Theorem 12.2.1, is motivated by statistical
applications presented in Theorem 12.1.1. Let X* = (X, Y) € R*! with X :=
(X(),..., X)) € R4 and Y € R, denote a random vector [rv], with continuous
density gx vy (-, -) on RI*tl — R4 x R, and support in J x L, where J and L are
bounded open subsets of R? and R, respectively. Under these assumptions, the
marginal density f(-) of X is continuous on R?, with f(x) = 0 forx ¢ J, and

fx) = f gx.y(x,y)dy for xe RY. (12.1)
L

Let K denote a family of kernels on R, namely, of mappings K : RY — R,
fulfilling conditions (K.1)-(K.4) below. For u := (u1,...,uq4) € R? and v :=
(w1, ...,v4) € R4, we write u < v when uj < vjforj =1,...,d. When
this condition holds, we set (u, v] := ]_[?zl(u j»vjl, and define likewise, with
obvious notation, [u, v] and (u, v). In general, by an interval in [r, s1¢ will be
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meant a product of d subintervals of [r, s]. We set 0 := (0,...,0) € R4 and
1:=(,...,1) € R4, and adopt a similar notation for oo := (0o, ..., 00).

(K.1) There existan A < o0, such that, for each K € IC, K(t) = 0 when [t| > A
(with | - | denoting the Euclidian norm in RY);

(K.2) Thereexists a B < oo such that each K € K has a Hardy-Krause variation
Vuk (K) in Rd, fulfilling Vuk (K) < B (see Sect. 12.2.3 below for details);

(K.3) Each K(t) € K is a right-continuous function of t = (71, ..., t3);

(K.4) ForallK e K, fRd K(t)dt = 1 (where dt denotes Lebesgue measure).

Let ¢ : R — R denote a right-continuous function of bounded variation ||dy/ ||z
on L. We will denote by ||dy|| := ||dy||r the total variation of ¢ on R. In most of
our examples, ¢ will be a linear combination of the identity mapping, Z(y) = y,
and of the unit function, lI(y) = 1, for y € R. Consider a sequence of independent
and identically distributed [iid] random replice X;" = X;,Y),i =1,2,..., of
X* = (X, Y). Introduce the kernel statistic indexed by K € IC,

Fymnk®) = @mh)™ Y "y (YK (h—l/d X; —x)) for xeR?,  (122)

i=1

where i > 0 is a bandwidth parameter. In particular, f,.5.K(X) := fi.n:n:K(X) is
the Parzen-Rosenblatt [29, 30] kernel estimator of f(x), which, under (K.1)—(K.4),
fulfills fRd fﬂ;n;h;K(X)dX =1.

Letl := 1_[7:1[”/"”,/] C Jwith —00 < u; <vj <ooforj=1,...,d, be
such that f(x) > O for all x € I. The conditional expectation (or regression) of
¥ (Y), given that X = X, is continuous over X € I, and defined by

_ ™ _ fy®
F0 T fu

= fEX) /Lllf(y)gx,y(X, y)dy for x €1,

my (x) == EW(Y) X =x) (12.3)

where, for each measurable ¢ : R — R, rendering meaningful the expression below,
we set

So(X) :=/L¢(y)gx,y(x, y)dy for xelL (12.4)

In view of (12.1) and (12.4), for ¢ = 11, (12.4) reduces to f(x) = f(x). Under the
above assumptions, the conditional variance of ¥ (Y), given X = X, is continuous
over x € I, and given by

o3 (%) 1= Var (Y ()X = x) (12.5)

1
T f®) /L (U () — my®)* gx.r(x. y)dy for x € 1.
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The kernel estimator of the regression function my, (x) = E(y(Y)|X = x) [25, 40],
is then defined, for x € I, by

Svnnx(X)
U when  fip.p:k(X) > 0,
My KX) 1= { fnsh K (X) " (12.6)

Yi=n"'3" .Y, when frnk®x) <O.

Introduce, whenever properly defined, the centering factor

E(v()K®: (X —x)))

E(K(h—l/d(X B x))) (12.7)

E (mw;n;h;K(X)) =

Remark 12.1.1 Under (K.1)~(K 4), forx € I, we have E ( f,:4:k (X)) — f(x) and
E(m¢;n;h;K(x)) — my(x), as h — 0. (see, e.g., [9]). Thus, in the study of the
consistency of fy.p; K (X) and my. ;. ;K (X), we will limit ourselves to the evaluation
of the limiting behavior of the random components f,.p.x(x) — E ( S h;K(x)) and
Myin K (X) — B (my:k (X)) of the estimators.

Let 0 < ay < by, for n > 1, be sequences of real constants, and set log, x :=
log(x V e) for x € R. We have the following theorem.

Theorem 12.1.1 Assume (K.1)—(K.4), and let 0 < a, < b, be such that, as
n— oo,

na,/logn - oo and b, — 0. (12.8)

Then, with 'H,, := [ay, b, ], we have, as n — 00,

nh 1/2
{210g (1/h)} su;I)i T K (X) (12.9)
+ Xe
) = op(l),

nh 1/2
{210g (1/h)} Sull’i Meyin; 1K (X) (12.10)
+ X€
) = op(1).

sup ( sup
Kel \heH,

12
~E (funx®) } - {sup s K(t)zdt}

xel

and

sup ( sup
Kel \heH,

_ o2 (%) 12
—E (m¢;n;h;K(X)) ] - {sup }/j(x) /Rd K(t)zdt}

xel
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Remark 12.1.2
1°) When K = {K} andd = 1, (12.9) in Theorem 12.1.1 reduces to Theorem 2 of

Deheuvels and Ouadah [10]. This property does not hold for an arbitrary f(-),
when (12.8) is not fulfilled (see Remark 1 in [10]).

2°) By Theorem 12.1.1, taken with X = {K} and &, := a, = b, the condition

3°)

4°)

h, -0 and nh,/logn — oo, (12.11)

implies that, as n — oo,

nh, 1/2
{ZIOg 1/ )} U { foy K (%) = E (fony k(9) ) (12.12)
+ n xe

P 1/2
— {sup f(x) K(t)zdt} ,
R4

xel

and

nh, |"? _
E{my ik X) = E (mynon,: 12.13
{210g+(1/h,,)} SUP £{m i, K (%) (mymn,k ()} (12.13)

5 1/2
P Uw(x) 2
- !i‘iﬁ’ F00 Jpa WO

The limiting statement (12.12) is due to Deheuvels [8] for d = 1, and [6]
for d > 1 (see, e.g., Deheuvels and Einmahl [5], Deheuvels and Mason [9]).
Earlier, Silverman [32] had established (12.12) for d = 1, under more stringent
assumptions. Equation (12.13) is a particular case of Theorem 1.1 in Deheuvels
and Mason [9] for d = 1, and of Theorem 1.2 in Deheuvels [7] for d > 2. The
case where the rv Y has an unbounded support, will be considered elsewhere.
The conclusion of Theorem 12.1.1 remains valid when a,, < b,, are random
sequences such that (12.8) holds in probability. As follows from the results of
Deheuvels and Mason [8] and Deheuvels [5], additional conditions are required
to obtain an almost sure [a.s.] version of this theorem.

The properties of the estimators (12.2) and (12.6) have been extensively
investigated since the seminal work of Rosenblatt [30], Parzen [29], Nadaraya
[25] and Watson [40]. To allow data-dependent bandwidths, several authors
(see, e.g., Mason et al. [24], Nolan and Marron [27], Deheuvels [4], Deheuvels
and Mason [9]) have provided uniform-in-bandwidth limit laws for f, 5 (-), in
the spirit of (12.9) and (12.10). Einmahl and Mason [16, 17] initiated the use
of empirical processes indexed by functions to investigate this problem. For
example, Theorem 1 of [17] shows that, for each r > 0,

nh 1/2
lim sup ( sup { } (12.14)
n—00 rl(:lgn <h<1 10g(1/h) \ loglogn

up | foink(®) — E (funx ) 1) =1 K (U, 1) < o0,

xel
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a.s. for some (1, r). We refer to Mason [22], Mason and Swanepoel [23],
Dony [11, 13], Dony and Einmahl [12, 13], Dony et al. [15], Mason [21],
Viallon [38], Varron [36, 37] and van Keilegom and Varron [35], for details
on this methodology. In particular, an adaptation of the arguments of [16, 17]
should allow us to prove that, under (12.8), as n — oo

sup | fumk®) — E (funk®)|  (12.15)

xel

{ nh }1/2
sup
heH, 210g+(1/h)

- {sup f(x) K(t)zdt} = op(1).
Rd

xel

It is not clear whether a proof of (12.9) (which is a stronger statement
that (12.15)) can be achieved or not by these methods. Here, we make use
of a different argument, based on the ideas of Deheuvels and Mason [8]
and Deheuvels [5]. Further references are that of Dony and Mason [14] and
Mason [20].

An outline of the remainder of our paper is as follows. We establish, in
Theorem 12.2.1 below, a functional limit law for multivariate increments of a non-
uniform empirical process (which is new, even for d = 1). To prove this theorem,
we rely on classical arguments, to obtain, in the forthcoming Sect. 12.3.1, rough
upper bounds for the modulus of continuity of multivariate empirical processes.
Our proof then reduces to show that, for each fixed M > 1, the N := M¢ properly
rescaled increments of the multivariate empirical process over sets of the form
]_[7: l(ﬁ;}‘, k";[r 1], cluster onto the unit ball of R¥. To establish this property, we
extend arguments of Deheuvels and Ouadah [10] to an dimension-free framework.
The proof of Theorem 12.1.1 given Theorem 12.2.1 is captured in Sect. 12.2.4
below. The proofs being quite lengthy, we limit ourselves to the main arguments.

12.2 Functional Limit Laws

12.2.1 Main Result

For d > 1, let (B([0, 119),U) denote the set B([0, 11¢) of bounded functions
on [0, 1]¢, endowed with the topology U, induced by the sup-norm |g| :=
SUp yepo,13¢ [g(W)]. Let AC([O, 11%) denote the set of absolutely continuous (with
respect to the Lebesgue measure) functions on [0, 11, and set ACy([0, 119) :=
{g € AC([O, 119 - g(0) = 0}, with 0 := (0,...,0) € R?. Foreach ¢ > 0
and g € B([O0, 11%), set Ne(g) = {¢ € B([0, l]d) e —gll < s}, and for each
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A C [0, 114, set A® := UgeAj\/g(g), with the convention that | Jy(-) := . Define
the sup-norm Hausdorff set-distance of A, B € B([0, 1]d) by
A(A,B) :=inf{0 > 0: A C B and B C A%},
whenever such a 6 exists, and
A(A, B) := o0 otherwise.

Let g denote the Lebesgue derivative of g € AC([O, l]d), and consider the Hilbert
norm, defined on B([O, 1]d) by

12
glm = {/ g(t)zdt} when g € ACy([0, 119),
(0,114
lglm := oo otherwise.

Set Sg = {g € B([0, 119) - lglm < 1}. For d = 1, we will use this notation
with subscripts omitted, and write, e.g., S for S;. The following relations follow
readily from the Schwarz inequality and the definitions of | - |y and S,. For any
¥ € B([0, 11%), we have

¥l <|¥lm and sup |lg] =1. (12.16)
g€Sy

Letting X := Xy, X, ... be as in Sect. 12.1, we denote the distribution function
[df] of X by F(x) := P(X < x) for x € RY. Here, we write x < y, for x =
(x(1),...,x(d) e RYandy = (y(1), ..., y(d)) € R%, whenever x(j) < y(j) for
j=1,...,d. Denote the empirical df based upon Xy, ..., X, by

F,(x):=n"'#{X; <x:1<i<n} for xeR? (12.17)

where # denotes cardinality. Introduce the empirical process
an(x) :=n'?(F,(x) — F(x)) for xeRY. (12.18)
LetI C J, withI = H?Zl[uj,vj], and —o00 < uj <vj <ooforj=1,...,d,
be as in Sect. 12.1. We assume that the density f(-) of X is defined and continuous

on J, and bounded away from O on I C J. For a > 0, and x € I, we consider the
increment functions

Un(a; X5 1) i= {an (x +a'/Mu) — a,(x)}/y/ f (%), (12.19)

for ue|[O0, 1]d,
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and set, foreacha > 0,and L C 1,

Fran=] U@ oy (12.20)
V2alog, (1/a)
Our main theorem may now be stated as follows.
Theorem 12.2.1 Let 0 < a, < b, be such that, asn — oo,
b, - 0 and na,/logn — oo. (12.21)
Then, with H,, = [ay,, b, ], we have, as n — o0,
sup A (Fria:1, Sa) = op(1). (12.22)

aeH,

Remark 12.2.1

1°) It will become obvious from our proofs that the conclusion of Theorem 12.2.1
remains valid if, in the definition (12.19) of v(a; X; u), u is assumed to vary
in [—é, é] (or in any specified bounded interval [r, s], with r < ) instead of
[0, 1].

2°) To our best knowledge, the only version of Theorem 12.2.1 available up to now
correspond to d = 1, and under the assumption that X uniformly distributed on
(0, 1) (see, e.g., Theorem 1(1) of Deheuvels and Ouadah [10]). When a,, = b,
the problem has been considered by Deheuvels and Mason [8] and Deheuvels
[5D for d = 1, and by Mason [21] for d > 1. We note that the methods
of [10] cannot be extended to d > 2, since the proofs rely on invariance
principles for empirical processes, which are not presently available with the
proper approximation rates.

The proof of Theorem 12.2.1 is postponed until Sect. 12.3. In the forthcoming
Sect. 12.2.4, we shall provide a proof of Theorem 12.1.1 given Theorem 12.2.1.

12.2.2 A Limit Law for Local Empirical Processes Indexed
by Functions

Let K denote a class of measurable functions defined on R?, with support in

d
[—é, é] , and fulfilling (K.1)—(K.3). Following (2.3)—(2.4) in Mason [21], for
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eachn > 1,h > 0 and x € R4, denote the local empirical process at x indexed
by K € K by

Ey(h; x; K) := (nh)~1/? Z {K(h_l/d(x -X;)) (12.23)
i=1

~EK(h ! (x = X))}
= Vnh { funk® = E (frnk )],

and set, forx € I,

En(a; x; K)

Lp(a;x; K) = .
XY= tog, (1a)f 0

(12.24)

Remark 12.2.2 Mason [21] make use of different conditions imposed upon K. He
assumes, namely that

lim sup / [K(x+t) — Kx)]?dx =0,
It >0 gex Jrd

lim sup [ [K(ix) — Kx)]*dx =0,
A‘)lKEIC Rd

12.2.3 Properties of Kernels

We discuss here (K.1)~(K.4). In (K.1), the choice of the interval [—A, A]? ¢ R¢
supporting the kernels K € I, is a matter of convenience, so that we will work,
without loss of generality, under the following variant of this assumption, for some

1
0<6<2.

(K.1)* EachK € K is such that K(t) = 0 forall t € I, := [¢, 1 — €]%.

The condition (K.2), requires each K € K to be of Hardy-Krause bounded
variation. For functions of several variables, this notion is involved (see, e.g., Adams
and Clarkson [1, 3], Niederreiter [26]), and some details must be given. The most
common forms of variation [18, 19, 39], are as follows (see, e.g., Niederreiter [26,
p. 22]). Set Iy = [0, 1]d, and,forl <k <landl1 <i; <... < i, <d,definea
face of Ip, by Io(iy, ..., ix) :i={t=(t1,...,tqg) €lp :t; = 1for j & {i1, ..., ix}}.
By an interval J < Iy, will be meant a product of d subintervals of [0, 1]. Denote
the lower endpoint of 7 by t(J). For any function « defined on Iy, let A(k; J)
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denote the alternating sum of values of k at vertices of J, where k(t(J)) has
coefficient 1. The Vitali variation of k on I is then given by

Wyl To) i= sup Y |AGe DI,
Po) 7epy)

where the supremum is taken over all partitions P (Ip) of Iy into subintervals [J C
Iy. The Hardy-Krause variation of k on I is, in turn, defined by

d

VHK(K;IO):Z{ > vv(x;lo(n,...,ik))},

k=1 " 1<ij<..<ip<d

which sums, over all faces Ip(iy, ..., ix) of Iy, the Vitali variation of the restriction
of k to Ip(iy, ..., ix). For d = 1, the Vitali and Hardy-Krause variations coincide
with the usual fotal variation. In these definitions, we may replace Iy by other
intervals of RY, via book-keeping arguments. In particular, we set, in (K.2),
Vi (k) == Vuk (k; R?) := sup,,~ Vik (5 [-m, m]9).

Subject to the existence of continuous partial derivatives of k, the Vitali and
Hardy-Krause variations of ¥ on I are given, respectively, by

3%k (t)
W(k; Ip) = dt,
V(K 0) /10 3t1 Ce 3td
d k
kK (t)
0% ;1) = dt;, ...dt, ¢.
uk (k5 Io) Z { Z /Io(il w |9t o0, ih 1k}

k=1 " 1<ij<..<ip=<d* OVl

In this case, an induction on d allows us to write, foreach) <u <v <1,

d
K(V) - K(u) - Z { Z x/tEI()(il wenik), U<t<v (1225)

k=1 " 1<ij<..<ip<d

%k (t)
—1)k dt;, ...de, Y,
=D 8l,'1 ... 01 ' t

In general, subject to Vuk(k; Ip) < oo, the totally bounded Lebesgue-Stieltjes
signed measure v = dk(-), associated with k and supported by Iy, is defined by
setting, for each continuous function ¢ on I,

d

t)de (t) = li 12.26
/10¢() k(t) Z{ Z PLg(itmnis) 0 ( :

k=1 ‘1<ii<..<ix<d' ~ 7

> (—1)k—d¢(t(J)>A(x;J)}.
T ePy(it,....ik))



210 P. Deheuvels

Here, we set [P(Io(i1, ..., ix))| — 0, when the supremum vertice length of the
intervals J € P(o(i1, ..., ir)) tends to 0. The kernel functions we consider have
simple expressions in terms of v = dk. When « is right-continuous, with k£ (t) = 0
fort €I, =[e, 1 — e]d, k(0) = k(1) = 0, so that, by (12.26),

k() = —v((t, 1) = v((0,t]) for telo. (12.27)

Observe that v = dk (-) in (12.27) is a totally bounded signed measure with support
in L. Letting v = v — v_ denote the Hahn-Jordan decomposition of v into the
difference of nonnegative bounded measures with supports in I, C Iy, we infer
from (12.27) that these component measures fulfill

k(0) = —v((0,1]) = —v(p) = —v{s) =v_I) —v4(I) =0,

sothat 0 < vi(I;) = v_(I;) < oo. Following Bouleau [2] (see, e.g., p. 166 in
Pages and Xiao [28]), we define the measure variation of k on Iy, by

Wik Io) = lldkllm == [v[(To) := v+ (Io) + v— (o). (12.28)
The above-defined variations are related through the inequalities
W(ke: To) < Vu(k: Io) < Vax(e: To) < 27 — DVu(x; To), (12.29)

where 29 — 1 stands for the number of faces Io(i1, ..., ix) of Ip. In view of (12.29),
under (K.1)*~(K.3), the assumption (K.2) is equivalent to:

(K.2)* There exists a B* < 0o such that each K € K has a measure variation in
I fulfilling VM (K; Ip) < B*.

Armed with these arguments, we establish, in Lemma 12.2.1 below, a useful
integration by parts formula. We consider nonnegative bounded measures u;, i =
1,2 and v;, i = 1,2, with supports in I := [e, 1 — e]d, and such that (L) =
(L), and v (L) = va(Ie). Set, for0 <s <t <1,

MiGs.0 = [ = o} () and Mo, ) = fv1 = w2} (5.

By (12.27), taken with v = d{—Ma(t, 1)} and k(t) = —Max(t, 1), we see that v| —
vy = d{—Ma(t, 1)} coincides with the Lebesgue-Stieltjes measure v induced by
—Mo(t, 1). Likewise, by (12.27), taken with v = dM> (0, t) and «(t) = M;(0, t),
we see that u; — u, = dM; (0, t) coincides with the Lebesgue-Stieltjes measure v
induced by M (0, t).
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Lemma 12.2.1 Under the assumptions above, we have the integration by parts
formula

M, (0, )dMa (t, 1) = / My (t, 1)dM, (0, ©). (12.30)
) Ip

Proof We limit ourselves to the case where M (0, t) and M»(t, 1) have continuous
partial derivatives of order d over t € R?. The proof in the general case is achieved
by a smoothing argument which we omit. Observe that, for all 1 < k < d and
1<ii<...<iy <d,wehave M)(t,1) =0 fort € Ip(iy, ..., ir). Therefore, we
may rewrite (12.25) into

d
Ma(t, 1) = (—1)”’/ M D) (12.31)

sely, t<s<1 ds1...084

By a similar argument, with the formal replacement of Mj(t, 1) by M;(0, t), we
may rewrite (12.25) into

99M; (0,
M (0, t) = / 109 4 (12.32)
selp, 0<s<t 051 ...08qg

This shows that the signed measures u; — ny = dM;(0,t) and —{v; — v2} =
dM,(t, 1) are absolutely continuous with respect to the Lebesgue measure in RY,
with densities given, respectively, by

dM;(0,8)  39M;(0, 1)

m(t) :=
© dt daty ... oty

and
Mot D) _ 9 Ma(t, 1)

t) =
n(t) dt dty ...0tg

Set My.o(t) = m(t), My.o(t) = n(t), and, for 1 < k < d,

11 173
M. (1) =/ / m(s)dsy . ..dsg
0 0

and

1 1
M2;k(t)=/ f n(s)ds; .. .ds.
11 179

Qbserve that Mp.4(t) = M1(0, t), Ma.4(t) = Ma(t, 1), and, for 1 < k < d,
dile;k(t) = M;j.;_(t) and d‘ikMz;k(t) = —M,.;_1(t). In addition, for I < k < d,
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M;i.x(t) = 0 when #x = 0 and My.x(t) = 0 when # = 1. We may therefore write
the chain of equalities

M; (0, t)dMa(t, 1) = (—1)¢ / M. (t)n(t)dt
[0,114 [0,1]4

= (—1)'1[ M. (Mp;o(t)dt = (—1)'1/ M. (t) a{;l My 1 (t)dt
[0,1]4 (0,114

=1
= [ | [MaoMao]]
[0,1]‘1’1 Hh=

1
= | MiaOMa 0dn Ja . dig
0

= (! / Mg 1 (DM (Hdt = ... = / M0 ()M (t)dt
[0,13¢ [0,13¢

[ Musmmd= / Ma(t, M, (0, 1),
[0,114 [0,114

which is (12.30). O

Remark 12.2.3 The version of (12.30) corresponding to d = 1, is readily checked,
when m(-) and n(-) are continuous on [0, 1]. We obtain the relations

[ s e ] ]
AL ol ] - | o

12.2.4 Proof of Theorem 12.1.1

For each K € IC, set IN((u) K(—u), and let K= {IN( K € K}. Following the
arguments pp. 1278-1281 of [8], we may reduce the proof of (12.9) to the case
where K fulfills (K.1)*~(K. 2)* and (K.3), so that K(u) = K(—u) = 0 foru ¢
(0, D?. In view of (12.27), let dK( ) be the Lebesgue-Stieltjes measure induced by
K, insucha way that

—K@t) = f dK(u).
1]
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Let ip > 0 be so small that I—l—h(l)/d[O, 11¢ ¢ J. By an application of Lemma 12.2.1,

and making use of the definition (12.19) of v, (h; x; u), we see that, for each x € I,
and 0 < h < hy,

nh 1/2
{210g (1/h)} (fo.n®) = E (fan (%)) (12.33)
+

/ o d{a,(x + hY4a) — a,(x))
= K(u)
[0,17¢ V2hlog, (1/h)
1/d N
:_/ ap(x+ h'/%) — a,(x) &)
(0,134 V2hlog, (1/h)

up(hsxsw) o~
__ dK ().
VI flo,ud J2nlog, (1/m)

We will need the following analytical result (see, e.g., Lemma 1 in [10]). Let M
denote a subset of B([0, 1]1¢), such that Sy € M C B([0, 1]%), and let 7 denote a
non-empty class of mappings ® : M — R, continuous with respect to the uniform
topology on M. We assume that 7 has the following equicontinuity property. For
each € > 0, there exists an n(e) > 0 such that, for each ¢ € M and g € S;, we
have

Il —gll <nle) = GS)UI;I®(¢) —0(9)] <e (12.34)

Lemma 12.2.2 Under the assumptions above, for each ¢ > 0, there exists a { () >
0, such that, for any F C M, we have

A(F,S) < ¢(e) = sup |sup O(¢p) — sup O(g)| < &. (12.35)
OcT |peF 8€Sq

Consider an arbitrary ® € 7. By compactness of S; and continuity of ®, there
exists a gg € Sy such that ©(ge) = SUPges, ®(g). Letting n(e) be as in (12.34),
we see that, for each ¢ > 0, and ¢ € M such that || — ge| < n(e), we have
supg 7 |©(¢) — ©(go)| < &. In view of the implication A(F,Sy) < n(e) =
Sq € F1&) we see that A(F, Sy) < n(¢) implies the existence of a ¢pg € F such
that ||[¢pe — gell < n(e). By an application of (12.34), we obtain therefore, that,
whenever A(F, Sg) < n(e),

VO €T : sup O(¢) — sup O(g) > O(pe) — O(ge) > —e. (12.36)
peF g€Sa



214 P. Deheuvels

Consider now the assumption

(H) : Vn>0,E|¢EMﬂSZ:sug_!@(cp)—sugp@(g)}28}.
Oc g€Sq

Under (H), there exists a sequence (¢, ®,) € (M N S}/", T,n=12,...,

such that ¢, € M NS)/", and ©,(¢n) = supyes, Ou(g) + ¢, forall n > 1. The

condition ¢, € S}/ " implies the existence, for each n > 1, of a ¥, € S, such that
l¢n — ¥ull < 1/n. The compactness of S implies the existence of a convergent
subsequence V,, — ¥ € Sy as k — oo. Since then, |[¢,, — V|| = 0, as k — oo,
an application of (12.34) shows that, as k — 00, supgc7 |®(¢nk) - @(1//)| — 0.
This entails that, for all k sufficiently large,

Oni (D) < On () + & < sup Op, (g) + &,
g€Sy

which contradicts (H). The impossibility of (H) implies the existence of an n;(g)

such that whenever F € M fulfills A(F, Sy) < n1(¢), and hence, F C Sg'(g), we
have

VO e T : sup O(p) — sup O(g) < e. (12.37)
peF g€Sy

The conclusion (12.35) follows from (12.36) to (12.37), with {(¢) := n(e) A n1(e).
O
Example 12.2.1

1°) Let M = B([0,119), and T = {Op}, with Op(g) := |gll. Since
supgeT |O(@) — O(g)| = |I¢ — gll, we see that (12.34) holds with n(g) = ¢,
so that the assumptions of Lemma 12.2.2 are fulfilled.

2°) Let K, where K fulfill (K.1)*~(K.2)*—(K.3), and choose M as the set of
all bounded measurable functions on [0, 1]¢. The inclusions S; € M C
B([0, 119) are then straightforward. Consider the functionals

g € BVouk (10, 119) — Ok (g) = /[0 L g)dK (u),

for K € K. In view of the obvious inequality, for g1, g2 € BVy([0, 1]d),

1Ok (g1) — Ok (g2)| < llg1 — &Il x Vm(K, Ip) < B*|Ig1 — g1l

we see that (12.34) is fulfilled, with n(e) = ¢/B*.
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By a rectangle in R? will be meant a product of d subintervals of R. Below, we
will denote by |A| the Lebesgue measure of a measurable A C R, Since f(-) is
continuous on J D I, for each 0 < € < v := infyer +/f(X), we may partition the
rectangle IintoI = I; U ... U Iy, where Iy, ..., Iy C I are disjoint rectangles in
R4 such that, forj=1,...,M,|I;| > 0and

mj = sup\/f(x)z inlf\/f(x)>mj—62v—e>0.
xel;

XEIj

Bysetting L =1;,forj =1,..., M, and a = hin (12.20), we may therefore write,

foreach j =1,..., M and 0 < h < hy, the relations
up(h; x;0) &
sup [{m; —/f(x) / dK(u) (12.38)
xel; ! ! } [0,11¢ \/Zh log, (1/h)

<eqy sup gl / [dKw)| =¢q sup gl ¢ K],
8€Fmn1; [0,114 g€ nm1;

where ||[dK| < oo denotes the total variation of K(-) on R?. Set now ®(g) =
©0o(g) := ligll and F = Fp;p:1;. In view of (12.16) and (12.20), and by a repeated
application of Theorem 12.2.1 with the formal replacement of I by I;, for j =
1,..., M, we infer from (12.22) that, whenever H,, = [a,, b,] fulfills (12.21), we
have, as n — o0,

sup
heH,

sup [|gll — sup [lgll| = sup
ge]'—n;h;lf gESd /’lGH,«,

sup IIgII—l‘ — op(1). (12.39)
gE]:n:h;Ij

We infer readily from (12.38) and (12.39) that, as n — oo,

]P’( max sup { p + {ZIOg’le o }1/2 (Fun®) —E (fur(x)) }
- )flelllj { D! /[o,l]d \/;Ziggj(r/)h) dﬁ(u)} = 2E”dK”>
=g gl b= vroo)
/[O’“d \/;Zizgj(;l/)h) AR (u) } > 2e||dK||> - 0. (12.40)
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Set now

O(g) = O1(g) ===+ /[O » gwK()du.

We may rewrite (12.40) into

nh 1/2
{jggi{Zlog_’_(l/h)} (fnh(X)—E(fnh(x))) }

]P’( max sup
I<j=<M heH,

—mj sup O(g)
gE-Fn;h;Ij

> 2e||dK||> - 0. (12.41)

After integrating by parts, we combine the definition of S; with the Schwarz
inequality, to obtain that

sup ©(g) = sup { T / g(u)df((u)} (12.42)
8€Sy g€Sy (0,114

- 172
= sup { :t/ g(u)K(u)du} = {/ K(u)zdu} .
g€Sy [0,1]4 [0,1]4

For j = 1,...,M, set F = Fyp;1;. In view of (12.16)~(12.20), and by an
application of Theorem 12.2.1, with I = I;, for j = 1,..., M, we infer
from (12.22) that, whenever H,, = [a,, b,,] fulfills (12.21), we have, as n — oo,

max sup sup ©O(g) — sup O(g)
I<j<M peyy, g€ Fnm1; 8€S4
1/2
= max sup sup O(g) — {/ K(u)zdu} = op(1).
lS/SMhEHn ge]_—n:h:lj [0’1]d

This, when combined with (12.41), implies that, as n — oo,
]P’( sup
heH,

1/2
_{ sup\/f(x)} U K(u)zdu}
xel [0,1]4

Since € € (0, ho] in (12.43) may be chosen arbitrarily small, we infer (12.9)
from (12.43). This, together with routine arguments completes the proof of (12.9),
given Theorem 12.2.1.

i 12
{ sup {210; W } (fon () — E(fun(x))) } (12.43)
xe +

>e+ 26||dK||> — 0.
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12.3 Proof of Theorem 12.2.1

12.3.1 A Bound for the Oscillation Modulus

In Proposition 12.3.1 below, we establish a rough bound for the oscillation modulus
of the multivariate empirical process. This result will be instrumental in the proof
of Theorem 12.2.1. We will work under the assumption that the support of the
distribution of X is equal to [0, l]d , and that the density f(-) of X is continuous and
bounded away from O on [0, 11¢. This implies the existence of constants Cq, Ca,
such that

0<Ci<f(x)<Cy<oo for xel0,1]%. (12.44)
The assumption that flo 1 f(x)dx = 1, implies that C, C> in (12.44) fulfill

0<Ci<1=<(Cy<o0. (12.45)

Moreover, we may extend the definition of f(-) to Rd = [—o00, oo]d, by setting
fx)=0 for x¢]|O0, l]d. (12.46)

This entails that the distribution function [df] F(x) = P(X < x) of X =
X),...,X@) e R, is continuoqs on Rd. Foreach j = 1,...,d, set xUl .=
X1y Xjm1, Xjg 1, - . Xg) and dxV) :=dxy .. dxj_idxjqy ... dxq. As follows
from (12.44)—(12.46),_f0r each j = 1,...,d, the j-th coordinate X (j) of X has a
continuous density £/1(-) on [0, 1], fulfilling, for all x; € [0, 1],

xlilg[0, 174!

¢ < Yk :f Fx)dx < c,. (12.47)

This, in turn, implies that for each j = 1,...,d, the j-th marginal df of F(.),
denoted by FUU/l(x) := P(X(j) < x), x € R, is continuous on R, and such that
U(j) = FUNX(j)) is uniformly distributed on [0, 1]. For j = 1,...,d, let
oUl) = inf{x : FUl(x) > 1},0 < ¢t < 1, QU1 (0) := inf{x : FUl(x) > 0},
QU(1) := sup{x : FUl(x) < 1}, denote the quantile function pertaining to FL/1(.).
For j = 1,...,d, we have, almost surely [a.s.], X(j) = QUI(U(})). Without
loss of generality, will therefore work on the set of probability 1 on which these
relations hold. It is noteworthy that, unless f(x) = ]_[;{=1 fUl(x;) for all x =
(x1,...,xq) €[0,1]%, the components U(1),...,U(d) of U:={U(1),...,U(d))
are not independent. Their joint df, C(u) := P(U < u), u € R9, is the copula
function of F(-) (see, e.g., Schweizer and Wolff [31]). We have the reciprocal
relations

Fx) = C(F ), ..., F¥0y) for x=(x1,...,x0) € R, (12.48)
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and

C) =F M), ..., 09 uy) for u= (ui,...,uq) €[0,11¢. (12.49)
We_: infer from (12.47) that, foreach j = 1, ..., d, the j-th quantile density function
qV@) == & 0UN#), 1 € (0, 1), is defined and continuous on (0, 1), and fulfills, for

O0<t<l,

1 L
fi@Ulm) ~ ¢

The relations (12.44), (12.47)—(12.50), readily imply that the copula function C(-)

1 . d )
0 < gl = Ul = ) 12.50
<C2_q @) dtQ @) 00 ( )

has a density c¢(-) on (O, 14, fulfilling the relations, for x = (x1, ..., x4) € (O, 1)d
andu = (uy, ..., uq) € (0, )¢
d
0<C < fx)= F(xq,...,xq)
0x1...0xg

d
= c(FM(xy), ..., Fi¥(xy)) ]—[ fUlx;) < Cy <00, (12.51)
j=1
ad

Cy
0 < = Cuy, ...,
= Cg = duy...oug (1 ua)

d
, c
= @M, ..., 0w [T aWwj) < 3 <00 (1252)
j=1 1

Letnow X; = (X;(1),..., X;(d)),i > 1, be iid random copies of X, and set U; =
U; (1), ..., Ui(d)) := (F(X;(1)), ..., Fl9(X;(d))), i > 1. In agreement with
the notation of Sect. 12.2.1, the empirical df’s based, respectively, upon Uy, ..., U,
and X1, ..., X,,, are denoted by

C,(u) := nil#{U,' <u:l<i<n}, ueRd,
and
F,(x) := nil#{X,' <x:1<i<n}, x € RY.

The corresponding empirical processes are denoted by

anc(u) == n'2{C,y(w) — C)}, ueR’

and 4
anr(x) :=n'?{F,(x) —-Fx®)}, xeR".
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Denote the set of all rectangles in [0, 1]¢ by Ry. The empirical measures indexed
by R4, based, respectively, upon Uy, ..., U, and X1, ..., X,,, are denoted by

ppc(D) =n"'#{U;el:1<i<n}, IeRa,

and
ppp(D=n""#{X;el:1<i<n}, IeRy,

with expectations, given, respectively, by

uc(l) = /c(u)du and ur(l) = / fx)dx for [ e€Ry.
I 1
The corresponding empirical processes indexed by R, are denoted by

an.c(D) :=n"* {upc) — pe)}  for IeRy,

and
anx (1) :==n"?{j, v (1) — pp(D)}  for I eRy.

For 0 < u,v < 1, consider the modulus of continuity of a,.c and a,.r, defined,
respectively, by

wy:c (V) = sup{|an;c(t+ vl)| : I € Ry, (12.53)
tel0, 119 t+ vl C 0, 1]”’},
wp;F(u) = sup {Ian;IF(X+ ul)| : 1 € Ry, x € Rd}- (12.54)

Recall the definition (12.44) of the constant C».
Lemma 12.3.1 Forall 0 < u < 1/C3, we have the inequality

wn;F(”) =< U)n;(C(C2u)- (12.55)
Proof Denote by R4 the set of all closed rectangles of R,. Since (12.55) is trivial

for u = 0, we assume that 0 < u < 1, and set, for x := (xq, ..., x4) € [0, 1]‘1 and
[:= n;?:l [vj,2z;] €10, 119 I € Ry, such thatx + ul € [0, 1]%,

d
x+ul = [Jlrj. %), ;%] € [0, 119, (12.56)
j=1
where, for j = 1,...,d, rj(u, x) and s; (u, X) are such that

O0<rj(u,x):=x;+uy; <sjw,x):=x;+uz; <1, (12.57)
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and
0<sj(u,x)—rju,x)=u(z; —yj) <u=<l (12.58)

It is noteworthy that the mappings F and Q, defined by

x = (x(1),...,x(d)) € [0, 1]¢ (12.59)
— Fx) = (FM (1)), ..., Fl9 @) € [0, 119,
u= w(),...,ud)el[0,1¢ (12.60)

— Q) == (0Mu(1)), ..., 0" w(@)) € [0, 1%

are continuous mappings of [0, 174 onto itself, fulfilling F o @ = Qo F = 1,
where I denotes identity. Therefore, for each i > 1, and I € Ry, the event
{Xi; € x + ul} is identical to the event {F(X;) = U; € F(x + ul)}. Now we
infer from (12.56), (12.57)—(12.58) and (12.59)—(12.60), that, with x, # and I as
above,

QL

Fectul) =] [F'fl(rj (w, %)), FY'(s; (u, x))] —t+ v,
j=1

where t € [0, l]d, v € (0,1]and J € Ry are such that

t= (F[l](rl w.x)), ... F90, @, x))) ,

vJ =

—e

~
I
—

[0, FUl(s;(u, %)) — FUl(rj(u, x))] :
with

v:=Cwm and J:= l_ll Cout
j=

d . .
[OmewJ»—ﬂwnwmq_
By (12.47) and (12.57)—(12.58), we see that, for j = 1,...,dand 0 < u < 1,

0 < FUl(sj(u, %)) — FY1(rj (u, %))

< { sup f'f'(x)} (sj(u, %) —rj(u,x)) < Cou.

0<x<l1

Thus, we see that J C [0, 1]d , whereas the inequality 0 < v < 1 is implied by
the assumption 0 < u < 1/C,. By all this, whenever x € [0, 1]‘1, I € R4 and
0 < u < 1/Cy are such that x + ul C [0, 1]%, then F(x 4+ ul) C [0, 1]% is of the
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form t + vJ, for some t € [0, 1]d, J € Rg,and 0 < v = Cou < 1. In view of
the definitions (12.53)—(12.54) of w,.r(-) and wy.c(-), and, making use of a similar
argument for non-closed rectangles of R¢, we readily obtain (12.55). O

The following fact is a special case of Theorem 1.5 in Stute [34].

Fact 12.3.1 Foreach(0 < § < é, there exist constants 0 < c1(8), c2(8) < oo and
C3(8) > 0, such that, for all

d<c)(8) and 0<t<ci(5) e
u C an < C )
za = TN 210g(1/ud)
we have
P Onic (1) > t\/ sup ¢(x) | < C3(8)ud((1=97=1), (12.61)
\/zud log., (1/ud) xel[0,1]¢

Lemma 12.3.2 There exist constants ¢3 > 0, c4 > 0, C4 > 0 and Cs > 0, such
that, whenever 0 < a, < b, < oo fulfill

nad

n > d b, <cy, 12.62
log(1/ad) = c3 an n < C4 ( )

we have, with H, = [ay, b, ], asn — oo,

P sup wn;(C(a)

> Cy | < Csb™. (12.63)
aeHy \/Zad log, (1/a%)

Proof First, we observe that, for any % <A <landh? < 1/e, log+(1/hd) =
log(1/h?) <log, (1/(Ah)9) = log(1/(xh)?), and, therefore,

U)n;(C()\h)
20y log, (1/(uhy)

onct) - Vlog(l/hhy - 2Pwc(h)
= V2hdlog(1/h?) /A log(1/0h)4) T~ /2hdlog(1/hd)

(12.64)
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Let now 0 < @ < 1 be such that a9 < 1/e and select any N > 0. By a repeated
application of (12.64) for h = 27kgfork =0,..., N, we readily obtain that, for
each N > 0,

wp;c(h)

Ay =P sup ’ > 21442 [ qup cx) | (12.65)
2N-la<hza \/Zhd log, (1/hd) xe[0, 114
N —d/2
2 .c(h
P U sup i (h) >2 | sup c(x)
k=0 | 27* 'ash=27*a \/Zhd log, (1/h4) xe[0,1]4
N 27412, (32 %a)
=< ZP sup ’ >2 [ sup c(x)
= \lax \/2(A2—ka)d log, (1/(A2~*a)d) xel0,11¢
N
27k
< Z omc(27"a) >2 [ sup c(x)
\/2(2 ka) log, (1/(2~*a)) xel0, 114
Letnow O < a < 1and N > 0 be such that
n(2=Na)d

d 1 .
a® <ca(y) Al/e} and 2 < Cl(4)\/210g(1/((2Na)")) ‘

By combining (12.65) with a repeated application of Fact 12.3.1, taken with § = }1,
t =2 (sothat (1 —8)t*—1=2)andu = 2 kafork=0,...,N,we readily obtain
that

N

Ay < C3(}) Z (2 "a) (12.66)

oo
k
= G(a Y (27) = des(ha®,

k=0
where we have used the fact that, independently of d > 1,
o0
1
Z (2—2d) <4
—2d = 3
k=0 -2
We now set a = b, and choose N > 0 in such a way that

27N-lg < g, <27 Vg, (12.67)
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sothata, <2 Na < 2a,.Next, we observe that the function () := /log(1/1) is
increasing on (0, e]. Thus, if we assume that (an)d < e, we obtain that (2an)d <e,
and (a,)? < 2 Va)? < e. We get therefore

n

na? - n(2 Na)d
2log(1/agd) = 2log(1/(2~Na)d)) "

By setting H, = [ay, b,], we infer from (12.65)—(12.67) that, whenever a, < b,
fulfill
nafll 4

bd < Cz(}t) A {1/e} A [2—%} and 2log(1/a%) = ah?’
n 4

we have
Plsp = “C@ Lo | g e (12.68)
acH, \/Zad log, (1/a4) xe[0, 114
<Ay < 3C3()b".
Recalling (12.52), we set

Cy = 21+1/dC;/2C1_d/2 > 21+1/d\/ sup c(x).
xe[0,114

We therefore infer from (12.68) that (12.63) holds under (12.62), when the constants
c3, ¢4 and Cs are defined by

3 = 8/c1(})*,
ca = (D) A {1/eb A [2*%})1/[1,

and Cs := C3(}). O

Proposition 12.3.1 There exist constants cs > 0, ¢ > 0, C¢ > 0 and C7 > O,
such that, whenever 0 < a, < b, < oo fulfill

d

nag
> d b, <cg,
log(1/ad)y = 4 Im =16

we have, with H,, = [a,, by], asn — 00,

P| sup on¥ (@) > Co | < C7b2. (12.69)
aEHn \/Zad 10g+(1/ad)
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Proof We infer from (12.44) and (12.45) that 0 < 1/C, < 1. Thus, by (12.55), we
have, forall0 <a < {1/C} A1 =1/C>,

opr@ n:c(C2a) e {log(l/(Cza)d) }”2
J2adlog, (1/ad) | [2(Cra)? log, (1/(Caa)) log(1/a)
_ wn,0(C2a) cir {1 log(l/cz)}”2
J2(Cra) log, (1/(Cra)?) log(1/a)
- wp;c(Cra) w2

- \/2(c2a)d log, (1/(Caa)?)

12.3.2 Basic Arguments

For convenience, in the proof of Theorem 12.2.1 below, we will set I := Iy :=
[0, 1]¢. The adaptation of our arguments to a general I is readily achieved, at the
price of heavier notation. Letting F(-) and F,,(-) be as in Sect. 12.2.1, we denote by
dF, (-) (resp. dF(-)) the empirical (resp. underlying) measure pertaining to {X; :
1 <i < n}, and write da, () = n'/2(dF,(-) — dF(-)), where a,(-) is as in (12.18).
For N > 1, we denote by By := {z € RY : ||z| < 1} the unit ball of the Euclidian
norm ||z|| := (z/z)l/2 in RY. For each z € R and ¢ > 0, we set N:(z) := {y €
RV : |y—z| < ¢}, and foreach E C RN, E? := | J,. V:(z). Forany E, F C RV,
we write

A(E,F):=inf{6 > 0: E C F? and F C EY},
whenever such a 0 exists, and

A(E, F) := oo otherwise.

Fix an integer M > 1, and select an 0 < ap < 1 such that, for all 0 < a < ap
and x € Iy = [0, 1]d, we have x 4+ a'/9Iy C J. Leti := (iy, ..., iq) € N be such
that0 <i< (M —1) x 1, where 0 := (0,...,0) e R?and1:=(1,...,1) € R9.
Consider the array of N := M 4 random variables, defined, for 0 < i < M—-1)x1,
by

Zn;x;i(a) = JN

- day(t).  (12.70)
V2af (x)log, (1/a) Jxt(a/m)dtlg)
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For each x € Ip and 0 < a < ay, denote by Z,.x(a) € R" the random vector of R
obtained by sorting the array {Z,.x.i(a) : 0 <i < (M — 1) x 1} in lexicographic
order. Foreach0 <a <apand 0 < A < 1 set

I(a; ) = {x elp:x= Ajal/d forsome je Nd} .
Consider the set defined by
Ena:NO) = {Znx(a) 1 x € I(a; 1)}
We note for further use that, forO <a <agpand0 < A < 1,
#la; M) =#jeN :0<j< |1/ (aD)] x 1} <2907%.
Observe that, for each x € I, there exists a X = X(x) € I(a; A) such that
X <x <X+ ral/1.

We will show that Theorem 12.1.1 is equivalent to the following statement.

Theorem 12.3.1 Set H,, = [an, by, where 0 < a, < b, fulfill, as n — oo,
b, - 0 and na,/logn — oo. (12.71)

Then, for each N = M?>1and0 < A < 1, we have, as n — 00,

sup A (5,1;“;1\/()\), BN) = op(1). (12.72)
aceH,

Proof of Theorem 12.3.1 To prove Theorem 12.1.1, we use of a discretization
argument due to Deheuvels and Ouadah [10]. For each 0 < p < 1 and H,, =
[ana bn], Set

Hu(p) = {pmbn € lan, byl :m € N}

We note that H,(p) is never void, as long as 0 < a, < b,. Given this notation,
the proof of Theorem 12.1.1 reduces to show that, under (12.21), we have, for each
0<p<l,

sup A (Fuia:r. Sa) = op(1). (12.73)
acHu(p)

The details of this argument are given in [10] for d = 1. However, it is easy to see
that the same methods apply to an arbitrary d > 1, so that we omit details.
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In a second step, we show that Theorem 12.1.1 is equivalent to Theorem 12.3.1.
In view of the above preliminaries, this amounts to show that, under (12.71), the
property that the assertion (12.73) holds for each 0 < p < 1, is equivalent to the
property that, foreach0 < p < l and N = M > 1,asn — oo,

sup A (Ewasn, By) = op(1). (12.74)
acHu(p)

To show the equivalence between (12.73) and (12.74), we follow the discretization
method used by Strassen [33] to establish his law of the iterated logarithm. The
corresponding details are given in the forthcoming Sect. 12.3.4 for d = 1. Their
extension to an arbitrary d > 1 is mostly a matter of book-keeping, with tedious
notation for higher dimensions. We will therefore limit ourselves to the essential
part of the argument. Consider the modulus of continuity of a,(-), defined, for 0 <
h <1,by

wp (h) := sup
ReR

) (12.75)

f dan(x)
nl/dR

where R denotes the set of all rectangles in I = [0, 1]‘1. Given these preliminaries,
the proof of the equivalence between (12.73) and (12.74) boils down to show that,
under (12.72), for each & > 0, there existsan N = M 4 guch that

wn(a/M)
P (aselgt)n \/2a log. (1/a) > s) — 0. (12.76)

This, in turn, will follow directly from Proposition 12.3.1 in the sequel. Given the
above arguments, the proof of the equivalence between Theorems 12.1.1 and 12.3.1
is now complete.

It remains to show that (12.74) holds for each choice of 0 < p < 1l and N =
M4 > 1. This property turns out to be a consequence of the limiting results (12.77)
and (12.78) below, which must hold, for each choice of ¢ > 0,0 < p < 1 and
N = M. In the first place, we have, under (12.72),

> P (& ppn EBY) = 0. (12.77)
k:pkb,eH,

In the second place, we have, foreach 0 < ||z|| < 1,

> P@Eye&, oy Y EN(@) > 0. (12.78)
k:pkb,eH,

The only remaining part of our proof is to obtain the appropriate probabilistic
bounds allowing us to establish (12.77) and (12.78). Here, we use a simple trick.
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Since the probabilities in (12.77) and (12.78) evaluate deviations of centered and
rescaled multinomial random vectors in RV, for a specified N > 1, we may
construct these multinomial laws in a space of arbitrary dimension d. This allows us
to make use of the probabilistic inequalities obtained by Deheuvels and Ouadah [10]
for d = 1. We note that the latter inequalities rely on strong invariance principles
whose extension in higher dimensions is not presently available. Fortunately, the use
of multinomial distributions allows us to avoid this technical difficulty. The proof
of (12.77) and (12.78), follows directly from the forthcoming Propositions 12.3.2
and 12.3.3. In view of these arguments, the proofs of Theorems 12.1.1 and 12.3.1 is
now completed. O

In the remainder of our paper, we outline the proofs of the key properties (12.76)—
(12.78), on which rely the above-given proofs of Theorems 12.1.1 and 12.3.1.

12.3.3 Multinomial Inequalities

Let N > 1 be an integer which will be specified later on. Let p := (p1,..., pn) €
RY fulfill p; > 0for j = 1,....,N and pyy1 == 1 —[p| := 1 = 30 p; >
0. For each n > 1, we denote the fact that the random vector Z,,p.:ny =

(Zn;p:ts oo Znp:N) € RV follows a multinomial distribution with parameters n
and p, by Z,; . y 4 Mult(z; p). This holds whenever, for any N-uple of nonnegative
integers k := (ky,...,ky), such that kyy1 :=n — |k| :=n — Z;v:l ki =0, we
have
— 1) — n! ki kN1
PZupn =0) = gt PV PR

Foreaché = (61,...,8Nn) € RY, set 8] := Z?[:l d;, and consider
Dy = {5 = (81, 0N €RY 18, =0, j=1,... N; |5|=N}. (12.79)

Whenever § € Dy, set

0 < dmin:= min §; <1 < dpax 1= max 4. (12.80)
1<j<N 1<j<N

We will set p = a8/N forsome 0 < a < 1, so that |p| = aN~'|§| =a < 1, and
consider the random vector

«/N Zn;aS/N;l —nady/N

m : cRV. 12.81
;n,a,s \/Zna 10g+(1/a) . | |
Zn:as)N:N — nady/N
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Denote by By := {z € R" : ||z|| < 1}, the unit ball of the Euclidian norm ||z|| :=
(z’z)l/2 inRY. Let, foreachz € RV and e > 0, N, (z) :={y e RY : |y —z| < ¢},
and set, for each A € RN, A® := Uze AJ\/:E(z). We will need the following two
propositions.

Proposition 12.3.2 There exists a constant Co such that the following holds. For

each 0 < ¢ < 1, there exist constants 0 < ap(¢) < 1/e and 0 < cp(e) < o0,

together with an no(e) < oo, such that, for all n > ny(e) and a > 0 fulfilling
na/logn > co(e) and a < ap(e), (12.82)

and for all N > 1 and & € Dy fulfilling

1+ Lo
Vmin > X +2€ , (12.83)
we have
P (& :a:5 & By) < Coa' T/GM). (12.84)

The proof of Proposition 12.3.2 is captured in Sects. 12.3.4 and 12.3.5 below.

For the next proposition, we will need the following additional notation. We
consider a sequence §(k) = (61(k),...,dn(k)) € Dy, k = 1,..., K, and set
ptk) = (p1k), ..., pn(k)) := ad(k)/N,fork =1,...,Kand0 <a < 1/K, so
that YK, [p(k)| = aN~" K| 18] = Ka < 1. Given {§(k) : k = 1,..., K}, we
consider a sequence of random vectors

®) ® N
Ly oy = (2 e 2 o) ERY. k=1, K,

such that, with obvious notation,

1
@) e 2 iy) £ Mult(n p(L). ... p(K)).
In view of (12.81), we consider the random vectors, fork =1, ..., K,
k
JN Zyipy st — 1K)
e : e RV, (12.85)

$oash) \/2na log (1/a) | ) '
iy — PN (K)

Proposition 12.3.3 Fix any z € By such that 0 < ||z|| < 1. For each ¢ such that

1 1
O<e< z|| ¢ A ,
2 2N
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there exist an ay (g, z), together with ny(e) < 0o and ca(€) depending upon € only,
such that the following holds. For each §(1),...,8(K) € Dy, and ay, ..., ax,
whenever

K

1
nzm). o@En logn <an..a w9, Y <, (1280
k=1
we have, for all 81, . .., 8k, fulfilling
! >1—-N d ! <1+N (12.87)
>1—Ne an < e, .
\/6 max \/amm
K K e
P (ﬂ {Cr(f)ak;a(m ¢N9N£(Z)}) = 2exp (_}x Zak_S/ ) - (12.88)
k=1 k=1

The proof of Proposition 12.3.3 is postponed until Sect. 12.3.6.

12.3.4 Outer Bounds

Let Uy, Us, ... beiid rv’s with a uniform (0, 1) distribution. Forn > 1 and r € R,
denote by U, (¢) := nil#{Ui <t :1 < i < n} the empirical df based upon
Ui, ..., U, and by o, (1) := nl/z(an (t) — t), the uniform empirical process. For
n>1,a>0,te[0,1]and u € R, set

E(a; t;u) = ot + au) — ay, (1). (12.89)

The following fact is Proposition 2 of Deheuvels and Ouadah [10].

Fact 12.3.2 There exists a constant Co such that the following holds. For each 0 <
& < 1, there exist constants 0 < aj(e) < 1/eand 0 < c1(g) < 00, together with an
ni1(e) < oo, such that, for alln > ni(e) and a > 0 fulfilling

na/logn > c1(¢) and a <aj(e), (12.90)

we have, forallt € [0, 1 — a],

énlast;-) ¢ lte
P (/2a log., (1/a) s ) < Cral't®. (12.91)
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The following lemmas are oriented towards the proof of Proposition 12.3.2.

Lemma 12.3.3 Forany g € B([0,1]) and 0 < 5,t < 1, we have

lg(t) — g(s)| < Iglmy/It — 5|, (12.92)

and, forany0 <t <t +h <1, we have

sup |g(t + hu) — g(t) —u(g(t +h) —g(®)| < IgIH\/ h, (12.93)

0<u<l

Proof When g & ACy([0, 1]), |g|lm = oo and (12.92)—(12.93) are trivial. Therefore,
we limit ourselves to g € ACp[0, 1]. The Schwarz inequality enables us to write the

relations
t t t
/g(u)du /du /g(u)2du
N N s

which yield (12.92).
For g € ACy([0, 1]), the function ¢ (1) := g(t +hu) —g() —u(g(t +h)—g(t)),
for 0 < u <1, is such that

1/2 1/2

< < lgluy/It = s|,

1g(®) — g(s)| =

1
$(0) = (1) =/0 $Gu)du = 0.

Moreover, setting ¥ (1) := hg(t + hu), for 0 < u < 1, we get

1
Gu) = hg(t + hu) — (gt +h) — g(1)) = ¥ (u) _/o Y (ndt.

Observe that
/ dw)du = / V() du — {/ I/I(Z‘)dt}
/ Y (u)du = h / §(5)%ds < hlglg.
An easy argument shows that the supremum of |¢(c)| = | foc ¢(u)du| subject to the

constraints 0 < ¢ < 1, ¢(0) = 0, [l ¢(u)du = 0 and [ ¢(u)*du < A, is equal
to é\/)\., and reached when ¢ = é and ¢(u) = VA, 0 < u < ;, o) = —V/A,

; < u < 1. Since ¢ = ¢ fulfills these conditions with A := h|g|H2ﬂ, it follows that

the maximal possible value of ¢ on [0, 1] is less than or equal to | g|H\/ ;h We so
obtain (12.93). O
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Fix N > 1, apd let Dy be as in (12.79). For any § = (61,...,6y) € Dy, set
tj(8) = N1 lec:l 8;,for j =0,..., N, with the convention that } (-) := 0. As
in (12.80), set 8pmin = minj<;<y 8, and dypax = max;<;<y 6;. Consider the linear
maps Py:s(-) and Qp.5(-), defined by

g € B[O, 1] (12.94)

Y (g8 — 8108
— Pr:s(g) = : eRY,

¥ (g tn ) — gy 1))

z=| : | eRY = Oy() € ACIO, 1], (12.95)

N

where we define Qy 5(z) forz = (z1,...,2n) € RN, by setting zg = 0, Zw(-) =0,
and,fork=1,..., N,

= /8 N
Qn,s(@)(1) = ;\/A’, 2+ = te_1(8)) (12.96)
when t;,_1(8) <t < 1(8).

Lemma 12.3.4 For N > 1,8 € Dy, z € R and g € B([0, 1]), we have

Pn.s(Qn.5(2) =z (12.97)
|Qn.s(Pn.s(2) —g|| < @N)Y?Igly/Smar: (12.98)
1Pyl < lglu and 19y s@lu = lzli; (12.99)
P3N < 2NIIg/v/8 min: (12.100)
PnsS) =By :={teRV :tt<1); (12.101)
On 5(By) CS C Qy s(By)ona/@N) (12.102)

Proof By (12.96), On s(@)(t;(8)) — On,s@)(tj-1(8)) = Zj\/5j/N for j =
1,..., N. Thus, by (12.94), we have Py 5(Qn 5(z)) = z, which is (12.97). Since
|glm = oo when g ¢ ACy([0, 1]), there is no loss of generality to assume
in our proofs of (12.98)—(12.99) that g € ACy([0, 1]). To establish (12.98) we
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observe that, for j = 0,..., N, Ons(Pn(g)(t;(8)) = g(t;(8)), so that, by
applying (12.93),for j =1,..., N, withh =§;/N, we get

8‘
g (t,-l(a) + ul\f,) — g(tj—1(8))

o)+ °) < gl \/(Sf
— i — ma ,
8\t N) 8\ S BEOV 2N

which yields (12.98). To establish the first half of (12.99), we select a g €
ACpo[0,1] and set z = (z21,...,24) = Pn.s(g). It follows from (12.94) that

Zj = \/é\j (g(t;j(8)) — g(tj—1(8))), for j = 1,...,d. Making use of the Schwarz

inequality, we get, in turn,

|On.s(Pn.s(g) —g| < max ( sup
1<j=N \ 0<u<1

N N . 2
2 oty 2 _ 1 @) .
IPns@IP =22=3 5 =N} &(w)du
Jj t

j=1 =1 j-1(8)

N zj(3) 1;(8) 1
Z / ([ swian) = [ swidn =g,
j=1 1j-1(8) 1j-1(8) 0

as sought. Next, we choose az € R¥, and set g = Qp.s(z). We infer from (12.96)
that, for j =1,..., N,

N
g = Zj\/a- for t;_1(8) <t =<1;(9),
J

whence

1, Nz2

N N
1On.s@) = Z/ Tdu=Y"2 = ||,

j=1 tj—1(8) 6] j=1

which yields the second half of (12.99). To establish (12.100), we infer from (12.94)
that, for an arbitrary g € B([0, 1]),

d
IPxs (@I = Z | (s1;6)) - g(tj-1(8)))°

j= 1

n 2
1 _ @Nlgl)
<ANIgIP ) o = :
i—1 J

) min
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To establish (12.101), we first infer from (12.99) that Py 5(g) € By foreach g € S,
so that Py s(S) € By. Conversely, by (12.99), for any z € By, we have g :=
On.s(z) € S. This, in turn, implies, via (12.97), that Py s(g) = z, whence By C
Pn.5(S). We so obtain (12.101). Next, we infer from (12.99) that, for each z €
By, Ons(z) € S. This, in turn, implies that Qy s(Bx) < S. Finally, we infer
from (12.98) and (12.99) that, for each g € S, we have 'y := Py s(g) € By and
1985 — gll < @N)"'2gliv/8max < (2N)™"/2\/8max. This completes the
proof of (12.102). |

Armed with Fact 12.3.1 and Lemmas 12.3.3-12.3.4, we recall (12.79), (12.89),
(1291),and fixan N > 1.Forn > 1,0 <a < 1, € [0, 1 —a] and § € Dy, we set

Zy.5(a; 1) = Py.s (\/Zill(Zg;f('l)/a)) e RV, (12.103)

By combining (12.89) with (12.94) and (12.103), we observe that
VN

V2nalog, (1/a)

{an (t +at1(8)) — an(t + ato(8))} /61

zy5(ast) = (12.104)

X N
{an(t + atn (8)) — an(t + atny—1(8))} /v/SN

Set, for convenience,

VN
J2alog, (1/a)

an(t +at1(8)) — an(t +ato(8))

zsait) = (12.105)

X

an(t +aty(8)) — an(t +aty-1(8))

Recall the definition (12.81) of ¢,.4.s. In view of (12.105), we may write, for each
0<a<1landt € [0, 1 — a], the distributional equality

d
Cniazs = 2, 5(as 1). (12.106)
We infer from (12.104) and (12.105) the inequality
12 5(as Ol < 7,55 O1/v/min - (12.107)

Below, we let Co, n1(+), c1(-) and a;(-) be as in Fact 12.3.2.
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Lemma 12.3.5 Foreach0 < ¢ < 1, and for alln > ni(¢) and a > 0 fulfilling
na/logn > c1(¢) and a <aj(e), (12.108)
we have, forallt € [0, 1 — a],

P (2,.5(a; 1) & BY) < Caa'+(EVnin)/@N) (12.109)

Proof By (12.100), for any ¢ € B([0, 1]), g € S and € > 0, we have the implication
lp — gl <€ = IPn.s($) — Prns@l = IPn.s(¢ — 2l < 2Ne/v/8min,
which is equivalent to the implication

1PN.5($) = Pr(@)ll > 2Ne/\dmin = Ilg —gll > €. (12.110)

We recall from (12.101) that Py s(S) = By. Thus, by setting z = Py 5(g)
in (12.110), and letting g vary in S we obtain the implication

[1Py.s@ — 21l > 2Ne/V/bmin : V2 eBy| = [lo—gll =€ :vges),
which may be rewritten into
’PN,6(¢) g BN/ V8 min ] = {¢ ¢ Sf}. (12.111)
Recalling the definition (12.103) of z, s (a; t), by setting ¢ = 2Ne€//8min and ¢ =

&i(as t; ~)/\/2a log, (1/a) in (12.111), we conclude our proof by an application of
Fact 12.3.2. O

12.3.5 Proof of Proposition 12.3.2

Fix an 0 < ¢ < 1. In view of (12.106) and (12.33), whenever

1+ te
Vmin > 1+2 : (12.112)
&

we have, for0 <a <land0<r<1—a,

P (¢pa:s €BY) =P (8005l > 1 +¢) (12.113)

= P(lIz} 5@ 0l > 1+&) < P (Jzuss (@ Dl > (1 +)v/8 min)

2
=P (Izss(@ 0l > 1+ Je) = P (zsai ) ¢ BY?).
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The assumption that 0 < ¢ < 1, when combined with (12.112) implies that

3 1

\/6min24>2-

By an application of Lemma 12.3.5 with the formal replacement of € by ¢/2, we see
that, for all n > ngp(e) :=n1(¢/2) and a > 0 fulfilling

na/logn > co(e) :=c1(¢/2) and a <ap(e) :=aj(e/2), (12.114)
we have, forall r € [0, 1 — a],
P (zn,s(a; 1) ¢ B’;“v”) < Coa! TEVEmn/(4N) < 0 4 1+€/BN) (12.115)

By (12.113), this yields (12.84), with Cyp := C3, and completes the proof of
Proposition 12.3.2. O

12.3.6 Inner Bounds

The following fact is a version of Proposition 3 of Deheuvels and Ouadah [10],
taken with |Z| = YK | 4.

Fact 12.3.3 Foreachg € Ssuchthat0 < |glg < 1,and0 < ¢ < élng, there exist
an ax (g, g), together with na(e) < oo and c3(¢), depending upon ¢ only, such that
the following holds. Let, for K > 1, t1,...,tx € [0,1], and 0 < ay,...,ar < 1,
be such that the intervals (ty., ty + a), k = 1, ..., K, are disjoint and in [0, 1], with
Z,{;l ay < é Then, whenever

n>nye), cae)nllogn <ai...,ax < ax(e,g), (12.116)
we have
P K Enlar; ti; +) ¢ No(g) < 2exp _1 ia1*€/2 (12.117)
il V2ailog, (1/ax) ’ B ! k=1 ‘ | .

Fix any z € By, such that 0 < ||z|| < 1, and set g := Qp:5(z). Fix a > 0 and
t € 10,1 —a], and set, as in (12.103),

&(a;st;-)

= J2alog, (1/a) and 7, 5(a; 1) = Py s (¢) € RY. (12.118)
+
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As follows from (12.99) and (12.99), we have Py.s5(g) = z and
0<lglm=llzll <L
Therefore, we infer from the linearity of Py.s and (12.100) that

IZn,5(a; 1) —zll = |Pn.s (@) — Pns (@] = [Pn.s (@ — 9|

En(ait;)
J2alog, (1/a) S|

2N

¢ —gll = o

2N
=<
\/amin

We have therefore the implication, for an arbitrary ¢ > 0,

Enla; t; ) 2Ne
—g| <& = lznsa;t) —z|| <
\/Za 10g+(1/a) \/smin
which is readily shown to be equivalent to
2Ne En(a; t; )
1Zn,5(a; t) — z|| > } - dN:(g) ¢ - (12.119)
{ " V8 min J2alog, (1/a) = ~°

Recalling (12.104), and the definition (12.105) of zzs(a;t), set, for § =
(B1, ..., 8N),

71 Vi yi/+/81
z=| |, zZysan) =] : and  z,5(a;1) =

N YN YN/A/N
By combining the triangle inequality with ||z]| < 1, we see that

1/2

N
Izn5(a: 1) =zl = Y " (vi//8; — 2)) (12.120)
j=1

1/2 1/2

N N
S GilEi =V Y =D @8 —2)?
j=1 j=1

1 % oo o _ 1 1 _
Z \/amax ||Zn’8(a’ t) Z” ”Z” {(1 \/8 max) v (\/a min 1>}

1 " o _ _ 1 1 B
% S s (@0 =2 Kl wmax>v(¢6mm 1)}

v
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Thus, if we assume that

>1—Ng and <1+ Nsg, (12.121)

1 1
«/5 max N «/5min
we infer from (12.120) that

I2n,5(a; 1) —z|| = Iz, 5(a; 1) —zll + Ne.

1
“/5 max

This, when combined with (12.119), shows that

% N 8 max &nlas t; )
||Zn,8(a’ t) —z| > 3N8\/ S C {\/2a 10g+(1/a) ¢./\/;;(g)} . (12.122)

In view of (12.106), we infer from (12.122) the relation

6min

K

)
N1z, s — 2l > 3Ne\/ mx (12.123)
k=1

g

k=1

N

! &nag; t; +)

N,
J2alog, (1/a) & }

Now, we infer from (12.121) that, whenever Ne < ;,

& max 1+ Ne¢
< <3
Smin 1 —Ng —

Thus, by (12.123), we have

K
P (ﬂ ’”Cfﬁk;sk > 9Na}> (12.124)
k=1
K
<P ﬂ En(ar; tx; +) g Nt ) < 2exp (-] Za;fe/z .
=1 \/2ak log, (1/ag) P

The remainder of the proof is given by routine arguments which we omit. O
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Chapter 13 m)
Universality of Limiting Spectral Shethie
Distribution Under Projective Criteria

Florence Merlevede and Magda Peligrad

Abstract This paper has double scope. In the first part we study the limiting
empirical spectral distribution of a n x n symmetric matrix with dependent entries.
For a class of generalized martingales we show that the asymptotic behavior
of the empirical spectral distribution depends only on the covariance structure.
Applications are given to strongly mixing random fields. The technique is based on
a blend of blocking procedure, martingale techniques and multivariate Lindeberg’s
method. This means that, for this class, the study of the limiting spectral distribution
is reduced to the Gaussian case. The second part of the paper contains a survey of
several old and new asymptotic results for the empirical spectral distribution for
Gaussian processes, which can be combined with our universality results.

13.1 Introduction

The distribution of the eigenvalues of random matrices is useful in many fields
of science such as statistics, physics and engineering. The celebrated paper by
Wigner [45] deals with symmetric matrices having i.i.d. entries below the diagonal.
Wigner proved a global universality result, showing that, asymptotically and with
probability one, the empirical distribution of eigenvalues is distributed according
to the semicircle law (see Chapter 2 in Bai and Silverstein [1] for more details).
The only parameter of this law is the variance of an entry. This result was
expanded in various directions. The first generalization was to decrease the degree of
stationarity by replacing the condition of equal variance by weaker assumptions of
the Lindeberg’s type. Another direction of generalization deals with weakening the
hypotheses of independence by considering various notions of weak dependence.
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For symmetric Gaussian matrices with correlated entries, works of Khorunzhy and
Pastur [23], Boutet de Monvel et al. [8], Boutet de Monvel and Khorunzhy [7],
Chakrabarty et al. [10], Peligrad and Peligrad [34] showed that the limiting spectral
distribution of the symmetric matrix depends only on the covariance structure of the
underlying Gaussian process. The limiting spectral distribution is rather complicated
and the best way to describe it is by specifying an equation satisfied by its Stieltjes
transform.

A way to symmetrize a matrix is to multiply it with its transpose. These matrices,
known under the name of Gram matrices or sample covariance matrices, play an
important role in statistical studies of large data sets. The spectral analysis of large-
dimensional sample covariance matrices has been actively studied starting with the
seminal work of Marchenko and Pastur [25] who considered independent random
samples from an independent multidimensional vector. A big step forward was the
study of the dependent case represented in numerous papers. Basically, the entries
of the matrix were allowed to be linear combinations of an independent sequence.
The first paper where such a model was considered is by Yin and Krishnaiah [50]
followed by important contributions by Yin [49], Silverstein [41], Silverstein and
Bai [42], Hachem et al. [22], Pfaffel and Schlemm [35], Yao [46], Pan et al. [31],
Davis et al. [12], among many others. Another type of models was considered by
Bai and Zhou [2] based on independent columns. The dependence type-condition
imposed to the columns is in particular satisfied for isotropic vectors with log-
concave distribution (see Pajor and Pastur [30]) but may be hard to verify for non
linear time series (such that ARCH models) or requires rate of convergence of
mixing coefficients. Let us also mention the recent papers by Yaskov [47, 48] where
a weaker version of the Bai-Zhou’s dependence type condition has been introduced.

In two recent papers Banna et al. [3] and Merlevede-Peligrad [27], have shown
that, for two situations, namely for symmetric matrices whose entries are functions
of independent and identically distributed random fields or for large sample
covariance matrices generated by random matrices with independent rows, the
limiting spectral distribution of eigenvalues counting measure always exists and can
be described via an equation satisfied by its Stieltjes transform.

Even if many models encountered in time series analysis can be rewritten as
functions of an i.i.d. sequence, this assumption is not completely satisfactory since
many stationary processes, even with trivial left sigma field, cannot be in general
represented as a function of an i.i.d. sequence, as shown for instance in Rosenblatt
[39]. Moreover, the assumption of independence of the rows or of the columns
generating the large sample covariance matrices may be too restrictive.

The main goal of our paper is then to continue the study of the asymptotic
behavior of the empirical eigenvalues distribution of symmetric matrices and large
sample covariance matrices associated with random fields when the variables are
not necessarily functions of an i.i.d. sequence or when the rows (or columns) are
not necessarily independent. In the first part of the paper we shall show that the
universality results hold for both symmetric and symmetrized random matrices
when the dependence is controlled by projective type coefficients. These coefficients
are easy to estimate in terms of strong mixing coefficients. By “universality” we
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mean that the limiting distribution of the eigenvalues counting measure depends
only of the process’ covariance structure. Therefore our result reduces the study
of the limiting spectral distribution (LSD) to the case where the entries of the
underlying matrix are observations of a Gaussian random field with the same
covariance structure. In the second part of the paper we survey old and new results
for the Gaussian case, which one can combine with the universality theorems, for
obtaining the existence and the characterization of LSD.

Our paper is organized as follows. Section 13.2 contains the notations and the
universality results. In Sect. 13.3 we apply our results to classes of strongly mixing
random fields. Then, Sect. 13.4 is dedicated to LSD results for symmetrized matrices
when the entries are observations of a Gaussian random field. All the proofs are
postponed to Sect. 13.5. Several auxiliary results needed in the proofs are given in
Sect. 13.6.

Here are some notations used all along the paper. The notation [x] is used to
denote the integer part of a real x. The notation 0, ;, means a matrix of size p x g,
(p,q) € N2 with entries 0. For a matrix A, we denote by AT its transpose matrix,
by Tr(A) its trace. We shall also use the notation || X ||, for the L"-norm (» > 1) of
a real valued random variable X. For two sequences of positive numbers (a,) and
(by,) the notation a,, < b, means that there is a constant C such that @, < Cb,
for all n € N. We use bold small letters to denote an element of Z2, hence u =
(uy,ur) € Z2.Foru = (u1,uz) and v = (v, v2) in 72, the following notations will
be used: ju — v| = max(Ju; — v, |uz —v2|) andu Av = (u; Aup, vy Avy) (Where
uy Aup = min(uy, uz)).

13.2 Results

Let (Xu)yen2 be a real-valued random field defined on a probability space
(2, F,P). We consider the symmetric n x n random matrix X,, such that, for
anyi and jin{l,...,n}

(Xn)ij ES X,’j for i >j and (13.1)
(Xn)ij = Xj,' fori < ]

Denote by A| < --- < A}, the eigenvalues of

1
Xp:

= % (13.2)

and define its spectral distribution function by

1
Fom = Y 10x=1,

1<k<n
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where 1(A) denotes the indicator of an event A. The Stieltjes transform of X, is
given by

1 1
§%n(z) = / . ZdFX" (x) = nTr(Xn — L), (13.3)

where z = u +iv € C™ (the set of complex numbers with positive imaginary part),
and I, is the identity matrix of order n. In particular, if the random field is an array
of i.i.d. random variables with variance o2 > 0, then Wigner [45] proved that, with
probability one, and for any z € C*, $%#(z) converges to S(z), which satisfies the
equation 6252 + S + z~! = 0. Its solution

S(2) = —(z — V72 — 402) (20! (13.4)

is the well-known Stieltjes transform of the semicircle law, which has the density

1
g(x) = Vao? — x2[(jx| < 20).
2o’

(See for instance Theorem 2.5 in Bai-Silverstein [1].) Note that it is not necessary
for the random variables to have the same law for this result to hold. Indeed, if
the random field (Xy),cz2 is an array of independent centered random variables
with common positive variance o2, which satisfies the Lindeberg’s condition given
in Condition 13.1 below, then for all z € C*, §Xn (z) converges almost surely to
the Stieltjes transform of the semicircle law with parameter o2 (see for instance
Theorem 2.9 in Bai and Silverstein [1]). Note that the necessity of the Lindeberg’s
condition has been stated in Girko’s book [19].

Another way to state the Wigner’s result is to say that the Lévy distance between
the distribution function F¥» and G, defined by G(x) = ff oo &(u)du, converges to
zero almost surely. Recall that the Lévy metric d between two distribution functions
F and G, defined by

d(F,G)=infle >0 : Fx—¢)—e <GKx)<F(x+¢e)+e, Vx e R}.

The aim of this paper is to specify a class of random fields for which the
limiting behavior of FX» (r) depends only on the covariances of the random variables
(Xu)uenz and not on the structural dependence structure. In other words, we shall
show that the limiting spectral distribution of F¥»(¢) can be deduced from that one
of F¥n (t) where Y, is a Gaussian matrix with the same covariance structure as X,,.
Since the estimate of the Lévy distance between F* and F¥» can be given in terms
of their Stieltjes transforms (see, for instance, Theorem B.12 and Lemma B.18 in
Bai and Silverstein [1] or Proposition 2.1 in Bobkov et al. [6]), we shall compare
their Stieltjes transforms.

Our first result compares the Stieltjes transform of a matrix satisfying martingale-
like projective conditions with the Stieltjes transform of an independent matrix
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whose entries are observations of a Gaussian random field with the same covariance
structure. We shall assume that X, is defined by (13.2), and satisfies the Lindeberg’s
condition below:

Condition 13.1

(i) Thevariables (X;;);, j are centered at expectations.
(ii) There exists a positive constant C such that, for any positive integer n,

1
2 Z E(X;) < C.

nzizj=1

(iii) Forevery e > 0,

1
Ly(e) =

I Z E(X},1(1Xij] > en'/?)) — 0.

nzizj=1

Clearly the items (ii) and (iii) of this condition are satisfied as soon as the family
X l.z.) is uniformly integrable or the random field is stationary and in I.? (recall that
a random field (Xy)ye72 is said to be (strictly) stationary if the law of (Xujv)yez2
does not depend on v € Z?).

To introduce our martingale-like projective conditions (13.6) and (13.7) below as
well as our regularity-type condition (13.8), we need to introduce the filtrations we
shall consider:

For any non-negative integer a, let us introduce the following filtrations:

]-“l.“

’ooza(Xuvzlfufi—a, vz1)ifi>aand]—"foo={52,®}otherwise

(13.5)
}'go’j =0cXyp:u>1l,1<v=<j—a)ifj >aand]-"go’/ = {Q, @} otherwise
Fii = Fioo UFo,j -
Note that X;; is adapted to ]-'8 We are now in position to state our first result.

Theorem 13.2 Assume that X,, satisfies Condition 13.1 and, as n — 00,

sup |E(X;; | F7) M2 — 0 (13.6)

i>j
and

n® sup |E(Xij Xab| Firg jnp) — E(Xij Xan) 1 = O, (13.7)

1
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where the supremum is taken over all pairs (i, j) # (a,b) withi > janda > b. In
addition assume that

sup [IE(X}; | F5) — E(X;)lli — 0asn — oc. (13.8)
lzj

Then for all 7 € C*
§%n(z) — 8§Yn(z) - 0 in probability as n — 00, (13.9)

where Y, is a Gaussian matrix of centered random variables with the same
covariance structure as X,, and independent of X, and Y, = Y, //n.

Comment 13.3

(i) Conditions (13.6) and (13.7) can be viewed as a generalization of the martin-
gale condition given in Basu and Dorea [4] which is E(X;; |}'l1 j) = 0 a.s. for
anyi > j > 1. Both conditions (13.6) and (13.7) are obviously satisfied for this
type of martingale random field, and then, the conditions of Theorem 13.2 are
reduced just to Condition 13.1 and (13.8). Results for other type of martingale
random fields based on the lexicographic order can be found in Merlevede et
al. [28].

(i) Note also that Condition (13.8) is a regularity condition. For instance, in
case where F7° = (0, F; is the trivial o-field, then this condition is
automatically satisfied. Let us also mention that the conditions (13.6)—(13.8)
are natural extensions of projective criteria used for obtaining various limit
theorems for sequences of random variables. As in the case of random
sequences, the conditions (13.6)—(13.8) can be handled either with the help
of “physical measure of dependence” as developed in El Machkouri et al.
[18] for functions of i.i.d. random fields or by using mixing coefficients (see
Sect. 13.3.1).

(iii) We should also mention that we can allow for dependence of n of the variables
in X,,. The conditions in the theorem below have to be then generalized in a
natural way. For instance, conditions (13.6) and (13.7) should become

mle sup sup [|E(X;j .| Fj; )2 =0

ij,n
P px>1ixj /
and

lim m*sup  sup  E(Xij.0 Xap.nl

- E(Xij,nXab,n)Hl =0.
m—00 n=1 (i, j)#(a,b)

o )
ina,jAb,n

Based on the above theorem we shall treat two special cases of symmetric
random matrices, namely X + X’ and the covariance matrix given in definition
(13.17).
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We consider first the symmetric n x n matrix Z, = [Zij]szl with Z;; = X;; +
X ji and we set

Ly = Z,. (13.10)

This type of symmetrization is important since it leads to a symmetric covariance
structure. Indeed, if (X; j)(,»’ jez? is Lz-stationary meaning that, for any (i, j) € 72,
E(Y;j) =m and

cov(Xy vy Xitu,e4v) = cov(Xo,0, Xk,e) = C,e »

for any integers u, v, k, £, we get that (Z; j)(i, jez? is also a Lz-stationary random
field satisfying

cov(Zi j, Zke) = btk —i, € — j)+ bk — j, € — i) withb(u, v) = Yuv + You -

Notice then that b(u, v) = b(v, u). This symmetry condition on the covariances
is used for instance in Khorunzhy and Pastur [23, Theorem 2] to derive the limiting
spectral distribution of symmetric matrices associated with a stationary Gaussian
random field when its associated series of covariances is absolutely summable.

Our next Theorem 13.4 shows that a similar conclusion as in Theorem 13.2
holds for Z, defined above. However, due to the structure of each of the entries,
the sequence (X;;) has to satisfy the conditions of Theorem 13.2 but with the
conditional expectations taken with respect to a larger filtration. Roughly speaking
the filtrations in Theorem 13.2 are the union of two half planes, whereas in
Theorem 13.4 they are defined as the sigma-algebras generated by all the variables
outside the union of two squares. More precisely these latter filtrations are defined
as follows: for any non-negative integer a,

f;; =0 (Xuy 1 (u,v) € Z* such that max(|i — ul, |j — v|) > a). (13.11)

Note that X;; is adapted to fg

Theorem 13.4 Assume that Z, is defined by (13.10) where the variables X;; satisfy
Condition 13.1. In addition assume that

sup [|E(X;; |7/l — 0asn — oo, (13.12)
i)
n’ sup ||IE(X,-an;,|]?i’;. NFL) —E(X;; Xap)|l1 — Oasn — oo, (13.13)

where the supremum is taken over all pairs (i, j) # (a, b). In addition assume that

(s_ug IE(XZ|FE) — E(XP)Ih — 0asn — oo. (13.14)
l’]
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Then, for all 7 € CT,
§Zn (z2) — §Wn (z) — 0 in probability as n — oo, (13.15)

where W,, = [Wij]?,/zl with W;ij = Y;; + Y, (Yij) being a real-valued Gaussian
centered random field with the same covariance structure as X,, and independent of
X,,, and W, = W,,/~/2n.

Let (Xu)yez2 be a random field of real-valued square integrable variables and
(Yu)uezz be a real-valued Gaussian random field with the same covariances, and
independent of (Xy)ycz2- Let N and p be two positive integers and consider the
N x p matrices

An.p = (Xi/)1gi51v,1gjgp’ Fn.p = (Yi/)lgigN,lgjfp' (13.16)
Define now the symmetric matrices By and Gy of order N by

1

T
Yy (13.17)

1

By = NXN,,,X,Q[,, Gy =

The matrix By is usually referred to as the sample covariance matrix associated

with the process (Xy)yez2. Itis also known under the name of Gram random matrix.

In particular, if the random field (Xy),¢72 is an array of i.i.d. random variables with

zero mean and variance o2, then the famous Marchenko and Pastur [25] theorem

states that, if p/N — ¢ € (0, 00), then, for all z € C*, SBy (z) converges almost

surely to S(z) = S, which is the unique solution with ImS(z) > 0 of the quadratic
equation: for any z € CT,

206282+ (z—cot+0H)S+1=0. (13.18)

This means that P(d(FCV, F.) — 0) = 1, where F. is a probability distribution
function of the so-called Marchenko-Pastur distribution with parameter ¢ > 0. That
is F, has density

ge(x) = ! N —a)b—x)I(a<x <b)
2T X0

and a point mass 1 — ¢ at the origin if ¢ < 1, where a = o%(1 — /c)? and
b = o%(1 + 4/c)?. Note that this result still holds if the random field (Xy),cz2 is
an array of independent centered random variables with common positive variance
o2, which satisfies the Lindeberg’s Condition 13.1 (see Pastur [32]). Moreover,
in this situation, the Lindeberg’s condition is necessary as shown in Girko [20,
Theorem 4.1, Chapter 3] (see also Corollary 2.3 in Yaskov [48]).

When we relax the independence assumption of the entries, the following result
holds.
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Theorem 13.5 Assume (Xu)yczz is as in Theorem 13.2. Then, if p/N — ¢ €
(0, 00), forall z € C¥,

SBN () — SGN (z) — 0in probability, as N — o0.

All our results can be easily reformulated for random matrices with entries from a
stationary random field. For some applications it is interesting to formulate sufficient
conditions in terms of the conditional expectation of a single random variable. For
this case it is natural to work with the extended filtrations.

Let now (Xi;); jyez> be a stationary real-valued random field. For any non-
negative integer a, let us introduce the following filtrations:

F? o Xyp:u<i—a,vewz),

1,00 —

]-"go’j =0Xpw:v=<j—a, ucly ]—'l‘j =;f;jooufgo,j.

We call the random field regular if for any u € 72, E(XOXu|-7:Ei0) = E(XpXy) a.s.

Theorem 13.6 Assume that X,, is defined by (13.2) where (X;j) is a stationary,
centered and regular random field. Assume the couple of conditions

> EIXuE(XolFy)] < 00 (13.19)

ueVy

and

p* sup  E|XyE(XolFP)| — 0, as p — oo,

ueVp:lu|>p

where Vo = {u = (uy,uz) € 7% : uy < 0orup < 0}. Then the conclusions of
Theorems 13.2 and 13.5 hold.

Condition (13.19) implies that Zu622 |cov(Xg, Xu)| < oo and is in the spirit
of condition (2.3) given in Dedecker [13] to derive a central limit theorem for
stationary random fields. As we shall see in Sect. 13.3.1, when applied to stationary
strongly mixing random fields, the conditions of Theorem 13.6 require a rate of
convergence of the strong mixing coefficients with only one point in the future
whereas the conditions of Theorems 13.2 and 13.5 require a rate of convergence
of the strong mixing coefficients with two points in the future.

Combining Theorem 13.6 with Theorem 13.11 concerning Gaussian covariance
matrices, the following corollary holds:

Corollary 13.7 Let By be defined by (13.17). Under the assumptions of Theo-
rem 13.6 and if p/N — ¢ € (0,00), d(F®N, F) — 0 in probability where F
is a nonrandom distribution function whose Stieltjes transform S(z), z € C™, is

uniquely defined by the spectral density of (X;;) and satisfies the equation stated in
Theorem 13.11.
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13.3 Examples

13.3.1 Strongly Mixing Random Fields

Let us first recall the definition of the strong mixing coefficient of Rosenblatt [38]:
For any two o-algebras A and B, the strong mixing coefficient o (A, B) is defined
by:

a(A, B) = sup{|[P(AN B) —P(A)P(B)|; A€ Aand B € B}.
An equivalent definition is:
2a(A, B) = sup{|[E(IP(B|.A) — P(B)]) : B € B},
and, according to Bradley [9], Theorem 4.4, item (a2), one also has

4o (A, B) = sup{||[E(Y|A)|l; : Y B-measurable, ||Y|cc = 1 and E(Y) = 0}.
(13.20)

For a random field X = (Xy)yez2. let

a1 x(n) = supa(F;, 0(X;;)) andap x(n) = sup  a(Fix, jpp 0 (Xijs Xab)) -
i,j ’ (i, ))#(a.b) ’

Note that o x(n) < a2 x(n). For a bounded centered random field, the mixing
condition required by Theorem 13.2 (or by Theorem 13.5) is

nzaz,x(n) — 0,

while for Theorem 13.6, provided the random field is stationary, we need the couple
of conditions:

ay x(n) — 0and Znal,x(n) <o0.

n>1

If for some § > 0 we have sup,, || Xull2+s < oo and the random field is centered
then, by the properties of the mixing coefficients, applying, for instance, Lemma 4
in Merlevede and Peligrad [26] (see also Bradley [9] and Annex C in Rio [37]), we
infer that the conclusions of Theorems 13.2 and 13.5 are implied by

n?(aa x ()G - 0.
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Moreover, if we assume stationarity of the random field, Theorem 13.6 requires
the couple of conditions:

ay x(n) — 0 and Zn”“/ﬁal,x(n) <00.

n>1

Slightly more general results can be given in terms of the quantile function of
| Xu| (see Rio [37] or the computations in the proof of Theorem 6.40 in Merlevede
et al. [29] where similar projective quantities as those involved in Theorems 13.2
or 13.6 are handled).

We refer to the monograph by Doukhan [17] for examples of strong mixing
random fields. Let us also mention the paper by Dombry and Eyi-Minko [16]
where, for max-infinitely divisible random fields on Z¢, upper bounds of the strong
mixing coefficients are given with the help of the extremal coefficient function
(examples such as the Brown-Resnick process and the moving maxima process
are considered). Strong mixing coefficients can also be controlled in the case of
bounded spin systems. For instance, in case where the family of Gibbs specifications
satisfies the weak mixing condition introduced by Dobrushin and Shlosman [15], the
coefficient oy (n) decreases exponentially fast. This is then the case for Ising models
with external fields in the regions where the temperature is strictly larger than the
critical one (we refer to Dedecker [14, Section 2.3] and to Laroche [24] for more
details).

Below, is another example of a random field for which the strong mixing
coefficients can be handled.

Example: Functions of Two Independent Strong Mixing Random Fields Let us
consider two real-valued independent processes U = (U;j,i,j € Z) and V =
(Vij, i, j € Z) such that, setting UY) = (U;;,i € Z), the processes UV, j € Z,
are mutually independent and have the same law as (U;,i € Z) and, setting
Viy = (Vij,j € Z), the processes V(;), i € Z are also mutually independent
and have the same law as (V;, j € Z). For any measurable function % from R? to
R, let

Xij = h(Uij, Vij) — E(h(Ujj, Vij)), (13.21)

provided the expectation exists. Note that the random field X = (X;;, i, j € Z) does
not have independent entries across the rows nor the columns (except if we have that
for any j fixed, the r.v’s U;j, i € Z are mutually independent as well as the r.v.’s
Vij,» J € Z, for any i fixed). Hence, the results in Merlevede and Peligrad [27] do
not apply. Let FY = o' (U, £ < k) and ¥ = o (V, £ < k), and define

ajyn) = qua(]:,-U_n, o(U)),aum) = sup a(F2,, o, Uj))
l

i,j:j>i
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and
arv(n) = supa(F, o (V) aov(m) = sup a(FY,. o (Vi, V).
i i,j:j>1

Due to the definition of the strong mixing coefficients, it follows that

a;x(n) < apu) + oy v(n) and ar x(n) < ap y(n) + oz y(n).

(See for instance Theorem 6.2 in Bradley [9].) So, if we assume for instance that
the function 4 is bounded and that n2(a2,U(n) + a2 v(n)) — 0, then Theorem 13.2
applies. Moreover if we assume in addition that the sequences (U;;,i € Z) and
(Vij, J € Z) are stationary and that

> n(eaum) + ez v(m) < oo,

n>1

then, according to Corollary 13.7, we derive that, if p/N — ¢ € (0, 00), for all
zeCt,

SBY () > S(z) in probability as N — oo,

where By is the Gram random matrix defined by (13.17) and S is defined in
Theorem 13.11.

13.3.2 A Convolution Example

Let U = (U;j,i,j € Z) be a stationary centered regular martingale difference
random field in L2, meaning that sup; i lUijll2 < o0 and that, setting g;;. =
o(Vke,k <i—aorl <j—a),

E(U,-,|g,}/.) = 0as.and |[E(U1G)) — EUHIl1 — Oasn — oo.

Let ¢ = (&;j,i,j € Z) be an iid centered random field in IL.*°, independent
of U and (axe, k, £ € N) be a double indexed sequence of real numbers such
that Y (k2 + 3)]age| < oo. Set Vij = Y yez ak.e€i—.j—¢ and define the
stationary centered random field X = (Xy)yez2 in L2 by setting X;; = U;; + Vij. It
is easy to see that X satisfies the conditions of Theorem 13.6.
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13.4 LSD for Stationary Gaussian Random Fields

In this section we survey several old and new results for stationary Gaussian random
fields that could be combined with our universality results in order to decide that
the LSD exists and to characterize it. Relevant to this part is the notion of spectral
density. We consider a centered stationary Gaussian random field (Yjj); jyez2s

meaning that for any (i, j) € Z2, E(Y;;) = 0 and
coV(Yu,v; Yktu,e4v) = cov(¥0,0, Yi,0) = vk,

for any integers u, v, k, £. According to the Bochner-Herglotz representation (see
for instance Theorem 1.7.4 in Sasvdri [40]), since the covariance function is positive
definite, there exists a unique spectral measure such that

cov(Yo,0, Yi.0) = f 2 ikutt) pdy dv), forall k, £ € Z.
0,172

If F is absolutely continuous with respect to the Lebesgue measure A ® A, we
have

Yee :=cov(Yo.0, Yi.) =f 21 kuttv) £y vydudv, forall k, € € 7.
(0,112
(13.22)

Khorunzhy and Pastur [23] and Boutet de Monvel and Khorunzhy [7] treated a
class of Gaussian fields with absolutely summable covariances,

> kil < 0o, (13.23)
k,LeZ

and a certain symmetry condition. They described the limiting spectral distribution
via an equation satisfied by the Stieltjes transform of the limiting distribution.
Since the covariance structure is determined by the spectral density, this limiting
spectral distribution can be expressed in terms of spectral density which generates
the covariance structure. More precisely, if we consider the n x n random matrix Y,
with entries Y; ¢ and the symmetric matrix

W, 2+ YD), (13.24)

1
= (Y
V2n
Theorem 2 in Khorunzhy and Pastur [23] (see also in Theorem 17.2.1. in Pastur and

Shcherbina [33]) gives the following:

Theorem 13.8 Let (Yi ¢)k ¢)ez2 be a centered stationary Gaussian random field
with spectral density f(x,y). Denote b(x,y) = 2_1(f(x, y) + f(y,x)). Assume
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that (13.23) holds. Let W,, be defined by (13.24). Then P(d(FV", F) — 0) = 1,
where F is a nonrandom distribution function whose Stieltjes transform S(z) is
uniquely determined by the relations:

1
S(z) =/ g(x,2)dx, zeCT, (13.25)
0

1 -1
g(x,z)=—(z+/0 b(x,y)g(y,z)dy) , (13.26)

where for any z € C* and any x € [0, 1), g(x, z) is analytic in 7 and
Img(x,2)-Imz > 0, |g(x,2)| < Am2) ™,

and is periodic and continuous in x.

For the symmetric matrix W, defined by (13.24) and constructed from a
stationary Gaussian random field, Chakrabarty et al. [10] proved the existence of
its limiting spectral distribution provided that the spectral density of the Gaussian
process exists. Their result goes then beyond the condition (13.23) requiring that
the covariances are absolutely summable. It was completed recently by Peligrad
and Peligrad [34] who obtained a characterization of the limiting empirical spectral
distribution for symmetric matrices with entries selected from a stationary Gaussian
field under the sole condition that its spectral density exists. Their Theorem 2 is the
following:

Theorem 13.9 Let (Yx¢)k ¢)ez2 be a centered stationary Gaussian random field

with spectral density f(x,y). Let W,, be defined by (13.24). Then, P(d(FW”, F)—
0) = 1, where the Stieltjes transform S(z) of F is uniquely defined by the relation
(13.25) where for almost all x, g(x, z) is a solution of Eq. (13.26).

If the spectral density has the structure f(x,y) = u(x)u(y), Eq.(13.25)
simplifies as

S(z) = —ia +0v%(z)), ze Ct,

where v(z) is solution of the equation

_ ! u(y)dy +
ve) = _fo c+utu@ <

with v(z) analytic, Imv(z) > 0 and |v(z)] < (Imz)~!||Yo.0ll2 (see the proof of
Remark 3 in Peligrad—Peligrad [34]).

In particular, if the random field is an array of i.i.d. random variables with zero
mean and variance o2, then u(x) is constant and S(z) satisfies Eq.(13.4).
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The following new result gives the existence of LSD for large covariance
matrices associated with a stationary Gaussian random field. Its proof is based on
the method of proof in Chakrabarty et al. [10].

Proposition 13.10 Let (Yjj); jyez2 be a stationary real-valued Gaussian process
with mean zero. Assume that this process has a spectral density on [0, 11* denoted
by f. Let N and p be two positive integers and consider I'y p the N x p matrix
defined by I'n p = (Yi/)lgisN,lgjgp
p/N — ¢ € (0, 00), there exists a deterministic probability measure | determined
solely by c and the spectral density f, and such that the spectral empirical measure
UGy converges weakly in probability to .

. Let also Gy = I{IFN’[)FITV > Then, when

For the case where the covariances are absolutely summable, we cite the
following result which is Theorem 2.1 in Boutet de Monvel et al. [8]. It allows to
characterize the LSD p ¢ of Gy via an equation satisfied by its Stieltjes transform.

Theorem 13.11 Assume that the assumptions of Proposition 13.10 and that condi-
tion (13.23) hold. Then, when p/N — ¢ € (0, 00), P(d(FCV, F) — 0) = 1 where
F is a nonrandom distribution function whose Stieltjes transform S(z), z € CT is
uniquely defined by the relations:

1
S(Z)=f h(x, z)dx,
0

where h(x, z) is a solution of the equation

1 —
h(x,Z)=(—z+c/ 1 fx,s) ds) 1’
0 1+ fo f(u,)h(u, z)du

with f(x,y) the spectral density given in (13.22).

When we assume that the entries of I'y, , is a sequence of i.i.d. random variables
with mean zero and variance o2, then S (z) satisfies Eq. (13.18) of the Marchenko-
Pastur distribution. In view of Proposition 13.10 and of Theorem 13.11, it is still
an open question if, without imposing the summability condition (13.23) on the
covariances, one could still characterize the LSD of Gy.

13.5 Proofs

The notation an = {(i,j);i > jwithiand jin{l,...,n}} will be often used
along the proofs.
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13.5.1 Proof of Theorem 13.2

The proof is based on a Bernstein-type blocking procedure for random fields and
the Lindeberg’s method. The blocking argument, originally introduced by Bernstein
[5] in order to prove an extension of the central limit theorem to r.v.’s satisfying
dependent conditions, consists of making “big blocks” interlaced by “small blocks”
which have a negligible behavior compared to the one of the “big blocks”. In the
context of random fields, this blocking argument can also be used (see for instance
Tone [44], where the asymptotic normality of the normalized partial sum of a
Hilbert-space valued stationary and mixing random field is proved with the help
of a blocking procedure). In our context, the “big” blocks, called B; ; in the figure
(13.28) below, are of size p (with p such that p/n — 0) and the “small” blocks will
consist of bands of width K with entries which are zero and with K negligible with
respect to p. As we shall see below, this blocking procedure can be efficiently done
because, roughly speaking, the limiting spectral density distribution is not affected
by changing a number of o(n?) variables.

Now the Lindeberg’s method will consist of replacing one by one each of the
“big” blocks with blocks of the same size but whose entries are those of a Gaussian
random field having the same covariance structure as the initial process.

The blocking procedure combined with the Lindeberg’s method does not seem
very classical in the context of random matrices. It has been however recently used
in Banna et al. [3] and in Merlevede and Peligrad [27], but in the context where the
entries of the matrices are functions of an i.i.d. random field in the first mentioned
paper, or in the context where the rows or the columns of the matrix are independent,
in the second one. These conditions are not assumed in the context of the present
paper. This makes the situation more delicate. Indeed, concentration inequalities for
the Stieltjes transform around its mean are not available, hence we cannot restrict
the study to the difference between the expectations of the two Stieltjes transforms.
However, as we shall see, this issue can be bypassed by approximating the random
matrix with “big” blocks B(X,,) defined in (13.28), by another one where the “big”
blocks will have a certain martingale difference property. Hence, in particular, they
are uncorrelated. This new uncorrelated block matrix will be called B(X))) in the
proof below. A similar treatment will be done to the matrices with the Gaussian
field entries, having a suitable covariance structure.

We turn now to the details of the proof of Theorem 13.2, and first, to our
blocking procedure, which involves several steps. We then start by some preliminary
considerations.

Let (K), (cx) and (pk) be sequences of integers converging to oo such that
pk = cx K. Assume that

cx K? sup IE(Xij Xap | Ff g jrp) — B(Xij Xap) I — 0 as K — oo.
(i, ))#(@,b);i=jazb
(13.27)
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This selection of (cx) is possible by (13.7). In what follows, to soothe the
notation, we suppress the subscript K to denote the sequences (cx) and (pg).

We describe now the blocking procedure which is based on the known fact that
the limiting spectral density distribution is not affected by changing a number of
o(n?) variables. We first notice that, without restricting the generality we may and
do assume thatn = g(p + K) + p where q := g, is a sequence of positive integers
depending on n, K and p. Indeed, if (n — p)/(p + K) is not an integer, we set
n = q(p+ K)+ p where ¢ = [(n — p)/(p + K)] and we notice that, by the
Cauchy’s interlacing law (see for instance Relation (2.96) in Tao’s monograph [43]
for more details),

—n + K
ISX"—SXn’|<<n " <<p — Q0asn — oo.
n n
Therefore, we shall assume, from now on, thatn = g(p + K) + p.
To introduce the big blocks, for a given symmetric matrix Z, = {Zi i }?j=1 we
shall associate the following checkerboard structure

0p.p
Ok,p Ok.x
Bl,l Op,K Op,p
1 Ok,p Ok.xk Ok, Ogk
B(Z")ZJn B Opx B2z Opx 0p)p
Bq—l,l Op,K Bq—l,2 Op,K Bq_113 Op,p
OK’p OK’K OK’p OK’K OK’p “ee OK’p OK’K

B,1 Opx Byo 0,k Bys ...By, 0,x 0, ,
(13.28)

The rest of the matrix is completed by symmetry. Here each By ; denotes a block
matrix p x p indexed by a set of indexes in & , defined below, and whose entries
are identical to the matrix Z,. To be more precise, we define

Ee={(u,v) € Ex x Eg_1} where E; = [¢(p+K)+1, £(p+K)+ p]NN.
(13.29)

We shall order the blocks in the lexicographic order starting with the top of
the matrix. To soothe the notations all along the paper, we shall use the following
convention: forany k =1,...,g,andany £ =1, ...k,

B, =By and I, = & ¢ where u = k(k — 1)/2 + £. (13.30)

To avoid confusion, when block matrices are constructed from different symmet-
ric matrices, we shall also use the notation B; = B;(Z,,) to identify the variables in
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the block matrix. Note that the “big” blocks B; are separated by bands of K rows
and K columns. Variables in two different blocks are separated by at least either K
rows or K columns.

Using Lemma 13.14, Theorem A.43 in Bai and Silverstein [1] and taking into
account Condition 13.1, straightforward computations lead to

IE|SX" — SIB“X")|2 — 0asn — oo.
Similarly, we define B(Y},), and one can prove that
IElSY" - SIBS(Y")l2 — 0asn — oo.
We introduce a filtration
B, =o0B1(X,),B2(Xy), ..., B, (X)) foru > 1 and By = {0, 2}. (13.31)

To introduce martingale structure, for | < u < g(q + 1)/2 and j € I, define the
variables

Xj = Xj — E(X;|Bu-1).

Then we define a new block matrix, say B(X],), with blocks B; = B; (X,) having
a similar structure as B(X,,) where the entries in these big blocks are X j , jel,.
Note that by Lemma 13.14

BI5P%) PP < LSS BIEOGIB, P = supBIE(X; 17
u=1jel, 2]
which converges to 0 uniformly in n when K — oo by (13.6). Here and in the
sequel we shall keep in mind that the range for the index u is from 1 to g(g + 1)/2.
For simplicity, we shall denote the sum fromu = 1 tou = g(q¢ + 1)/2 by a sum
overu > 1.
We proceed similarly for the matrix B(Y,,). We introduce the filtration

Hy =0B1(Y,),B2(Yn), ..., Bu(Yy)) foru > 1 and Ho = {4, 2}, (13.32)
and for any j € I, define the variables

Y] = ¥j - EQj[Hu-).

addition, by using the properties of conditional expectation we can easily notice
that the random vectors (Yj’ ,j € I,), are orthogonal. Therefore (Yj’ ,j € I,), are

Notice that (Yj’, 1 <u < gq(g+1)/2,j € I,) is also a Gaussian vector. In
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mutually independent. We shall also prove that for j € I,
IEY; 1 Hu-Dll2 < IEXGIBu-1) 2. (13.33)
To prove the inequality above, it suffices to notice the following facts. Let

V,=span(l, Yj, l <v<u,jel))
and

Vi =span(l,(Xj, 1 <v<u,jel)),
where the closure is taken in 2. Denote by [Ty, (-) the orthogonal projection on V),
and by Iy () the orthogonal projection on V;;. Since (Yj’, l1<u<gq@+1))/2,je
1,,) is a Gaussian process,

E(Yj|Hu—1) =Ty, _, (YJ) a.s. and in L2 .

Since (Yir)1<e<k<n has the same covariance structure as (Xi¢)1<e<k<n, W€
observe that

1Ty, (%)l = [Ty (X5)l2-

But,
1Ty (X3)ll2 < IEXG1Bu-pll2.

which proves (13.33). Then we define a new block matrix, say B(Y),), with blocks
I'; = B;(Y,) having a similar structure as B(Y,) where the entries in these big
blocks are Yj’. Therefore, by Lemma 13.14 and (13.33),

/ 1 1
B(Y,) _ <B(Y))2 . 2 . 2
ElS -S I < 2 E E EIE(Y;|Hu-D1" < 2 E E E|E(Xj|Bu-1)l

u>1 jel, u>1 jel,

< sup EIE(X;; | F)1%,

i>j

which converges to 0 as K — oo by (13.6), uniformly in n. The proof is reduced to
showing that

E|SEX) — BV 5 0asn — oo, (13.34)

which we shall achieve at the end of several steps.
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We write SEXW) and SBY2) as function of the entries. So
B(X/ B(Y,
SBX;) =s(B},....By(41y2) and S (Y3) =5, Do) (1335)

We note that in our proofs the order in which we treat the blocks is critically
important for using the power of the martingale structure, but the location of a
variable in a block is not going to matter. With our functional notation we use the
following decomposition:

SB&) _ gBY) — (B, ..., B 1) — ST, | NAY) (13.36)

q(g+1)/2
- (5B B T Tyny2) =SBl By Tl Ty )

u=1

‘We also denote
Cu:(B/,..., ’;_l,ou,r;_,’_l,...,F;(q+l)/2),

where 0, is a null vector with p? entries 0. We shall use the Taylor expansion in

Lemma 13.12, applied for a fixed index u, to the function
s(BY,....B,_,B,X)). T, ..., F;(qﬂ)/z),

where s is defined in (13.35). We can view this function simply as a function of

avector Xx = (xj, u € {l,...,9(q + 1)/2} and i € I,). By using (13.36),
Lemma 13.12 with A = 4en'/? and (13.60), we obtain

B(X! B(Y,
§EXn) _ §BYw — Rl + R, + RS, (13.37)
where
Ry =)D (Xj—Y3s(C),
u>1jel,
’ 1 / 2 4 2
R, = ZZ((ZXJ.BJ) - (X va) )sc
u>1 jEIu jEIu
and
IRy <Y [Rusl + Y IR}l
u>1 u>1
with

1 1
Rl < o p? D XPPLAXG > den'/?) en' 2 0 p* S (X2
jEIu jEIu



13 Universality of Limiting Spectral Distribution Under Projective Criteria 261

and

1 1
Risl < 507 D ODPIAY]| > den' ) en'2 0 p* Y ()2
jEIu jEIu

We treat first the term |Rj|. By taking the expected value and considering
Condition 13.1, we obtain

1
Y ElRu| < p2n2 > E(X[1PI(X)| > den'/?) + ep®.
u>1 (i, )ev,)
Notice now the following fact: If U is a real-valued random variable and F is a

sigma-field, then setting V = U — E(U|F), the following inequality holds: for any
m > 1andany a > 0,

E(IVI"I(|V| > 4a)) <3 x 2"E(JU"I(|U| > a)). (13.38)
This implies that
E(X};1P1(X};| > 4en'/?) < B(X]1(1Xij| > en'/?)).

Therefore
1
Y BRI < p? 5 3 EOXGIXy| > en'/) + ep*
u>1 i, )ev)
= sz,, &)+ 8[74.

We let first n — o0 and take into account Condition 13.1 and then we let ¢ — 0.
It follows that

lim > E|Ry3| =0. (13.39)

u>1

We handle now the quantity ) E|R/,|. Taking into account that E(¥?) =

u>1

E(Xﬁ), Condition 13.1 and inequality (13.38), note first that

1
S EIRI < PP, Y Byl > en'/) +ep'.
uzl @V,
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To treat the first term in the right-hand side, some computations are needed. Note
first that if N is a centered Gaussian random variable with variance o2,

2
E(N2I(IN| > en'/?)) = J; e/ne=e M0 L G2P(IN| > e/n).  (13.40)
JT

Let now al%. = IE(Xizj). For any n > 0, we then have

o P(IYij| > e/n) < P&’ nP(Yij| > e/n) + E(XGI(1Xij] > nen'/?))
< WEY)+EXGT(1Xij] > nen'/?) = f?EOX)+EXG T(1Xj] > nen'/?)).

On another hand, let A be a positive real. Observe that, for any n > 0,

2
oijen/ne™ T [(ay; > e/n]A) < AGEI(01j > ex/n/A)
< AE(X71(1Xij| > nn'/?) + Ann*I(0ij > ev/n/A)
< AE(XZ1(1Xij| > nn'/?) + n?A3al /e

Moreover

—g2 2 & _e2 2
oije/ne™ ") 10y < en/A) = V207 J;/n e 10y < e/n/A) < 2074,
) Vo _

So, overall, taking into account the above considerations and (13.40), it follows
that, for any ¢ > 0, any n > 0 and any positive real A,

E(YS1(1Y;j| > en'’) < n’B(X3) + E(XG1(1Xij] > nen'’?))
+ AEXAI(1X5j| > nn'/?) + n*Adal /62 + E(X2)e /4.

Hence, taking into account Condition 13.1, it follows that for any ¢ > 0, any
n > 0andany A > 0,

a2
> EIR;| < ep* + pn* + p*La(ne) + Ap*La(n) + p™n> A% [ + p*e "/
u>1

Letting n — oo, then  — 0 and finally A — o0, it follows that

lim sup ZIEIR,;3| < ept.

n—00
u>1

Letting then ¢ — 0 and taking into account (13.39), it follows that ]E|Ré| — 0,
asn — oo.
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We treat now the term R/, and we shall compute E|R} 2. Let
D, =) Xj3s(Cy) and D, =Y ¥{3;s(Cy),
jEIu jEIu
and note that

EIR{|> < 2E| Y D[’ +2E| Y Du[.

u>1 u>1

By definition of the X J’ for j in I, the random variables (D,),>1 are orthogonal.
Moreover, since the random vectors (Y, j € I,), are mutually independent, the

variables (5u)u21 are also orthogonal. Hence we get
EIR} > <2) EID,*+2) E|D,|*
u>1 u>1

Therefore, by using Cauchy—Schwarz’s inequality, taking into account (13.60),
the fact that E(¥2) = E(X2) and Condition 13.1, it follows that

2 P 2 »’

!

BRI <3 > B <’
(i,j)eV)

which converges to 0 when n — oo.

Now we treat the term R}, = 271" Ry» where
u>1

= (S )~ (S oo

Jely Jely

We write Ry as a sum of differences of the type (X iXi — Yj’Yi’) 3;0i5(Cy) were
i, j € I,,. To introduce martingale structure we add and substract some terms. Hence
we write

(ij; — Yj’Yi’)ajais(cu) = (XJin’ — E(xjxﬂzsu_l))ajais(cu)
+(E(X_%X£|Bu—l) — E(XjX1))90is(Cu) + (E(XjX;) — %’Yi’)t‘?jaiS(Cu)
@, 0
=g+ L+ 1 (13.41)

Taking into account the properties of the conditional expectation, we obtain

E(X;X{1By—1) = E(XjXilBu—1) — E(Xj|Bu—)E(X;|Bu—1)-
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Therefore
|35 =] D BB — G X0)is(C)
i,jEIu i,jEIu
+| Y BB DE(Xi|Bu—1)35is (Cu)
i.jel,
= Il,u + IZ,u .

Let us handle the term /5 ,. By Lemma 13.13,

C4
ha= 5 ) [EXilBe)l,

icl,

and then

Y B = 5 DY IEKIB DI

u>1 u>1iel,
Therefore, using the contractivity of conditional expectation, we get
q(qg+1)/2
u=1 i>j i>j

Hence, by condition (13.6),

q(qg+1)/2
lim limsup Y E(l,) =0.

K—o00 psoo
u=1

We handle now the term I ,, in (13.42). Using (13.60), we first write
1
E(ha) < ZI IE(XXilBu—1) — E(X; X))
L)el,

By using the contractivity of conditional expectation, we then get

(13.42)

(13.43)

1 /nN\2 5 K2 1Ky 2
Y Eho< p) P* SUPEIECX; | FDI* <« sup EIE(X;j 7).

1
Y B < 5 Y0 Y BIEKGXilBu1) — E(X;X0)] (13.44)
u>1 u>11i,jel,
L ny2 4y K
< S(0) P s EEKG Xl FE g ) — B Xab)]
n=ap (i.J)#(@.byizj.azb ’
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1
+n2(p)p sup E[E(X} | FK) — E(X2)]

l>/

<p’ sup EIE(Xij Xab| Ffa jnp) — E(Xij Xap)|
(i, j))#(a,b);i=j,a=b

+sup]E|E(X| ) E(X Dl

l>/

The first term converges to 0 by (13.27) and the second term is convergent to 0
by (13.8). Hence,

hm lim supZE(h w) =0.

K—00 p—soo
u>1

Overall, starting from (13.42) and taking into account the above considerations,
we get

YR Y| =0

u>1 iel, jel,

We treat now the negligibility of the term - > 10

. ijel, 1y 1n the following
way. First we truncate

X, = X{1(|X]| <4n'/?) and X] = X[1(|X]| > 4n'/?)
and write
XjX{ — E(X;X{|Bu-1) = XjX{ — E(X;X{|Bu-1) + X} X — E(XJf)?{|Bu_1) .
Therefore, by the triangle inequality, the Cauchy-Schwarz inequality, the

Minkowski’s inequalities and the properties of conditional expectation, we easily
obtain

D3PI RIS B IPINEAE

u>11ijel, u>11ijel,

H30 Y X)X — EXGX{ 1B 1)1950i5(Cu) |

u>1ijel,
= Au+ [ D D,

u>1
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By the fact that that the terms D), are orthogonal, by (13.60), the level of
truncation and Condition 13.1, we have

E‘ 3 D, T« n14 Z]E( 3 IXiX] - E(xj)?;|3u_1)|)2

u>1 u>1 i,jely

4
< n14Z( > ||Xj)_({||2>2 < 542 > Ixx{I3

u>1 ijel, u>11i,jel,

6 6
4 14
<<n3g E E(Xj2)<<n — 0 asn — oo.

u>1 jel,

Also, by the Cauchy—Schwarz’s inequality and Condition 13.1,

1 ~ 1 12,1 - 1/2
A= 530 2 IXjaI&l = P2, 20 D IXGE) (LD D IKi)

u>11ijel, u>1 jel, u>1iel,
1 1/2
< p2<n2 > EXPI(X]) > 4n1/2)))
iev]

Using (13.38), we derive that A, < p? L,l/z(l), which converges to 0 for any

p fixed as n — oo. Overall, it follows that

ZDID IR

u>11ijel,

— 0, asn — oo.

To end the proof, it remains only to treat the term containing the Gaussian random
variables. With this aim, we write / 4 _ Aij + Byij , where

uij
Ayij = E(X;X;) — IE(Yj’Yi’))Bjais(Cu)
and

Buij = (E(Y]Y{) — Y]¥{)8;3is(Cy) .

We use the orthogonality of Zi, jel, B,ij and (13.60). This leads to

1
Y Y Bl < 20 Y B - vy

u>11i,jel, u>1 1ijel,
< 12 > IR Y) - Y{Y{| "< 42 PR APDA ’
= 4 jti ifillz) =g jhalitili4
u>1 1ijel, ux>1 1ijel,

3 3.6
< () = TS S g,

u>1 iel, u>1iely
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Since the r.v.’s Y; are Gaussian, ||Yi||3 = 3||Yi||g = 3||Xi||§. Therefore, for any
e >0,

6
E[Y Y Bal’ < 7, Y0 D il

u>11i,jel, u>1iel,
p682 ) p6 5 )
<32 XYY XXl > eVl
u>1iel, u>1iel,
6.2
p’e 1 2
<P 52 g0 Y IXEIAXy) > vl )
(i,j)ean (i,j)ean

Letting n — oo and after ¢ — 0, and taking into account Condition 13.1, it
follows that

E|Z Z Buij|2—>0asn—>oo.

ux>11ijel,
On the other hand, since
E(Y[Y}) = E(YY3) — E(E(Y| Hu—DEYi|Hu-1))
and E(Y;Y;) = E(X;Xj), we get, by the same arguments as those leading to (13.43),
1 2
E| ;; Aug| <, ;ZI B[ Hu)13 -

Hence, by (13.33) and the contractivity of conditional expectation,

1
[ D Al < 5 >0 Y IEXilBa I3 < sup 1B IF)I3

u=1ijel, u>1iel, izj

which converges to 0, as K — oo, by condition (13.6). This completes the proof of
the theorem. O

13.5.2 Proof of Theorem 13.4

The proof follows the lines of the proof of Theorem 13.2 with Z;; instead of X;;
and with W;; instead of Y;;. We point here the differences. The filtrations B, and
H, respectively defined in (13.31) and (13.32) have to be defined as follows. If
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u=kk—1/24+£€withl <{¢ <kand1 <k <gq,then

B, =B, v B, foru > 1and By = {#, Q} (13.45)
and
Hu =H,, v H, foru > 1and Ho = {/, Q}, (13.46)
where

B, =B, ,=0(Xa, (a,b) € U_ &; or (a,b) € U] U/_, &),
B =B, =0(Xpa.(a.b) e U'_ &;or(a.b) e U U\_ &),

and M, and H] defined, respectively, as B and B] with the X, (resp. Xpq)
replaced by Yy, (resp. Ypq). According to the proof of Theorem 13.2, the proof
will be achieved if we can show that if u = k(k — 1)/2 4+ £ with 1 < ¢ < k and
1 <k < g, then for any (i, j) and (a, b) in & ¢

IE(Zij 1Bu-Dll2 < 1B 1 F) 2 + IEX i1 F )12 (13.47)
and

NE(Zij Zap Bu—1) — BA(Zij Zap) 1 < IE(Xij Xap| FX 0 FE) — B(Xij Xap) 1
HIEXi; Xpa FS N FE) —E(Xij Xpa) Il + IEX i Xap| F K NFE) —E(X ji Xap) 1

+ IEX i Xpa| FE 0 FE) = B(XjiXpa) 1. (13.48)

To prove the inequalities above, we fix, all along the rest of the proof k and ¢
suchthat ] <k <gand1 < ¢ < k and also a (i, j) in &,. We notice that if (u, v)
belongs to Ufn_:ll Em then j — v > K, and if (a, b) belongs to U”r‘;% U’ _. &y then

m=1

i—a>K.So H;_l C }N'llf In addition, if (a, b) belongs to Uf;;ll Ewm theni — b >
p + 2K and if (a, b) belongs to U’r‘;% U Emtheni —b > 2K + p. Therefore

m=1

the distance between (i, j) and all the points (v, u) such that (a, b) belongs either to
Uﬁ;llé’km or to Uf;% U _; Eqm is larger than K. This shows that B;’_ | S }'llf . The

m=1
two latter inclusions prove that 5, C }'5 Let us prove now that H,,_; C F ]If If
(a, b) belongs to Ufn;llé’km thena — j > K, and if (a, b) belongs to Uf;% U i Em
theni—b > 2K +p.SoH,,_; € FK.Inaddition, if (a, b) belongs to U, !, ,, then
j —b > K and if (a, b) belongs to U”r‘;% U . Emtheni —a > K. Therefore the

m=1

distance between (j, i) and all the points (b, a) such that (a, b) belongs to Ufn;ll Erm
or to Ulr‘;% U” _. &m is larger than K. Hence 31/4/71 - fjlf This ends the proof of

m=1

Bu_1 C f"llf Since B,_1 < .f’-:/lf and B,_1 C fﬁ, (13.47) follows by applying
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the tower lemma and using contraction. To prove (13.48), we use again the tower
lemma together with the contractivity of the norm for the conditional expectation
and the fact that the above inclusions imply that for any (i, j) and (a, b) belonging
&, But C FENFE Biy S FKNFE By C FENFE and B,y € F&

ﬂ]—"ba. <>

13.5.3 Proof of Theorem 13.5

The proof is very similar to the proof of Theorem 9 from Merlevede and Peligrad
[27]. We give it here for completeness.
Letn = N 4 p and X,, the symmetric matrix of order n defined by

I [Onn Xn,p
Xn = T R
VN XN, p 0,
Notice that the eigenvalues of X% are the eigenvalues of N ™' Xy, pX 15 » together

with the eigenvalues of N~! X 15 p)( N,p- Assuming that N < p (otherwise exchange
the role of Xy , and X 15 » everywhere), the following relation holds: forany z € C*

BN (7) = ;=112 K, @'2) + N-p .

13.49
2N 2Nz ( )

(See, for instance, page 549 in Rashidi Far et al. [36] for additional arguments lead-
ing to the relation above.) Consider now a real-valued centered Gaussian random
field (Ye) k ¢)ez2 independent of (Xk¢) 4 p)ez2 and with covariance function given

by:
E(YkeYij) = E(XkeX;;) for any (k, £) and (i, j) in 72, (13.50)
and define the N x p matrix
Pnp= (Yi/)lgifN,lgjgp‘

Let Gy = 1},(‘ N, pF}\}’ » and H, be the symmetric matrix of order n defined by

o — I [OnnTn,p
n — .
VN F}\},p 0,
Assuming that N < p, the following relation holds: for any z € C*

§ () =212 [ sty 4 N =P

13.51
2N 2Nz ( )
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In view of relations (13.49) and (13.51), to prove that for any z € C*,
|SB¥ (z) — §5¥(2)] — 0 in probability (13.52)
it suffices to prove that, for any z € Cct,
5% (2) — $™(2)| — 0 in probability (13.53)
(since n/N — 1 + ¢). Clearly (13.53) follows from the proof of Theorem 13.2
together with Comment 13.3 (iii), by noticing the following facts. The entries x; ;

and g; ; of the matrices n'/2X,, and n'/?H, respectively, satisfy

Xij =01,F,’1J?in,gi,j =Ot,-(f’j)in ifl<j<i<nandx;;=xj;,g8,,=¢giifl<j<i<n,

where (ozi("j)) is a sequence of positive numbers defined by: ozl.(nj) = ],:/11//22 In+1<i<n
172

115/'51\/. Hence E(gk,¢gi,j) = Oé]glzai(’nj)E(ngX,'j), maxi<j<i<n O,j = 1?71/2 )

and lim, 00 @™ = /1 +c. O

13.5.4 Proof of Theorem 13.6

The proof of this theorem follows all the steps of the proof of Theorem 13.2 (with
the same notations) with the exception of the treatment of terms which appear in
(13.44). By stationarity

1 q(q+1)/2 1
o2 2 BEXGXIBL)-EXGXDl <, Y EIEXGXIF) —EXGX0I,
u=1 ijel, ije€,

where above and below &, = [1, p]2 N N2, For i fixed in &€ », we shall divide the
last sum in three parts according to j € £,, with [i —j| <dord <|i—j| < K or
[i—j| > K, whered is a positive integer less than K . Since for this case }'({( C }'ilij,
by the properties of conditional expectations and stationarity we have
> EBEXGXIFO -EXX)I < Y EEXXIFL) - EXjX)|
j€£l,,|i—j|5d jegpa‘i_j‘fd
= Y EIEXoXj-ilF im0 — EXoXjil.
Je€p, li—jl=d

Therefore

1
, Y. BEXXIFO -EXjXpl < Y EE(XgXulFg) — E(XoXu)l,

P™ 5 jeg, limjl<d u,[u|<d
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which converges to O for d fixed as K — oo by the regularity condition of the
random field.
Now we treat the part of the sum where j € £,, withd < |i — j| < K. For this

case we note that }'({( C .7’-}“_J "and f(f - }'jll_”. By the properties of conditional
expectation, stationarity and some computations we infer that

Y EEGXIF) -EXX) <2 Y EXGEXolF.
jep.d<li-jl<k uevy, jul>d

where we recall that Vo = {u = (4, up) € Z2 :up <0Oorus < 0}. It follows that

1
2 ) EEX:Xj|1F8) —EXGXpl <2 Y ElXuEXel ™).

P jeg, a<li-jl<k ueVolul>d

which converges to 0 as d — oo uniformly in p and K by (13.19).
Finally, for the third sum wherei, j € £,, |i—j| > K we either have o (Xj) C ]-'jK

or o(Xj) C }'iK . Moreover }'({( c FK and ]-"({( C ]-"jK . By the properties of

1
conditional expectation, when o (Xj) C ]-"jK we have

EIE(XiXj|F5) — E(XXi)| < 2E(EXi X1 7)) = 2E( XiE(Xo| Fg)) -
When o (Xj) C .7-'iK , similarly, we have

EIE(Xi Xj|Fy ) — E(XjXi)| < 2E( XjE(Xol Fg)I) -
Therefore

1
Y EEGGXIFS) - EXGXol <2p7 sup  EIXJE(Xe|F)I.

2
p Lje& ijl=K ueVy:lu|>K

Since we can take K close to p, the result follows by letting first p — o0
followed by d — oco. O

13.5.5 Proof of Proposition 13.10

The proof uses similar arguments as those given in the proof of Theorem 2.1 in
Chakrabarty et al. [10].
For any integers k and ¢ define

cr = / e~ 2kt /(1 y)ddy
[0,1]2
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There are real numbers and satisfy > ,., c,%e < o0. Let now (Uij); jyez> be
i.i.d. real-valued random variables with law A/ (0, 1). Then, without restricting the
generality, we can write

Yij= Y Uik jt. (13.54)
k,LeZ

(See Fact 4.1 in Chakrabarty et al. [10].)

The result will follow if we can prove that when N, p tend to infinity such that
p/N — c, then there exists a deterministic probability measure 1  depending only
on c and f, and such that for any ¢ > O,

P(d(ugy. if) > &) — 0 as N — oo. (13.55)

Clearly the identity (13.54) holds in distribution, hence to prove (13.55), without
loss of generality, we may and do assume from now on, that Y;; is given by (13.54).
To prove (13.55), we shall use Fact 4.3 in Chakrabarty et al. [10] and first truncate
the series (13.54). Hence we fix a positive integer m and we define

Y(m) Z Z creUi— —k,j—¢ -

k=—ml=—m

(m)  _ (m) (m) _ 1 pOm) m)\T
Let FA','fp = (Yum )151.51\]115/.5[7. Define also Gy" = Ty (Fm )I'. By
Theorem 2.1 in Boutet de Monvel et al. [8], we have that for any posmve
integer m, there exists a deterministic probability measure u, depending only

on ¢ and on the complex-valued function x ™ defined on [0, 11> by x™ =
ZMGZ E(Yég)Yk(?))e_Z”i(kxM”, and such that for any ¢ > 0,

P(d(,u@m), tm) > &) = 0 as N — oo. (13.56)
N

Notice that

min(k+m,m) min(¢+m,m)

E(Yégl)yk(?)) = Z Z CuvChk—u,l—v -

u=max(k—m,m) v=max({—m,m)

Since the ci¢’s depend only on £, it follows that x ™™ depends only on m and f.
Therefore (1, can be rewritten as (i, . Notice now that by Corollary A.42 in Bai
and Silverstein [1], for any ¢ > 0,

1
P(d(uey, i) > &) = LB (Hey, ngm)

V2

< ne TR+ Ga)Tr (@, = D), = D))
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Therefore, by the Cauchy—Schwarz’s inequality and simple algebra,

V2 m 1/2 o 1/2 (e (m) (m)
P(d(MGN,l,LGxn))>8)Sp\/N82 |Te(GYY + G|} " e (TN, = TN )Ty, =T

12
< X &)
kLeZ: kIV|L|>m

This proves that, for any ¢ > 0,

lim lim sup]P’(d(,uGN, /LG(m)) > 8) =0.
N

m—o0 » 500

273

12
N,p)T)”l/

(13.57)

Taking into account (13.56) and (13.57), Fact 4.3 in Chakrabarty et al. [10] and
the fact that the space of probability measures on R is a complete metric space when

equipped with the Lévy distance, (13.55) follows.

13.6 Useful Technical Lemmas

O

Below we give a Taylor expansion of a more convenient type for using Lindeberg’s

method:

Lemma 13.12 Let f(-) be a function from R to C, three times differentiable, with

continuous third partial derivatives and such that

10:9; f(X)| < Ly and 8;0;0x f (X)| < L3 foralli, j,k € {1,..., ¢} andx € R.

Then, foranya = (ay, ...,ag) andb = (b1, ..., by) in R¢,

2
1
f@—fmy=3%

k=1 j=1 j=1
where |R3| < R(a) + R(b), with

J4
R© <40LyY A (laj| > A)~|—2AL3€2( c§>
j=1 Jj=1

where ¢ equals a or b.

12 4
![(Za,-a,-)k — O _bjdapfIf(,...,0) + Rs

This Lemma can be applied in conjunction with Stieltjes transform. Let A(x) be

the matrix defined by

b xiii>j
M®m={@’

Jnxji 1 <]

(13.58)
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Let z € C* and s := s, be the function defined from R" to C by

$(X) = 1Tr(A(x) — )", (13.59)

n

where I, is the identity matrix of order n.

The function s, as defined above, admits partial derivatives of all orders. Next we
give a lemma concerning the derivatives of s(x) which is easily obtained by using
the computations in Chatterjee [11] (see the proof of Lemma 12 in Merlevede and
Peligrad [27] for a complete proof of its last inequality).

Lemma 13.13 Letz =u+iv € CT and let (@ij)1<j<i<n and (bij)1<j<i<n be real
numbers. There exist universal positive constants c1, ¢ and c3 depending only on
the imaginary part of z such that

c3

duds| <
|llVS|_ n5/2

|us| < > and |duddys| < (13.60)
n

1
032’

Furthermore there exists an universal positive constant c4 depending only on the
imaginary part of z such that for any subset L, of {(i, j)}1<j<i<n and any X,

= Zention] < (24 2A)"

ueZ, vel, ueZ, vel,

The following lemma is Lemma 2.1 in Gétze et al. [21].

Lemma 13.14 Ler A, and B, be two symmetric n x n matrices. Then, for any
z € C\R,

154,@) = 53, @I < [, —B.)?].

Tr
n?|Im(z)[*
where A, = n~Y2A, and B, = n=1/?B,,.
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Chapter 14 m)
Exchangeable Pairs on Wiener Chaos Shethie

Ivan Nourdin and Guangqu Zheng

Dedicated to the memory of Charles Stein, in remembrance of
his beautiful mind and of his inspiring, creative, very original
and deep mathematical ideas, which will, for sure, survive him
for a long time.

Abstract Nourdin and Peccati (Probab Theory Relat Fields 145(1):75-118, 2009)
combined the Malliavin calculus and Stein’s method of normal approximation to
associate a rate of convergence to the celebrated fourth moment theorem of Nualart
and Peccati (Ann Probab 33(1):177-193, 2005). Their analysis, known as the
Malliavin-Stein method nowadays, has found many applications towards stochastic
geometry, statistical physics and zeros of random polynomials, to name a few. In
this article, we further explore the relation between these two fields of mathematics.
In particular, we construct exchangeable pairs of Brownian motions and we discover
a natural link between Malliavin operators and these exchangeable pairs. By
combining our findings with E. Meckes’ infinitesimal version of exchangeable pairs,
we can give another proof of the quantitative fourth moment theorem. Finally, we
extend our result to the multidimensional case.

Keywords Stein’s method - Exchangeable pairs - Brownian motion -
Malliavin calculus

14.1 Introduction

At the beginning of the 1970s, Charles Stein, one of the most famous statisticians
of the time, introduced in [24] a new revolutionary method for establishing
probabilistic approximations (now known as Stein’s method), which is based on
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the breakthrough application of characterizing differential operators. The impact
of Stein’s method and its ramifications during the last 40 years is immense (see
for instance the monograph [3]), and touches fields as diverse as combinatorics,
statistics, concentration and functional inequalities, as well as mathematical physics
and random matrix theory.

Introduced by Malliavin [7], Malliavin calculus can be roughly described as an
infinite-dimensional differential calculus whose operators act on sets of random
objects associated with Gaussian or more general noises. In 2009, Nourdin and
Peccati [14] combined the Malliavin calculus and Stein’s method for the first
time, thus virtually creating a new domain of research, which is now commonly
known as the Malliavin-Stein method. The success of their method relies crucially
on the existence of integration-by-parts formulae on both sides: on one side, the
Stein’s lemma is built on the Gaussian integration-by-parts formula and it is one of
the cornerstones of the Stein’s method; on the other side, the integration-by-parts
formula on Gaussian space is one of the main tools in Malliavin calculus. Interested
readers can refer to the constantly updated website [13] and the monograph [15] for
a detailed overview of this active field of research.

A prominent example of applying Malliavin-Stein method is the obtention (see
also (14.1) below) of a Berry-Esseen’s type rate of convergence associated to the
celebrated fourth moment theorem [19] of Nualart and Peccati, according to which
a standardized sequence of multiple Wiener-It6 integrals converges in law to a
standard Gaussian random variable if and only if its fourth moment converges to 3.

Theorem 14.1.1

(1) (Nualart, Peccati [19]) Let (F,) be a sequence of multiple Wiener-1to integrals
of order p, for some fixed p > 1. Assume that E[Fnz] — 02 >0asn — .
Then, as n — 00, we have the following equivalence:

law

F, = N(©0,0%) <<= E[F}Y - 30*

(ii)) (Nourdin, Peccati [14, 15]) Let F be any multiple Wiener-1t6 integral of order
p > 1, such that E[F?*] = 6% > 0. Then, with N ~ N (O, 02) and drvy standing
for the total variation distance,

2 —1
dry(F,N) < P VE[F4] - 304
o2\ 3p

Of course, (ii) was obtained several years after (i), and (ii) implies ‘<=’ in
(i). Nualart and Peccati’s fourth moment theorem has been the starting point of a
number of applications and generalizations by dozens of authors. These collective
efforts have allowed one to break several long-standing deadlocks in several
domains, ranging from stochastic geometry (see e.g. [6, 21, 23]) to statistical physics
(see e.g. [8-10]), and zeros of random polynomials (see e.g. [1, 2, 4]), to name a few.



14 Exchangeable Pairs on Wiener Chaos 279

At the time of writing, more than two hundred papers have been written, which use
in one way or the other the Malliavin-Stein method (see again the webpage [13]).

Malliavin-Stein method has become a popular tool, especially within the Malli-
avin calculus community. Nevertheless, and despite its success, it is less used by
researchers who are not specialists of the Malliavin calculus. A possible explanation
is that it requires a certain investment before one is in a position to be able to use it,
and doing this investment may refrain people who are not originally trained in the
Gaussian analysis. This paper takes its root from this observation.

During our attempt to make the proof of Theorem 14.1.1(ii) more accessible
to readers having no background on Malliavin calculus, we discover the following
interesting fact for exchangeable pairs of multiple Wiener-Ito integrals. When p > 1
is an integer and f belongs to L%([0, 1]7), we write [ 1’,3 (f) to indicate the multiple
Wiener-Itd integral of f with respect to Brownian motion B, see Sect. 14.2 for the
precise meaning.

Proposition 14.1.2 Let (B, B');>( be a family of exchangeable pairs of Brownian

motions (that is, B is a Brownian motion on [0, 1] and, for each t, one has
law

(B, B") = (B!, B)). Assume moreover that

(a) for any integer p > 1 and any f € L([0, 1]7),
. 1 B! B B . 2
lim E[1f (D= 1f(DlotB)] = —pIE(H) inL2).
Then, for any integer p > 1 and any f € L*([0, 117),
1 1
(b) lim E[(IB’ f) - IB(f))zlo{B}] =2p° / 1B (f(x,))%dx  in L2(Q);
10 t P p o P
. 1 B! B 4
@ tim E[(17 ()~ 17 (D)*] =0
Why is this proposition interesting? Because, as it turns out, it combines perfectly
well with the following result, which represents the main ingredient from Stein’s

method we will rely on and which corresponds to a slight modification of a theorem
originally due to Elizabeth Meckes (see [11, Theorem 2.1]).

Theorem 14.1.3 (Meckes [11]) Let F and a family of random variables (F;);>o
be defined on a common probability space (2, F, P) such that F; faw F for every

t > 0. Assume that F € L3(Q, ¥, P) for some o-algebra Y C F and that in
LY(),
1
(a) hf(} . E[F;, — F|9 = —A F for some A > 0,
t
1
(b) hﬁ)l , E[(F; — F)zlfﬂ = (21 + S)Var(F) for some random variable S,
1

1
li F,—F)>=0.
(© lim (F, = F)
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Then, with N ~ N (0, Var(F)),

ElS|
dry(F,N) < s
To see how to combine Proposition 14.1.2 with Theorem 14.1.3 (see also
point(ii) in Remark 14.5.1), consider indeed a multiple Wiener-1t6 integral of the
form F = If (f), with 0% = E[F?] > 0. Assume moreover that we have at
our disposal a family {(B, B')};>o of exchangeable pairs of Brownian motions,
satisfying the assumption (a) in Proposition 14.1.2. Then, putting Proposition 14.1.2
and Theorem 14.1.3 together immediately yields that

1
dry(F,N) < 22E|:‘p/ Ifil(f(x,.))2dx_g2
g 0

] (14.1)

Finally, to obtain the inequality stated Theorem 14.1.1(ii) from (14.1), it remains to
‘play’ cleverly with the (elementary) product formula (14.7), see Proposition 14.7.1
for the details.

To conclude our elementary proof of Theorem 14.1.1(ii), we are thus left to
construct the family {(B, B")};~¢. Actually, we will offer two constructions with
different motivations: the first one is inspired by Mehler’s formula from Gaussian
analysis, whereas the second one is more in the spirit of the so-called Gibbs
sampling procedure within Stein’s method (see e.g. [5, A.2]).

For the first construction, we consider two independent Brownian motions on
[0, 1] defined on the same probability space (€2, F, P), namely B and B. We
interpolate between them by considering, for any ¢ > 0,

B! = e_tB—l—\/l _ e 2B,

It is then easy and straightforward to check that, for any ¢ > 0, this new Brownian
motion B, together with B, forms an exchangeable pair (see Lemma 14.3.1). More-
over, we will compute below (see (14.10)) that E[Ift (|o{B}] = 7" If(f)
forany p > 1 and any f € L2([0, 11?), from which (a) in Proposition 14.1.2
immediately follows.

For the second construction, we consider two independent Gaussian white noise
W and W’ on [0, 1] with Lebesgue intensity measure. For each n € N, we introduce
a uniform partition {A1, ..., A,} and a uniformly distributed index I, ~ Z41,... n},
independent of W and W’. For every Borel set A C [0, 1], we define W"(A) =
W/ (AN Ap) + W(A\ Ay,). This will give us a new Gaussian white noise W”,
which will form an exchangeable pair with W. This construction is a particular
Gibbs sampling procedure. The analogue of (a) in Proposition 14.1.2 is satisfied,
namely, if f € L*>([0,1]7), F = I },}V (f) is the pth multiple integral with respect to
W and F® = I},}V" (f), we have

nE[F™ — F|o{W}] - —pF inL*(Q)asn — oo.
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To apply Theorem 14.1.3 in this setting, we only need to replace } by n and replace
F, by F™_ To get the exchangeable pairs (B, B") of Brownian motions in this
setting, it suffices to consider B(r) = W ([0, ¢]) and B" () = W" ([0, ¢]), t € [0, 1].
See Sect. 14.4 for more precise statements.

Finally, we discuss the extension of our exchangeable pair approach on Wiener
chaos to the multidimensional case. Here again, it works perfectly well, and it
allows us to recover the (known) rate of convergence associated with the remarkable
Peccati-Tudor theorem [20]. This latter represents a multidimensional counterpart
of the fourth moment theorem Theorem 14.1.1(i), exhibiting conditions involving
only the second and fourth moments that ensure a central limit theorem for random
vectors with chaotic components.

Theorem 14.1.4 (Peccati, Tudor [20]) Fixd > 2 and py, ..., pa = 1. For each
kefl,...,d}, let (F,’f)n>1 be a sequence of multiple Wiener-1t6 integrals of order
Pk. Assume that E[F,fF,ﬁ] — oy as n — oo for each pair (k,1) € {1, ...,d}z,
with ¥ = (0x1)1<k,1<d non-negative definite. Then, as n — oo,

F, = (F,},...,F,;f)hi‘fzv ~N@O, %) < EWFHY = 307 forallk e{1,...,d).

(14.2)

In [16], it is shown that the right-hand side of (14.2) is also equivalent to
E[IF]I*l = ELINI* asn — oo, (14.3)
where || - || stands for the usual Euclidean ¢2-norm of R?. Combining the main

findings of [17] and [16] yields the following quantitative version associated
to Theorem 14.1.4, which we are able to recover by means of our elementary
exchangeable approach.

Theorem 14.1.5 (Nourdin, Peccati, Réveillac, Rosinski [16, 17]) Let F =
(Fl, e, Fd) be a vector composed of multiple Wiener-Ito integrals Fk, 1 <k<d.
Assume that the covariance matrix % of F is invertible. Then, with N ~ N (0, X),

1
dw(F, N) < IS1315 " lopy/ ELNF 141 — ELINIA, (14.4)

where dy denotes the Wasserstein distance and ||-||,p the operator norm of a matrix.

The currently available proof of (14.4) relies on two main ingredients: (1) simple
manipulations involving the product formula (14.7) and implying that

d 1
) Var(pjfO L1 (i D g1 (fx, D) < ELNFI') = ELINTEYL

ij=1
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(see [16, Theorem 4.3] for the details) and (2) the following inequality shown in
[17, Corollary 3.6] by means of the Malliavin operators D, é and L:

1 d 1
dw(F,N) < ”2”317”271”017 Z Var(Pj/(; I 1 (fi Oy N —1(fj (x, ~))dx>-
ij=1

(14.5)

Here, in the spirit of what we have done in dimension one, we also apply our
elementary exchangeable pairs approach to prove (14.5), with slightly different
constants.

The rest of the paper is organized as follows. Section 14.2 contains preliminary
knowledge on multiple Wiener-Itd integrals. In Sect. 14.3 (resp. 14.4), we present
our first (resp. second) construction of exchangeable pairs of Brownian motions,
and we give the main associated properties. Section 14.5 is devoted to the proof of
Proposition 14.1.2, whereas in Sect. 14.6 we offer a simple proof of Meckes’ Theo-
rem 14.1.3. Our new, elementary proof of Theorem 14.1.1(ii) is given in Sect. 14.7.
In Sect. 14.8, we further investigate the connections between our exchangeable pairs
and the Malliavin operators. Finally, we discuss the extension of our approach to the
multidimensional case in Sect. 14.9.

14.2 Multiple Wiener-Ito Integrals: Definition and
Elementary Properties

In this subsection, we recall the definition of multiple Wiener-Itd integrals, and
then we give a few soft properties that will be needed for our new proof of
Theorem 14.1.1(i1). We refer to the classical monograph [18] for the details and
missing proofs.

Let f : [0, 1]7 — R be a square-integrable function, with p > 1 a given integer.
The pth multiple Wiener-Itd integral of f with respect to the Brownian motion

B = (B()c))xe[0 1 is formally written as

/[0 ; f&i1,...,xp)dB(x1)...dB(x,). (14.6)

To give a precise meaning to (14.6), Itd’s crucial idea from the fifties was to
first define (14.6) for elementary functions that vanish on diagonals, and then to
approximate any f in L([0, 1]7) by such elementary functions.

Consider the diagonal set of [0, 1]7, thatis, D = {(t1,...,1,) € [0,1]7 : i #
J» ti =t;}. Let £, be the vector space formed by the set of elementary functions on
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[0, 177 that vanish over D, that is, the set of those functions f of the form

k
f(-xlv-'-v-xp) = Z IBilml'pl[‘[il,],‘[il)X...X[T,'pfl,‘[l‘p)(-xls'-~7-xp)s

i1,enip=1

wherek > 1and 0 =19 < 71 < ... < 1%, and the coefficients ,B,-l_,_ip are zero if any
two of the indices iy, ..., i, are equal. For f € &), we define (without ambiguity
with respect to the choice of the representation of f')

k
If(f) = Z Biy...i, (B(ti;) — B(ti;—1)) ... (B(%i,) — B(%i,~1))-

I1yeney ip=1

We also define the symmetrization fof f by

~ 1
f(-xla '-'axp) = p' Z f(-xo'(l)ﬂ-'-a-xﬂ(p))a

o€,

where &, stands for the set of all permutations of {1,..., p}. The following
elementary properties are immediate and easy to prove.

LIf f € Ep then IB(f) = IE(f).
2.If fe&pand g € &, then E[I[lf(f)] =0and

0 ifp#q
EUF (N1 (2] =={ > : :
b 1 PS8 2o P =4
3. The space £, is dense in L2([0, 117). In other words, to each f € L2([0, 1]7)
one can associate a sequence (f;)n,>1 C &, such that || f — fn||Lz([011]p) — Qas
n— o0o.
4. Since

E[(} () = I3 )] = P e = Tl 20,1109
=< P'”fn - fm”iZ([o’l]p) -0

asn,m — oo for f and (f;),>1 as in the previous point 3, we deduce that the
sequence (1, (f4))n>1 is Cauchy in L?(€2) and, as such, it admits a limit denoted
by I [lf (f). Itis easy to check that 1 f (f) only depends on f, not on the particular
choice of the approximating sequence ( f;,),>1, and that points 1 to 3 continue to
hold for general f € L>([0, 1]”) and g € L?([0, 1]9).

We will also crucially rely on the following product formula, whose proof is
elementary and can be made by induction. See, e.g., [18, Proposition 1.1.3].



284 1. Nourdin and G. Zheng

5. Forany p,g > 1, and if f € L?([0, 117) and g € L%([0, 119) are symmetric,
then

PAqG
HOIHOEDY r!(f) (q) pra—2(f ®r ), (14.7)

r=0
where f &, g stands for the rth-contraction of f and g, defined as an element of

L*([0, 1]7797%") by

(f ® g1, -.. ,xp+q—2r)

=/ FOr o Xpopur, o U)X p—p il oo Xprg—2r, ULy ..., Up)duy .. duy.
0,11

Product formula (14.7) has a nice consequence, the inequality (14.8) below. It is a
very particular case of a more general phenomenon satisfied by multiple Wiener-1t6
integrals, the hypercontractivity property.

6. For any p > 1, there exists a constant c4,, > 0 such that, for any (symmetric)
[ e L*([0, 1]7),

E[12(H)*] < cap E[IE(T. (14.8)
p D 2
Indeed, thanks to (14.7) one can write I[lf (f)2 = ; r!(r> Iﬁ,_zr(f ®r f)so

that

P
EUE(H =) r!2< ) @p =20 & flI72 0.1 2020y
r=0
The conclusion (14.8) follows by observing that

p!Z”.férf”iz([oyl]b—h) g P'2||f ®r f”iz([O,I]ZP—ZV) g P'2||f||iz([01]p) = E[If(f)z]z

Furthermore, for each n > 2, using (14.7) and induction, one can show that, with
con p a constant depending only on p but noton f,

E[1E(/)?'] < cmp ELEHT

So for any r > 2, there exists an absolute constant ¢, , depending only on p, r
(but not on f) such that

E[IE(NHI] < enp E[IE (N (14.9)
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14.3 Exchangeable Pair of Brownian Motions: A First
Construction

As anticipated in the introduction, for this construction we consider two independent

Brownian moti/qns on [0, 1] defined on the same probability space (2, .F, P),

namely B and B, and we interpolate between them by considering, for any r > 0,

B'=e¢'B++1—e2B.

Lemma 14.3.1 For each t > O, the pair (B, B") is exchangeable, that is,
law

(B, B") = (B!, B). In particular, B' is a Brownian motion.

Proof Clearly, the bi-dimensional process (B, B") is Gaussian and centered. More-
over, for any x, y € [0, 1],

E[B'(x)B'(y)] = e ¥ E[B(x)B()] + (1 — e *)E[B(x)B(y)] = E[B(x)B())]
E[B(x)B'(y)] = ¢ "E[B(x)B(y)] = E[B'(x)B(y)].
The desired conclusion follows. m]

We can now state that, as written in the introduction, our exchangeable pair
indeed satisfies the crucial property (a) of Proposition 14.1.2.

Theorem 14.3.2 Let p > 1 be an integer, and consider a kernel f € L*([0, 1]7).
Set F = IB(f) and F; = IB'(f), 1 > 0. Then,

E[F|o{B}]=e "'F. (14.10)
In particular, convergence (a) in Proposition 14.1.2 takes place:

1 t
lim E[If (f) — If(f)|a{3}] ——pIZ(f) inLA@. (411

Proof Consider first the case where f € &, thatis, f has the form

k
S, oo, xp) = Z ,Bil...ipllril,l,ril)x‘A‘x[ril,,l,rip)(xla cees -x[J)a

i1,.ip=1

withk > 1and0 =1 < 11 < ... < T}, and the coefficients Bi...i, are zero if any
two of the indices i1, ..., i, are equal. We then have

F

k
Y Biipy(B'(@) = B'(riy-1) . (B'(w,) = B' (xi,-1))

i1yenip=1

k
3" B [e (B = Bri—1) +V1 - e (B(n,) — B(zi,—1)]

i1yenip=1

x ... x [e'(B(z)) — Btiy—1) + V1 - e=2(B(x,) — B(ri,~1))]-
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Expanding and integrating with respect to B yields (14.10) for elementary f.
Thanks to point 4 in Sect. 14.2, we can extend it to any f € L2([0, 117). Indeed,
given a general kernel f € L2([O, 1]7), there exists a sequence {g,,,m > 1} of
simple functions such that [|gm — fll.2¢0,13) = 0, as m — +00; and this implies

E{[Ift(f) B Ift(gm)]z} = pllgm — f||i2([0’1]p) — 0, as m — —+o0. Since the
conditional expectation E [ - |lo{B }] is a bounded linear operator in L2(2), we have

E[1E(H)1o(BY] = L limus oo E[IE (gm)|0{BY] = L2limy poce P If (gm) = IF(£) .
This concludes the proof of (14.10). We then deduce that

e Pt —1

t

i E[F, — F|o{B}] F,

from which (14.11) now follows immediately, as F € L?(2) and ¢ , — —p

when ¢ | 0. O

14.4 Exchangeable Pair of Brownian Motions: A Second
Construction

In this section, we present yet another construction of exchangeable pairs via
Gaussian white noise. We believe it is of independent interest, as such a construction
can be similarly carried out for other additive noises. This part may be skipped in a
first reading, as it is not used in other sections. And we assume that the readers are
familiar with the multiple Wiener-Itd integrals with respect to the Gaussian white
noise, and refer to [18, pp. 8—13] for all missing details.

Let W be a Gaussian white noise on [0, 1] with Lebesgue intensity measure v,
that is, W is a centred Gaussian process indexed by Borel subsets of [0, 1] such
that for any Borel sets A, B C [0, 1], W(A) ~ N(0, v(A)) and E[W(A)W(B)] =
V(A N B). We denote by & := o{W} the o-algebra generated by {W(A): A Borel
subset of [0, 1] } Now let W’ be an independent copy of W (denote by ¢ = o {W'}
the o -algebra generated by W’) and I, be a uniform random variable over {1, .. ., n}
for each n € N such that I,, W, W’ are independent. For each fixed n € N, we
consider the partition [0, 1] = (Jj_; A; with Ay = [0, Noay =2,
Ap=(1-111

Definition 14.4.1 Set W"(A) := W/ (AN Ay,) + W(A\ Ay,) for any Borel set
A C[0,1].

Remark 14.4.2 One can first treat W as the superposition of { W|Aj, j=1,..., n},
where W|a ; denotes the Gaussian white noise on A ;. Then according to I, = j,
we (only) replace W|a; by an independent copy WA ; so that we get W". This
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is nothing else but a particular Gibbs sampling procedure (see [5, A.2]), hence
heuristically speaking, the new process W" shall form an exchangeable pair with W.
Lemma 14.4.3 W and W" form an exchangeable pair with W, that is, (W, W") faw
(W™, W). In particular, W" is a Gaussian white noise on [0, 1] with Lebesgue
intensity measure.

Proof Let us first consider m mutually disjoint Borel sets Ay, ..., A, C [0, 1].
Given Dy, D, Borel subsets of R”, we have

P((W(Al), L W(Aw) € Dy, (WA, ..., W"(Ap)) € Dz)

> P((W(Al), . W(Aw) € Dy, (WAL, ..., W'(Ap)) € Dy, I, = v)

v=1

n
> P(g(X0, Y0) € D1 g(X. Vo) € Ds)

1
n
v=1

where for each v € {1, ..., n},

o Xyi=(WAINAY, ..., WAn NAY), X, = (WAINAY, ..., WAy N
A),

o Y, = (W(A1 \ Ay, s WAL\ Av)), and g is a function from R2™ to
R™ given by (X1, ..., Xm, Y15 -+ Ym) H> g(xl,...,xm,yl,...,ym) = (x1 +
yl,...,xm—l—ym)

It is clear that for each v € {1,...,n}, Xy, X; and Y, are independent, therefore

g(Xy, Yy) and g(X),Y,) form an exchangeable pair. It follows from the above

equalities that

P((W(Al), L W(AW) €Dy, (WAL, ..., W'(Ay)) € D2)

n

1
> P(s(X) Vi) € D1 g(X,. ¥y) € Dy

v=1

P((W"(Al), WA € D1, (W(AD, ..., W(A)) € D2> :

This proves the exchangeability of (W(Al), R W(Am)) and (W" (A, ...,
W (Am)).

Now let By, ..., B, be Borel subsets of [0, 1], then one can find mutually
disjoint Borel sets Ai,...,A, (for some p € N) such that each B; is
a union of some of A;’s. Therefore we can find some measurable ¢
R? — R™ such that (W(B)),....,W(Bn) = ¢(W(AD,..., W(4))).
Accordingly, (W" (B1), ..., W”(Bm)) = ¢(W"(A1), e, W”(Ap)), hence
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(W(By), ..., W(By)) and (W"(By),..., W'(By)) are exchangeable. Now our
proof is complete. O

Remark 14.4.4 For each t € [0, 1], we set B(t) := W([0,t]) and B"(t) :=
W" ([0, t]). Modulo continuous modifications, one can see from Lemma 14.4.3 that
B, B" are two Brownian motions that form an exchangeable pair. An important
difference between this construction and the previous one is that (B, B?) is bi-
dimensional Gaussian process whereas B, B" are not jointly Gaussian.

Before we state the analogous result to Theorem 14.3.2, we briefly recall the
construction of multiple Wiener-1t6 integrals in white noise setting.

1. For each p € N, we denote by &), the set of simple functions of the form

m
fti ... tp) = Z Biriplag x.xa;, (f1s -5 1p) - (1412)

i1,.ip=1

where m € N, Ay, ..., A, are pair-wise disjoint Borel subsets of [0, 1], and
the coefficients ,B,-l,__,-p are zero if any two of the indices iy, ...i, are equal. It is

known that &), is dense in L2([0, 117).
2. For f givenas in (14.12), the pth multiple integral with respect to W is defined as

V= Y Bu.i,W(Ai)...W(A;)

i150ip=1

and one can extend / [‘,}V to L2([0, 1]7) via usual approximation argument. Note
1 ,YV (f) is nothing else but / f (f) with the Brownian motion B constructed in
Remark 14.4.4.
Theorem 14.4.5 If F = I},}V(f) for some symmetric f € L*([0, 117) and we set
F@® .= I;Vn(f), thenin L*(2,9, P) andasn — 400, n E[F(”)—F|%] — —pF.
Proof First we consider the case where f € &), we assume moreover that
F = 1/.):1 W(A;) with Ay, ..., A, mutually disjoint Borel subsets of [0, 1], and

accordingly we define F® = ]_[1;7:1 W"(A;). Then, (we write [p] = {1,..., p},
A'=ANA, forany A C [0,1]andv € {1,...,n})

n p
nE[F™|9] =nE {Zl{,”:v} [TIW' @A +wa;\a)] | }

v=1 j=1

v=1

n P n P
=Y E {1‘[ [W/(AY) + W(A; \ Ay)] |§4} ZHWA \ Ay)
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n V4 V4
:Z{ (]‘[ W(A,-))—ZW(A,ﬁ)( I1 W(Aj))
v=1 j=1 k=1

JEelpI\{k}

p
+Y =t > ( I1 W(Aj))W(A,'jl)u-W(A,'je)}
=2 kiyees .kg.G[p] Jjelp\iki,..., ke}
all distinct

=nF—pF+Ry(F),

P n
where R, (F) = Z(—L)‘Z Z ( ]_[ W(Aj)) Z W(A}) - W(A},).
=2 ki.oke€lpl \ jelpI\tki....ke} v=1
all distinct

Then R, (F) convergesin L>(2, %, P) to 0, due to the fact that Yooy ]_[;1:1 W(Azi)
converges in Lz(Q) to 0, as n — 400, if g > 2 and all k;’s are distinct numbers.
This proves our theorem when f € &),.

By the above computation, we can see that if F = [ l‘,}v (f) with f given in
(14.12), then

P n
Ry (F) = Z Biin.. :;;Z( Nty ( [ W(Aw)ZW(AM-W(AFM).
i }

wnip=1 ki,....kg=1 \jelpI\{ki,....ke v=1
all distinct

Therefore, using Wiener-Itd isometry, we can first write || R, (F) H iz (@) a8

m n

Py (Buies,)

ilyenip=1 ki....kelp]
all distinct

LX)

Z( ntoy ( I1 W(Ai,v>)W(A?kl)~--W(AFM)
ke}

Jjelp\tki,...,

and then using the elementary inequality (aj + ... + an,)? < mP~! YL lai | for
ai € R, 8> 1,m €N, we have

2
| > [T woa | wag)--way)
ki v.oeske€lp] \JELPINLooske} L2(Q)
alldlstmct
P 2
SIS [T wep |wiay)--w(ap)
=2 ki,....ke€[p] JelpI\tky,....ke} Lx <)

all distinct
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P
=012, 2 [T v fv(ag)-v(4;)

€=2ky,....keelpl \ jelpN\fki,....ke}
all distinct

<O ) [T v |v(ap)v(ay)

ki,k2elpl \ JjelpI\{ki ka}
k1#ka
where ©®1, ®, (and ©3 in the following) are some absolute constants that do

not depend on n or F. Note now for k; # ko, ZZ:lU(A?kI) . v(Al’?kz) <
v(A,-k1 ) > v(Asz) = V(Aikl) . v(Aikz), thus,

HR"(F)HiZ(Q) S [7! Z (,3,’1,‘2,_,,‘1,)2@2 Z ( l_[ V(Ai./)) V(Aikl)v(Aikz)
}

ilyenip=1 ki, kaelp] \ jelpI\lki,ka
ki#k
m
<P Y (Bainiy) O3 [ v(Ai) =03 IF |72, -
i1,eeip=1 jelpl

Since {I;V(f) : fe gp} is dense in the pth Wiener chaos J¢,, R, : ¢}, — L2(Q)
is a bounded linear operator with operator norm || Ry |lop < /©3 for each n € N.
Note the linearity follows from its definition R,(F) := n E [F m _ F |§¢] + pF,
F e 7.

Now we define
Cp = { F e, : Ro(F) = hT R, (F) is well defined in Lz(Q)} .
n—1+00

It is easy to see that €), is a dense linear subspace of JZ}, and for each f € &),
Il‘f’(f) € ¢ and ROO(IIZV(f)) =0. As

sup | Ry llop < \/®3 < 400,
N

ne

R has a unique extension to /%, and by density of {1V (f) : f € &} in 2,
Roo(F) = 0 for each F € 5. In other words, for any F € 5,,n E[F™ — F|¥]
converges in L2(2) to —pF, as n — +00. O
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14.5 Proof of Proposition 14.1.2

We now give the proof of Proposition 14.1.2, which has been stated in the
introduction. We restate it for the convenience of the reader.

Proposition 14.1.2 Let (B, B');>0 be a family of exchangeable pairs of Brownian

motions (that is, B is a Brownian motion on [0, 1] and, for each t, one has
law

(B, B") = (B', B)). Assume moreover that
(a) for any integer p > 1 and any f € L([0, 1]7),

R .
lim E[1F () = 18Dl BY] = -pIE(n) in L.

Then, for any integer p > 1 and any f € L*([0, 1]7),
1 ‘ !
(b) lim | E[(I,? f) - 1,?(f))2|a{3}] =2p° /O 1P (f(x,))dx  in LA(Q);
. 1 B! B 4 _
@ tim E[(17 ()~ 17 (D)*] =0

Proof We first concentrate on the proof of (b). Fix p > 1 and f € L?([0, 1]7), and
set F = If (f)and F; = Ilft (f). First, we observe that

1 1 2
, ElF - F)*|o{B}] = . E[F? - F*|o{B}] - FE[F — Flo(B]].

Also, as an immediate consequence of the product formula (14.7) and the definition
of f ®, f, we have

14

1 2
P’ /O 1P (f(x, ) dx = er!(f ) 13, o, (f ® f).

r=1

Given (a) and the previous two identities, in order to prove (b) we are thus left to
check that

.1 2 2 2 z P\’ -
11%1t E[F? —F*lo{B}]=-2pF +2;rr! ) I, 5 (f & f) in L*(Q).

(14.13)
The product formula (14.7) used for multiple integrals with respect to B’ (resp. B)

yields

p P

2 2
F2= Z”(f) o (F ) (resp. 7 = Z”(f) Byarf & ).

r=0 r=0
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Hence it follows from (a) that

1 Pl 2 .
VE[R? — Plo(B)] = Zrz<’r’) EUE (£ @ ) = 1,0, ® PloBI]
r=0
— Z ( ) @ —2p) 18, 5, (f @ 1)

= —2p(F*—E[F?) )+2erv< ) 13, o, (f ® 1),

r=1

which is exactly (14.13). The proof of (b) is complete.

Let us now turn to the proof of (c). Fix p > 1 and f € L2([O, 1]17), and set
F=1}(f)and F, = If' (f),t > 0. We claim that the pair (F, F;) is exchangeable
for each 7. Indeed, thanks to point 4 in Sect. 14.2, we first observe that it is enough
to check this claim when f belongs to £, that is, when f has the form

k
S, oo, xp) = Z ,Bil...ipllril,l,ril)x‘A‘x[ril,,l,rip)(xla cees -x[J)a

i1,.ip=1

withk > 1and 0 =79 < 71 < ... < T}, and the coefficients ,B,-l,__,-p are zero if any
two of the indices iy, ..., i, are equal. But, for such an f, one has

F=1B(f)= Z Bir..ip (B(ti)) — B(ti,—1) ... (B(zi,) — B(%i,~1))

Fo=18(f Z Bi.ip(B' (1)) — B! (51, 1) ... (B' (zi,) — B' (zi, 1))

and the exchangeability of (F, F;) follows immediately from those of (B, B'). Since
the pair (F, F;) is exchangeable, we can write

E[(F, — F)*] = E[F' + F* —AF}F — 4F3F, + 6FF?]
= 2E[F*] —8E[F’F,] + 6E[F*F?] by exchangeability;
=4E[F*(F, — F)] + 6E[F*(F, — F)*] after rearrangement;
= 4E[FPE[(F, — F)|o{B}] + 6E[F?E[(F, — F)*|o{B}]].
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Dividing by ¢ and taking the limit ¢ |, O into the previous identity, we deduce, thanks
to (a) and (b) as well, that

.1 !
1% . E[(Ft — F)4] = —4pE[F+ 12p*E [F2/0 15 (fx, -))2dxi| )
(14.14)

In particular, it appears that the limit of } E [(F, - F )4] is always the same,
irrespective of the choice of our exchangeable pair of Brownian motions (B, B)
satisfying (a). To compute it, we can then choose the pair (B, B) we want, for
instance, the pair constructed in Sect. 14.3. This is why, starting from now and for
the rest of the proof, (B, B') refers to the pair defined in Sect. 14.3 (which satisfies
(a), that is, (14.11)). What we gain by considering this particular pair is that it
satisfies a hypercontractivity-type inequality. More precisely, there exists ¢, > 0
(only depending on p) such that, for all > 0,

EL(F; — F)*1 < ¢, El(F, — F)*T. (14.15)

Indeed, going back to the definition of multiple Wiener-1t6 integrals as given in
Sect. 14.2 (first for elementary functions and then by approximation for the general
case), we see that F; — F is a multiple Wiener-Itd integral of order p with respect
to the two-sided Brownian motion B = (B(s))se[—1,1], defined as

B(s) = B(s)1[0.11(s) 4+ B(—s)1{_1.01(5).

But product formula (14.7) is also true for a two-sided Brownian motion, so the
claim (14.15) follows from (14.8) applied to B. On the other hand, it follows from
(b) that } E [(F, - F )2] converges to a finite number, as ¢ | 0. Hence, combining
this fact with (14.15) yields

1

! E[(Fi = F)] <cpt <t

t

E[(Fi - F)2]>2 -0,

ast | 0. |
Remark 14.5.1
(i) A byproduct of (14.14) in the previous proof is that

1
;(E[F“] -30Y) =E [F2 (,;/0 1P (f(x,))dx — 02>:| . (14.16)

Note (14.16) was originally obtained by chain rule, see [15, equation (5.2.9)].
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(ii) As a consequence of (c) in Proposition 14.1.2, we have lim, } E[|1[§’ (f) —
If(f)|3] = 0. Indeed,

1 t 1 , ; 1 : é
CE[IE (- 1E (P < (l E[ (1] (f)—l,f(f))zD (r E[(1f (f)—l,?(f))“])
— 0, ast|O0.

(iii) For any r > 2, in view of (14.9) and (14.15), there exists an absolute constant
¢r,p depending only on p, r (but not on f) such that

r/2

E(IE(H) — 1B (O < erp E[(IE ) — 18 (1)?]

Moreover, if F € L2(Q, o{B}, P) admits a finite chaos expansion, say, (for

some p € N) F = E[F] + 25:1 1B(fy), and we set F; = E[F] +

> 5 -1 L qB " fq), then there exists some absolute constant Cy, , that only depends
on p and r such that

E[IF - FI'|<C, E[(F - F)]".

14.6 Proof of E. Meckes’ Theorem 14.1.3

In this section, for sake of completeness and because our version slightly differs
from the original one given in [11, Theorem 2.1], we provide a proof of Theo-
rem 14.1.3, which we restate here for convenience.

Theorem 14.1.3 (Meckes [11]) Let F and a family of random variables (Fy);>o

be defined on a common probability space (2, F, P) such that F; faw F for every
t > 0. Assume that F € L*(Q,9, P) for some o-algebra 9 C F and that in
L'<),

1
(a) hf(} . E[F;, — F|9 = —A F for some A > 0,
t
1
(b) hﬁ)l , E[(F; — F)zlfﬂ = (21 + S)Var(F) for some random variable S,
1
1
lim (F, — F)’=0.
(©) tlf(} ; (Fi )
Then, with N ~ N (0, Var(F)),

E|S|

dry(F,N) < N
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Proof Without loss of generality, we may and will assume that Var(F) = 1. Itis
known that

1
dry(F.N) = sup E[o(F) — (V)] , (14.17)

where the supremum runs over all smooth functions ¢ : R — R with compact
support and such that ||¢|c < 1. For such a ¢, recall (see, e.g. [3, Lemma 2.4]) that

2 X 2
gx) =e"/? / (¢(») — Elp(N)])e™>?dy, xeR,
—00
satisfies

§'(x) —xg(x) = ¢(x) — E[p(N)] (14.18)

as well as |[glloc < V27, [Ig'llo < 4 and [|g"looc < 2]l¢'lloc < +00. In what
follows, we fix such a pair (¢, g) of functions. Let G be a differentiable function

such that G’ = g, then due to F; law F, it follows from the Taylor formula in
mean-value form that

1
0=E[G(F)— G(F)| = E[g(F)(F, — F)] + 5 E[g¢/(F)(F, — F)*] + E[RI,

with remainder R bounded by é||g”||Oo |F, — F|3.
By assumption (c¢) and as ¢ | 0,

1 1 1
‘t E[R]‘ < 18"l | E[IF = FF'] 0.
Therefore as ¢ | 0, assumptions (a) and (b) imply that

1
VE['(F) = Fg(P)] + ) E[g'(F)S] =0.

Plugging this into Stein’s equation (14.18) and then using (14.17), we deduce the
desired conclusion, namely,

L&' leo E|S]
d F,N) < E|S| < .
Tv( ) ) o |S| N

Remark 14.6.1 Unlike the original Meckes’ theorem, we do not assume the
law

exchangeability condition (F;, F) = (F, F;) in our Theorem 14.1.3. Our
consideration is motivated by Rollin [22].
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14.7 Quantitative Fourth Moment Theorem Revisited via
Exchangeable Pairs

We give an elementary proof to the quantitative fourth moment theorem, that is,
we explain how to prove the inequality of Theorem 14.1.1(ii) by means of our
exchangeable pairs approach. For sake of convenience, let us restate this inequality:
for any multiple Wiener-1to integral F of order p > 1 such that E[F?] = o > 0,
we have, with N ~ N (0, 02),

2 [p—1
drv(F.N) < P=% JEIF4 - 304, (14.19)
o2\l 3p

To prove (14.19), we consider, for instance, the exchangeable pairs of Brownian
motions {(B, B")};~o constructed in Sect. 14.3. We deduce, by combining Proposi-
tion 14.1.2 with Theorem 14.1.3 and Remark 14.5.1-(ii), that

2 ' g W2 2
drv(F,N) < S E||p [ 15 (f(x, ) dx —o
o 0

} . (14.20)

To deduce (14.19) from (14.20), we are thus left to prove the following result.

Proposition 14.7.1 Let p > 1 and consider a symmetric function f € L*([0, 1]7).
Set F = 15(f) and o* = E[F?]. Then

1 2 _
E [(p fo I (f(x, ) dx — 02) ] <F 3 N(ELFY - 30%).

Proof Using the product formula (14.7), we can write

14

2 p—1 2
F2 — Zﬂ(f) IZBP_Zr(f QR f) =02+ Z"(f) Iﬁ,_z,(f ®r f),

r=0 =0

as well as

1 p-l —1\2 1
P/O Ifq(f(x,'))zdx:PZ”(pr >126;772r72</0 f(x,-)®rf(x,~)dx>
r=0

P —1\2 -1 2
=p2<r—1)!<f_1> 15, (f @ f>=02+Z;r!<f) B 0 (f® 1)
r=1 r=1
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Hence, by the isometry property (point 2 in Sect. 14.2),

1 2 p=l 2 4
E [(p fo 1B (f(x, ) 2dx — 02> } =X r!z(f ) @p =200 &, 12201 -

r=1
On the other hand, one has from (14.16) and the isometry property again that

1
;(E[F“] -30%) = E [FZ (p/(; 1P (f(x, ) dx — 02>]
p—1

1 4 4 r ofp ¢ = 2
= 3(E[F ]_ 30 ) = Z p r! (r (217 _Zr)!”f®rf||L2([0’1]2p72r)-

r=1

The desired conclusion follows. O

14.8 Connections with Malliavin Operators

Our main goal in this paper is to provide an elementary proof of Theorem 14.1.1(ii).
Nevertheless, in this section we further investigate the connections we have found
between our exchangeable pair approach and the operators of Malliavin calculus.
This part may be skipped in a first reading, as it is not used in other sections. It
is directed to readers who are already familiar with Malliavin calculus. We use
classical notation and so do not introduce them in order to save place. We refer
to [18] for any missing detail.

In this section, to stay on the safe side we only consider random variables F
belonging to

A= U @% , (14.21)

peNr<p

where 77 is the rth chaos associated to the Brownian motion B. In other words,
we only consider random variables that are o { B}-measurable and that admit a finite
chaotic expansion. Note that .4 is an algebra (in view of product formula) that is
dense in L?(2, o{B}, P).

As is well-known, any o {B}-measurable random variable F can be written
F = ¢ (B) for some measurable mapping yr : RR+ — R determined P o B~!
almost surely. For such an F, we can then define F; = ¥ g(B"), with B! defined
in Sect. 14.3. Another equivalent description of F; is to define it as F; = E[F] +

r, L' (f,), if the family (f,)1< <, is such that F = E[F] + P IB ().
Our main findings are summarized in the statement below.
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Proposition 14.8.1 Consider F, G € A, and define F;, G; for eacht € Ry as is
done above. Then, in L2(Q),

@ lim © E[F - F|a{B}] —LF
110 ¢ ! ’
(b) lim : E[(F, — F)(G,— G)|a{B}] — L(FG)— FLG — GLF =2 (DF, DG).

Proof The proof of (a) is an immediate consequence of (14.11), the linearity of
conditional expectation, and the fact that LI,B (fy) = —r IrB (fr) by definition of
L. Let us now turn to the proof of (b). Using elementary algebra and then (a), we
deduce that, as ¢ | 0 and in Lz(Q),

1
, El(Fi = F)(Gi = G)|o{B}]
1 1 1
=, E[F,G, — FG|o{B}] — tFE[G, — Glo{W}] - tGE[F, — Flo{B}]
— L(FG)— FLG — GLF .
Using L = —6D, D(FG) = FDG + GDF (Leibniz rule) and §(FDG) =

F5(DG)—(DF, DG) (see [18, Proposition 1.3.3]), it is easy to check that L(FG)—
FLG—-GLF =2(DF, DG), which concludes the proof of Proposition 14.8.1. O

Remark 14.8.2 The expression appearing in the right-hand side of (b) is nothing
else but 2I'(F, G), the (doubled) carré du champ operator.

To conclude this section, we show how our approach allows to recover the
diffusion property of the Ornstein-Uhlenbeck operator.

Proposition 14.8.3 Fix d € N, let F = (Fy,...,Fy) € A (with A given in
(14.21)), and ¥ : R — R be a polynomial function. Then

d d
LY(F) = Zaj\Il(F)LFj + Z 3;V(F)(DF;, DFj) . (14.22)
Jj=1 i,j=1

Proof We first define F; = (F1;, ..., Fg4) as explained in the beginning of the
present section. Using classical multi-index notations, Taylor formula yields that

d d
1
W(F) —W(F) =Y 0;W(F)(Fj, — Fj) + 5 > W) (Fj = F)(Fii — F)
j=1 i,j=1

3 1 v ;
+|§::3 ﬂ1!~~~ﬂd!(Fr_F)ﬁ/0 (1 — (@ ... 0P W) (F + s(F, — F)) ds.
(14.23)
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In view of the previous proposition, the only difficulty in establishing (14.22)
is about controlling the last term in (14.23) while passing ¢+ | 0. Note first
(3{31 ...85"\11)(F + s(F; — F)) is polynomial in F and (F; — F), so our problem
reduces to show

1
lim E[|F*(F, — F)’|] =0, 14.24
lim | E[|F*(F, = F)]] (14.24)

d .
forer = (a1, ... ). B = (Br..... fa) € (NU{0}) with ] >3
Indeed, (assume B; > O for each j)

1
E[|F*(F, — F)’|] < tE[lF“lz]l/zE[l(F, — F)PI?]' by Cauchy-Schwarz inequality;

172
d Bj
|F°‘ oy ! (l_[ |:(Fj,, - Fj)2lﬁ\i| |ﬂ) by Holder inequality;

12
1 2 \ﬁl Bj
E[|F*P]"? ¢ ! ( " [(F,;,—Fj)z] ’) :

where the last inequality follows from point-(iii) in Remark 14.5.1 with C > 0
independent of 7. Since F® € A and |B| > 3, (14.24) follows immediately from the
above inequalities. O

:]eh

14.9 Peccati-Tudor Theorem Revisited Too

In this section, we combine a multivariate version of Meckes’ abstract exchangeable
pairs [12] with our results from Sect. 14.3 to prove (14.5), thus leading to a fully
elementary proof of Theorem 14.1.5 as well.

First, we recall the following multivariate version of Meckes’ theorem (see [12,
Theorem 4]). Unlike in the one-dimensional case, it seems inevitable to impose the
exchangeability condition in the following proposition, as we read from its proof in
[12].

Proposition 14.9.1 Foreacht > 0, let (F, F;) be an exchangeable pair of centered
d-dimensional random vectors defined on a common probability space. Let G be a
o-algebra that contains o {F)}. Assume that A € R4*? s an invertible deterministic
matrix and X is a symmetric, non-negative definite deterministic matrix such that

1
(a) lim E[F, — FIG] = —AF in L'(Q),
0t

1
(b) hﬁ)l . E[(Ft — F)(F; — F)T|€f] =2AX 4+ Sin LI(Q, I - |zs) for some matrix
t
S = S(F), and with || - ||gs the Hilbert-Schmidt norm
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(c) hmZ |F, t — F; |3] =0, where F;; (resp. F;) stands for the ith coordi-

nate oth (resp. F).
Then, with N ~ N;z(0, X),
(1) forg € C*RY),

s

A lopv/d Ma(g)
’ E Z 7

|E[g(F)] — E[g(\W)]] < A

i,j=1

where Ma(g) := sup,cga | D*g(x) ||Up with || - ||lop the operator norm.
(2) if, in addition, T is positive definite, then

_ _ d
TAHlop I =712 110p 5
dw(F,N) < E S

ij=1

Remark 14.9.2 Constant in (2) is different from Meckes’ paper [12]. We took this
better constant from Christian Débler’s dissertation [5], see page 114 therein.

By combining the previous proposition with our exchangeable pairs, we get the
following result, whose point 2 corresponds to (14.5).

Theorem 14.9.3 Fixd > 2 and 1 < p1 < ... < pg. Consider a vector F =
(1,’?1 f,..., I[ir (fd)) w1th fi € L2([O, 1]1”) symmetric for each i € {1,...,d}.
Let ¥ = (0ij) be the covariance matrix of F, and N ~ N4 (0, X). Then

(1) for g € C*(RY),

d
dM !
[EteP1 - Ergan| < V 2SS Var(piy [ a1 it D1y ),

ij=1

where M>(g) := Sup, cgd || ng(x)”o[7
(2) ifin addition, X is positive definite, then

2172 lgp

dw(F,N) <
Q12

d 1
Z Var(Pin/O Ip,-—l(fi(xv'))Ip_,-—l(fj(xv'))dx)~

i,j=1
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Proof We consider F; = (Iflt f1), ..., Pd (fd)) where B! is the Brownian motion
constructed in Sect. 14.3. We deduce from (14.10) that

1 efplt — ; e*PdT — ;
. ELFi = Flo{B}] = ( . IB (f1)s - . IB (fd))
implying in turn that, in L?(Q) and as ¢ |, 0,
1
) E[F, — Flo{B}] > —AF,

with A = diag(p, ..., pq) (in particular, ||A_1 lop = pl_l). That is, assumption
(a) in Proposition 14.9.1 is satisfied (with G = o {B}). That assumption (c) in
Proposition 14.9.1 is satisfied as well follows from Proposition 14.1.2(c). Let us
finally check that assumption (b) in Proposition 14.9.1 takes place too. First, using
the product formula (14.7) for multiple integrals with respect to B’ (resp. B) yields

PiNpPj i »
FF; = Z r!<r1>< /)Impj o (fi ® 1))

r=0

DiNDj
Pi\(P
E,tFj,[ = Z r!(r’)< /) pitpj— 2r(f’ ®r f])

r=0

Hence, using (14.11) for passing to the limit,

1 1
. E[(Fi; — F)(Fj; — Fj)|o{B}] — . E[FFj; — F;Fj|o{B}]
1 1
=, F; E[Fj, — Fjlo{B}] — ) Fj E[F;; — F;|o{B}]
PiNDj Di
= (pi + p))FiFj = Z r!<rl>< )(p+q) ,,+,,j_2,(fi ®; fj) ast 0.
r=0

Now, note in L2(2),

1
ELFuFj - FiFj|o{B}]

PiNDPj . N 1 ,
= X (")) )l ) = 1y a0 )lotE]

r

PiNDj ) .
S r,(;;;)(zvrj)m_pi POIE L, o (fi @ f) . ast | 0,by (14.11).

r=0
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Thus, as ¢ | 0,

r r

1 PiNDj . )
L B[y = Fo(Fjy = Fplo{BY] = 2 3 r!r(p )(pf)1£+,,,-_2r(ﬁ ®r f})

r=1
1
= 2pip; / 15 (fibe, DIE  (fi(x, D,
0
where the last equality follows from a straightforward application of the product
formula (14.7). As a result, if we set
1

Sij = 2171'17/'/0 L1 (fiGx, NIp;—1(fj(x, ))dx — 2pjoij

for each i, j € {l,...,d}, then assumption (b) in Proposition 14.9.1 turns out
to be satisfied as well. By the isometry property (point 2 in Sect. 14.2), it is
straightforward to check that

1
Pi fo E 11 (i D1 (0 [dx = o35

Therefore,
d d d 1
E|l |[Y 83 |< | Y ES]=2|) Var(p,-p_,-/o Ly (fi Gy N -1 (f (3, ~))dx) .
i, j=1 ij=1 i, j=1
Hence the desired results in (1) and (2) follow from Proposition 14.9.1. |

Acknowledgements We would like to warmly thank Christian Dobler and Giovanni Peccati, for
very stimulating discussions on exchangeable pairs since the early stage of this work.

References

1. J.-M. Azais, J.R. Ledn, CLT for crossing of random trigonometric polynomials. Electron. J.
Probab. 18(68), 1-17 (2013)

2. J.-M. Azais, F. Dalmao, J.R. Leon, CLT for the zeros of classical random trigonometric
polynomials. Ann. Inst. H. Poincaré Probab. Stat. 52(2), 804-820 (2016)

3. L.H.Y. Chen, L. Goldstein, Q.M. Shao, Normal approximation by Stein’s method, in Probabil-
ity and Its Applications (Springer, Berlin, 2011)

4. F. Dalmao, Asymptotic variance and CLT for the number of zeros of Kostlan Shub Smale
random polynomials. C. R. Math. 353(12), 1141-1145 (2015)

5. C. Dobler, New developments in Stein’s method with applications. Ph.D. dissertation.
Ruhr-Universitédt, Bochum, 2012. http://www-brs.ub.ruhr-uni-bochum.de/netahtml/HSS/Diss/
DoeblerChristian/


http://www-brs.ub.ruhr-uni-bochum.de/netahtml/HSS/Diss/DoeblerChristian/
http://www-brs.ub.ruhr-uni-bochum.de/netahtml/HSS/Diss/DoeblerChristian/

11.

12.

13.

14.

15.

17.

18.

19.

20.

21.

22.

23.

24.

Exchangeable Pairs on Wiener Chaos 303

. D. Hug, G. Last, M. Schulte, Second-order properties and central limit theorems for geometric
functionals of Boolean models. Ann. Appl. Probab. 26(1), 73-135 (2016)

. P. Malliavin, Stochastic calculus of variations and hypoelliptic operators, in Proceeding
International Symposium on Stochastic Differential Equations (Wiley, Kyoto, 1976/1978), pp.
195-263

. D. Marinucci, G. Peccati, Ergodicity and Gaussianity for spherical random fields. J. Math.
Phys. 51, 043301 (2010)

. D. Marinucci, M. Rossi, Stein-Malliavin approximations for nonlinear functionals of random
eigenfunctions on 7. J. Funct. Anal. 268(8), 2379-2420 (2015)

. D. Marinucci, G. Peccati, M. Rossi, I. Wigman, Non-universality of nodal length distribution

for arithmetic random waves. Geom. Funct. Anal. 26(3), 926-960 (2016)

E. Meckes, An infinitesimal version of Stein’s method of exchangeable pairs, Ph.D. disserta-

tion. Stanford University, Stanford, 2006

E. Meckes, On Stein’s method for multivariate normal approximation, in IMS Collections, High

Dimensional Probability V: The Luminy Volume, vol. 5 (2009), pp. 153-178

I. Nourdin, Malliavin-Stein approach: a webpage maintained by Ivan Nourdin. http://tinyurl.

com/kvpdgcy

I. Nourdin, G. Peccati, Stein’s method on Wiener chaos. Probab. Theory Relat. Fields 145(1),

75-118 (2009)

I. Nourdin, G. Peccati, Normal approximations with Malliavin calculus: from Stein’s method

to universality, in Cambridge Tracts in Mathematics, vol. 192 (Cambridge University Press,

Cambridge, 2012)

. I. Nourdin, J. Rosinski, Asymptotic independence of multiple Wiener-It6 integrals and the

resulting limit laws. Ann. Probab. 42(2), 497-526 (2014)

I. Nourdin, G. Peccati, A. Réveillac, Multivariate normal approximation using Stein’s method

and Malliavin calculus. Ann. Inst. H. Poincaré - Probab. Stat. 46(1), 45-58 (2010)

D. Nualart, The Malliavin Calculus and Related Topics, 2nd edn. Probability and Its Applica-

tions (Springer, Berlin, 2006)

D. Nualart, G. Peccati, Central limit theorems for sequences of multiple stochastic integrals.

Ann. Probab. 33(1), 177-193 (2005)

G. Peccati, C.A. Tudor, Gaussian limits for vector-valued multiple stochastic integrals.

Séminaire de Probab. XXXVIII, 247-262 (2005)

M. Reitzner, M. Schulte, Central limit theorems for U-statistics of Poisson point processes.

Ann. Probab. 41(6), 3879-3909 (2013)

A. Rollin, A note on the exchangeability condition in Stein’s method. Statist. Probab. Lett. 78,

1800-1806 (2008)

M. Schulte, A central limit theorem for the Poisson-Voronoi approximation. Adv. Appl. Math.

49(3-5), 285-306 (2012)

C. Stein, A bound for the error in the normal approximation to the distribution of a sum

of dependent random variables, in Proceeding Sixth Berkeley Symposium on Mathematics

Statistical and Probability, vol. 2 (University of California Press, California, 1972), pp. 583—

602


http://tinyurl.com/kvpdgcy
http://tinyurl.com/kvpdgcy

Chapter 15 m)
Permanental Processes with Kernels That oo
Are Not Equivalent to a Symmetric

Matrix

Michael B. Marcus and Jay Rosen

Abstract Kernels of o-permanental processes of the form

u(x,y) =ulx,y) + f(y). x,y €S, (15.1)

in which u(x, y) is symmetric, and f is an excessive function for the Borel
right process with potential densities u(x, y), are considered. Conditions are given
that determine whether {i(x, y); x,y € S} is symmetrizable or asymptotically
symmetrizable.

Keywords Permanental processes - Symmetrizable

AMS 2010 Subject Classification 60K99, 60J25, 60J27, 60G15, 60G99

15.1 Introduction

An R" valued a-permanental random variable X = (Xi,..., X,) is a random
variable with Laplace transform

\ 1
*Zi=13iXi —
E (e ) I +KS|e’ (15.2)

where K is an n x n matrix and S is an n x n diagonal matrix with diagonal entries
(S15« vy Sn)-
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We refer to K as a kernel of X. But note that K is not unique. For example, if
K satisfies (15.2) so does AKA~! for any A € D, 4, the set of n x n diagonal
matrices with strictly positive diagonal entries.

Let KC(X) denote the set of all kernels that determine X by (15.2). We are
particularly interested in ¢-permanental random variables X for which KC(X) does
not contain any symmetric kernels. (We explain at the end of this section why we
are interested in such processes and kernels.)

If IC(X) contains a symmetric matrix we say that X is determined by a symmetric
matrix or kernel and that any K C K(X) is equivalent to a symmetric matrix, or is
symmetrizable. It follows from (15.2) that a kernel K is equivalent to a symmetric
matrix if and only if there exists an # x n symmetric matrix Q such that

I +KS|=|I+QS| forallSeD,. (15.3)

An o-permanental process {X;,t € T} is a stochastic process that has
finite dimensional distributions that are a-permanental random variables. An «-
permanental process is determined by a kernel {K (s, t), s, t € T} with the property
that for all distinct #1,...,%, in T, {K(#,¢;),i,j € [1,n]} is the kernel of the
a-permanental random variable (X;,, ..., X;,).

Definition We say that an o-permanental process {X;,t € T} with kernel
{K(s,t),s,t € T}is determined by a symmetric kernel if for all » > 1 and distinct
t,....tyinT,{K(,1;),i, j €[1,n]}is symmetrizable. When this is the case we
also say that {K (s, t), s, t € T} is symmetrizable. (In what follows we always take
IT| =3.)

The next theorem is [6, Theorem 1.9]. It shows that we can modify a very large
class of symmetric potentials so that they are no longer symmetric but are still
kernels of permanental processes.

Theorem 15.1.1 Let S a be locally compact set with a countable base. Let X =
(R, Fi, X¢,0;, PY) be a transient symmetric Borel right process with state space
S and continuous strictly positive potential densities u(x, y) with respect to some
o -finite measure m on S. Then for any finite excessive function f of X and a > 0,

Wy =u@, )+ fO), x,yeS, (15.4)

is the kernel of an a-permanental process.

A function f is said to be excessive for X if E* (f(X;)) 1 f(x) ast — 0 forall
x € §. Itis easy to check that for any positive measurable function #,

Fo) = / u (e, () dm(y) = E* ( /0 h (X)) dr) (15.5)

is excessive for X. Such a function f is called a potential function for X.
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Unless the function f in (15.4) is constant, {#/(x,y);x,y € S} is not
symmetric. We now show that, generally, we can choose f so that {ﬁf (x,y);x,y €
S} is also not equivalent to a symmetric matrix. The next two theorems show how
restricted the symmetric matrix {u(x, y); x, y € S} must be for (#f(x,y);x,y €S}
to be symmetrizable for all potential functions f.

We use ET to denote strictly positive sequences in £1.

Theorem 15.1.2 Let X = (2, F;, X¢, 6, PY) be a transient symmetric Borel right
process with state space T C N, and potential U = {Uj 1} j ker. Then

(i) Either
Ujrk=Njdjr+d, JkeT, (15.6)

where Aj > 0andd > 0,
(ii) or we can find a potential function f = Uh, with h € £, such that

ﬁj{'k =Ujx+ fi,  j.keT, (15.7)

is not symmetrizable.

When we consider limit theorems for infinite sequences of permanental random
variables {Y (k), k € N} with kernel V = {v(j, k), j, k € N} it is not enough to
know that V is not symmetrizable since we are only concerned with the permanental
variables generated by V(n) = {v(j,k), j,k > n} asn — oo. We would like
to know that V(n) is not symmetrizable for large n. We say that the kernel V is
asymptotically symmetrizable if there exists an ng such that V (n) is symmetrizable
for all n > ng. We can modify Theorem 15.1.2 to handle this case also.

Theorem 15.1.3 Let X = (2, F;, Xy, 0;, P¥) be a transient symmetric Borel right
process with state space N, and potential U = {U i} j ken. Then

(i) Either there exists an no such that
Ujr=Ajdjx+d, Vj, k> nop, (15.8)

where Aj > 0andd > 0,
(ii) or we can find a potential function f = Uh, with h € £, such that

~

U]{k =Ujk+ fer  J.keN, (15.9)

is not asymptotically symmetrizable.

The next theorem shows that when the state space of a transient symmetric Borel
right process has a limit point, then under reasonable conditions on the potential
densities that determine the process, the process is not determined by a kernel that
is asymptotically symmetrizable.
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Theorem 15.1.4 Let S’ = {xq, x1, ...} be a countable set with a single limit point
xo. Let X be a transient symmetric Borel right process with state space S', and
continuous strictly positive potential densities u := {u(x, y), x,y € S8’} such that
u(y, xo0) < u(xo, xo) for all y # xo. Then we can find a potential function f = Uh,
with h € E;r, that is continuous at xq, and is such that,

oy =u@, )+ f(y), x.yeS, (15.10)

is not asymptotically symmetrizable.

Theorems 15.1.2-15.1.4 show that generally there exists an excessive function f
for X which gives a kernel for an o-permanental processes that is not determined
by a symmetric matrix. However, in specific examples we deal with specific
functions f and want to know that the kernels determined by these functions are
not symmetrizable. With some additional structure on the symmetric matrix u (x, y)
in (15.4) we can show that i/ (x, y) in (15.4) is not asymptotically symmetrizable.

Lemma 15.1.1 In the notation of (15.4), letu = {u(j, k); j, k € N} be a symmetric
Toéplitz matrix, with at least two different off diagonal elements, and set v(| j —k|) =
u(j, k). Let

(i)
WG =v(j—kD+ fk),  jkeN, (15.11)
where f is a strictly monotone potential for u. Then {iif (j, k); j, k € N} is not

asymptotically symmetrizable.
(ii) Let

¥ (sj, 50 =sj Ase+ flsk), . keN, (15.12)

where f is a strictly monotone potential for {s; A sx; j, k € N}. Then for any
triple of distinct values s;, s, sy,

{Ef(spa Sq)}p,q:j,k,l , (15.13)

is not symmetrizable. In particular {57 (s i Sk); J, k € N} is not asymptotically
symmetrizable.

We can use this lemma to show that certain ¢-permanental processes, studied in
[6], are not determined by kernels that are asymptotically symmetrizable. When S
is an interval on the real line we say that {u(x, y); x, y € S} is not asymptotically
symmetrizable at xo € S, if we can find a sequence {x;} in S such that limy_, oo xx =
x0, and {u(x;, x¢); j, k € N} is not asymptotically symmetrizable.
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Example 15.1.1 In [6, Example 1.3] we obtain a limit theorem for the asymptotic
behavior of the sample paths at O of «-permanental processes with the kernel,

(s, ) = e M £ (), s, 1 €[0,1], (15.14)

where f = ¢q + tl/S, B > 2,and g > go(B), a constant depending on 8. We show in
Sect. 15.4 that u/ (s, t) is not asymptotically symmetrizable at any sy € S.
Similarly

wl (k) =e Mk 4 ), jkeN, (15.15)

is not asymptotically symmetrizable.

Example 15.1.2 In [6, Example 1.4] we obtain limit theorems for the asymptotic
behavior of the sample paths at zero and infinity of «-permanental processes with
the kernel,

W =sAt+ f@), 5,1 >0, (15.16)

where f is a concave strictly increasing function. We show in Sect. 15.4 that for
any so € R™ and any sequence of distinct values {s;} such that limy_, o sy = So,
v/ (s 7 8k) is not asymptotically symmetrizable.

In addition,

v/ (j k) =jAk+ fk),  jkeN, (15.17)

is not asymptotically symmetrizable.

We explain why we are particularly interested in «-permanental processes
determined by kernels K that are not equivalent to a symmetric matrix. When
{u(s, t);s,t € T} is symmetric and is a kernel that determines «-permanental
processes, Yo = {Y,(¢),t € T}, then

law

Yip 2 {GH0)/2,t € T}, (15.18)

where G = {G(¢),t € T} is a mean zero Gaussian process with covariance u(s, t).

This is not true when the kernel of o-permanental processes is not symmetrizable.
In this case we get a new class of processes. These are the processes that we find
particularly interesting.

There is another reason why permanental processes with kernels that are not
equivalent to a symmetric matrix are interesting. Dynkin’s Isomorphism Theorem
relates the local times of a symmetric Markov process to the squares of a Gaussian
process, with covariance given by the potential densities of the Markov process.
This theorem was extended by Eisenbaum and Kaspi [2] to relate the local times of
Markov processes that are not symmetric to permanental process, which necessarily,
are not determined by symmetric kernels. Results about permanental processes that
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are not symmetrizable should lead to new results about the local times of Markov
processes that are not symmetric.

To study permanental processes with kernels that are not equivalent to a
symmetric matrix our first step is to characterize those kernels that are equivalent
to a symmetric matrix. This is done in Sect. 15.2. In Sect. 15.3 we give the proofs
of Theorems 15.1.2-15.1.4. In Sect. 15.4 we give the proof of Lemma 15.1.1 and
details about Examples 15.1.1 and 15.1.2.

15.2 Kernels That Are Equivalent to a Symmetric Matrix

Let M be an n x n matrix. For Z C [1, ..., n] we define M7 to be the |Z| x |Z|
matrix {Mp 4}, 4ez. (Recall that Dy, 4 is the set of all n x n diagonal matrices with
strictly positive diagonal elements.)

Lemma 15.2.1 Let K be an n x n matrix and assume that
[l +KS|=1|1+QS| forallS e D, ;. (15.19)

Then forall T C [1,...,n]

|Kz| =107l (15.20)
In particular
K| =|0| (15.21)
and
K;jj=0j; forall j=1,...n. (15.22)

Furthermore, if Q is symmetric, then

1Qjkl = (KjxKk )V? forall i,j=1,...,n (15.23)
and for all distinct i1, i2,i3 € [1,...,n]
Kil,izKiz,i3Ki3,i| = Ki],i3Ki2,i|Ki3,i2- (1524’)

Conditions such as (15.24) appear in [1, 3].

Proof Denote the diagonal elements of S by {s;}}_,. Lets; — 0 foralls; € Z¢ in
(15.19) to get

I +KzS| = |I + QzS| forall S € Dz . (15.25)



15 Permanental Processes with Kernels That Are Not Equivalent to a. . . 311

Multiply both sides of (15.25) by |S~!| and let the diagonal components of S go to
infinity to get (15.20). The relationships in (15.21) and (15.22) are simply examples
of (15.20).

LetZ = {}j, k}. It follows from (15.20) that

KiiKj;j—K;jKji=0QiiQjj— Qiz’js (15.26)

which by (15.22) implies that K; ;K ;; = Qizj. This gives (15.23).

Finally, let Z = {i1, i2, i3} and take the determinants |K(Z)| and |Q(Z)|. It
follows from (15.20), (15.22) and (15.23) that

Ki\ iy Kiy i3 Kis iy + Kiy i3 Kiy iy Kiz ia
= Qi1.ir Qiris Qiz.iy T Qiris Qiniy iz i

=20i,,i, Qir,i3 Qis.ir - (15.27)
By (15.23) this is equal to
+ 2(Ki, i Kiy i3 Kiy iy Kiy i3 Kiy iy Kiz i) /2. (15.28)
Set
x=Ki, ,KiyiKini, and y = Ki, i,Kiy.i, Kis.io- (15.29)
Then we have
x4+ y==22/xy. (15.30)

It is clear from this that x and y have the same sign. If they are both positive, we
have

x4y =2/xy, (15.31)

That is, (/x — Jy)z = 0, which gives (15.24).
On the other hand, if x and y are both negative, (15.30) implies that

(—x) + (=) = 2/ (=) (=), (15.32)

which also gives (15.24). O

Remark 15.2.1 Even when K is the kernel of a-permanental processes we must
have absolute values on the left-hand sides of (15.23). This is because when (15.19)
holds it also holds when |I + OS] is replaced by |I + VQVS] for any signature
matrix V. (A signature matrix is a diagonal matrix with diagonal entries £1.) So
the symmetric matrix Q need not be the kernel of a-permanental processes On the
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other hz}pd, by Eisenbaum and Kaspi [2, Lemma 4.2], we can find a symmetric
matrix Q that is the kernel of «-permanental processes such that (15.19) holds with
Q replaced by Q and we have Q; ; = (Kj,kKk,j)lﬂ.

15.3 Proofs of Theorems 15.1.2-15.1.4

We begin with a simple observation that lies at the heart of the proofs of
Theorems 15.1.2 and 15.1.3.
For y € R" we use Bs(y) to denote a Euclidean ball of radius § centered at x.

Lemma 15.3.1 Let W ={wjy; j, k=1,2,3} be a positive symmetric matrix such
that wjx < wj j Awg k. For any x = (x1, x2, x3) let W* be a 3 x 3 matrix defined
by

Wie=wjk+x.  j.k=123 (15.33)

Suppose that W+ is symmetrizable for all x € Bs(xo), for some xog € R3 and 8 > 0.
Then, necessarily,

wix=A8jx+d,  j k=123, (15.34)

where Aj > 0andd > 0.

Proof 1Tt follows from Lemma 15.2.1 that for all x € Bj(xo)

(w1,2 + X2) (w2,3 + X3) (w3,1 +X1) = (w1,3 +X3) (w2,1 + X1) (w3,2 + X2) .
(15.35)

We differentiate each side of (15.35) with respect to x1 and x; in Bjs(xp) and see that
w23 + X3 = w13+ Xx3. (15.36)

Therefore, we must have wy 3 = wj 3. Differentiating twice more with respect to x;
and x3, and x» and x3, we see that if (15.35) holds for all x € Bs (xo) then

w23 =wi3, wi2=w32, and w3 =w2]. (15.37)
This implies that for some (d1, da, d3)
wy, dy di
W= di w22 ds . (15.38)

di dry w33

Furthermore, since W is symmetric, we must have d; = dr = ds.
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Setd = d;,i = 1,2,3. Then, since w;; > w; j, i, j = 1,2,3, we can write
w;ii = A +d forsome A; > 0,i =1, 2, 3. This shows that (15.34) holds. O

In using Lemma 15.3.1 we often consider 3 x 3 principle submatrices of a larger
matrix. Consider the matrix {W(x, y)}x,yes, for some index set S. Let {x1, x2, x3} C
S. Consistent with the notation introduced at the beginning of Sect. 15.2 we note that

Wikt s} = {Wx]-,xk}j"’kzl- (15.39)

We also use 1, to denote an n x n matrix with all its elements equal to 1.

Proof of Theorem 15.1.2 1f (i) holds then
U’ := A+ 17/G, (15.40)

where G is a |[T| x |T| diagonal matrix with entries f; +d, f> +d,.... Let Z be
any finite subset of 7. Obviously,

(ﬁf)I = A7+ 117/G1. (15.41)
Since
1/2 —1/2 1/2 1/2
GY* (A1 + 117/G7) G = Az + G/ 111GY, (15.42)

and A7+ Glz/ zlmGlI/ % s symmetric, we see that U’ is symmetrizable. This shows

that if (i) holds then (i) does not hold.
Suppose that (i) does not hold. We show that in this case we can find a triple
{t1, 12, 13} such that Uy, 1, 13} does not have all its off diagonal elements equal.
Since (i) does not hold there are two off diagonal elements of V that are not
equal, say u;,, = a and u, 4, = b. Suppose that none of the indices I, m, p, g are
equal. The kernel of (X;, X;,,, X ) has the form.

-a -

Uimpy=\|a--|. (15.43)

where we use - when we don’t know the value of the entry. If any of the off diagonal
terms of Uy 1, py are not equal to a we are done.

Assume then that all the off diagonal terms of Uy, p} are equal. This implies,
in particular, that (Uy,m, p)m,p = (Ug,m,p})p.m = a. Therefore, Uy, p 4} has the
form,

. a .
Um,pgy:=a -b|. (15.44)
b -
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Therefore, if none of the indices /, m, p, g are equal we see that there exists a triple
{t1, 12, 13} such that Uy, 1, 15} does not have all its off diagonal elements equal.
If I = p the argument is simpler, because in this case

-ab
Uimgy=\a - |- (15.45)
b . .

If m = g the kernel of (X;, X, X;,,) is

-
- b . (15.46)
ab -

Using the fact that U is symmetric we see that cases when /! = g or m = p are

included in the above.

This shows that when (i) does not hold we can find a triple {#1, t2, #3} such
that Uy, 1,.1;) does not have all its off diagonal elements equal. We now show that
in this case (i) holds, that is, we can find a potential f for which (15.7) is not
symmetrizable.

For convenience we rearrange the indices so that {¢1, 12, 13} = {1, 2, 3}. We take
any h* € Z;“ and consider the potential f* = Uh*. If Uy 23 1= {Ujx + fk*}ik:l
is not symmetrizable, we are done. That is, (ii) holds with f = f*. However, it is
possible that Uy 3 3y is not of the form of (15.34) but

(Vi2+ f5) U3 + f7) (Usa + ) = (U1 + f5) (U2a + £7) (Us2 + f5) -
(15.47)

(See (15.35).) Nevertheless, since Uy 2,3) is not of the form (15.34), it follows from
Lemma 15.3.1 that for all § > 0 there exists an (f1, f2, f3) € Bs(f]", f5, f3) such
that {U; x + fk}:;’ «—1 18 not symmetrizable. (Here we use the facts that a symmetric
potential density U x is always positive and satisfies U x < U; j A Uik, see [4,
(13.2)].)

Note that Uy 2,3y is invertible. (See e.g., [5, Lemma A.1].) Therefore, we can
find ¢y, ¢, ¢3 such that

3
fi=f+) U, ji=1,23. (15.48)
k=1

Now, set h = h* + ¢, where ¢ = (c1, ¢2,¢3,0,0,...), i.e., all the components of ¢
except for the first three are equal to 0 and set f = Uh. The components fi, f2, f3
are given by (15.48). Furthermore, we can choose § sufficiently small so that for
(f1. f2. f3) € Bs(f", f5'» f3). c1, c2, c3 are small enough so that k1, h, and h3 are
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strictly greater than 0, which, of course, implies that 2 € KT, (defined just prior to
Theorem 15.1.2). Therefore, (ii) holds with this potential f. |

In Theorem 15.1.2 it is obvious that if (i) does not hold then there are functions
f for which (15.7) is not symmetrizable. What was a little difficult was to show
that f = (f1, f2, . ..), is a potential for X. We have the same problem in the proof
of Theorem 15.1.3 but it is much more complicated. If we start with a potential
f* = Uh*, to show that U7 is not asymptotically symmetrizable, we may need to
modify an infinite number of the components of f* and still end up with a potential
f. The next lemma is the key to doing this.

Lemma 15.3.2 Let X = (2, F;, X, 0:, P*) be a transient symmetric Borel right
process with state space N, and potential U = {Uj 1} xen. Then we can find a
potential function f = Uh, with h € Zf, such that for all « > 0,

~

U]{k =Ujk+ fx,  J.keN, (15.49)

is the kernel of an a-permanental sequence.
Moreover, for I} = {31 + 1, 31 + 2, 3] + 3}, the following dichotomy holds for
eachl > 0:

(i) Either U if ' is not symmetrizable,
(ii) or

Uy =A+dls, (15.50)

where A € D3 4 andd > 0.
Proof Let {i; j = 3l + j}i>0,je(1.2.3}- For f = {fi}}2, define,

Fi(f) = Fi(fi,y» fiins fing) (15.51)
= (Uil.l,il.z + fil,z)(Uil.z,iu + fiz,,z)(Uil.Lil.l + fiz,l)
_(Ui1,1,i1,3 + fi1.3)(Ui1,3,i1,2 + fil.z)(Uil,Zsil,l + fil.l)-

We note that when Uy, is given by (15.50), then for any sequence {f;,, fi,, fiz},

Fi(f)y =0and U I is symmetrizable. The first assertion in the previous sentence
follows because all the terms {U; ik }33 Ak=1 Are equal d. The second is proved in the
first paragraph of the proof of Theorem 15.1.2. On the other hand, it follows from
Lemma 15.2.1 that if F;(f) # 0 then U 1{ s not symmetrizable.

Therefore, to prove this theorem it suffices to find an & € ET for which the
potential function f = Uh satisfies the following dichotomy for each / > 0:

Either F;(f) #0 or Uy, has the form (15.50). (15.52)
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To find i we take any function h* € E;r and define successively h e ET, n>-—l1,
such that A~V = p* and

1 . 1 .
WD =n ¥jg¢l, and 0<2h75h5.")52h7, i>1, (15.53)

and such that f M .— U™ gatisfies,

|F(fUFD))]

IR = RO =TT,

n>1+1. (15.54)

As we point out just below (15.51), if Uy, is of the form (15.50), (15.54) is satisfied
trivially since F;(f) = Ofor all f. However, when Uy, is not of the form (15.50) we
also require that 2/ is such that

F () #o0. (15.55)

(The actual construction of {h™; n > —1} is given later in this proof.) O

By (15.53), R —h™ |y <237_, h’ forany n > m, hence h = lim,—c R
exists in ET. We set f = Uh and note that

i = £P1 = 1U G — k™)) ;) < Uj i1k — ™. (15.56)

Here we use the property pointed out in the proof of Theorem 15.1.2 that U; ; <
Uii NUj .

It follows from (15.56) that f; = lim, . f j(") for each j > 1 and consequently,
by (15.54),

s (+1)
() = G = S IRGED) - RO < 'F’(f2+ "

k=I+1

(15.57)

We see from this that when Uy, is not of the form (15.50), it follows from (15.55)
and (15.57) that F;(f) # 0. This implies that (15.52) holds.

We now describe how the ), j = 0,1,... are chosen. Assume that
A h®™ have been chosen. We choose AtD as follows: If either
Fo(f™) #0or U|I,,><1n has the form (15.50), we set A+t = ™,

Assume then that F,(f®™) = 0. If Uj, does not have the form of (15.50),
it follows from the proof of Lemma 15.3.1 that for all €, | O, there exists
a (81p 82.p,83p) € Be,(f", fI, f") such that Fy(g1,p, 82,5, 83.p) #

0. We choose f("“) = f(") for all indices except i, 1,in2,in3 and
+1 +1 +1
f(n )’f(" )’fi("3 )

in,l in,2

to be equal to one of these triples (g1,p, &2,p, £3,p). This
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gives (15.55) for I = n. Since €, | 0 we can take £O+D arbitrarily close to £ so
that it satisfies (15.54).
As in the proof of Theorem 15.1.2 we can solve the equation

In,j In,j

3
S 0 LS e = L3, (15.58)
k=1

for ¢;, ,, i, Ci, ;. To obtain A"+ we set R = p forall g ¢ I, and for
q € I, we take

(n+1) _ p(m) (m)
hq” = hq" ~|—an . (15.59)

where c,(]") has all its components equal to zero except for the three components
Ciy.1» Ciya>» Ciy 3~ By taking €, sufficiently small we can choose ¢;, ,, ¢i, 5, Ci, 5 SO that
the third statement in (15.53) holds.

We set £+ = Uh™+D and note that this is consistent with (15.58). ]

Proof of Theorem 15.1.3 1t is clear from Theorem 15.1.2 that if (i) holds then U
is asymptotically symmetrizable, because in this case {Uj, }f?’ j=1 is symmetrizable
for all distinct #1, . . ., #; greater than or equal to ng, for all k.

Suppose that (i) does not hold. Then, as in the proof of Theorem 15.1.2, we
can find a sequence {ng; k € N} such that ny — oo and a sequence of triples
3ng < fk 1, 2, 3 < 3npy1, such that Uy | 45,45} does not have all of its off
diagonal elements equal. We interchange the indices # 1, # 2, 3 with the indices
in I, ; (see Lemma 15.3.2). We can now use Lemma 15.3.2 to show that (ii) holds.

O

Proof of Theorem 15.1.4 Let S’ = {xg, x1, x2, ...} with limj_ o x; = x9. Assume
that for some integer n

u(x/',xk)ZAj(sxj,xk%—d, Vj, k> ngp. (15.60)
Thenu(x;,x;) = A+ d, and since, by hypothesis, u(x, y) is continuous,

Lim u(x;, x;) = u(xo, x0), (15.61)
/—)OO

which implies that limit A¢ := lim;_, o A ; must exist and
u(xg, x0) = Ag +d. (15.62)

It also follows from (15.60) that u(x , x¢) = d forallng < j < k. In addition, since
limy 00 u(xj, xx) = u(x;, xo), we see that for all j > ny,

u(xj,xo) =d. (15.63)
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Comparing the last two displays we get that for all j > ny,
u(xo, xo) — u(xj, xo) = Ao. (15.64)

This contradicts (15.60), because the assumption that u (xo, xo) > u(x;, xo) implies
that Ag > 0, whereas the assumption that u is continuous and (15.64) implies that
Ao =0.

Since (15.60) does not hold for any integer ng, (15.10) follows from Theo-
rem 15.1.3. The fact that f is continuous at x¢ follows from the Dominated Conver-
gence Theorem since lim; g 00 u(xj, xx) = u(xo, xo) implies that {u(x, y); x, y €
S’} is uniformly bounded. |

15.4 Proof of Lemma 15.1.1 and Examples 15.1.1 and 15.1.2

Proof of Lemma 15.1.1

(1) Let m, my, m3 be increasing integers such that my — m; = m3 — my and
u(mo —my) # u(ms — my) and consider the 3 x 3 Toeplitz matrix

u) + f(my)  u(my —my)+ f(mz) u(ms —my) + f(m3)
u(my —my)+ f(my) w0+ f(ma)  u(my—my)+ f(m3)
u(msz —my) + f(my) u(my —my) + f(mz)  u(0) + f(m3)

(15.65)

By Lemma 15.2.1, if {#t/ (j, k); j, k € N} is symmetrizable we must have

(u(mz —my) + f(m2))(u(mz —my) + f(m3))(w(m3z —my) + f(m1)) (15.66)
= (u(m3 —my) + f(m3))(w(mz —my) + f(m))(u(mz —my) + f(ma2)).

Note that we can cancel the term u(my —m1)+ f (m>) from each side of (15.66)
and rearrange it to get

(u(mz —my) —u(mz —m)(f(m1) — f(m3)) =0. (15.67)

This is not possible because u(my — m1) # u(mz —mq) and f(m1) # f(m3).
Since this holds for all m, my, m3 satisfying the conditions above we see
that Lemma 15.1.1 (i) holds.
(ii) Consider s; A si at the three different values, s, 5,, 5j;, and the matrix

Sip+ f(s0) sj + f(sj) sj + fsj3)
S + f(sjl) Sjy —+ f(sjz) Sjy —+ f(Sj3) . (15.68)
Sip+ f(80) sjy + f(sj2) sj3 + fsj3)



15 Permanental Processes with Kernels That Are Not Equivalent to a. . . 319

By Lemma 15.2.1, if ’173;1 is symmetrizable we must have

,sz,Sj3

(sjy + fGp)sjy + fG0sj + f(s0) = (55 + f(si)) 5 + fGsj)) s + f(55))

(15.69)

or, equivalently,
(sjp = 8j)(f(sj3) = f(s))) = 0. (15.70)
Since sj, # sj, and f(sj;) # f(sj,) this is not possible. Therefore, ’ijl S48
is not symmetrizable. O

Proof of Example 15.1.1 Let 5o € S. We choose a sequence s; — so with the
property that it contains a subsequence {sj}, sj, — S0, such that

Sjsket T Sjak = Sjzkea T Sjap = ks k=1 (15.71)
The kernel of the 3 x 3 matrix
@ (Sjsrp Sineg)s  Poa=0.1.2, (15.72)
is
L+ f(sj) €7+ f(sjpe) € 2% + f(Sjy0)

e~ M 4 FGsjs) T4 f(Sjs) e~ Mk 4 S Gjza) | (15.73)
e~ M2k 4 S (sj3) e~ Mk 4 F Gy 14 f(8)300)

similar to (15.65). Therefore, following the proof of Lemma 15.1.1, we see that the
kernel in (15.72) is not symmetrizable. Since this holds along the subsequence {s },
sj, = So, we see that {ﬁf (s, 1); s,t € S} is not asymptotically symmetrizable at sg.

The result in (15.15) is proved similarly. O

Proof of Example 15.1.2 The proof of Example 15.1.2 is similar to the proof of
Example 15.1.2 but even simpler. This is because for all distinct values, s, 5;,, 55,
the matrix in (15.68) is not symmetrizable. |

Acknowledgement Research of Jay Rosen was partially supported by a grant from the Simons
Foundation.

References

1. N. Eisenbaum, Permanental vectors with nonsymmetric kernels. Ann. Probab. 45, 210-224
(2017)

2. N. Eisenbaum, H. Kaspi, On permanental processes. Stoch. Processes Appl. 119, 1401-1415
(2009)



320 M. B. Marcus and J. Rosen

3. N. Eisenbaum, F. Maunoury, Existence conditions of permanental and multivariate negative
binomial distributions. Ann. Probab. 45, 47864820 (2017)

4. M.B. Marcus, J. Rosen, Markov Processes, Gaussian Processes and Local Times (Cambridge
University Press, New York, 2006)

5. M.B. Marcus, J. Rosen, Conditions for permanental processes to be unbounded. Ann. Probab.
45, 2059-2086 (2017)

6. M.B. Marcus, J. Rosen, Sample path properties of permanental processes. Electron. J. Probab.
23(58), 1-47 (2018)



Chapter 16 m)
Pointwise Properties of Martingales Shethie
with Values in Banach Function Spaces
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Abstract In this paper we consider local martingales with values in a UMD Banach
function space. We prove that such martingales have a version which is a martingale
field. Moreover, a new Burkholder—Davis—Gundy type inequality is obtained.
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16.1 Introduction

The discrete Burkholder—Davis—Gundy inequality (see [3, Theorem 3.2]) states that
for any p € (1, co) and martingales difference sequence (d j);'.zl in L?(2) one has

(16.1)

n B n 5 12
H _X;dj‘ @ P H(X; 1)1 ) ‘ Lr()
j= j=

Moreover, there is the extension to continuous-time local martingales M (see [13,
Theorem 26.12]) which states that for every p € [1, 00),

[ sop 1Ml Ly = | M1 - (16.2)

Here ¢t + [M]; denotes the quadratic variation process of M.
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In the case X is a UMD Banach function space the following variant of (16.1)
holds (see [24, Theorem 3]): for any p € (l,00) and martingales difference
sequence (dj)’/’.:l in LP(£2; X) one has

. 16.3
LP(2:X) (16.3)

n . B n ; 5 12
HZ Merxy 7 H(Z| /|) ‘
j=1 j=1

Moreover, the validity of the estimate also characterizes the UMD property.
It is a natural question whether (16.2) has a vector-valued analogue as well. The
main result of this paper states that this is indeed the case:

Theorem 16.1.1 Let X be a UMD Banach function space over a o -finite measure
space (S, X, w). Assume that N : Ry x Q x § — R is such that N|jo,;jxQxs is
B([0, t]) ® F; ® X-measurable for all t > 0 and such that for almost all s € S,
N(., -, s) is a martingale with respect to (F;);>0 and N(0, -, s) = 0. Then for all
p € (1, 00),

|| sup IN(t, -, .)|HLP(Q;X) ~p,X Sup ||N(tv 'v )” LP(Q:X) ~p,X ”[N](lx/)z”Lp(Q;X)'
t>0 t>0

(16.4)

where [N] denotes the quadratic variation process of N.

By standard methods we can extend Theorem 16.1.1 to spaces X which are
isomorphic to a closed subspace of a Banach function space (e.g. Sobolev and Besov
spaces, etc.)

The two-sided estimate (16.4) can for instance be used to obtain two-sided
estimates for stochastic integrals for processes with values in infinite dimensions
(see [25] and [26]). In particular, applying it with N (¢, -, 5) = f(; @ (-, s) dW implies
the following maximal estimate for the stochastic integral

t
/ <I>(-,s)dW‘

0

Hs > sup

>0 LP(:X)

13
px sup s +—>/ O(, 5)dW (16.5)
0

t>0

S = ooCI>2tsdz‘1/2
(f (t,s)dr) |
0

where W is a Brownian motion and ® : Ry x 2 x § — R is a progressively
measurable process such that the right-hand side of (16.5) is finite. The second norm
equivalence was obtained in [25]. The norm equivalence with the left-hand side is
new in this generality. The case where X is an L9-space was recently obtained in
[1] using different methods.

LP(Q2:;X)

~p.X ,
LP(2:X)
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It is worth noticing that the second equivalence of (16.4) in the case of X = L4
was obtained by Marinelli in [18] for some range of 1 < p,gq < oo by using an
interpolation method.

The UMD property is necessary in Theorem 16.1.1 by necessity of the UMD
property in (16.3) and the fact that any discrete martingale can be transformed to a
continuous-time one. Also in the case of continuous martingales, the UMD property
is necessary in Theorem 16.1.1. Indeed, applying (16.5) with W replaced by an
independent Brownian motion W we obtain

(o) o ~
H/ ®dW =p.x H/ AW |
0 LP(2;X) 0

for all predictable step processes ®. The latter holds implies that X is a UMD
Banach space (see [10, Theorem 1]).

In the special case that X = R the above reduces to (16.2). In the proof of
Theorem 16.1.1 the UMD property is applied several times:

LP(2:X)

¢ The boundedness of the lattice maximal function (see [2, 9, 24]).
* The X-valued Meyer—Yoeurp decomposition of a martingale (see Lemma 16.2.1).
¢ The square-function estimate (16.3) (see [24]).

It remains open whether there exists a predictable expression for the right-hand
side of (16.4). One would expect that one needs simply to replace [N] by its
predictable compensator, the predictable quadratic variation (N). Unfortunately,
this does not hold true already in the scalar-valued case: if M is a real-valued
martingale, then

P

E|M|? SpEM)?, >0, p<2,

14
EM|! >, EM)?, t>0, p>2,

where both inequalities are known not to be sharp (see [3, p. 40], [19, p. 297],
and [21]). The question of finding such a predictable right-hand side in (16.4)
was answered only in the case X = L7 for | < g < oo by Dirsken and the
second author (see [7]). The key tool exploited there was the so-called Burkholder-
Rosenthal inequalities, which are of the following form:

EIMNI” =p.x [ (Midozazn |7

where (M;)o<n<n 1s an X-valued martingale, |||-]| X is a certain norm defined on
the space of X-valued L?-martingales which depends only on predictable moments
of the corresponding martingale. Therefore using approach of [7] one can reduce
the problem of continuous-time martingales to discrete-time martingales. However,
the Burkholder-Rosenthal inequalities are explored only in the case X = L9.
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Thanks to (16.2) the following natural question arises: can one generalize (16.4)
to the case p = 1, i.e. whether

1/2
[up ING. Ml 10y = IINTEE L e (16.6)
t>

holds true? Unfortunately the outlined earlier techniques cannot be applied in the
case p = 1. Moreover, the obtained estimates cannot be simply extrapolated to the
case p = 1 since those contain the UMD, constant, which is known to have infinite
limit as p — 1. Therefore (16.6) remains an open problem. Note that in the case of
a continuous martingale M inequalities (16.4) can be extended to the case p € (0, 1]
due to the classical Lenglart approach (see Corollary 16.4.4).

16.2 Preliminaries

Throughout the paper any filtration satisfies the usual conditions (see [12, Defi-
nition 1.1.2 and 1.1.3]), unless the underlying martingale is continuous (then the
corresponding filtration can be assumed general).

A Banach space X is called a UMD space if for some (or equivalently, for all)
p € (1,00) there exists a constant 8 > O such that for every n > 1, every
martingale difference sequence (d j);'.zl in L?(2; X), and every {—1, 1}-valued
sequence (& j);'.zl we have

(&3 esa]) < o(Ea])
j=1 =

The above class of spaces was extensively studied by Burkholder (see [4]). UMD

spaces are always reflexive. Examples of UMD space include the reflexive range

of L7-spaces, Besov spaces, Sobolev, and Musielak-Orlicz spaces. Example of

spaces without the UMD property include all nonreflexive spaces, e.g. L' (0, 1) and

C([0, 1]). For details on UMD Banach spaces we refer the reader to [5, 11, 22, 24].
The following lemma follows from [27, Theorem 3.1].

Lemma 16.2.1 (Meyer-Yoeurp Decomposition) Let X be a UMD space and p €
(1,00). Let M : Ry x Q2 — X be an L?-martingale that takes values in some closed
subspace X of X. Then there exists a unique decomposition M = M% + M€, where
M€ is continuous, M? is purely discontinuous and starts at zero, and M? and M°¢
are LP -martingales with values in Xo € X. Moreover, the following norm estimates
hold for every t € [0, 00),

M) Lr:x) < Bp, xIIM @)l Lr:x)

(16.7)
1M OllLr:x) < Bp.xIM®lLr:x)-
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Furthermore, ifAf(’d and Ai’c are the corresponding linear operators that map M
to M4 and M€ respectively, then

pd _ 4p.d
ARY = AR @ 1dy,
A = A% ® 1dy.

Recall that for a given measure space (S, 2, ), the linear space of all real-valued
measurable functions is denoted by LO(S).

Definition 16.2.2 Let (S, X, 1) be a measure space. Let n : L9(S) — [0, oo] be a
function which satisfies the following properties:

(i) n(x) = 0if and only if x = 0,

(i) forallx,y € LO(S)and A € R, n(Ax) = [AMa(x) and n(x +y) < n(x)+n(y),

(iii) if x € LO(S), y € LY(S), and |x| < |y], then n(x) < n(y),

(iv) if 0 < x, 1 x with (x,)°2, a sequence in L°(S) and x € LO(S), then n(x) =
Sup,,ey 1 (xn).

Let X denote the space of all x € L°(S) for which ||x|| := n(x) < oco. Then X
is called the normed function space associated to n. It is called a Banach function
space when (X, || - || x) is complete.

We refer the reader to [31, Chapter 15] for details on Banach function spaces.

Remark 16.2.3 Let X be a Banach function space over a measure space (S, X, ).
Then X is continuously embedded into L°(S) endowed with the topology of
convergence in measure on sets of finite measure. Indeed, assume x, — x in X and
let A € X be of finite measure. We claim that 14x, — 14x in measure. For this it
suffices to show that every subsequence of (x,),>1 has a further subsequence which
convergences a.e. to x. Let (x,,)r>1 be a subsequence. Choose a subsubsequence
(le"k[)ZZI =: (¥¢)¢>1 such that 2211 lye —x|| < oo. Then by [31, Exercise 64.1]
Y72 lye — x| converges in X. In particular, Y ;- |y¢ — x| < 0o a.e. Therefore,
y¢ — x a.e. as desired.

Given a Banach function space X over a measure space S and Banach space E,
let X (E) denote the space of all strongly measurable functions f : § — E with
IflxE == |s = If®lEe|, € X. The space X (E) becomes a Banach space
when equipped with the norm || f || x (k).

A Banach function space has the UMD property if and only if (16.3) holds for
some (or equivalently, for all) p € (1, 00) (see [24]). A broad class of Banach
function spaces with UMD is given by the reflexive Lorentz—Zygmund spaces (see
[6]) and the reflexive Musielak—Orlicz spaces (see [17]).

Definition 16.2.4 N : Ry x @ x S — Ris called a (continuous) (local) martingale
field if N|jo./jxaxs is B([0, ]) ® F; ® X-measurable for all # > 0 and N (-, -, s) is
a (continuous) (local) martingale with respect to (F;);>o for almostall s € S.
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Let X be a Banach space, I C R be a closed interval (perhaps, infinite). A
function f : I — X is called cadlag (an acronym for the French phrase “continue
a droite, limite a gauche”) if f is right continuous and has limits from the left-hand
side. We define a Skorohod space D(I; X) as a linear space consisting of all cadlag
functions f : I — X. We denote the linear space of all bounded cadlag functions
f:1— XbyDy(; X).

Lemma 16.2.5 D, (I; X) equipped with the norm || - ||« is a Banach space.

Proof The proof is analogous to the proof of the same statement for continuous
functions. m|

Let X be a Banach space, t be a stopping time, V : Ry x 2 — X be a cadlag

process. Then we define AV, : Q — X as follows

AVy = Vi — lim V(¢ _g)vo.
e—>0

16.3 Lattice Doob’s Maximal Inequality
Doob’s maximal L?”-inequality immediately implies that for martingale fields
p
sup [N (2, ) llx =< sup [N llLre;x), 1< p<oo.
” =0 HLP(Q) p—1,2 (£2:X)

In the next lemma we prove a stronger version of Doob’s maximal L”-inequality. As
a consequence in Theorem 16.3.2 we will obtain the same result in a more general
setting.

Lemma 16.3.1 Let X be a UMD Banach function space and let p € (1, 00). Let
N be a cadlag martingale field with values in a finite dimensional subspace of X.
Then forall T > 0,

H

sup |N([, )| ||L1’(Q'X) :‘p,X sup ”N(t)”Lp(Q;X)
t€l0,T] ’ t€[0,T]
whenever one of the expression is finite.
Proof Clearly, the left-hand side dominates the right-hand side. Therefore, we can
assume the right-hand side is finite and in this case we have

IN(T)llLr;x) = sup IN@llLr;x) < 0.
1€[0,T]

Since N takes values in a finite dimensional subspace it follows from Doob’s L?-
inequality (applied coordinatewise) that the left-hand side is finite.
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Since N is a cadlag martingale field and by Definition 16.2.2(iv) we have that

lim | sup [NGT/n, )|, pqx) =1 sup [N, )l X
Jim | sup lunio =1 380 1Nl
Set Mj = Njr/n for j € {0, ...,n}and M; = M, for j > n. It remains to prove

| Osqp |Mj(-)|||L,,(Q;X) = CpxlIMullLr(e;x)-

=j=n

It (M j)?:o is a Paley—Walsh martingale (see [11, Definition 3.1.8 and Proposition
3.1.10]), this estimate follows from the boundedness of the dyadic lattice maximal
operator [24, pp. 199-200 and Theorem 3]. In the general case one can replace <2
by a divisible probability space and approximate (M ;) by Paley-Walsh martingales
in a similar way as in [11, Corollary 3.6.7]. O

Theorem 16.3.2 (Doob’s Maximal L”-Inequality) Let X be a UMD Banach
function space over a o -finite measure space and let p € (1,00). Let M : R4 xQ —
X be a martingale such that

1. forallt >0, M(t) € LP(Q2; X);
2. fora.aw € Q, M (-, w) is in D([0, 00); X).

Then there exists a martingale field N € LP(2; X (Dp([0, 00)))) such that for
aa we Qallt>0andaa.s € S, Nt,w,s) = M(t,w)(s) and

| sup ING, I Lo ggixy =px SUP 1M, ) Lo x)- (16.8)
t>0 ’ t>0

Moreover, if M is continuous, then N can be chosen to be continuous as well.

Proof We first consider the case where M becomes constant after some time 7 > 0.
Then

sup |M (&, e x) = IM(T)llLr9;x)-
t>0

Let (£;),>1 be simple random variables such that &, — M(T) in LP(2; X). Let
M, (¢t) = E(,|F;) fort > 0. Then by Lemma 16.3.1

I Sup N (z. ) = Ni(z. )| | Lo iixy =px [IMa(T, ) = M (T )| Lo ) = O

as n,m — oo. Therefore, (N,),>1 is a Cauchy sequence and hence converges to
some N from the space L? (2; X (D ([0, 00)))). Clearly, N (¢, -) = M(¢t) and (16.8)
holds in the special case that M becomes constant after 7 > 0.

In the case M is general, for each 7 > 0 we can set MT(t) = M(t A T). Then
for each T > 0 we obtain a martingale field N7 as required. Since N7t = N2 on
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[0, T1 A T3], we can define a martingale field N by setting N(¢, -) = NT(@, ) on
[0, T']. Finally, we note that

lim sup [MT()llLr;x) = sup 1M @)l Lr (@: x)-
T—00 ;>0 t>0

Moreover, by Definition 16.2.2(iv) we have

. T _
Pim [ sup INTC I gy = [ SupING oy

Therefore the general case of (16.8) follows by taking limits.

Now let M be continuous, and let (M,,),>1 be as before. By the same argument
as in the first part of the proof we can assume that there exists 7 > 0 such that
M; = M;x7 for all t > 0. By Lemma 16.2.1 there exists a unique decomposition
M, = MS+ M¢ such that M¢ is purely discontinuous and starts at zero and M¢ has
continuous paths a.s. Then by (16.7)

IM(T) — My, (T) |l Lr:x) < Bp,x IM(T) — Mu(T)|lLr(:x) — O.

Since M}, takes values in a finite dimensional subspace of X we can define a
martingale field N, by N, (¢, w, s) = M (t, w)(s). Now by Lemma 16.3.1

I Oi‘:ET [Nn(t,-) = Nin(t,-)] ”LP(Q;X) ~p.x |[IMy(T, ) = My, (T, )| ”LP(Q;X) — 0.

Therefore, (N, ),>1 is a Cauchy sequence and hence converges to some N from the

space L”(€2; X (Cp([0, 00)))). Analogously to the first part of the proof, N (¢, ) =
M(t) forallr > 0. |

Remark 16.3.3 Note that due to the construction of N we have that AM;(s) =
AN(-, s); for any stopping time t and almost any s € S. Indeed, let (M,),>1 and
(Np)n>1 be as in the proof of Theorem 16.3.2. Then on the one hand
IAM; — AMMy)<llrsx) < || sup 1M @) — Mn(t)||x||Lp(Q)
0<t<T
~p IM(T) = My (D) llLr;x) > 0, n — oo.
On the other hand

IAN: = ANDellLr@ix) < || sup IN@ = NaOI Ly g
0<t<T ’

~px [IN(T) = No(D| 1) = 0. 1 — 00
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Since ||[M,(t) — Nu(t, )lLr:x)y = 0 for all n > 0, we have that by the
limiting argument |[AM; — AN:(")llLr(@;x) = 0, so the desired follows from
Definition 16.2.2(i).

One could hope there is a more elementary approach to derive continuity of N
in the case M is continuous: if the filtration F := (F;);>0 is generated by M, then
M (s) is F-adapted for a.e. s € S, and one might expect that M has a continuous
version. Unfortunately, this is not true in general as follows from the next example.

Example 16.3.4 There exists a continuous martingale M : Ry xQ — R, a filtration
F = (F1)1>0 generated by M and all P-null sets, and a purely discontinuous nonzero
F-martingale N : Ry x @ — R.Let W : Ry x @ — R be a Brownian motion,
L : Ry x Q — R be a Poisson process such that W and L are independent. Let
F = (F¢)>0 be the filtration generated by W and L. Let o be an F-stopping time
defined as follows

o =influ >0: AL, # 0}.
Let us define

M = / 1j0,67dW = we.

Then M is a martingale. Let F:= (}~',),Zo be generated by M. Note that .f’-"t c F
for any ¢ > 0. Define a random variable

t = inf{t > 0 : 3Ju € [0, t) such that M is a constant on [u, ¢]}.
Then t = o a.s. Moreover, 7 is a F—stopping time since for each u > 0
P{t =u} =Plo =u} =P{AL] # 1} <P{AL, #1} =0,
and hence
(t<u)={t <ulUlt=u) C F,.
Therefore N : Ry x € — R defined by
N =1 00() —t AT 120,

is an [F-martingale since it is F-measurable and since N; = (L; — )¢ a.s. for each
t > 0, hence for each u € [0, t]

E(N/|F) = BEN | F)lFu) = BE(L; — 0% |F)IFu) = (Ly —u)® = Ny
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due to the fact that ¢t — L; — ¢ is an F-measurable F-martingale (see [15, Problem
1.3.4]). But (N;);>0 is not continuous since (L;);>0 is not continuous.

16.4 Main Result

Theorem 16.1.1 will be a consequence of the following more general result.

Theorem 16.4.1 Let X be a UMD Banach function space over a o -finite measure
space (S, 2, n)andletp € (1,00). Let M : Ry xQ — X be alocal L?-martingale
with respect to (F;)s>0 and assume M (0, -) = 0. Then there exists a mapping N :
Ry x Q x § — R such that

1. forallt > 0anda.a. w € 2, N(t,w, ) = M(t, w),
2. N is a local martingale field,
3. the following estimate holds

[sup ING, - M oy =px |8 IM @ x| oy =px NN o).
>0 >0

(16.9)

To prove Theorem 16.4.1 we first prove a completeness result.

Proposition 16.4.2 Let X be a Banach function space over a o-finite measure
space S, 1 < p < oo. Let

MQ?(X) :={N : R4 x 2 x § — R : N is a martingale field,
N@©,-,5)=0Vs eSS, and ”N”MQP(X) < OO},

1/2 .
where |N||mqr(x) = IIN1E Lo o x)- Then (MQP (X)), || - M (x)) is a Banach
space. Moreover, if N, — N in MQP, then there exists a subsequence (Ny, )i>1
such that pointwise a.e. in S, we have Ny, — N in L'(2: Dy([0, 00))).

Proof Let us first check that MQ? (X) is a normed vector space. For this only the
triangle inequality requires some comments. By the well-known estimate for local
martingales M, N (see [13, Theorem 26.6(iii)]) we have that a.s.

[M + N], = [M]; +2[M, N]; + [N];
(16.10)

< (M, + 20PN+ [N = (0] + N,

Therefore, [M + N1/* < [M1}/* + [N]"/* a.s. for all ¢ € [0, o0].
Let (Nik)k>1 be such that Zkzl | Nkllmor(xy < oo. It suffices to show that
> k=1 Nk converges in MQ” (X). Observe that by monotone convergence in 2 and

1/2
t
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Jensen’s inequality applied to || - ||x foranyn > m > 1 we have

| 3 ],

k=m+1

_ ZIE[N 12 ZE [N ]WH

_ | Z [N, ]WH <IEH Z [N, ]WH (16.11)

n n
_ 1/2‘ H 1/2‘
= N, < N,

> [Nkl P > [Nk

k=m+1 k=m+1

=y |

k=m+1

LP(2:X)

— 0, m,n —> oo,
LP(2;X)

where the latter holds due to the fact that } < 00. Thus

[EAES

LP(Q2:;X)
it IE[Nk]oo convergesin X asn — 00, where the corresponding limit coincides

with its pointwise limit Zkz 1 ]E[Nk]})é2 by Remark 16.2.3. Therefore, since any
element of X is finite a.s. by Definition 16.2.2, we can find Sp € X such that

/L(SC) = 0 and pointwise in Sp, we have Zk>1 Nk]l/2 < 00. Fix s € Sp. In
particular, we find that Zk>1[Nk]oo converges in L(2). Moreover, since by the

scalar Burkholder-Davis-Gundy inequalities E sup,. [Nk (t, -, s)| = E[N (s)]l/ 2

we also obtain that

N(,s) := ZNk(-, s) converges in L' (2; Dy([0, 00)). (16.12)
k>1

Let N(-,s) = O fors ¢ So. Then N defines a martingale field. Moreover, by the
scalar Burkholder-Davis-Gundy inequalities

pm [Eowea] - [E o]
k=n Pt

in L'(). Therefore, by considering an a.s. convergent subsequence and by (16.10)
we obtain

[iNk(-, s)]l:2 < Z[N (-, )12 (16.13)
k=n

k=n

It remains to prove that N € MQ?(X) and N = Zkzl N with convergence in
MQ?(X). Let e > 0. Choose n € N such that ZanH I Nk limgr(xy < €. It follows
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from (16.11) that E” Zk>1 Nk]l/2 Hx < 00, SO Zk31[Nk]<¥>2 a.s. converges in X.

Now by (16.13), the triangle inequality and Fatou’s lemma, we obtain

L3 9] = | 2

LP(92:X)
k>n+1 k=n+1
=Y o
LP(Q:X)
k=n+1

< liminf Z H[N 12

LP(2:X)

Therefore, N € MQ”(X) and ||[N — ) ;_; Nillmor(x) < €.

For the proof of the final assertion assume that N, — N in MQ? (X). Choose a
subsequence (Np;)k>1 such that || Ny, — Nllmorx) =< 27%. Then Dok 1Ny, —
Nllmgr(xy < oo and hence by (16.12) we see that pointwise a.e. in S, the
series ) ;- (N, — N) converges in L'(€2; D([0, 00))). Therefore, Ny — N
in L1(Q2; Dy ([0, 00); X)) as required. |

For the proof of Theorem 16.4.1 we will need the following lemma presented in
[8, Théoreme 2].

Lemma 16.4.3 Let 1 < p <00, M : Ry x 2 — R be an LP-martingales. Let
T > 0. For each n > 1 define

R, = Z|MTk MT(k i

Then R, converges to [M]r in LP/2,

Proof of Theorem 16.4.1 The existence of the local martingale field N together with
the first estimate in (16.9) follows from Theorem 16.3.2. It remains to prove

1/2
I sup | M (1 Ml gy =pox NINIE N r(:x)- (16.14)
1=

Due to Definition 16.2.2(iv) it suffices to prove the above norm equivalence in the
case M and N becomes constant after some fixed time 7.

Step 1: The Finite Dimensional Case Assume that M takes values in a finite
dimensional subspace Y of X and that the right hand side of (16.14) is finite. Then
we can write N(t,s) = M(t)(s) = 27:1 M (t)x;(s), where each M; is a scalar-
valued martingale with M;(T) € L?() and xi,...,x, € X form a basis of Y.
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Note that for any cy, ..., ¢, € L?(£2) we have that

n
) P ZI lejlle@- (16.15)
j:

Fix m > 1. Then by (16.3) and Doob’s maximal inequality

I sup | M 1. ) lx | Loy =p IM (T, )llLr(0:x)
1=
m
= Mri — Mri-
HXI: " T e ex) (16.16)
1=

m 1
~p.X H <Z|MTi — Mri-n |2> :
i=1 "

and by (16.15) and Lemma 16.4.3 the right hand side of (16.16) converges to

LP(2:X)

1/2 1/2
M1 e @) = IIN1S L ix)-

Step 2: Reduction to the Case Where M Takes Values in a Finite Dimensional
Subspace of X Let M(T) € LP(2; X). Then we can find simple functions (£,),>1
in L?(2; X) such that &, — M(T). Let M, (t) = E(&,|F;) forallt > Oandn > 1,
(Np)n>1 be the corresponding martingale fields. Then each M, takes values in a
finite dimensional subspace X, € X, and hence by Step 1

1/2
| sup 1M, (2, ) = M2, x| Loy =pox NG = Nonlol Lo i)
t>0

for any m,n > 1. Therefore since (£,),>1 is Cauchy in LP(2; X), (Np)n>1
converges to some N in MQ? (X) by the first part of Proposition 16.4.2.

Let us show that N is the desired local martingale field. Fix + > 0. We need
to show that N(-,¢,-) = M; a.s. on Q. First notice that by the second part of
Proposition 16.4.2 there exists a subsequence of (N, ),>1 which we will denote by
(Np)n>1 as well such that N, (-,¢t,0) — N(-,t,0) in L'(Q) fora.e.o € S. On the
other hand by Jensen’s inequality

[EING G, 2,) = Mel ||y = |EIMu(t) = M@)]||y < ElIMn(t) = M@®)lx =0, n— oo.

Hence N, (-, t,-) — M, in X (L'(£2)), and thus by Remark 16.2.3 in L(S; L' (Q)).
Therefore we can find a subsequence of (N,),>1 (which we will again denote by
(Nyp)n>1) such that N, (-, t,0) — M;(o) in LY (Q) for ae. 0 € S (here we use
the fact that u is o-finite), so N(-, ¢, ) = M; a.s. on Q x S, and consequently by
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Definition 16.2.2(iii), N (w, t, -) = M;(w) for a.a. ® € Q. Thus (16.14) follows by
letting n — oo.

Step 3: Reduction to the Case Where the Left-Hand Side of (16.14) is Finite
Assume that the left-hand side of (16.14) is infinite, but the right-hand side is finite.
Since M is a local LP-martingale we can find a sequence of stopping times (7,)n>1
such that 7, 1 oo and ||M;” lLr(@;xy < oo for each n > 1. By the monotone
convergence theorem and Definition 16.2.2(iv)

172
”[N](x/a lLr2;x)

. 1/2 _ . T,
lim [[IN"1% 1 Lo x) = p.x lim sup | M3 1| Lo @:x)
n—00 n—00

lim M7 lrx = lim | sup 1M x|
n—o00 n—0oo

0<t<T LP(Q)
= su M, =
| sop 1wt ,
and hence the right-hand side of (16.14) is infinite as well. |

We use an extrapolation argument to extend part of Theorem 16.4.1to p € (0, 1]
in the continuous-path case.

Corollary 16.4.4 Let X be a UMD Banach function space over a o -finite measure
space and let p € (0,00). Let M be a continuous local martingale M : Ry x
Q — X with M(0,-) = 0. Then there exists a continuous local martingale field
N : Ry x QxS — R such that for aa. w € 2, allt > 0, and a.a. s € §,
N(t,w,-) = M(t, w)(s) and

['sup 10209l Loy = [VIE oy (16.17)

Proof By a stopping time argument we can reduce to the case where || M (t, )| x
is uniformly bounded in + € Ry and v € Q and M becomes constant after a
fixed time 7. Now the existence of N follows from Theorem 16.4.1 and it remains
to prove (16.17) for p € (0, 1]. For this we can use a classical argument due to
Lenglart. Indeed, for both estimates we can apply [16] or [23, Proposition IV.4.7] to
the continuous increasing processes Y, Z : Ry x Q — R, given by

Yy =E sup M, )x,

te[0,u]

1/2
Zu=lls = [NCG, - )1 l1x,
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where g € (1, 00) is a fixed number. Then by (16.9) for any bounded stopping time
7, we have

1/2
EY? = sup [M(t AT, )% =q.x Ells = INC AT, - )1

t>0

©Els > [NC. - 1Y% = EZ9,

where we used [13, Theorem 17.5] in (x). Now (16.17) for p € (0, g) follows from
[16] or [23, Proposition IV.4.7]. O

As we saw in Theorem 16.3.2, continuity of M implies pointwise continuity of
the corresponding martingale field N. The following corollaries of Theorem 16.4.1
are devoted to proving the same type of assertions concerning pure discontinuity,
quasi-left continuity, and having accessible jumps.

Let 7 be a stopping time. Then 7 is called predictable if there exists a sequence
of stopping times (t,),>1 such that 7, < 7 a.s. on {r > 0} for each n > 1 and
T, /' T as. A cadlag process V : Ry x @ — X is called to have accessible
Jjumps if there exists a sequence of predictable stopping times (7,),>1 such that
{reRy : AV #£0YC{r1,..., Ty, ...} as.

Corollary 16.4.5 Let X be a UMD function space over a measure space (S, X, (L),
1l <p<oo, M:RyxQ — X bea purely discontinuous LP-martingale with
accessible jumps. Let N be the corresponding martingale field. Then N(-,s) is a
purely discontinuous martingale with accessible jumps for a.e. s € S.

For the proof we will need the following lemma taken from [7, Subsection 5.3].

Lemma 16.4.6 Let X be a Banach space, 1 < p < oo, M : Ry x Q — X be
an LP-martingale, T be a predictable stopping time. Then (AM+1(0,11(T))s>0 is an
LP-martingale as well.

Proof of Corollary 16.4.5 Without loss of generality we can assume that there exists
T > O such that M; = My forall t > T, and that My = 0. Since M has accessible
jumps, there exists a sequence of predictable stopping times (t,),>1 such that a.s.

{teRy:AM #£0} C {t1,...,Tn,...}.

For each m > 1 define a process M : Ry x Q2 — X in the following way:

m
M™(t) ==Y AMy1.(z,). t>0.

n=1

Note that M™ is a purely discontinuous L”-martingale with accessible jumps by
Lemma 16.4.6. Let N be the corresponding martingale field. Then N™ (-, s) is a
purely discontinuous martingale with accessible jumps for almost any s € § due
to Remark 16.3.3. Moreover, for any m > £ > 1 and any ¢ > 0 we have that a.s.
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[N"(-,$)]; = [N®(-, s)];. Define F : R x  x § — R U {+00} in the following
way:

F(t,-s) = lim [N"(.9)l, s€S8.120.

Note that F(-, -, s) is a.s. finite for almost any s € S. Indeed, by Theorem 16.4.1
and [27, Theorem 4.2] we have that for any m > 1

1/2

[N ||L,,(Q x) ~p.x M (T, )lLr@:x) < Bp.xIM(T, )llLr@:x),

so by Definition 16.2.2(iv), F (-, -, s) is a.s. finite for almost any s € S and

1/2 1/2

| - |7} = tim_ vy

”LP(Q xX) = HLP(Q;X) s ”LI’(Q X)

Spox limsup [[M™ (T, e x) Sp.x IM(T, e :x)-
m—0o0

Moreover, for almost any s € S we have that F (-, -, s) is pure jump and
{teRy :AF #0} C{t1,...,Tp, ...}

Therefore to this end it suffices to show that F(s) = [N(s)] a.s.on Q fora.e.s € S.
Note that by Definition 16.2.2(iv),

[(F = IN"D'2(00) | piguyy = 0, m — 00 (16.18)

so by Theorem 16.4.1 (M"(T))m>1 is a Cauchy sequence in L”(£2; X). Let £ be
its limit, M : R, x @ — X be a martingale such that M°(r) = E(£|F;) for all
t > 0. Then by [27, Proposition 2.14] M? is purely discontinuous. Moreover, for
any stopping time t a.s.

AM? = lim AM™ = lim AM 1p,. 5, () = AM,,
m—00 m—0Q
where the latter holds since the set {ty, ..., 7,, ...} exhausts the jump times of M.
Therefore M = M since both M and M are purely discontinuous with the same
jumps, and hence [N] = F (where F(s) = [MO(s)] by (16.18)). Consequently
N(., -, s) is purely discontinuous with accessible jumps for almost all s € S. O

Remark 16.4.7 Note that the proof of Corollary 16.4.5 also implies that M]" — M;
in LP(R2; X) foreach ¢t > 0.

A cadlag process V : Ry x Q — X is called quasi-left continuous if AV, =0
a.s. for any predictable stopping time 7.

Corollary 16.4.8 Let X be a UMD function space over a measure space (S, X, i),
1 <p<oo, M:Ry x Q — X be a purely discontinuous quasi-left continuous
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LP-martingale. Let N be the corresponding martingale field. Then N(-,s) is a
purely discontinuous quasi-left continuous martingale for a.e. s € S.

The proof will exploit the random measure theory. Let (J, J) be a measurable
space. Then a family u = {u(w; dt, dx), ® € Q} of nonnegative measures on
Ry x J; BR4+) ® J) is called a random measure. A random measure u is called
integer-valued if it takes values in N U {oo}, i.e. foreach A € B(R}) ® F ® J one
has that £ (A) € NU {oo} a.s., and if u({t} x J) € {0, 1} a.s. forall r > 0.

Let X be a Banach space, i be a random measure, F : Ry x Q x J — X be
such that fR+><J |F|ldue < oo a.s. Then the integral process ((F x );)s>0 of the
form

(F x )y = / FGs, - 0ot ds, dv), 120,
R+XJ

is a.s. well-defined.

Any integer-valued optional P ® J-o-finite random measure p has a compen-
sator: a unique predictable P ® J-o-finite random measure v such that E(W «
Woo = E(W % v)s for each P ® J-measurable real-valued nonnegative W (see
[12, Theorem II.1.8]). For any optional P ® J-o-finite measure u we define the
associated compensated random measure by it =y — v.

Recall that P denotes the predictable o -algebra on Ry x €2 (see [13] for details).
For each P ® J-strongly-measurable F : Ry x Q x J — X such that E(]| F|| *
Woo < 00 (or, equivalently, E(|| F||xVv)so < 00, see the definition of a compensator
above) we can define a process F * i by F x u — F » v. Then this process is a
purely discontinuous local martingale. We will omit here some technicalities for the
convenience of the reader and refer the reader to [12, Chapter 11.1], [7, Subsection
5.4-5.5], and [14, 19, 20] for more details on random measures.

Proof of Corollary 16.4.8 Without loss of generality we can assume that there exists
T > 0 such that M; = My for all t > T, and that My = 0. Let u be a random
measure defined on R x X in the following way

(A X B) =Y 1401\ 0)(AM)),

>0

where A C Ry is a Borel set, and B C X is a ball. For each k, £ > 1 we define a
stopping time 74 ¢ as follows

Tee =infl{r € Ry : #{u € [0,1]: |AM,|lx € [1/k, k]} = €}.

Since M has cadlag trajectories, tx ¢ is a.s. well-defined and takes its values in
[0, oo]. Moreover, 74y — oo for each k > 1 a.s. as £ — 00, so we can find a
subsequence (Tx,,¢,)n>1 such that k, > n for each n > 1 and infy;,>, ¢, —
a.s. asn — oo. Define 7, = infy,>, 1,,,¢, and define M" = (1j0,¢,11B,) * iL,
where 1 = @ — v is such that v is a compensator of © and B, = {x € X : ||x| €
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[1/n,n]}. Then M" is a purely discontinuous quasi-left continuous martingale by
[7]. Moreover, a.s.

AMtn = A1ut1[0,r,1](t)lll/n,n](”Ajut”)v t>0.

so by [27] M" is an LP-martingale (due to the weak differential subordination of
purely discontinuous martingales).

The rest of the proof is analogous to the proof of Corollary 16.4.5 and uses the
fact that t, — oo monotonically a.s. O

Let X be a Banach space. A local martingale M : Ry x Q@ — X is called to
have the canonical decomposition if there exist local martingales M¢, M9, M¢ :
R4 x € — X such that M€ is continuous, M9 and M*“ are purely discontinuous,
M1 is quasi-left continuous, M has accessible jumps, M = Mg =0,and M =
M° + M7 + M?. Existence of such a decomposition was first shown in the real-
valued case by Yoeurp in [30], and recently such an existence was obtained in the
UMD space case (see [27, 28]).

Remark 16.4.9 Note that if a local martingale M has some canonical decomposi-
tion, then this decomposition is unique (see [13, 27, 28, 30]).

Corollary 16.4.10 Let X be a UMD Banach function space, 1 < p < oo, M :
R4 x Q — X be an LP-martingale. Let N be the corresponding martingale field.
Let M = M€ + M9 + M*? be the canonical decomposition, N¢, N9, and N be
the corresponding martingale fields. Then N(s) = N€(s) + N9(s) + N%(s) is the
canonical decomposition of N (s) for a.e. s € S. In particular, if My = 0 a.s., then M
is continuous, purely discontinuous quasi-left continuous, or purely discontinuous
with accessible jumps if and only if N(s) is so for a.e. s € S.

Proof The first part follows from Theorem 16.3.2, Corollaries 16.4.5 and 16.4.8
and the fact that N(s) = N€(s) + N9(s) + N“(s) is then a canonical decomposition
of a local martingale N (s) which is unique due to Remark 16.4.9. Let us show the
second part. One direction follows from Theorem 16.3.2, Corollaries 16.4.5 and
16.4.8. For the other direction assume that N (s) is continuous for a.e. s € S. Let
M = M° 4+ M7 + M be the canonical decomposition, N¢, N7, and N be the
corresponding martingale fields of M¢, M9, and M?. Then by the first part of the
theorem and the uniqueness of the canonical decomposition (see Remark 16.4.9)
we have that for a.e. s € S, N9(s) = N%(s) = 0, so M1 = M“* = 0, and hence
M is continuous. The proof for the case of pointwise purely discontinuous quasi-
left continuous N or pointwise purely discontinuous N with accessible jumps is
similar. O

Remark 16.4.11 1t remains open whether the first two-sided estimate in (16.9) can
be extended to p = 1. Recently, in [29] the second author has extended the second
two-sided estimate in (16.9) to arbitrary UMD Banach spaces and to p € [1, 00).
Here the quadratic variation has to be replaced by a generalized square function.



16

Pointwise Properties of Martingales in Banach Function Spaces 339

Acknowledgements The authors would like to thank the referee for helpful comments.

Sc

R

Do =

10.

11.

18.

19.

20.
21.

Mark Veraar is supported by the Vidi subsidy 639.032.427 of the Netherlands Organisation for
ientific Research (NWO).

eferences

. M. Antoni, Regular random field solutions for stochastic evolution equations. PhD thesis, 2017

. J. Bourgain, Extension of a result of Benedek, Calderén and Panzone. Ark. Mat. 22(1), 91-95
(1984)

. D.L. Burkholder, Distribution function inequalities for martingales. Ann. Probab. 1, 19-42
(1973)

. D.L. Burkholder, A geometrical characterization of Banach spaces in which martingale
difference sequences are unconditional. Ann. Probab. 9(6), 997-1011 (1981)

. D.L. Burkholder, Martingales and singular integrals in Banach spaces, in Handbook of the
Geometry of Banach Spaces, vol. I (North-Holland, Amsterdam, 2001), pp. 233-269

. F. Cobos, Some spaces in which martingale difference sequences are unconditional. Bull.
Polish Acad. Sci. Math. 34(11-12), 695-703 (1986)

. S. Dirksen, L.S. Yaroslavtsev, L9-valued Burkholder-Rosenthal inequalities and sharp estimates
for stochastic integrals. Proc. Lond. Math. Soc. (3) 119(6), 1633-1693 (2019)

. C. Doléans, Variation quadratique des martingales continues a droite. Ann. Math. Stat. 40,
284-289 (1969)

. J. Garcfa-Cuerva, R. Macfas, J.L. Torrea, The Hardy-Littlewood property of Banach lattices.

Israel J. Math. 83(1-2), 177-201 (1993)

D.J.H. Garling, Brownian motion and UMD-spaces, in Probability and Banach Spaces

(Zaragoza, 1985). Lecture Notes in Mathematics, vol. 1221 (Springer, Berlin, 1986), pp. 3649

T. Hytonen, J. van Neerven, M. Veraar, L. Weis, Analysis in Banach Spaces. Volume I:

Martingales and Littlewood-Paley Theory. Ergebnisse der Mathematik und ihrer Grenzgebiete

(3), vol. 63 (Springer, Cham, 2016)

.J. Jacod, A.N. Shiryaev, Limit Theorems for Stochastic Processes. Grundlehren der
Mathematischen Wissenschaften, 2nd edn., vol. 288 (Springer, Berlin, 2003)

. O. Kallenberg, Foundations of Modern Probability. Probability and Its Applications (New
York), 2nd edn. (Springer, New York, 2002)

. O. Kallenberg, Random Measures, Theory and Applications. Probability Theory and
Stochastic Modelling, vol. 77 (Springer, Cham, 2017)

. I. Karatzas, S.E. Shreve, Brownian Motion and Stochastic Calculus. Graduate Texts in
Mathematics, 2nd edn., vol. 113 (Springer, New York, 1991)

. E. Lenglart, Relation de domination entre deux processus. Ann. Inst. H. Poincaré Sect. B
(N.S.) 13(2), 171-179 (1977)

. N. Lindemulder, M.C. Veraar, 1.S. Yaroslavtsev, The UMD property for Musielak—Orlicz

spaces, in Positivity and Noncommutative Analysis. Festschrift in Honour of Ben de Pagter

on the Occasion of his 65th Birthday. Trends in Mathematics (Birkhéuser, Basel, 2019)

C. Marinelli, On maximal inequalities for purely discontinuous L, -valued martingales (2013),

arXiv:1311.7120

C. Marinelli, M. Rockner, On maximal inequalities for purely discontinuous martingales in

infinite dimensions, in Séminaire de Probabilités XLVI. Lecture Notes in Mathematics, vol.

2123 (Springer, Cham, 2014), pp. 293-315

A.A. Novikov, Discontinuous martingales. Teor. Verojatnost. Primemen. 20, 13-28 (1975)

A. Osgkowski, A note on the Burkholder-Rosenthal inequality. Bull. Pol. Acad. Sci. Math.

60(2), 177-185 (2012)



340 M. Veraar and 1. Yaroslavtsev

22. A. Osgkowski,  Sharp Martingale and Semimartingale Inequalities. Instytut Matem-
atyczny Polskiej Akademii Nauk. Monografie Matematyczne (New Series), vol. 72
(Birkhéuser/Springer Basel AG, Basel, 2012)

23. D. Revuz, M. Yor, Continuous Martingales and Brownian Motion. Grundlehren der Mathema-
tischen Wissenschaften, 3rd edn., vol. 293 (Springer, Berlin, 1999)

24. J.L. Rubio de Francia, Martingale and integral transforms of Banach space valued functions,
in Probability and Banach Spaces (Zaragoza, 1985). Lecture Notes in Mathematics, vol. 1221
(Springer, Berlin, 1986), pp. 195-222

25. JM.A.M. van Neerven, M.C. Veraar, L.W. Weis, Stochastic integration in UMD Banach
spaces. Ann. Probab. 35(4), 1438-1478 (2007)

26. M.C. Veraar, L.S. Yaroslavtsev, Cylindrical continuous martingales and stochastic integration
in infinite dimensions. Electron. J. Probab. 21(59), 53 (2016)

27. 1.S. Yaroslavtsev, Martingale decompositions and weak differential subordination in UMD
Banach spaces. Bernoulli 25(3), 1659-1689 (2019)

28. 1.S. Yaroslavtsev, On the martingale decompositions of Gundy, Meyer, and Yoeurp in infinite
dimensions. Ann. Inst. Henri Poincaré Probab. Stat. (2017, to appear). arXiv:1712.00401

29. 1.S. Yaroslavtsev, Burkholder—Davis—Gundy inequalities in UMD Banach spaces (2018).
arXiv:1807.05573

30. Ch. Yoeurp, Décompositions des martingales locales et formules exponentielles, in Séminaire
de Probabilités X Université de Strasbourg. Lecture Notes in Mathematics, vol. 511 (1976),
pp- 432480

31. A.C. Zaanen, Integration (North-Holland Publishing/Interscience Publishers Wiley, Ams-
terdam/New York, 1967). Completely revised edition of An introduction to the theory of
integration



Chapter 17 m)
Concentration Inequalities for Randomly <o
Permuted Sums

Mélisande Albert

Abstract Initially motivated by the study of the non-asymptotic properties of non-
parametric tests based on permutation methods, concentration inequalities for uni-
formly permuted sums have been largely studied in the literature. Recently, Delyon
et al. proved a new Bernstein-type concentration inequality based on martingale
theory. This work presents a new proof of this inequality based on the fundamental
inequalities for random permutations of Talagrand. The idea is to first obtain a rough
inequality for the square root of the permuted sum, and then, iterate the previous
analysis and plug this first inequality to obtain a general concentration of permuted
sums around their median. Then, concentration inequalities around the mean are
deduced. This method allows us to obtain the Bernstein-type inequality up to con-
stants, and, in particular, to recovers the Gaussian behavior of such permuted sums
under classical conditions encountered in the literature. Then, an application to the
study of the second kind error rate of permutation tests of independence is presented.

Keywords Concentration inequalities - Random permutations

Mathematics Subject Classification 60E15, 60C05

17.1 Introduction and Motivation

This article presents concentration inequalities for randomly permuted sums
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where {a,', j}1<i,j<n are real numbers, and IT is a uniformly distributed random
permutation of the set {1, ..., n}. Initially motivated by hypothesis testing in the
non-parametric framework (see [28] for instance), such sums have been largely
studied from an asymptotic point of view in the literature. A first combinatorial
central limit theorem is proved by Wald and Wolfowitz in [28], in the particular case
when the real numbers g; ; are of a product form b; x c¢;, under strong assumptions
that have been released for instance by Noether [22]. Then, Hoeffding obtains
stronger results in such product case, and generalizes those results to not necessarily
product type real terms g; ; in [15]. More precisely, he considers

1 o 1 ¢ J—
dij=aij~ > ar - i > ai+ " > ar. (17.1)
k=1 =1

k=1

In particular, Var(Z,) = nil Z?:l dizj. Then he proves (see [15, Theorem 3])
that, if

=0, forsomer > 2, (17.2)

then the distribution of Z,, = Z?zl a; 11(;) is asymptotically normal, that is, for all
xin R,

X

lim IP(Z,, —E[Z,] < x\/VaI(Z,,)) = \/;T / g—>fdy_

n——+00 —00

He also considers a stronger (in the sense that it implies (17.2)), but simpler
condition in [15, Theorem 3], precisely

maxlgi,jfnﬂdi*/“ —
\/iZZFIdiZJ o

under which such an asymptotic Gaussian limit holds. Similar results have been
obtained later, for instance by Motoo [21], under the following Lindeberg-type
condition that is for all ¢ > 0,

0, (17.3)

. d; j 2
im Z ( p ) ]l‘dz‘,)x =0, (17.4)
1<i,j<n
where d> = n7! di<ij<n dl.%j. In particular, Motoo proves in [21] that such

Lindeberg-type condition is weaker than Hoeffding’s ones in the sense that (17.4)
is implied by (17.2) (and thus by (17.3)). A few years later, Hajek [13] proves in
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the product case, that the condition (17.4) is in fact necessary. A simpler proof of
the sufficiency of the Lindeberg-type condition is given by Schneller [25] based on
Stein’s method.

Afterwards, the next step was to study the convergence of the conditional
distribution when the terms a; ; in the general case, or b; x c¢; in the product case,
are random. Notably, Dwass studies in [10] the limit of the randomly permuted
sum in the product case, where only the c;’s are random, and proves that the
conditional distribution given the c;’s converges almost surely (a.s.) to a Gaussian
distribution. Then, Shapiro and Hubert [26] generalized this study to weighted
U-statistics of the form }, . b; jhi(X;, X;) where the X;’s are independent and
identically distributed (i.i.d.) random variables. In a first time, they show some a.s.
asymptotic normality of this statistic. In a second time, they complete Jogdeo’s [17]
work in the deterministic case, proving asymptotic normality of permuted statistics
based on the previous weighted U -statistic. More precisely, they consider the rank
statistic Zi# bi jh(Xg;, XRJ.), where R; is the rank of V; inasample Vi, ..., V, of
i.i.d. random variables with a continuous distribution function. In particular, notice
that considering such rank statistics is equivalent to considering uniformly permuted
statistics. In [2], the previous combinatorial central limit theorems is generalized to
permuted sums of non-i.i.d. random variables Zl’»lzl Y ), for particular forms of
random variables Y; ;. The main difference with the previous results comes from the
fact that the random variables Y; ; are not necessarily exchangeable.

Hence, the asymptotic behavior of permuted sums has been vastly investigated
in the literature, allowing to deduce good properties for permutation tests based on
such statistics, like the asymptotic size, or the power (see for instance [23] or [2]).
Yet, such results are purely asymptotic, while, in many application fields, such as
neurosciences for instance as described in [2], few exploitable data are available.
Hence, such asymptotic results may not be sufficient. This is why a non-asymptotic
approach is preferred here, leading to concentration inequalities. In the sequel,
unless specified, we will thus drop the index »n and denote Z = Z,,.

Concentration inequalities have been vastly investigated in the literature, and the
interested reader can refer to the books of Ledoux [18], Massart [19], or the more
recent one of Boucheron et al. [8] for some overall reviews. Yet in many cases,
they provide precise tail bounds for well-behaved functions or sums of independent
random variables. For instance, let us recall the classical Bernstein inequality stated
for instance in [19, Proposition 2.9 and Corollary 2.10].

Theorem 17.1.1 (Bernstein’s Inequality, Massart [19]) Ler X1, ..., X,, be inde-
pendent real valued random variables. Assume that there exists some positive
numbers v and ¢ such that

S E[x] <.

i=1
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and for all integers k > 3,

n

SoB[ah] = ek,

i=1

where (-)+ = max{-, 0} denotes the positive part.
Let S =)} | (X; — E[X;]), then for every positive x,

]P(S > V2vx + cx) <e . (17.5)

Moreover, for any positive t,

2
P(S>1) <exp (— 2(vt—i— ct)) . (17.6)

Notice that both forms of Bernstein’s inequality appear in the literature. Yet,
due to its form, (17.5) is rather preferred in statistics, even though (17.6) is more
classical.

The work in this article is based on the pioneering work of Talagrand (see [27] for
a review) who investigates the concentration of measure phenomenon for product
measures. Of main interest here, he proves the following inequality for random
permutations in [27, Theorem 5.1].

Theorem 17.1.2 (Talagrand [27]) Denote by S,, the set of all permutations of
{1, ..., n}. Define for any subset A C S,,, and permutation t € G,

Ualt) = {s €{0,1}"; do0 € AsuchthatV1 <i <n, 5, =0 = o(i) = t(i)}.
Then, consider V4 (t) = ConvexHull (U4(7)), and
n
f(A,7) = min !Z V75 v = ()1zizn € Va(®) -
i=1

Then, if P, denotes the uniform distribution on S,

6/ (A0 g
16 P, < .
/ ¢ "= b

n

Therefore, by Markov’s inequality, for all t > 0,

2
et /16

. 2
P, (r, (A7) >1 ) <) (17.7)
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This result on random permutations is fundamental, and is a key point to many
other non-asymptotic works on random permutations. Among them emerges McDi-
armid’s article [20] in which he derives from Talagrand’s inequality, exponential
concentration inequalities around the median for randomly permuted functions
of the observation under Lipschitz-type conditions and applied to randomized
methods for graph coloring. More recently, Adamczak et al. obtained in [4] some
concentration inequality under convex-Lipschitz conditions when studying the
empirical spectral distribution of random matrices. In particular, they prove the
following theorem (precisely [4, Theorem 3.1]).

Theorem 17.1.3 (Adamczak et al. [4]) Consider xi,...,x, in [0,1] and let
¢ : [0,1]" — R be an L-Lipschitz convex function. Let T1 be a uniform random
permutation of the set {1, ...,n} and denote Y = (p(xn(l), R xn(,,)). Then, there
exists some positive absolute constant c such that, for all t > 0,

ct?
PY —-E[Y]>1) < Zexp<—L2>.

Yet, the Lipschitz assumptions may be very restrictive and may not be satisfied
by the functions considered in the application fields (see Sect. 17.3.1 for instance).
Hence, the idea is to exploit the attractive form of a sum. Based on Stein’s method,
initially introduced to study the Gaussian behavior of sums of dependent random
variables, Chatterjee studies permuted sums of non-negative numbers in [9]. He
obtains in [9, Proposition 1.1] the following first Bernstein-type concentration
inequality for non-negative terms around the mean.

Theorem 17.1.4 (Chatterjee [9]) Let {ai’j}l<ij<;1
from [0, 1]. Let Z = Z?:l a; (i), where Il is drawn from the uniform distribution

be a collection of numbers

over the set of all permutations of {1, ..., n}. Then, for anyt > 0,
l2
P(Z-E[Z]|>1t) <2 - . 17.8
(1 [Z]l = 1) = exp( 4]E[Z]~|—2t) (17.8)

Notice that because of the expectation term in the right-hand side of (17.8), the
link with Hoeffding’s combinatorial central limit theorem (for instance) is not so
clear.

In [6, Theorem 4.3], this result is sharpened in the sense that this expectation term
is replaced by a variance term, allowing us to provide a non-asymptotic version of
such combinatorial central limit theorem. This result is moreover generalized to any
real numbers (not necessarily non-negative). More precisely, based on martingale
theory, they prove the following result.
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Theorem 17.1.5 (Bercu et al. [6]) Ler {a; ;}, _. i<n
from [—M,, M,]. Let Z = Z;r'l=1ai,l'l(i)y where Tl is drawn from the uniform

be an array of real numbers

distribution over the set of all permutations of {1, ..., n}. Then, for anyt > 0,
t2
P(Z -E[Z]] = t) <4exp (— 16(9}1 szﬂ a,»z’j N Mat/3)> , 17.9)
where 6 = > In(3) — 2.
2 3

In this work, we obtain a similar result (up to constants) but based on a
completely different approach. Moreover, this approach provides a direct proof for
a concentration inequality of a permuted sum around its median.

The present work is organized as follows. In Sect. 17.2 are formulated the main
results. Section 17.2.1 is devoted to the permuted sums of non-negative numbers.
Based on Talagrand’s result, a first rough concentration inequality for the square
root of permuted sum is obtained in Lemma 17.2.1. Then by iterating the previous
analysis and plugging this first inequality, a general concentration of permuted sums
around their median is obtained in Proposition 17.2.1. Finally, the concentration
inequality of Proposition 17.2.2 around the mean is deduced. In Sect. 17.2.2, the
previous inequalities are generalized to permuted sums of not necessarily non-
negative terms in Theorem 17.2.1. Section 17.3 presents an application to the study
of non-asymptotic properties of a permutation independence test in statistics. In
particular, a sharp control of the critical value of the test is deduced from the
main result. The proofs are detailed in Sect. 17.4. Finally, the Appendix contains
technical results for the non-asymptotic control of the second kind error rate of the
permutation test introduced in Sect. 17.3.

17.2 Bernstein-Type Concentration Inequalities
for Permuted Sums

Let us first introduce some general notation. In the sequel, denote by &,, the set of

permutations of {1,2, ..., n}. For all collection of real numbers {a,', j } 1<i j<n’ and

for each 7 in G,,, consider the permuted sum

n
Z(t) = Z aj v (i)-
i=1

Let IT be a uniform random permutation in &, and Z := Z(IT). Denote med (Z)
its median, that is which satisfies

P(Z >med(Z)) >1/2 and P(Z <med(Z)) > 1/2.
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This study is divided in two steps. The first one is restrained to non-negative
terms. The second one extends the previous results to general terms, based on a
trick involving both non-negative and negative parts.

17.2.1 Concentration of Permuted Sums of Non-negative
Numbers

In the present section, consider a non-negative collection of numbers {ai,j } I<i.j<n’
The proof of the concentration inequality around the median in Proposition 17.2.1
needs a preliminary step which is presented in Lemma 17.2.1. It provides concen-
tration inequality for the square root of the sum. It allows us then by iterating the

same argument, and plugging the obtained inequality to the square root of the sum of
the squares, namely \/ Yo al.zn(i), to be able to sharpen Chatterjee’s concentration
inequality (17.8).

Lemma 17.2.1 Let {a; ;},_, i<n

be a uniform random permutation in S,. Consider Z = Y_!_, a; 1. Then, for all
t >0,

be a collection of non-negative numbers, and T1

]P(«/Z > \/med (2) ~|—t\/1£ri12})in {ai,j}) < 26—t2/16’ (17.10)
and

In particular, one obtains the following two-sided concentration for the square root
of a randomly permuted sum of non-negative numbers,

IP(“/Z—\/med(Z)‘ > t\/lmax {a,;,-}) < 4116,

<i,j<n

The idea of the proof is the same that the one of Adamczak et al. in [4,
Theorem 3.1], but with a sum instead of a convex Lipschitz function. In a similar
way, it is based on Talagrand’s inequality for random permutations recalled in
Theorem 17.1.2.

In the following are presented two concentration inequalities in the non-negative
case; the first one around the median, and the second one around the mean. It is well
known that both are equivalent up to constants, but here, both are detailed in order to
give the order of magnitude of the constants. The transition from the median to the
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mean can be obtained thanks to Ledoux’ trick in the proof of [18, Proposition 1.8]
allowing to reduce exponential concentration inequalities around any constant m
(corresponding in our case to med (Z)) to similar inequalities around the mean. This
trick consists in using the exponentially fast decrease around m to upper bound the
difference between m and the mean. Yet, this approach leads to drastic multiplicative
constants (of the order 8¢'97 as shown in [1]). Better constants can be deduced from
the following lemma.

Lemma 17.2.2 For any real valued random variable X,

IE[X] — med (X)| < /Var(X).

In particular, we obtain the following results.

Proposition 17.2.1 Let {ai ;},_; ;_,

I1 be a uniform random permutation in S,. Consider Z =y i, aj r1(i). Then, for
all x > 0,

be a collection of non-negative numbers and

n
) —Xx
P||Z —med(2)| > med(ZaLn(i))x—i—x max {ai,j} §8exp(16>.

1<i,j<n
i=1 =hJ=

(17.12)

Since in many applications, the concentration around the mean is more adapted,
the following proposition shows that one may obtain a similar behavior around the
mean, at the cost of higher constants.

Proposition 17.2.2 Let {a,-, j }1 <ij<n be a collection of non-negative numbers, and

I1 be a uniform random permutation in &,,. Consider Z =Y _'_, ai 11(i)-
Then, for all x > 0,

1 < X
_ 2 . 1/16 .
Pl1Z-E[Z] =2 ”iE/—:lai’j x+1£a}én{a,,]}x < 8e exp( 16).

(17.13)

This concentration inequality is called a Bernstein-type inequality restricted to
non-negative sums, due to its resemblance to the standard Bernstein inequality, as
recalled in Theorem 17.1.1. The main difference here lies in the fact that the random
variables in the sum are not independent. Moreover, this inequality implies a more
popular form of Bernstein’s inequality stated in Corollary 17.2.1.
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Corollary 17.2.1 With the same notation and assumptions as in Proposition 17.2.2,
forallt > 0,

_2
P(Z - E[Z] >1t) < 8'/"exp 1 , )
16 <4n Zi,j:l a; + 2max1§,~,j§n {ll,"j} [)
(17.14)

Comment Recall Chatterjee’s result in [9, Proposition 2.1], quoted in Theo-
rem 17.1.4, which can easily be rewritten with our notation, and for a collection
of non-negative numbers not necessarily in [0, 1], by

—12
Vi >0, P(Z-E[Z]|>=1t) <2exp T ,
4Man Zi,j=l a[’j + 2Mat

where M, denotes the maximum maxi<; j<n {ai j}. As mentioned in [6], the
inequality in (17.14) is sharper up to constants, because of the quadratic term, since
the inequality 37 ;_, al.%j < M, 7} i ai,j always holds.

17.2.2 Concentration of Permuted Sums in the General Case
In this section, the collection of numbers {a,-, /}1 <ij<n is no longer assumed

to be non-negative. The following general concentration inequality for randomly
permuted sums directly derives from Proposition 17.2.2.

Theorem 17.2.1 Let {aij},_; .,

a uniform random permutation in S,. Consider Z = Y 7_, ai ). Then, for all
x>0,

be a collection of any real numbers, and T1 be

1 n
Pl1z-E[z) =2 2(n Z“%J)HZ max {lai j[}x | < 16eCexp ().

ij=1 1<i,j<n

(17.15)

Once again, the obtained inequality is a Bernstein-type inequality. Moreover,
it is also possible to obtain a more popular form of Bernstein-type inequalities
applying the same trick based on the non-negative and the negative parts from
Corollary 17.2.1.

Corollary 17.2.2 With the same notation as in Theorem 17.2.1, for all t > 0,

2
P(Z-E[Z 16e!/10 N |
( (2]l 2 1) = 167" Texp (256 (Var(Z)+maX1si,j5n{|al¥f|}t))
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Comments One recovers a Gaussian behavior of the centered permuted sum
obtained by Hoeffding in [15, Theorem 3] under the same assumptions. Indeed,
in the proof of Corollary 17.2.2, one obtains the following intermediate result
(see (17.41)), that is

2
P(Z —B[Z] > 1) < 1661 exp ! ,
64(4 Zl] 1 +max15,~,j5n{|d,~,j|}t)

where the d; ;’s are defined in (17.1). Yet, Var(Z) = (n — 1)~ ! > =1 d2 (see [15,
Theorem 2]). Hence, applying this inequality to

1 n
— 2
t = x/Var(Z) > x nz ld,',j,
i,j=

for x > 0 leads to

—x2

256 ( 14 "t Al
\/n i,j=1 divj

Hence, under Hoeffding’s simpler condition (17.3), namely

]P(lZ —E[Z] > x\/Var(Z)) < 161 exp

maxi<;, j<n d»2<
lim 2 =0,
n—-+00 Zl =1 d

one recovers, (denoting Z = Z,, depending on n),
lim ]P('Z" —E[Z]l = x\/Var(Zn)) < 16¢!/16¢=2/256,
n——+0o0

which is a Gaussian tail that is, up to constants, close in spirit to the one obtained
by Hoeffding in [15, Theorem 3].

17.3 Application to Independence Testing

17.3.1 Statistical Motivation

Let X represent a separable set. Given an i.i.d. n-sample X, = (X1, ..., X,;), where
each X; is a couple (Xl.l, Xl.z) in X% with distribution P of marginals P! and P?,
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we aim at testing the null hypothesis (Ho) “P = (P! ® P?)” against the alternative
(H1) “P # (P! ®@ P?)”. The considered test statistic is defined by

n

T(Xy) = Zw(xl x?) — 12 X! xH |, (17.16)

i,j=1

where ¢ is a measurable real-valued function on X2, Denoting for any real-valued
measurable function g on X 2

Ep[g]:/X2g<x1,x2)dP<xl,x2) and Eﬂ_[g]:/X2g(xl,xz)dPl<x1)dP2<x2),

(17.17)

one may notice that, T (X,) is an unbiased estimator of

E[T(Xp)] = Eple] - Eile],

which is equal to 0 under (Hy).

For more details on the choice of the test statistic, the interested reader can
refer to [2] (motivated by synchrony detection in neuroscience for instance). The
particular case where X = [0, 1] and ¢ is a two-dimensional isotropic Haar wavelet
is studied in [1, Chapter 4] and recalled below. More precisely, consider a resolution
scale j in IN, a translation k = (k1, k2) in K; := {0, 1, ..., 27 — 1}2. Consider the
functions defined for all (x', x?) in [0, 1]* by

L L 0100 x%) = B (DY (),
oo(x",x°) =p(x )p(x7), and (p(z’j’k)(xl,xz) = Wj,kl (xl)(l)j,kz(xz)’
0G0 &L XD = Y KDY (),

where ¢ = 1o 1) and ¥ = Lo,1/2) — 112,1) are respectively the one-dimensional
Haar father and Haar mother wavelets and

Qx() =222 - —k)

denotes the dilated/translated wavelet at scale j in IN for & being either ¢ or .

Notice that K; corresponds to the set of translations k such that for any 1 <i < 3,

the intersection between the supports of the wavelets ¢;, ; x) and [0, 1)? is not empty.
Then the function ¢ is taken out of the family {ps, § € A}, with

={0}U{G. j. k) €{1,2,3} x N x K;},
which constitutes an orthonormal basis of 1L, ([0, 1]2). Notice that in this case, the

Lipschitz assumptions of Adamczak et al. (see Theorem 17.1.3) are not satisfied,
since the Haar wavelet functions are not even continuous.
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The critical value of the test is obtained from the permutation approach, inspired
by Hoeffding [16], and Romano [23]. Let IT be a uniformly distributed random
permutation of {1, ..., n} independent of X, and consider the permuted sample

X =L xh, whereVl <i<n, X['= (X!, Xf).

obtained from permuting only the second coordinates. Then, under (Hp), the
original sample X, and the permuted one X};[ have the same distribution. Hence, the
critical value of the upper-tailed test, denoted by g1_4(X},), is the (I — «)-quantile
of the conditional distribution of the permuted statistic T(X};[) given the sample
Xy, where the permuted test statistic is equal to

1 - I «
TG = | o0 X)) = D e(X]L X))
i=l1 i,j=1

More precisely, given X, if
TOXy) < TPXp) < - < T (X0)

denote the ordered values of all the permuted test statistic 7 (X}, ), when t describes
the set of all permutations of {1, ..., n}, then the critical value is equal to

q1-o(Xp) = Tl (). (17.18)

The corresponding test rejects the null hypothesis when 7' (X,,) > q1—4(X},), here
denoted by

Aa(Xp) = 17(X,)>g1-a(Xn)- (17.19)

In [2], the asymptotic properties of such test are studied. Based on a combina-
torial central limit theorem in a non-i.i.d. case, the test is proved to be, under mild
conditions, asymptotically of prescribed size, and power equal to one under any rea-
sonable alternatives. Yet, as explained above, such purely asymptotic properties may
be insufficient when applying these tests in neuroscience for instance. Moreover, the
delicate choice of ¢, generally out of a parametric family {¢s}s (which reduces to
the choice of the parameter §), is a real question, especially, in neuroscience, where
it has some biological meaning, as mentioned in [2] and [3]. A possible approach
to overcome this issue is to aggregate several tests for different parameters §, and
reject independence if at least one of them does. In particular, this approach should
give us information on how to choose this parameter. Yet, to do so, non-asymptotic
controls are necessary.

From a non-asymptotic point of view, since the test is non-asymptotically of
prescribed level by construction, remains the non-asymptotic control of the second
kind error rate, that is the probability of wrongly accepting the null hypothesis. In
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the spirit of [11, 12, 24], the idea is to study the uniform separation rates of testing,
in order to study the optimality in the minimax sense (see [5]).

From now on, consider an alternative P satisfying (1), and an i.i.d. sample
X,, from such distribution P. Assume moreover that the alternative satisfies
Eple] > Ey[¢], that is E[T(X,)] > 0. The initial step is to find some
condition on P guaranteeing the control of the second kind error rate, namely
P(Ax(X,;) = 0), by a prescribed value 8 > 0. Intuitively, since the expectation of
the test statistic I£ [T (X,)] is equal to zero under the null hypothesis, the test should
be more efficient in rejecting (Ho) for large values of this expectation. So, the aim is
to find conditions of the form IE [T (X,)] > s for some threshold s to be determined.
Yet, one of the main difficulties here comes from the randomness of the critical
value. The idea, as in [11], is thus to introduce g B2 the (1 — /2)-quantile of the
critical value g1_4(X,,) and deduce from Chebychev’s inequality (see section “A
First Condition Ensuing from Chebychev’s Inequality” in the Appendix), that the
second kind error rate is controlled by 8 as soon as

2
E[TX,)] = q‘f‘fﬁ/z + \/ﬂ Var(T (Xp)). (17.20)

Usually, the goal in general minimax approaches is to express, for well-chosen
functions ¢, some distance between the alternative P and the null hypothesis (Ho)
in terms of It [T (X,)] for which minimax lower-bounds are known (see for instance
[11, 12]). The objective is then to control, up to a constant, such distance (and
in particular each term in the right-hand side of (17.20)) by the minimax rate
of independence testing with respect to such distance on well-chosen regularity
subspaces of alternatives, in order to prove the optimality of the method from a
theoretical point of view. The interested reader could refer to the thesis [1, Chapter
4] for more details about this kind of development in the density case. It is not in
the scope of the present article to develop such minimax theory in the general case,
but to provide some general tools providing some sharp control of each term in the
right-hand side of (17.20) which consists in a very first step of this approach. Some
technical computations imply that the variance term can be upper bounded, up to
a multiplicative constant, by n~ ! (IEp [q)z] +E [(pz]) (see Lemma 17.3.1). Hence,
the challenging part relies in the quantile term. At this point, several ideas have been
explored.

17.3.2 Why Concentration Inequalities Are Necessary

A first idea to control the conditional quantile of the permuted test statistic is
based on the non-asymptotic control of the critical value obtained in section



354 M. Albert

“Control of the Critical Value Based on Hoeffding’s Approach” in the Appendix
(see Eq.(17.49)), following Hoeffding’s idea (see [16, Theorem 2.1]), that leads to
the condition

ZEP +]EJ_|_[ ]

The proof of this result is detailed in section “A First Condition Ensuing from
Hoeffding’s Approach” in the Appendix. Yet, this result may not be sharp enough,
especially in «. Indeed, as explained above, the next step consists in aggregating
several tests for different functions ¢ out of a parametric family {¢;}s in a purpose
of adaptivity. Generally, when aggregating tests, as in multiple testing methods,
the multiplicity of the tests has to be taken into account. In particular, the single
prescribed level of each individual test should be corrected. Several corrections
exist, such as the Bonferroni one, which consists in dividing the global desired level
o by the number of tests M. Yet, for such correction, the lower-bound in (17.21)
comes with a cost in +/M, which is too large to provide optimal rates. Even with
more sophisticated corrections than the Bonferroni one (see, e.g., [11, 12, 24]), the
control by a term of order +/1/a is too large, since classically in the literature, the
dependence on « should be of the order of +/In(1/«). Hence, the bound ensuing
from this first track being not sharp enough, the next idea was to investigate other
non-asymptotic approaches for permuted sums.

Such approaches have also been studied in the literature. For instance, Ho and
Chen [14] obtain non-asymptotic Berry-Esseen type bounds in the IL”-distance
between the cumulative distribution function (c.d.f.) of the standardized permuted
sum of i.i.d. random variables and the c.d.f. of the normal distribution, based
on Stein’s method. In particular, they obtain the rate of convergence to a normal
distribution in IL”-distance under Lindeberg-type conditions. Then, Bolthausen [7]
considers a different approach, also based on Stein’s method allowing to extend
Ho and Chen’s results in the non-identically distributed case. More precisely, he
obtains bounds in the IL.°°-distance in the non-random case. In particular, in the
deterministic case (which can easily be generalized to random cases), considering
the notation introduced above, he obtains the following non-asymptotic bound:

)3 b

\/V (Z) i,j=1

(17.21)

sup ]P(Z E[Z] < x\/Var(Z)) - c1>0,1(x)‘
xeR

where C is an absolute constant, and @ 1 denotes the standard normal distribution
function. In particular, when applying this result to answer our motivation by
considering random variables ¢ (X 1.1, X ?) instead of the deterministic terms g;, ;, and

working conditionally on the sample X, the permuted statistic T(X,Il—[) corresponds
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to (n — 1)71 (Z — E[Z]). Therefore, the previous inequality implies that, for all ¢
in R,

JVar(T (XI)X)

C
+ 3 Z|Di,j :
i,j

n(n — D23 [Var(T (XI1)[X,,)

P(T(X]) > 1|X,) < |1 — @0,

3

(17.22)

where D; ; is defined by

Dij=eX], X}) - Zgo(x X7) — Zgo(xk,xzw " Z(p(Xk,X,)
k=1

Yet, by definition of conditional quantiles, the critical value g1, (X},) is the smallest
value of ¢ such that P(7T(X,) > #|X,,) < «. Hence, considering (17.22), one can
easily make the first term of the sum in the right-hand side of the inequality as small
as one wants by choosing ¢ large enough. However, the second term being fixed,
nothing guarantees that the upper-bound in (17.22) can be constrained to be smaller
than «. Thus, this result cannot be applied in order to control non-asymptotically
the critical value. Concentration inequalities seem thus to be adequate here, as
they provide sharp non-asymptotic results, with usually exponentially small controls
which leads to the desired logarithmic dependency in ¢, as mentioned above.

17.3.3 A Sharp Control of the Conditional Quantile and a New
Condition Guaranteeing a Control of the Second Kind
Error Rate

Sharp controls of the quantiles are provided in the following proposition.

Proposition 17.3.1 Consider the same notation as in Sect. 17.3.1 and let g} _ 82 be
the (1 — B/2)-quantile of the conditional quantile q1—y(X,,). Then, there exists two
universal positive constants C' and cq such that

/

nc_l iiw%x X3,/ () +lglloomn ()

i,j=1

QIfQ(Xn) =

(17.23)
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As a consequence, there exists a universal positive constants C such that

‘Iflﬂg/z <C

o Ep[¢?] /Eu[e?] s (€O
[y (VP AR ot o)

(17.24)

Moreover, a control of the variance term is obtained in the following lemma
based on the Cauchy-Schwartz inequality.

Lemma 17.3.1 Let n > 4 and X,, be a sample of n i.i.d. random variables
with distribution P and marginals P' and P?. Let T be the test statistic defined
in (17.16), and Ep[-] and Ty [-] be notation introduced in (17.17). Then, if both
Ep[(/)z] < +oo and Eﬂ_[q)z] < 400,

Var(T (X,,)) < :l (\/Ep[q,z] + 2\/1EL[¢2]>2.

Proposition 17.3.1 and Lemma 17.3.1 both imply that the right-hand side
of (17.20) is upper bounded by

c’ \/; [ln (Z?) + 1] (Ep[e?] :]ELL[‘PZ]) + ||</)r|l|oo ln(ff) ’ (17.25)

where C” is a universal constant.

Indeed, the control of g 82 is implied by (17.24) combined with the concavity
property of the square-root function. Lemma 17.3.1 directly implies that the
variance term satisfies

8
Var(T(X,) = (Br[o?] + Ev[?]).
Finally, if I [T (X},)] is larger than the quantity in (17.25), then condition (17.20)
is satisfied which directly provides that IP(Ay(X;,) = 0) < B, that is the second

kind error rate of the test A, is less than or equal to the prescribed value . One may
notice that this time, the dependence in « is, as expected, of the order of /In(1/c).

17.4 Proofs

17.4.1 Proof of Lemma 17.2.1

Sketch of Proof From now on, fix + > 0. Recall the notation introduced by
Talagrand in Theorem 17.1.2. The main purpose of these notation is to introduce
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some notion of distance between a permutation 7 in &, and a subset A of G,,. To
do so, the idea is to reduce the set of interest to a simpler one, that is [0, 1]"?, by
considering

Ua(@) = {s €{0,1)"; 30 € AsuchthatVl <i <n, 5; =0 = o(i) = (i)} .

One may notice that the permutation t belongs to A if and only if O belongs to the
set U4 (7). Hence, the corresponding distance between the permutation t and the
set A is coded by the distance between 0 and the set U4 () and thus defined by

f(A,7) = min {va ;v =()1<i<n € vA(r)} ,

i=1

where V4 (1) = ConvexHull (U4 (7)). One may notice in particular that A contains
7 if and only if the distance f(A, t) = 0.

The global frame of the proof of Lemma 17.2.1 (and also Proposition 17.2.1)
relies on the following steps. The first step consists in proving that

< 9
1<i,j<n - ]P(Z S A)

e,,z/m
]P(x/Z > /Ca —i—t\/ max {a,-,,-}) (17.26)

for some subset A of G, of the shape A = {0 € &, ; Z(0) < C4} for some
constant C4 to be chosen later. For this purpose, since Talagrand’s inequality for
random permutations (see Theorem 17.1.2) provides that

2
o—12/16

P(fa.mz=r) < PO € 4y

it is sufficient to prove that

IP(f(A,I‘I) Zﬂ) Z]P(«/Zz\/CA ~|—t\/ max {ai,j}),

1<i,j<n
to obtain (17.26). To do so, the idea, as in [4], is to show that the assertion
fAID) < 12 implies that VZ < JCa ~|—t\/max15,~,j5,, {a,-,j }, and to conclude by
contraposition.

Then, the two following steps consist in choosing appropriate constants Cy4
in (17.26) depending on the median of Z, such that both

IP(\/Z > /Cy ~|—t\/max1§;,j§n {ai,j}> and P(Z € A) are greater than 1/2, in
order to control both probabilities

I<i,j=<n I<i,j=<n

IP(«/Zz\/med(Z)—i—t\/ max {a,',j}> and IP(x/ZS\/med(Z)—t\/ max {a,',j}>
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respectively in (17.10) and (17.11).
First Step: Preliminary Study Assume f(A, IT) < 2. Then, by definition of the

distance f, there exists some sh....s"™inU A(IT), and some non-negative weights
Pt .-, pm satisfying 327, p; = 1 such that
2
n m .
Z Z pjsl.J <12
j=1

i=1

Foreach I < j < m, since s/ belongs to U4 (IT), one may consider a permutation
o; in A associated to s/ (that is satisfying sl.] =0 = o0;(i) = I[1(i)). Then, since
the a; ; are non-negative, and from the Cauchy-Schwartz inequality,

m n m
Z-Y piZep) =YY pjlaine — aiow)
=1

i=1 j=1

n m .
= > > pilaine — aiom)s!

i=1 j=1

n m
j
<Y 1 ris! |aino
i=1 j=1
2
n m n
o 2
<[> Pjsi >4
i—1 \j=1 i=1

<t\/ max {a; ;}VZ.

1<i,j<n

Thus, as the o;’s all belong to A = {0 ; Z(0) < Ca},

1<i,j<n

Z<CA~|—t\/ max {a;,j}«/Z.

Therefore, by solving the second-order polynomial in +/Z above, one obtains

max {a,',j}—i—\/CA.

1<i,j=n

l\/maxlsi,jsn {ai,j} + \/l‘2 maxj<j j<n {a,',j} +4Cy
vz < ) < z/
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Finally, by contraposition,

1<i,j<n

P(\/ZZ\/CA“‘t\/ max {m,;}) SIP(f(A,H)th),

which, combined with (17.7) of Theorem 17.1.2 provides (17.26).

Second Step: Proof of (17.10) Taking C4 = med (Z) guaranteesP(Z € A) > 1/2
and thus, (17.26) provides (17.10).

2
Third Step: Proof of (17.11) Taking C4 = (\/med(Z) - t\/maxls,',jsn {a,-,j}>
implies

1<i,j<n

IP(JZ >/Ca +z\/ max {a,-,j}> = IP(x/Z > \/rned(Z)) =TP(Z > med (2)) > ;

So finally, again by (17.26),

1<i,j<n

IP(JZ < y/med (Z) — r\/ max {a,»,j}> =P(Z € A)
o—12/16
=
IP(\/Z > \/CA + t\/maxlsi’js,l {‘h,]})

2
< 2e 116,

which ends the proof of the Lemma.

17.4.2 Proof of Lemma 17.2.2

Let X be any real random variable. Recall that

med (X) € argminE[| X — m]].

meR
In particular, thanks to Jensen’s inequality,
IE [X] — med (X)| < E[IX — med (X)[]
= E[X -E[X]
< JE[X - E[x))?]
< VVar(X). (17.27)
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17.4.3 Proof of Proposition 17.2.1

From now on, fix x > 0, and consider + = x2. This proof is again based
on Talagrand’s inequality for random permutations, combined with (17.10)
in Lemma 17.2.1. It follows exactly the same progression as in the proof of
Lemma 17.2.1; the preliminary step consists in working with subsets A C &,
of the form A = {0 € 6,,; Z(0) < Cya} for some constant C4, in order to obtain
forallv > O,

n —2/16
2 o € —v%/16
PlezCarr] med (Z“lﬁ“@) tv e fagh | [= pig e py t2
i=1 =/=

(17.28)

The second and third step consist in picking up a well-chosen constant C4 and a
well-chosen v > 0 in order to obtain respectively

n
P|Z>med(Z) +1¢ med (Z “?H(i)) + (r v Cp) 1<rna)c< {‘li,j} < 4e—t2/16’
’ =i, j=n

i=1

(17.29)

and

1<i,j<n

n
P|Z <med(Z)—1t med (Z aizl'[(i)) + (tVv Cp) max {ai,j} < 4eft2/16’
i=1
(17.30)
where Cp = 44/In(8). The final step combines (17.29) and (17.30) in order to

prove (17.12).

First Step: Preliminary Study Let A = {0 €&, ; Z(o) <Cu} with C4 a
general constant, and fix v > 0. Assume, this time, that both

n n
FA,TD) < 2 and Zaiz,n(i) < |med (Z afn(i)> + v max {a,-,j} .
i=1 i=1

1<i,j<n

(17.31)



17 Concentration Inequalities for Randomly Permuted Sums 361

Then, as in the preliminary study of the proof of Lemma 17.2.1, from the first
assumption in (17.31), there exists some st .. s™ in U (T1), and some non-
negative weights p1, ..., p, satisfying Z?=1 pj = 1 such that
2
n m .
Z Z P J'Sij <1

i=1 | \j=1

For each 1 < j < m, consider o; in A associated to s/, that is a permutation o
in A satisfying si] =0 = o0;(i) = [1(i). Then, combining the Cauchy-Shwartz
inequality with the second assumption in (17.31) leads to

m n m
Z=Y piZop) =YY pjlaine - aiow)s
=1

i=1 j=1

n

m
2o [ 22 pis! | aina
j=1

IA

i=1
n m

2
n
Z pjsi Z"iz,nm
1 i=1

i=1 j=

IA

A

n
2 .
t med (Z‘H’,n(i)) +vl£2});n{a,,/}

i=1

Notice that here, the reasoning begins exactly as in the proof of Lemma 17.2.1. Yet,
the second assumption in (17.31), which can be controlled using that lemma, allows
us to sharpen the inequality. Thus, as the o;’s all belongto A = {0 ; Z(0) < Ca},

n
Z<Ca+t| |med (Zagmi)> +v max {ai;} |- (17.32)
i=1

I<i,j<n

Hence, by contraposition of (17.31) = (17.32), one obtains

n
P{Z>C4+1t d 2 .
( >Cys+ jme (;az,nu)) +v 1;‘}3";” {aw})

n n
< IP(f(A, ) > t2>+IP( Za%n(i) > jmed (Za%nm> +v  max {ai,j}) ,
i=1 i=1 =hI=

and (17.28) follows from Theorem 17.1.2 and (17.10) in Lemma 17.2.1.
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Second Step: Proof of (17.29) Consider C4 = med (Z) sothat P(Z € A) > 1/2.
Thus, if v = ¢ in (17.28),

n
IP(Z >med (Z) +1t (Jmed (Za?n(i)) + (t v Cp) lina)i {ai,j}) >

‘ ’ <i,j<n

i=1
n

<P|Z>=med(Z)+1t med (Z aizn(i)> +t lina)i {ai,j}

‘ ’ <i,j<n
i=1

42
< 4e7 /16,

Notice that the maximum with the constant in (¢ v Cp) is not necessary in the case
only a control of the right-tail is wanted.

Third Step: Proof of (17.30) Consider now

n
Cp=med(Z) —t med (Z‘H’%l‘l(i)) + v max {ai,j} ,

1<i,j<n
i=1 =hJ=

so that
u 1
2 _
P|{Z>Cp+1t| |med ;ai’n(i) +v151237;’l {aij} | | =P(Z = med (2)) > 5
Hence, on the one hand, from (17.28),
e—t2/16

P(Z € A) <

)

Thus, if v = Co = 4+/In(8), then (1/2—2(3_”2/16) — 1/4, and P(Z € A) <
4116,
On the other hand, as (r vV Cg) > Co = v,

£ <i,j<n
i=1 =L]=

n
2
P(ZeA)>P|Z<med(Z)—1| |med (Zai’nm) + (v Co) max {a; ;]

which ends the proof of (17.30).
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Fourth Step: Proof of (17.12) Both (17.29) and (17.30) lead to
1 2
—12/16
P||Z—-med(Z)|>t| |med i§:1a§n(i) +(zvco)1£;};;n fai i} || <ser/16.

Thus, on the one hand, if t > Co, thatis r vV Cyp = ¢, and (17.12) holds. On the other
hand, if r < Cy,

n
P||Z —med(Z)| >t med (Za?’nm> +¢ max {a;;} <1
i=1

1<i,j<n

2 _ 42 _ 42
< (C3/16-17/16 _ g,~17/16.

which ends the proof of the Proposition by taking x = /.

17.4.4 Proof of Proposition 17.2.2

First, for a better readability, let

n n
1
M = max {a; ; and V=E E a?oo | = E a’..
lfi,jfn{ l,]} |:i:1 z,H(t):| n = i,j

Then, med (Z?:l al.zn (l.)> < 2V since by Markov’s inequality, for all non-negative
random variable X, med (X) < 2IE[X]. Indeed,

E[X]

1
) = P(X > med (X)) < med (X))

Thus, by Proposition 17.2.1, one obtains that, for all x > 0,
]P<|Z —med (Z)] > vV2Vx + Mx) < 8e~/16, (17.33)

The following is based on Lemma 17.2.2, and provides an upper-bound of the
difference between the expectation and the median of Z.

Lemma 17.4.1 With the notation defined above,

IE[Z] — med (Z)] < v/2V.
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Proof (Proof of Lemma 17.4.1) Lemma 17.2.2 implies that

|E[Z] — med (Z)| < /Var(Z).

Let us prove that

Var(Z) < 2V. (17.34)
Indeed,
r 2
n 1 n
Var(Z) = E Za,”n(i) - Z ai,j
i=1 i,j=1
B 2
- 1
-k - N
Z aj j <1n<z>—1 n)
i,j=1
n n
= E: E:CMﬂMJELth
i,j=1k,i=1
where

1 1
Eijxi=E [(ﬂnm:j - n) <11n(k>=1 - n)} =E[lno=lnw=] - -

In particular,

1 1 1
- 5 < ifi =kand j =1,
n o n n
—1
Eijri = n2§0 ifi=kand j#lori #kandj =1,
1 1

ifi £kand j #1.

nn—1) n2  nl(n—1)

Therefore, from the Cauchy-Schwarz inequality applied to the second sum below
(of n2(n — 1)? terms), one obtains

n

1
Var(z) < Z a?; + n2(n ZZa,,akz
i,j=1 l;ék J#l
Vnt(n —1)2
=V+ n2(n — 1) Zzaiz,jal%,l

itk jl
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1
Var(Z) <V 4+ [Y a2y af,
Ty k.l
=2V.

Finally, combining (17.27) and (17.34) ends the proof of Lemma 17.4.1. O
Therefore, one deduces from Lemma 17.4.1 and Eq. (17.33) that for all x > 0,

]P(lZ “E[Z]] > V2V +vV2Vx + Mx) < 8e~¥/16, (17.35)

Now, as in [8, Corollary 2.11], introduce i1 : u € R* — 14+ u — 1+ 2u.
Then, in particular, A1 is non-decreasing, convex, one to one function on R with
inverse function hfl ‘v eRY > v+ 4/20. Indeed,

(@) =14+ v+ V20 - Vit 2012020

=1+v+x/2v—\/<1~|—«/2v)2=v,

and

hfl(hl(u))z1+u—\/1+2u+\/2+2u—2\/1+2u

=u+l—x/1+2u+\/1—2\/1+2u+1+2u
2
=1+u—\/1+2u+\/(1—\/1~|—2u> —u.

Consider a and ¢ defined by a = V/M and ¢ = M?/V, such that ac = M and
a’c = V and thus

V2Vx + Mx = ahy (o).
Then, from (17.35),
P(1Z - BIZ]| = V2 + ahi ' (ex)) = 8¢/

Let ¢ > 0, and consider the two following cases.
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1 t

First Case If 1 > /2V = «/2a2c, then define x = 7y < — \/2() such that
c a

t =202 + ahl_l(cx). Then,

P(Z-E[Z]| = t) < 8exp <— 12ch1 <(tl — \/2c)) .

Yet, by convexity of A1,

I (2 - J2c> > 2 (;ﬂ) —hr (V2e).

Hence,

1 1
P(Z-E[Z]| = 1) < 8exp (16ch1 (\/2c)> exp (—Sclﬂ (2ta>> )

Moreover, V2¢ <c+ V2= hfl (¢), hence

1;}” <*/2°) = 116‘

So finally in this case,

P 1/16 1 !
(1Z ~BZ)| 2 1) <8 Cexp (o m () )- (17.36)

Second Case Ift < /2V = +/2a2c,

1 1
P(lz-E[Z]lz) =< 1 = eXP(gchl(;a>>e><p<_gchl<2ta>)

Moreover, in this case, since \/2c/2 < hl_1 (¢/4), hence

1 t 1 2 1
8¢ 2a 8¢ 2 32
and thus

P(Z —E[Z] = 1) < e/ exp <_81ch1 (21)) (17.37)
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Finally, combining (17.36) and (17.37) leads, in all cases, to

P(Z —E[Z]] > 1) < 8¢/ O exp <—81ch1 <2ta)) (17.38)

2 t
Now, in order to obtain the Bernstein-type inequality, let x = £ (2 ), then
¢ a

t = 2clhf1 (c;) — acx 4+ 2v/a2ex = 24/Vx + Mx,
and thus for all x > 0,
IP(lZ—IE[Z]I > 2x/Vx+Mx> < 8e!/16 exp (— 1’“6), (17.39)

which ends the proof of the Proposition.

17.4.5 Proof of Corollary 17.2.1

Consider the same notation as in both Proposition 17.2.2 and its proof. This proof
follows the one of [19, Corollary 2.10]. Notice that for all u > 0,

2
hi(u) = 21+ 1)’

Hence, from (17.38) in the proof of Proposition 17.2.2, for all # > 0,

1
Pz — ]E[Z]|>t)<8e1/16exp< 8¢ ( ))
< 8¢!/10exp ) )
" 64a c(l +t/2a)
— gel/164
¢ *p 32 2a2c+act)
— gol/16
¢ e 32(V~|—Mt)

which ends the proof of the corollary.
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17.4.6 Proof of Theorem 17.2.1

— -
ij = ajj1
- = - + = noo+ ~

a;; = —aijlg;<0), and denote Z = 2i.14; (respectively

Z= =31 a; () Then

For a better readability, let us introduce a >0 (respectively

a,-vj

n
Z = Za;,n(,') =zt—-7".
i=1

Moreover, if v (respectively v and v™) denotes ,11 Z:’ j=1 ai% f (respectively

,11 Z;"jzl(a;rj)2 and ,11 ZZ;:l(afj)z)’ then v = vt + v~ and, from the concavity
property of the square root function,

V2v zx/er—i—«/v*.

Furthermore, if M (respectively M ™) denotes max <;. jsn{a:r j} (respectively

maxlgi,jgn{al’j}), then 2M = 2max15i,j5n {|a,-,j |} > Mt + M.
Finally, applying Proposition 17.2.2 to Z* and Z~ which are both sums of non-
negative numbers leads to

IP(|Z—E[Z]| > 2v2vx + 2Mx>
< P(|z" —E[z7]|+ |27 - B[Z7]| 2 2Vux + M¥x + 2o x + M7x)
= P(|z" ~E[z7]| 2 2Vvte + MTx) + P(|Z7 ~B[27]| 2 2Vvx + M x)
1/16 X
< 16e exp( 16>’

which ends the proof of the Theorem.

17.4.7 Proof of Corollary 17.2.2

Consider the same notation as in the proof of Theorem 17.2.1, and let t > 0. Let
M denote the maximum maxi<; j<pn {|a,~,j|}. On the one hand, M* < M and
M~ < M, and on the other hand, v* < v and v~ < v. Therefore, applying
Corollary 17.2.1, one obtains

P(Z-E[Zll=0 <P(|zt -E[z*]|+|z" -E[27]| =)

<Pzt -E[z']|=1/2)+P(|2” —E[Z27]| =1/2)
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2 2

P(Z —E[Z 1/16 —(/2) 1/16 —(/2)
) [2)] = 1) = 8™ exp (16(4u+ comrr2) ) TP 6 (4o 420102
1/16 —1?
= 16¢ eXP(64 (4u+Mz)>’
which leads to the following intermediate result
2
P(Z —E[Z]] = t) < 16¢'/1%exp
64 (4; Z?,j:l lliz’j + maxj<;, j<n Ha,’,j“ l‘)
(17.40)

In order to make the variance appear, consider Hoeffding’s centering trick
recalled in (17.1) and introduce

1 n
dij Zai,j_nzakj Za,;+ 2 Zakl— 2 > (aij —ar —ais +a).

k=1 k=1 k=1

One may easily verify that for all ig and jo, > ;_,dij, = Z’}:l di,,j = 0.
Moreover,

n n n n n

1 1
Zdi,l'l(i) = E ainm = Z aij=Z2-E[Z] and E |:§ di,l'l(i)i| =, Z d;,j = 0.
i=1 i=1 ij=1 i=1 ij=1

In particular, applying Eq. (17.40) to the permuted sum of the d; ;’s leads to

2

64 (4} X1 2 + maxi iy {di ]} 1)
(17.41)

P(Z - E[Z]| > t) < 16¢'/1®exp

Then, it is sufficient to notice that, on the one hand, from [15, Theorem 2],
Var(Z): Z lJ— Z ij
i,j=1 i,j=1
and on the other hand,

(max {[dij[} <4 max {lai[}.

to end the proof of Corollary 17.2.2.
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17.4.8 Proof of Proposition 17.3.1

The proof of Proof of Proposition 17.3.1 is divided into two steps. The first step
consists in controlling the conditional quantile q;_,(X,) and the second step
provides an upper-bound for g’ B2

First Step Let us prove (17.23), that is

c’ IS 50l w2 co co
G1-a(Xy) < > 2! xD fin () +lgllootn (1)
n—1 n Ao J o o

Introduce Z Xp) = Z?:l (X 1.1, X 12-[ (l.)). Then, notice that

Moy = Lz - B[Ze%)

xn]) . (17.42)

Therefore, applying Theorem 17.2.1 to the conditional probability given X,, one
obtains that there exist universal positive constants cg and c; such that, forall x > 0,

P ‘Z(x,,) _E [Z(X,,)

X, |

1 n
>2 |2 (n > erx), X?)) x + 2 @lloox| X,

i,j=1
<cpexp(—cix).

In particular, from (17.42), one obtains

2 1 &
1 2yl 2
P |T(Xn)| > w1 2 " E 7 (Xl.,Xj) X+ [@lloox |1X,

i,j=1
<coexp(—cix).
Yet, by definition of the quantile, g1 (X},) is the smallest # such that

P(|ITXD| > u|X,) < e

Thus taking x such that coexp(—cix) = «, that is x = cl_lln (co/a), one
obtains (17.23) with C' = 2max{J2/cl, l/cl} which is a universal positive
constant.

Second Step Let us now control the quantile g{'_ /2 Since (17.23) is always true,
by definition of g} p/2> one has that q7_ p/2 is upper bounded by the (1 — /2)-
quantile of the right-hand side of (17.23). Yet, the only randomness left in the right-
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hand side of (17.23) comes from the randomness of ,11 szzl (pz(Xl.l, X?), and thus
it is sufficient to control its (1 — §/2)-quantile.
Besides, applying Markov’s inequality, one obtains for all x > 0,

Ly 2oyl x2
LS 20l 42 E[”Z"’/Zl(p(xi’xf)]

P n’leo(X,-,Xj)zx < i ,
ij=

with B[} 37 ¢2(X}, X3 | = Bp[¢?] + (2 = DE.[¢?], and thus, taking

x= Z (Ep [(/)2] + (- 1)ELL[‘/’2]) ;

one has that the (1 — 8/2)-quantile of ! s > (X}, X?) is upper bounded by x,

and thus, the (1 — 8/2)-quantile of \/,11 szzl (pZ(Xl.l, X;) is itself upper bounded
by

\/ z <\/Ep [02] + vy /B [<pz]> .

Finally,

qi_pp < 25/ {\/2 <\/1EP[¢J2] + \/n\/EiL[(PZ]) /ln (ff) + [l¢lloo In (2’)} .

which is exactly (17.24) for any constant C > 2C’.

17.5 Proof of Lemma 17.3.1

Let us now prove Lemma 17.3.1. Let n > 4 and X, be an i.i.d. sample with
distribution P. First notice that one can write

1 1 2 1 2
)= ; (ex). XD — o(x!. XD).

In particular, one recovers that £ [T (X,,)] = Ep[¢] — E 4 [¢].
For a better readability, let us introduce for all i # j in {1, 2, ..., n},

Yi = o(X], X}) —Eplp]l and Zi; =o(X], X;) - Eule].
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Then,
2] _ 2
E[¥?] = Vare(p) < Ep[¢?].
E[Y;]=E[Z; ;] =0, and ) ) (17.43)
E[22,] = Varu (o) = Bu[e?].
One can write
1
T(Xy) — E[T(Xy)] = Y (Yi-2ziy).
nin—1) Py
and thus,
2
1
Var(T(X,)) = E Z (Yi — Zi )
nn—1) Py
1
= nZ(n _ 1)2 ZZE [(Y’ - Zi’/) (Yk - Zk,l)]
i#j k#l
=A, — 2B, +Cy,
with
1 n
An= 5 D BIVYd,
i,k=1
1 n
B, = , ZZE[Yizk,l],
nsn —1) 3 k£l
1
Con= 2 ZZE[ZLJ‘ZM]’
n-(n—1) i
J k#l
where each sum is taken for indexes contained in {1, 2, ..., n}. In particular, since
just an upper-bound of the variance is needed, it is sufficient to write
Var(T (X,)) < |An| +2[By| + |Cal, (17.44)

and to study each term separately.
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Study of A, Since by construction, the Y;’s are centered, and independent (as the
X;’s are),

Ay = n12 ZE[Y,»Z] + Y BB

itk
1

E|r?].
n

and in particular, from (17.43),

|Anl < ’11EP|:(/’2:|. (17.45)

Study of B, Ifi, k and/ are all different, using once again the independence of the
X;’s and a centering argument, then E [Y; Zy ;] = E[Y;1E [Z,] = 0. Thus

1
B = a1y 2 BT 2] + B2

= rll (E [Y1Z1,2] +E [YlZZl])'

In particular, applying the Cauchy-Schwartz inequality, and from (17.43), one
obtains

IBnlsi\/IE[Y2 E|73,] < \/EP [¢2]. (17.46)

Study of C,, Still by an independence and a centering argument, if i, j, k and [ are
all different, E [Z; j Z1] = E[Z: ;] E[Zk;] = 0. Thus, if 1}*' denotes the set of

triplets (i, j, k) in {1, ..., n}3 which are all different, one obtains
1
Cr = i 12 > (B[ZiiZik] + 2B (202 + B[ 250 20i] )
G.jkel)
+ Z (E I:Z’Z/] + IE [Z,'JZ/J])}
i#]
n—2

= 1) (E[Z12Z13] +2E[Z12Z3,1] + E[Z2,1Z3,1])

i 1_ D (E [zf,z] +E [zmzz’l]) .
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In particular, applying the Cauchy-Schwartz inequality, and using (17.43), each
expectation in the previous equation satisfies E [Z; ; Zx,] < E [Zf’z] < Eyu[¢?],
and thus

4(n —2) 2 ] 4 )
|Cn|§(n(n_l)—l-n(n_l))EJ_L[(/):ISnEJ_L[QO]. (17.47)

Finally, combining (17.44), (17.45), (17.46), and (17.47) leads to

1 2
Var(T (X)) < (/Ep[¢2] +2\/EL[¢Z]> ,

which ends the proof of the lemma.
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Appendix: A Non-asymptotic Control of the Second Kind
Error Rates

Consider the notation from Sect. 17.3. Since this section focuses on the study of the
second kind error rate of the test, in all the sequel, the observation is assumed to
satisfy the alternative (#1). Let thus P be an alternative, that is P # (P' ® P?),
n>4and X, = (X;, ..., X;) be an i.i.d. sample from distribution P. Fix « and g
be two fixed values in (0, 1). Consider T the test statistic introduced in (17.16),
the (random) critical value q1_4(X,) defined in (17.18), and the corresponding
permutation test defined in (17.19) by

Ao (Xn) = L7(X,)>q1_a(X0)s

which precisely rejects independence when T (X,,) > ¢1—4(X,). Notice that this
test is exactly the upper-tailed test by permutation introduced in [2].

The aim of this section is to provide different conditions on the alternative P
ensuring a control of the second kind error rate by a fixed value 8 > 0, that is
P(Ax(X,;) =0) < B. The following steps constitute the first steps of a general
study of the separation rates for the previous independence test, and is worked
through in the specific case of continuous real-valued random variables in [1,
Chapter 4].

Recall the notation introduced in (17.17) for a better readability. For all real-
valued measurable function g on X2, denote respectively

Eplgl =E[sx], xD] and Bulel=E[sx].x3)].
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the expectations of g(X) under the alternative P, that is if X ~ P, and under the
null hypothesis (Ho), that is if X ~ (P! ® P?).
Assume the following moment assumption holds, that is

(.AMmt,Z) both ]Ep I:(pz:l < 400 and EJ_L I:(pZ:I < 400,

so that all variance and second-order moments exist. Then, the following statements
hold.

1. By Chebychev’s inequality, one has P(Ay(X,) =0) < B as soon as Condi-
tion (17.20) is satisfied, that is

2
E[T(Xn)]=qi_gpn+ \/ﬂ Var(T (X,,)).
2. On the one hand,

varr %) = (Be[0?] +Bu[p?]). (17.48)

3. On the other hand, in order to control the quantile g{*_ /20 let us first upper bound
the conditional quantile, following Hoeffding’s approach based on the Cauchy-
Schwarz inequality, by

01-a(Xp) < \/1 ;“ Var(T (XI)|X,,). (17.49)

4. Markov’s inequality allows us to deduce the following bound for the quantile:

o l—a [2(BEx[e?] +Ep[e?])
ql—ﬂ/zSZ\/ o \/ﬁ . . (17.50)

5. Finally, combining (17.20), (17.48) and (17.50) ensures that IP(Ay (X)) = 0) <
B as soon as Condition (17.21) is satisfied, that is

4 2EP[(p2]+EJ_L[(p2]
E[T(X,)] > .
[T (X,)] > W\/l3

n

This section is divided in five subsections, each one of them respectively proving
a point stated above. The first one proves the sufficiency of Condition (17.20) in
order to control the second kind error rate. The second, third and fourth ones provide
respectively upper-bounds of the variance term, the critical value and the quantile
qy_ 82 Finally, the fifth one provides the sufficiency of Condition (17.21).
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A First Condition Ensuing from Chebychev’s Inequality

In this section, we prove the sufficiency of a first simple condition, derived from
Chebychev’s inequality in order to control the second error rate. Assume that (17.20)
is satisfied, that is

2
E[TX)] > Q?_ﬁ/z + \/,3 Var(T (X,,)).

Then,
P(Aa(Xa) =0) = P(T(X,) = q1-a(X,)) (7:1)
=P((TX) = @1-a X0} N {a1-a(X) = 48g0} )
+P(ITC5) = 91Xk 0 {910 (X) > g0}
< P(TO0) =48 p) + P(01-a(X) > 45y 0)

< JP(T(Xn) < q‘f‘,ﬂ/z) + ’; (17.52)

by definition of the quantile g} B2 Yet, from (17.20) one obtains from Chebychev’s
inequality that

2
P(7(Xa) = qf_p) = P(T(Xn> < BIT(X,)] - \/ﬁ Var(T<Xn)>)

< P(IT(Xn) —E[TX)]l = \/Z Var(T(Xn))>

P (17.53)

Finally, both (17.52) and (17.53) lead to the desired control P(A,(X,,) =0) < B
which ends the proof.

Control of the Variance in the General Case

To upper bound the variance term, we apply Lemma 17.3.1 which directly
implies that

Var(T (X)) < i (EP [wz] +albu [‘ﬂ) ’

which directly leads to (17.48).
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Control of the Critical Value Based on Hoeffding’s Approach

This section is devoted to the proof the inequality (17.49), namely

q1-o(Xp) < \/1 ;a Var(T (X[1)[Xo).

The proof of this upper-bound follows Hoeffding’s approach in [16], and relies
on a normalizing trick, and the Cauchy-Schwarz inequality. From now on, for a
better readability, denote respectively IE*-] and Var*(-) the conditional expectation
and variance given the sample X,.

As in Hoeffding [16], the first step is to center and normalize the permuted test
statistic. Yet, by construction the permuted test statistic is automatically centered,
that is ]E*[T (X,ll_[)] = 0, as one can notice that

1 n n
T (Xrll-[) T a—1 (Z‘P (Xil’ X%‘I(i)) - E*[Zw (Xil’ Xlzw)>:|> :
i=1 i=1

Therefore, just consider the normalizing term

1
v(X,) = Var(T (XI) = B[ 7 (X])"] = D" (7 (X))
n: e,
Two cases appear: either v(X,;) = 0 or not.

In the first case, the nullity of the conditional variance implies that all the per-

mutations of the test statistic are equal. Hence, for all permutation 7 of {1, ..., n},
one has T(X7) = T(X,). Since the centering term E*[ZLI 10 (Xl.l, in(i) =

n~! Z? j=1 (p(Xl.l, X%) is permutation invariant, one obtains the equality of the
permuted sums, that is

n n

1 2 1 2
e (Xl x2) =Y e (x.x7),
i=1 i

i=1

and this for all permutation t. In particular, the centering term is also equal to
> ¢ (X}, X?). Indeed, by invariance of the sum (applied in the third equality
below),

n

1 1 o2 1
n Z¢<Xi’xj)=n

i,j=1 i,j=1

n

1
1 2
so(X,-,X,-) | Z Legiy=)
(=1 £

=

1 1 2 -
= @ (X; . Xr(i)) h T
j=1

€6, i=1
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1 1 y2 1 . 1 y2
) St = ), B (Se( )
ij=1 16, \i=I

n

>e(xlx?).

i=1

Therefore, T(X,) is equal to zero, and thus, so is g1—(X,). Finally, inequal-
ity (17.55) is satisfied since

q1-o(X,) =0=<0= \/1 ~ Y Var(T (XT)[X).
o

Consider now the second case, and assume v(X,) > 0. Let us introduce the
(centered and) normalized statistic

T'(X,) (T(X,)) -

T (X)
In particular, the new statistic T'(X,,) satisfies
E{T'(X)] =0 and Var(T'(X]1)) < L.

One may moreover notice that the normalizing term v(X,) is permutation
invariant, that is, for all permutations t and 7’ in &,,,

V(X]) = v(X,) = v(X;/) .
In particular, since v(X,) > 0,
T(xp) =T (X)) e T(X)=T(X)).

Therefore, as the test Ay depends only on the comparison of the {T (X;) }T P

the test statistic 7' can be replaced by T’, and the new critical value becomes

T (X)) q1a(X)

1 X,) = T/(n!—\_n!(xj) X,) = —
91-a(Xn) (%) b(X) b(X)

(17.54)

Moreover, following the proof of Theorem 2.1. of Hoeffding [16], one can show
(as below) that

l—«o

9o (Xn) < \/ (17.55)
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Hence, combining (17.55) with (17.54) leads straightforwardly to (17.49).
Finally, remains the proof of (17.55). There are two cases:

First Case If ¢|_,(X,) < 0, then (17.55) is satisfied.
Second Case If ¢ (X,) > 0, then introduce Y = ¢;__(X,,) — T"(X}]).

First, since by construction, IE*[T’ (X,ll_[)] = 0, one directly obtains
E{Y] = q;_,(X,). Hence,
0 < qy_o(Xp) =ETY] < E{Y1y-ol,
and by the Cauchy-Schwarz inequality,
(@-Xn) = (EWI) = BB,
Yet, on one hand,
E{r?] = B (g X0 - T'(X]1))’]
= (01-(X)* + E(1'(X]1))"] = 201 _o X BT (X]T)]
= (4]0 (Xa))” + Var'(T'(X})))

since by the normalizing initial step, Var*(7”'(X][!)) < 1.
And, on the other hand,

Efly-ol = E*[llrf«>(xnn)<q;,a(xn>]

_#re6,; T(X]) < e (X))

n!
(n!—|nla]) =1 ! nla| +1
- n! - n!
|
<1-" 21—
n!

So finally,
(450 X) = (1= @) (g} o (X)) +1).

which is equivalent to (q{_a (Xn))2 < (1 —w)/«a, and thus ends the proof of (17.55).
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Control of the Quantile of the Critical Value

The control of the conditional quantile allows us to upper bound its own quantile
q‘l"_ﬂ/2 as stated in (17.50), that is

Indeed, (17.49) ensures that

G1-a(Xy) < \/1 ;“\/E (7 ([

and in particular, the (1 — 8/2)-quantile of g1_,(X,,) satisfies

1l—«
4\_pp = \/ o NISETYS (17.56)

where ¢j_pg/2 is the (1 — B/2)-quantile of [T (X,?)Z‘Xn]. Yet, from Markov’s
inequality, for all positive x,

|7 (x])’]

2

e(ofr o)==
In particular, the choice of x = 2IE [T (X}:{)z] /B leads to the control of the quantile

2B (1 (X])’]
{1-p/2 = . (17.57)
B
Moreover, noticing that one can write
1§ 1 « 1 1 2
T(X,)= > (Tno=j— )il XD,

n—1
ij=1

the second-order moment in (17.57) can be rewritten

2

n

2 1 1
BT )=, || 2 (l“(”:f - n>¢(X"l’X5)

ij=1

1 n n
= o1 2 2 Eigki X Elex!, XDext, XP)].
i,j=1k,i=1
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by independence between IT and X, where

1 1 1
Eijxi=E |:(]1H(i):j - n) <]1H(k):1 — n)} =E[Ino=jlnw=] - a2

On the one hand, for all 1 < i, j, k,! < n, the Cauchy-Schwarz inequality always
ensures

o] xhex}. xP)] = /IE [ x| Be2x) xD] = Bu o]+ Ep[e?].
(17.58)

sinceforall 1 <i,j <n,E [(pz(X}, X%)] < ]ElL[(p2] +Ep [(pz].
On the other hand, remains to control the sum (n — 1)~2 szzl Zz’lzl Eijki-
Three cases appear.

First Case Ifi # k and j # [ (occurring [n(n — 1)]? times), then

£ - 1 I 1
AT =1 T n2 T n2— 1)
Second Case If[i # kand j =] or[i =k and j # [], then
Eijx1=0—1/n*<0.
Third Case If i = k and j = [ (occurring n(n — 1) times), then
1 n—1 1
< .

Eijri= — ,=
5 J K, n

Therefore,

1 S e 1 ) 1 1
(n— 1)2 Z Z El,]»k»l = n — 1)2 <[n(n—1)] X nz(n— 1 +nn—1) x n)

i.j=1kl=1
2
<
“n-—1
<4 (17.59)
n
Finally, both (17.58) and (17.59) imply that
m)2 4 2 2
E[T(Xn)]§n<]EJJ_[(p]+IEP[(p ]) (17.60)

Therefore, combining (17.56), (17.57) and (17.60) ends the proof of (17.50).
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A First Condition Ensuing from Hoeffding’s Approach

Back to the condition (17.20) derived from Chebychev’s inequality, both (17.48)
and (17.50) imply that

E(Ep[t/ﬂ] +Ey[¢?]) 2\/1 ),

2
g+ \/ 5 Var(T (X)) = n

with 24/(1 — @)/a + /8 < 4/ /a, since /1 —a + /o < +/2. Finally, the right-
hand side of condition (17.20) being upper bounded by

4 /2 (Ep[¢?] + EL[¢?])
Ja\ B n

which is exactly the right-hand side of (17.21), this ensures the sufficiency of
condition 17.21 to control the second kind error rate by S.

9
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Uncertainty Quantification for Matrix Shethie
Compressed Sensing and Quantum
Tomography Problems

Alexandra Carpentier, Jens Eisert, David Gross, and Richard Nickl

Abstract We construct minimax optimal non-asymptotic confidence sets for low
rank matrix recovery algorithms such as the Matrix Lasso or Dantzig selector. These
are employed to devise adaptive sequential sampling procedures that guarantee
recovery of the true matrix in Frobenius norm after a data-driven stopping time
n for the number of measurements that have to be taken. With high probability, this
stopping time is minimax optimal. We detail applications to quantum tomography
problems where measurements arise from Pauli observables. We also give a
theoretical construction of a confidence set for the density matrix of a quantum
state that has optimal diameter in nuclear norm. The non-asymptotic properties of
our confidence sets are further investigated in a simulation study.
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18.1 Introduction

18.1.1 Uncertainty Quantification in Compressed Sensing

Compressed sensing and related convex relaxation algorithms have had a profound
impact on high-dimensional statistical modelling in recent years. They provide
efficient recovery of low-dimensional objects that sit within a high-dimensional
ill-posed system of linear equations. Prototypical low-dimensional structures are
described by sparsity and low rank hypotheses. The statistical analysis of such
algorithms has mostly been concerned with recovery rates, or with the closely
related question of how many measurements are sufficient to reach a prescribed
recovery level—some key references are Refs. [3, 5-7, 16, 24, 25, 33].

A statistical question of fundamental importance that has escaped a clear answer
so far is the question of uncertainty quantification: Can we tell from the observations
how well the algorithm has worked? In technical terms: can we report confidence
sets for the unknown parameter? Or, in the sequential sampling setting, can we
give data-driven rules that ensure recovery of the true parameter at a given
precision? Answers to this question are of great importance in various applications
of compressed sensing. For one-dimensional subproblems, such as projection onto
a fixed coordinate of the parameter vector, recent advances have provided some
useful confidence intervals (see Refs. [8, 9, 22, 36]), but our understanding of valid
inference procedures for the entire parameter remains limited.

Whereas the ‘estimation theory’ for compressed sensing is quite similar for
sparsity and low rank constraints, this is not so for the theory of confidence sets.
On the one hand, if one is interested in inference on the full parameter, sparsity
conditions induce information theoretic barriers, as shown in Ref. [30]: unless one is
willing to make additional signal strength assumptions (inspired by the literature on
nonparametric confidence sets, such as Refs. [13, 19]), a uniformly valid confidence
set for the unknown parameter vector 6 cannot have a better performance than
1/4/n in quadratic loss. This significantly falls short of the optimal recovery rates
(klog p)/n for the most interesting sparsity levels k. On the other hand, and perhaps
surprisingly, we will show in this article that the low-rank constraint is naturally
compatible with certain risk estimation approaches to confidence sets. This will
be seen to be true for general sub-Gaussian sensing matrices, but also for sensing
matrices arising from Pauli observables, as is specifically relevant in quantum state
tomography problems (see the next section). In the latter case it will be helpful to
enforce the additional ‘quantum state shape constraint’ on the unknown matrix to
obtain optimal results. One can conclude that, in contrast to ‘sparse models’, no
signal strength assumptions are necessary for the existence of adaptive confidence
statements in low rank recovery problems. Our findings are confirmed in a simple
simulation study, see Sect. 18.4.

The honest non-asymptotic confidence sets we will derive below can be used
for the construction of adaptive sampling procedures: An experimenter wants to
know—at least with a prescribed probability of 1 — o—that the matrix recovery
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algorithm, the ‘estimator’, has produced an output 6 that is close to the ‘true state’
0. The sequential protocol advocated here—which is related to ‘active learning
algorithms’ from machine learning, e.g., Ref. [29]—should tell the experimenter
whether a new batch of measurements has to be taken to decrease the recovery
error, or whether the collected observations are already sufficient. The data-driven
stopping time for this protocol should not exceed the minimax optimal stopping
time, again with high probability. We shall show that for Pauli and sub-Gaussian
sensing ensembles, such algorithms exist under mild assumptions on the true matrix
6. These assumptions are in particular always satisfied under the ‘quantum shape
constraint’ that naturally arises in quantum tomography problems.

Our results depend on the choice of the Frobenius norm and the Hilbert space
geometry induced by it. For other natural matrix norms, such as for instance the
trace-(nuclear) norm, the theory is more difficult. We show as a first step that at
least theoretically a trace-norm optimal confidence set can be constructed for the
unknown quantum state (Theorem 18.4)—this suggests interesting directions for
future research.

18.1.2 Application to Quantum State Estimation

This work was partly motivated by a problem arising in present-day physics
experiments that aim at estimating quantum states. Conceptually, a quantum
mechanical experiment involves two stages (c.f. Fig. 18.1): A source (or preparation
procedure) that emits quantum mechanical systems with unknown properties, and
a measurement device that interacts with incoming quantum systems and produces
real-valued measurement outcomes, e.g. by pointing a dial to a value on a scale.
Quantum mechanics stipulates that both stages are completely described by certain
matrices.

The properties of the source are represented by a positive semi-definite unit
trace matrix 6, the quantum state, also referred to as density matrix. In turn, the
measurement device is modelled by a Hermitian matrix X, which is referred to as
an observable in physics jargon. A key axiom of the quantum mechanical formalism

\\I//

°

Source = 6 Measurement = X

Fig. 18.1 Caricature of a quantum mechanical experiment. With every source of quantum
systems, one associates a density matrix 6. Observations systems are performed by measurement
devices, which interact with incoming systems and produce real-valued outcomes. Each such
devices is modelled mathematically by a Hermitian matrix X, referred to as an observable
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states that if the measurement X is repeatedly performed on systems emitted by the
source that is preparing 6, then the real-valued measurement outcomes will fluctuate
randomly with expected value

(X,0)F = tr(X0) (18.1)

(referred to as expectation value in the quantum physics literature). The precise
way in which physical properties are represented by these matrices is immaterial
to our discussion (cf. any textbook, e.g. Ref. [32]). We merely note that, while
in principle any Hermitian X can be measured by some physical apparatus, the
required experimental procedures are prohibitively complicated for all but a few
highly structured matrices. This motivates the introduction of Pauli designs below,
which correspond to fairly tractable ‘spin parity measurements’.

The quantum state estimation or quantum state tomography' problem is to
estimate an unknown density matrix 6 from the measurement of a collection of
observables X!, ..., X". This task is of particular importance to the young field
of quantum information science [31]. There, the sources might be a carefully
engineered component used for technological applications such as quantum key
distribution or quantum computing. In this context, quantum state estimation is
the process of characterising the components one has built—clearly an important
capability for any technology.

A major challenge lies in the fact that relevant instances are described by
d x d-matrices for fairly large dimensions d ranging from 100 to 10,000 in
presently performed experiments [18]. Such high-dimensional estimation problems
can benefit substantially from structural properties of the objects to be recovered.
Fortunately, the density matrices occurring in quantum information experiments
are typically well-approximated by matrices of low rank r < d. In fact, in the
practically most important applications, one usually even aims at preparing a state
of rank one—a so-called pure quantum state. While environmental noise will drive
the actual state away from the perfect rank-one case, the error will usually be small.

As a result, quantum physicists have early on shown an interest in low-rank
matrix recovery methods [12, 1517, 28]. Initial works [15, 16] focused on the
minimal number n of observables X!, ..., X" required for reconstructing a rank-
r density matrix 6 in the noiseless case, i.e. under the idealised assumption
that the expectation values tr(9X?) are known exactly. The practically highly
relevant problem of quantifying the uncertainty of an estimate 0 arising from noisy
observations on low-rank states was addressed only later [12] and remains less well
understood.

! The term ‘tomography’ goes back to the use of Radon transforms in early schemes for estimating
quantum states of electromagnetic fields [1, 27]. It has become synonymous with ‘quantum
density matrix estimation’, even though current methods applied to quantum systems with a finite
dimension d have no technical connection to classical tomographic reconstruction algorithms.
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More concretely, the basic approach taken in Ref. [12] for uncertainty quantifi-
cation is similar to the one pursued in the present paper. In a first step, one uses
a Matrix Lasso or Dantzig Selector to construct an estimate. Then, a confidence
region is obtained by comparing predictions derived from the initial estimate to new
samples. However, Ref. [12] suffers from two demerits. First, and most importantly,
the performance analysis of the scheme relies on a bound on the rank r of the
unknown true 6. Such a bound is not available in practice. Second, the dependence
of the rate on r is not tight. Both of these demerits will be addressed here.

We close this section pointing to more broadly related works. Uncertainty
quantification in quantum state tomography in general has been treated by numerous
authors—a highly incomplete list is Refs. [2, 4, 10, 34, 35]. However, the concept of
dimension reduction for low-rank states does not feature explicitly in these papers.
This contrasts with Ref. [17], where the authors propose model selection techniques
based on information criteria to arrive at low-rank estimates. The use of general-
purpose methods—Ilike maximum likelihood estimation and the Akaike Information
Criterion—in Ref. [17] means that it is applicable to very general experimental
designs. In contrast to this, the present paper relies on compressed sensing ideas to
arrive at rigorous a priori guarantees on statistical and computational performance.
Also, it remains non-obvious how such model selection steps can be transformed
into ‘post-model selection’ confidence sets—typically such constructions result in
sub-optimal signal strength conditions that ensure model selection consistency (see
Ref. [26] and also the discussion after Theorem 2 in Ref. [30]). Our confidence pro-
cedures never estimate the unknown rank of the quantum state—not even implicitly.
Rather, they estimate the performance of a dimension-reduction technique directly
based on sample splitting.

18.2 Matrix Compressed Sensing

We consider inference on a d x d matrix 6 that is symmetric, or, if it consists of
possibly complex entries, assumed to be Hermitian (that is 6 = 6* where 6* is
the conjugate transpose of 6). Denote by M, (K) the space of d x d matrices with
entries in K = C or K = R. We write || - ||  for the usual Frobenius norm on M (K)
arising from the inner producttr(AB) = (A, B) . Moreover let H;(C) be the set of
all Hermitian matrices, and Hy (R) for the set of all symmetric d x d matrices with
real entries. The norm symbol || - || without subindex denotes the standard Euclidean
norm on R" or on C" arising from the Euclidean inner product (-, -).

We denote the usual operator norm on M, (C) by || - |lop. For M € My (C) let
()\,% :k =1,...,d) be the eigenvalues of M T M (which are all real-valued and
positive). The [1-Schatten, trace, or nuclear norm of M is defined as

1M, = 141

j=d



390 A. Carpentier et al.

Note that for any matrix M of rank 1 < r < d the following inequalities are easily
shown,

IMIlF < IMlls, < /rIIMIlF. (18.2)

We will consider parameter subspaces of H;(C) described by low rank con-
straints on 6, and denote by R(k) the space of all Hermitian d x d matrices that
have rank at most k, k < d. In quantum tomography applications, we may assume
an additional ‘shape constraint’, namely that 6 is a density matrix of a quantum
state, and hence contained in state space

@, = {0 € Hy(C) : tr(0) = 1,6 > 0},

where 6 > 0 means that 6 is positive semi-definite. In fact, in most situations, we
will only require the bound ||6||s, < 1 which trivially holds for any 6 in ®_.

We have at hand measurements arising from inner products (X',0)r =
tr(X'0), i = 1,...,n, of @ with d x d (random) matrices X‘. This measurement
process is further subject to independent additive noise &. Formally, the
measurement model is

Yi =tr(X'0)+e, i=1,...,n, (18.3)

where the &;’s and X’s are independent of each other. We write Y = (Y1, ..., Y,,)T,
and for probability statements under the law of Y, X, ¢ given fixed 6 we will use
the symbol Py. Unless mentioned otherwise we will make the basic assumption of
Gaussian noise

e=(e1,...,e0)" ~ N(0,0°1,),

where 0 > 0 is known. See Remark 18.6 for some discussion of the unknown
variance case. In the context of quantum mechanics, the inner product 7 (X'6) gives
the expected value of the observable X when measured on a system in state 6 (cf.
Sect. 18.1.2). A class of physically realistic measurements (correlations among spin-
1/2 particles) is described by X! s drawn from the Pauli basis. Our main results also
hold for measurement processes of this type. Before we describe this in Sect. 18.2.2,
let us first discuss our assumptions on the matrices X' .

18.2.1 Sensing Matrices and the RIP

When 6 € My, (R), we shall restrict to design matrices X ! that have real-valued
entries, too, and when 6 € H;(C) we shall consider designs where X I € Hy(C).
This way, in either case, the measurements #7(X;6)’s and hence the Y;’s are all
real-valued. More concretely, the sensing matrices X' that we shall consider are
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described in the following assumption, which encompasses both a prototypical
compressed sensing setting—where we can think of the matrices X' as i.i.d. draws
from a Gaussian ensemble (X, k) ~i1d N (0, 1)—as well as the ‘random sampling
from a basis of Mz (C)’ scenario. The systematic study of the latter has been initiated
by quantum physicists [15, 28], as it contains, in particular, the case of Pauli basis
measurements [12, 16] frequently employed in quantum tomography problems.
Note that in Part (a) the design matrices are not Hermitian but our results can
easily be generalised to symmetrised sub-Gaussian ensembles (as those considered
in Ref. [24]).

Condition 18.1

(a) 8 € Hy(R), ‘isotropic’ sub-Gaussian design: The random variables (X ;n )
1 <m,k <d,i =1,...,n, generating the entries of the random matrix X!
are i.i.d. distributed across all indices i, m, k with mean zero and unit variance.
Moreover, for every 0 € My (R) such that ||0||r < 1, the real random variables
Z; = tr(X'0) are sub-Gaussian: for some fixed constants t; > 0 independent

of 6,
Ee*i < tle)‘2’22 Vi e R.

(b) 6 € Hy(C), random sampling from a basis (‘Pauli design’): Ler
{E1, ..., Ep} C Hy(C) be a basis of My (C) that is orthonormal for the scalar
product (-, -) p and such that the operator norms satisfy, foralli =1, ..., d?,

K
”Ei”op = «/d’
for some universal ‘coherence’ constant K. [In the Pauli basis case we have
K = 1.] Assume the X', i = 1,...,n, are draws from the finite family £ =
(dE; :i =1,...,d*) sampled uniformly at random.

The above examples all obey the matrix restricted isometry property, that we
describe now. Note first that if X : R4 — R” is the linear ‘sampling’ operator

X:0 X0=@r(X'0),..., uXx"0)T, (18.4)

so that we can write the model equation (18.3) as ¥ = X6 + ¢, then in the above
examples we have the ‘expected isometry’

1
E 1X01° = 6]l%.
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Indeed, in the isotropic design case we have

2
1 1 & .
JEIXOI? = > E (szg,kem,k> => > EXp 10 i = 10117,
i=1 m  k m  k
(18.5)

and in the ‘basis case’ we have, from Parseval’s identity and since the X'’s are
sampled uniformly at random from the basis,

1 dr
E|X0|* = Pr(X' = E))(E;, 0 0%. 18.6
EIX0] ZZ ( DUE;, 0)F > = 110117 (18.6)

i=1 j=1

The restricted isometry property (RIP) then requires that this ‘expected isometry’
actually holds, up to constants and with probability > 1 — §, for a given realisation
of the sampling operator, and for all d x d matrices 6 of rank at most k:

1 2 2
21017 =101

1912 = k), (18.7)

0eR (k)

where 7, (k) are some constants that may depend, among other things, on the rank
k and the ‘exceptional probability’ §. For the above examples of isotropic and Pauli
basis design inequality (18.7) can be shown to hold with

kd - logd
2R (18.8)
n

7 (k) =
where
logx := (logx)",

for some n > 0 denotes a ‘polylog function’, and where ¢ = c(§) is a constant. See

Refs. [6, 28] for these results, where it is also shown that ¢(6) can be taken to be at
least 0(1/82) as 6 — 0 (sufficient for our purposes below).

18.2.2 Quantum Measurements

Here, we introduce a paradigmatic set of quantum measurements that is frequently
used in both theoretical and practical treatments of quantum state estimation (e.g.
[16, 18]). For a more general account, we refer to standard textbooks [20, 31]. The
purpose of this section is to motivate the ‘Pauli design’ case (Condition 18.1(b) of
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the main theorem, as well as the approximate Gaussian noise model. Beyond this,
the technical details presented here will not be used.

18.2.2.1 Pauli Spin Measurements on Multiple Particles

We start by describing ‘spin measurements’ on a single ‘spin-1/2 particle’. Such a
measurement corresponds to the situation of having d = 2. Without worrying about
the physical significance, we accept as fact that on such particles, one may measure
one of three properties, referred to as the ‘spin along the x, y, or z-axis’ of R3.
Each of these measurements may yield one of two outcomes, denoted by +1 and
—1 respectively.

The mathematical description of these measurements is derived from the Pauli

matrices
1 01 2 0—i 3 10
= = = 18.
7 [10 T lio "7 Tlo (18.9)

in the following way. Recall that the Pauli matrices have eigenvalues +1. For x €
{1,2,3}and j € {41, —1}, we write w}‘ for the normalised eigenvector of o* with
eigenvalue j. The spectral decomposition of each Pauli spin matrix can hence be
expressed as

o' =m) —nl, (18.10)
with
i =yi))* (18.11)

denoting the projectors onto the eigenspaces. Now, a physical measurement of the
‘spin along direction x’ on a system in state 6 will give rise to a {—1, 1}-valued
random variable C* with

P(C* = j) =tr (7‘[}69), (18.12)

where 8 € H,(C). Using Eq. (18.10), this is equivalent to stating that the expected
value of C* is given by

E(C*) = tr (0%6). (18.13)

Next, we consider the case of joint spin measurements on a collection of N
particles. For each, one has to decide on an axis for the spin measurement. Thus,
the joint measurement setting is now described by a word x = (x1,...,xyN) €
{1,2,3}". The axioms of quantum mechanics posit that the joint state 6 of the N
particles acts on the tensor product space (C)®V, so that § € H,~ (C).
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Likewise, the measurement outcome is a word j = (ji,..., jn) € {1, —1}N,
with j; the value of the spin along axis x; of particlei = 1, ..., N. As above, this
prescription gives rise to a {1, —1}"-valued random variable C*. Again, the axioms
of quantum mechanics imply that the distribution of C~* is given by

PC* =)=t (] @ @r0). (18.14)

Note that the components of the random vector C* are not necessarily independent,
as 6 will generally not factorise

It is often convenient to express the information in Eq. (18.14) in a way that
involves tensor products of Pauli matrices, rather than their spectral projections. In
other words, we seek a generalisation of Eq. (18.13) to N particles. As a first step
toward this goal, let

-1 number of — 1 elements in j is odd

18.15
1 number of — 1 elements in j is even ( )

x() = {
be the parity function. Then one easily verifies

(@ B e = Y ()i (663 © B ) = E(x(C).
JE{L -1}V
(18.16)

In this sense, the tensor product 0™ ® --- ® o*V describes a measurement of the
parity of the spins along the respective directions given by x.

In fact, the entire distribution of C* can be expressed in terms of tensor products
of Pauli matrices and suitable parity functions. To this end, we extend the definitions
above. Write

0 10
= 18.17
? [01 (1817
for the identity matrix in Ml (C). For every subset S of {1, ..., N}, define the ‘parity

function restricted to S’ via

number of — 1 elements j; fori € S is odd

18.18
number of — 1 elements j; fori € S is even. ( )

. —1
xs(j) = ’1
Lastly, for S C {1,..., N} and x € {1, 2, 3}, the restriction of x to S is

xsz{gi ;Zg (18.19)
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Then for every such x, S one verifies the identity
s s
tr((0™ ® - ® o*N)0) = E(xs(CY)). (18.20)

In other words, the distribution of C* contains enough information to compute the

expectation value of all observables (axls QR - GXf,) that can be obtained by
replacing the Pauli matrices on an arbitrary subset S of particles by the identity o',
The converse is also true: the set of all such expectation values allows one to recover
the distribution of C*. The explicit formula reads

P(C* = j) = ;N 3 s E(xs(CH) = ;N 3 a0t ®---®0))
Sc{l,...N} Se{l,...,N}
(18.21)
and can be verified by direct computation.”
In this sense, the information obtainable from joint spin measurements on N
particles can be encoded in the 4" real numbers

2N2 1 (0 Q- @ 6¥N)B), y €{0,1,2,3}V. (18.22)

Indeed, every such y arises as y = x5 for some (generally non-unique) combination
of x and S. This representation is particularly convenient from a mathematical point
of view, as the collection of matrices

EY :=2"N2sn Q- QaN, y €{0,1,2, 3}N (18.23)

forms an ortho-normal basis with respect to the (-, -) r inner product. Thus the terms
in Eq. (18.22) are just the coefficients of a basis expansion of the density matrix 6.

From now on, we will use Eq. (18.22) as our model for quantum tomographic
measurements. Note that the EY satisfy Condition 18.1(b) with coherence constant
K =1landd =2V,

2 A more insightful way of proving the first identity is to realise that IE( xs(C* )) is effectively a
Fourier coefficient (over the group ZIQV ) of the distribution function of the {—1, 1}"-valued random
variable C* (e.g., [11]). Equation (18.21) is then nothing but an inverse Fourier transform.

3We note that quantum mechanics allows to design measurement devices that directly probe the
observable of 07! ®- - -®0c YN, without first measuring the spin of every particle and then computing
a parity function. In fact, the ability to perform such correlation measurements is crucial for
quantum error correction protocols [31]. For practical reasons these setups are used less commonly
in tomography experiments, though.
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18.2.2.2 Bernoulli Errors and Pauli Observables

In the model (18.3) under Condition 18.1(b) we wish to approximate d - tr(E~6) for
a fixed observable E¥ (we fix the random values of the X! s here) and for d = 2.
If y = x5 for some setting x and subset S, then the parity function BY := yg(C*)
has expected value 2V/2 . tr(EY0) = Jd - tr(EY0) (see Egs. (18.20) and (18.23)),
and itself is a Bernoulli variable taking values {1, —1} with

1+ /du(EY0)

=PB =1
p ( ) )

Note that
Vd|tr(E*0)| < VdI|EYoplflls, < 1,
so indeed p € [0, 1] and the variance satisfies

VarBY =1 —d - tr(EY0)? < 1.

This is the error model considered in Ref. [12].

In order to estimate all ¥;,i = 1, ..., n, for given E; := E”, a total number nT
of identical preparations of the quantum state 6 are being performed, divided into
batches of T Bernoulli variables B; j := ij, j = 1,..., T. The measurements of

the sampling model Eq. (18.3) are thus

~

. D Bij=d u(Eb) +e

d
v, =V
j=1

where
Vd &
&= Z;(Bi,j —EB; ;)
/:

is the effective error arising from the measurement procedure making use of T
preparations to estimate each quantum mechanical expectation value. Now note that

d d
lei| < 2v/d, Ee? < FVar(Bi) < (18.24)

We see that since the ¢;’s are themselves sums of independent random variables,
an approximate Gaussian error model with variance o> will be roughly appropriate.
If T > ntheno? = ]Es% is no greater than d/n, and if in addition 7 > d? then
all results in Sect. 18.3 below can be proved for this Bernoulli noise model too, see
Remarks 18.5 and 18.6 for details.
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18.2.3 Minimax Estimation Under the RIP

Assuming the matrix RIP to hold and Gaussian noise &, one can show that the
minimax risk for recovering a Hermitian rank k& matrix is

. A 2 2 dk
inf sup FEyll0 — 0|z ~o , (18.25)
0 0eR(k) n

where >~ denotes two-sided inequality up to universal constants.

For the upper bound one can use the nuclear norm minimisation procedure or
matrix Dantzig selector from Candes and Plan [6], and needs n to be large enough
so that the matrix RIP holds with 7, (k) < co where ¢g is a small enough numerical
constant. Such an estimator 6 then satisfies, for every 6 € R(k) and those n € N for
which t, (k) < cg,

~ kd
16 —6]% < D@B)a> ", (18.26)
n

with probability greater than 1 — 2§, and with the constant D(§) depending on §
and also on ¢( (suppressed in the notation). Note that the results in Ref. [6] use a
different scaling in sample size in their Theorem 2.4, but eq. (IL.7) in that reference
explains that this is just a question of renormalisation. The same result holds for
randomly sampled ‘Pauli bases’, see Ref. [28] (and take note of the slightly different
normalisation in the notation there, too), and also for the Bernoulli noise model from
Sect. 18.2.2.2, see Ref. [12].

A key interpretation for quantum tomography applications is that, instead of
having to measure all n = d? basis coefficients tr(Ei0),i=1,..., d?, a number

n ~ kdlogd

of randomly chosen basis measurements is sufficient to reconstruct 6 in Frobenius
norm loss (up to a small error). In situations where d is large compared to k such a
gain can be crucial.

Remark 18.1 (Uniqueness) It is worth noting that in the absence of errors, so when
Yo = X6y in terms of the sampling operator of Eq. (18.4), the quantum shape
constraint ensures that under a suitable RIP condition, only the single matrix 6y is
compatible with the data. More specifically, let Yo = X6y for some 6y € ® of rank
k, and assume that X satisfies RIP with 7, (4k) < ~/2 — 1. Then

6 €@y : X0 =Yo} = {6} (18.27)
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This is a direct consequence of Theorem 3.2 in Ref. [33], which states that if RIP is
satisfied with , (4k) < V2 —1and Yy = X6p, the unique solution of

argmin ||6]ls,

subject to X0 = Yy (18.28)

is given by 6. If 8y € ©, then the minimisation can be replaced by (compare also
Ref. [23]).

argmin tr(0)
subject to X0 = Yy, 6 > 0, (18.29)

giving rise to the above remark. This observation further signifies the role played by
the quantum shape constraint.

18.3 Uncertainty Quantification for Low-Rank Matrix
Recovery

We now turn to the problem of quantifying the uncertainty of estimators 6 that
satisfy the risk bound (18.26). In fact the confidence sets we construct could be
used for any estimator of 6, but the conclusions are most interesting when used for
minimax optimal estimators 6. For the main flow of ideas we shall assume & =
(e1,..., sn)T ~ N(O, 021,,) but the results hold for the Bernoulli measurement
model from Sect. 18.2.2.2 as well—this is summarised in Remark 18.5.

From a statistical point of view, we phrase the problem at hand as the one
of constructing a confidence set for 0: a data-driven subset C,, of M (C) that is
‘centred’ at 6 and that satisfies

Ps@eCy)>1—a, O<a<l,

for a chosen ‘coverage’ or significance level 1 — «, and such that the Frobenius
norm diameter |C,|r reflects the accuracy of estimation, that is, it satisfies, with
high probability,

1Cal% ~ 116 — 0%

In particular such a confidence set provides, through its diameter |C,|F, a data-
driven estimate of how well the algorithm has recovered the true matrix 6 in
Frobenius-norm loss, and in this sense provides a quantification of the uncertainty
in the estimate.
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In the situation of an experimentalist this can be used to decide sequentially
whether more measurements should be taken (to improve the recovery rate), or
whether a satisfactory performance has been reached. Concretely, if for some € > 0
a recovery level |60 — 0|l < € is desired for an estimator 6, then assuming 0
satisfies the minimax optimal risk bound dk/n from (18.26), we expect to need,
ignoring constants,

< € and hence at least n > 5
n €
measurements. Note that we also need the RIP to hold with t,(k) from (18.8)
less than a small constant cg, which requires the same number of measurements,
increased by a further poly-log factor of d (and independently of o).

Since the rank k of 6 remains unknown after estimation we cannot obviously
guarantee that the recovery level € has been reached after a given number of
measurements. A confidence set C, for @ provides such certificates with high
probability, by checking whether |C,|F < €, and by continuing to take further
measurements if not. The main goal is then to prove that a sequential procedure
based on C,, does not require more than approximately

dklogd
2
€

samples (with high probability). We construct confidence procedures in the follow-
ing subsections that work with at most as many measurements, for the designs from
Condition 18.1.

18.3.1 Adaptive Sequential Sampling

Before we describe our confidence procedures, let us make the following definition,
where we recall that R(k) denotes the set of d x d Hermitian matrices of rank at
most k < d.

Definition 18.1 Let ¢ > 0,8 > 0 be given constants. An algorithm A returning
ad x d matrix 0 after 7 € N measurements in model (18.3) is called an (€, 6)—
adaptive sampling procedure if, with Pg-probability greater than 1 — 4§, the following
properties hold for every 8 € R(k) andevery 1 <k < d:

16 —0llF <e, (18.30)
and, for positive constants C(§), y, the stopping time 7 satisfies

kd(logd)”

isCE (18.31)
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Such an algorithm provides recovery at given accuracy level € with 7 measure-
ments of minimax optimal order of magnitude (up to a poly-log factor), and with
probability greater than 1 — §. The sampling algorithm is adaptive since it does not
require the knowledge of k, and since the number of measurements required depends
only on k and not on the ‘worst case’ rank d.

The construction of non-asymptotic confidence sets C,, for 6 at any sample size
n in the next subsections will imply that such algorithms exist for low rank matrix
recovery problems. The main idea is to check sequentially, for a geometrically
increasing number 2" of samples, m = 1,2,..., if the diameter |Con|F of a
confidence set exceeds €. If this is not the case, the algorithm terminates. Otherwise
one takes 2”1 additional measurements and evaluates the diameter |Com+1|F. A
precise description of the algorithm is given in the proof of the following theorem,
which we detail for the case of ‘Pauli’ designs. The isotropic design case is discussed
in Remark 18.9.

Theorem 18.1 Consider observations in the model (18.3) under Condition 18.1(b)
with 0 € O4. Then an adaptive sampling algorithm in the sense of Definition 18.1
exists for any €, > 0.

Remark 18.2 (Dependence in o of Definition 18.1 and Theorem 18.1) Defini-
tion 18.1 and Theorem 18.1 are stated for the case where the standard deviation of
the noise o is assumed to be bounded by an absolute constant. It is straight-forward
to modify the proofs to obtain a version where the dependency of the constants on
the variance is explicit. Indeed, under Condition 1(a), Theorem 18.1 continues to
hold if Eq. (18.31) is replaced by

2kd(logd)”
i< o) 0D
€
For the ‘Pauli design case’—Condition 1(b)—Eq. (18.31) can be modified to

2 Y Y
i< C((S)(G kd(l;)gd) v d(logzd) )
€ €

Remark 18.3 (Necessity of the Quantum Shape Constraint) Note that the assump-
tion & € ©4 in the previous theorem is necessary (in the case of Pauli design):
Else the example of &6 = 0 or 8 = E;—where E; is an arbitrary element of the
Pauli basis—demonstrates that the number of measurements has to be at least of
order d?: otherwise with positive probability, E; is not drawn at a fixed sample size.
On this event, both the measurements and 6 coincide under the laws Py and Pg;,,
so we cannot have ||§ —0|lF < € and ||é — E;||lF < € simultaneously for every
€ > 0, disproving existence of an adaptive sampling algorithm. In fact, the crucial
condition for Theorem 18.1 to work is that the nuclear norms ||@] s, are bounded by
an absolute constant (here = 1), which is violated by || E; ||s, = Jd.
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18.3.2 A Non-asymptotic Confidence Set Based on Unbiased
Risk Estimation and Sample-Splitting

We suppose that we have two samples at hand, the first being used to construct an
estimator 6, such as the one from (18.26). We freeze 6 and the first sample in what
follows and all probabilistic statements are under the distribution Py of the second
sample Y, X of size n € N, conditional on the value of 6. We define the following
residual sum of squares statistic (recalling that o2 is known):

o1 -
o= nnY—Xen% -2

which satisfies Egr, = ||0 — 6 ||% as is easily seen (see the proof of Theorem 18.2
below). Given a > 0, let &, , be quantile constants such that

Pr (Z(e% 1) > ga,m/n) _p (18.32)

i=1

(these constants converge to the quantiles of a fixed normal distribution as n — 00),
let z, = log(3/a) and, for z > 0 a fixed constant to be chosen, define the confidence
set

o d Z o o
C, = {v e Hy(C) : v — 03 52<fn+z 4 etEan, )} (18.33)
n Jn

where

72 =7%(a,d,n,0,v) = zq/30° max(3||v — 0 ||%, 4zd /n).

Note that in the ‘quantum shape constraint’ case we can always bound ||v — 6 lF <2
which gives a confidence set that is easier to compute and of only marginally larger
overall diameter. In many important situations, however, the quantity z/+/n is of
smaller order than 1/./n, and the more complicated expression above is preferable.

It is not difficult to see (using that x> < y + x/4/n implies x> < y + 1/n) that
the square Frobenius norm diameter of this confidence set is, with high probability,
of order

zd + 243 Ea/3 o

2
1Cal7 S 16— 617 + Jn

(18.34)

Whenever d > /n—so as long as at most n < d> measurements have been taken—
the deviation terms are of smaller order than kd/n, and hence C, has minimax
optimal expected squared diameter whenever the estimator 6 is minimax optimal as
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in (18.26). Improvements for d < /n, corresponding to n > d> measurements, will
be discussed in the next subsections.

The following result shows that C;, is an honest confidence set for arbitrary d x d
matrices (without any rank constraint). Note that the result is non-asymptotic—it
holds for every n € N.

Theorem 18.2 Let 6 € H;(C) be arbitrary and let Py be the distribution of Y, X
from model (18.3).

(a) Assume Condition 18.1(a) and let C,, be given by (18.33) with z = 0. We then
have for every n € N that

2
Py(d € Cp) > 1 — 3“ — 2"

where ¢ is a numerical constant. In the case of standard Gaussian design, ¢ =
1/24 is admissible.

(b) Assume Condition 18.1(b), let C,, be given by (18.33) with z > 0 and assume
also that 0 € Oy and 6 € O, (that is, both satisfy the ‘quantum shape
constraint’). Then for everyn € N,

2
Py eCy) >1— ; 9= C(K)z

where, for K the coherence constant of the basis,

1

CEY= 64839k

In Part (a), if we want to control the coverage probability at level 1 — «, n needs
to be large enough so that the third deviation term is controlled at level «/3. In the
Gaussian design case with « = 0.05, n > 100 is sufficient, for smaller sample
sizes one can reduce the coverage level. The bound in (b) is entirely non-asymptotic
(using the quantum constraint) for suitable choices of z. Also note that the quantile
constants z, zq, & all scale at least as O(log(1/«)) in the desired coverage level
a— 0.

Remark 18.4 (Dependence of the Confidence Set’s Diameter on K (Pauli Design)
and o) Note that in the case of the Pauli design from Condition 1(b), the confidence
set’s diameter depends on K only through the potential dependence of ||6 — §||%,
on K—the constants involved in the construction of é‘,, and on the bound on its
diameter do not depend on K. On the other hand, the coverage probability of the
confidence set depends on K, see Theorem 18.2, (b).

In this paper we assume that o is a universal constant, and so as such it does not
appear in Egs. (18.33) and (18.34). It can however be interesting to investigate the
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dependence in o. In the case of isotropic design from Condition 1(a), we could set

~ d z
Cp = {v € Hy(C) : v — |3 < 2(fn +zco? +a2z+j"‘/3"’>},
n n

(where o2 could be replaced by twice the plug-in estimator of 2, using 6) and one
would get

2 2d + Za/3 n Gzéa/3,a

Vn

and Theorem 18.2 also holds by introducing minor changes in the proof. In the case
of the Pauli design from Condition 1(b), we could set

Eg|Cul2 S 116 - 61% + 0

- R d Z
Cn = {v eHy(C): v —0]F <2 (rn +zc +62”§“/3*“)},
n Jn

(where o2 could be replaced by twice the plug-in estimator of o2, using 6) and one
would get
zd + zg/3 0_2505/3,0

vn

and Theorem 18.2 also holds by introducing minor changes in the proof. In this case
we do not get a full dependence in o as in the isotropic design case from Condition
1(a). However if k2d < n, we could also obtain a result similar to the one for the
Gaussian design, using part (c) of Lemma 18.1.

Remark 18.5 (Bernoulli Noise) Theorem 18.2(b) holds as well for the Bernoulli
measurement model from Sect. 18.2.2.2 with T > d?, with slightly different
constants in the construction of C,, and the coverage probabilities. See Remark 18.10
after the proof of Theorem 18.2(b) below. The modified quantile constants z, z4, &y
still scale as O(+4/1/) in the desired coverage level @ — 0, and hence the adaptive
sampling Theorem 18.1 holds for such noise too, if the number 7' of preparations of
the quantum state exceeds d”.

EglCul3 S 16 — 0115 + +

Remark 18.6 (Unknown Variance) The above confidence set C,, can be constructed
with 7, = rll Y — X6|? replacing 7,—so without requiring knowledge of o—if an a
priori bound 6> < vd/n is available, with v a known constant. An example of such
a situation was discussed at the end of Sect. 18.2.2.2 above in quantum tomography
problems: when 7' > n, the constant z should be increased by v in the construction
of C,,, and the coverage proof goes through as well by compensating for the centring
at Es? = o2 by the additional deviation constant v.

Remark 18.7 (Anisotropic Design Instead of Condition 1(a)) lItis also interesting to
consider the case of anisotropic design. This case is not very different, when it comes
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to confidence sets, than isotropic design, as long as the variance-covariance matrix
of the anisotropic sub-Gaussian design is such that the ratio of its largest eigenvalue
with the smallest eigenvalue is bounded. Lemma 18.1(a), which quantifies the effect
of the design, would change as follows: There exist constants c_, cy, ¢ > 0 that
depend only on the variance-covariance matrix of the anisotropic sub-Gaussian
design and that are such that

1 .
Pr (cnﬁn% < Jaw|* < c+||z9||2F> >1— 2",
n

Using this instead of the inequality in Lemma 18.1(a) in the proof of Theorem 18.2,
part (a) leads to a similar result as Theorem 18.2, part (a).

18.3.3 Improvements When d < ./n

The confidence set from Theorem 18.2 is optimal whenever the desired performance
of |6 — 0~||%p is no better than of order 1/4/n. From a minimax point of view we
expect [|6 -0 ||%p to be of order kd/n for low rank & € R(k). In absence of knowledge
about k > 1 the confidence set from Theorem 18.2 can hence be guaranteed to
be optimal whenever d > ./n, corresponding to the important regime n < d?
for sequential sampling algorithms. Refinements for measurement scales n > d?
are also of interest—we present two optimal approaches in this subsection for the
designs from Condition 18.1.

18.3.3.1 Isotropic Design and U -Statistics

Consider first isotropic i.i.d design from Condition 18.1(a), and an estimator 6 based
on an initial sample of size n (all statements that follow are conditional on that
sample). Collect another n samples to perform the uncertainty quantification step.
Define the U-statistic

~ 2 . _ . B
R, = wr— 1) Z Z(Yix;mk — O )Y X3 = Omk) (18.35)

i<j mk

whose [Eg-expectation, conditional on g, equals ||6 — 0 ||%F in view of

BYi X}, =E Y X, X! O i = Omi.

m' k'
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Define
Co={v e Ha@®) : v =01} < Ry + 20 (18.36)

where

. _C1||9—é||F+Czd
a,n —

and C1 > ¢110llF, C2 > {2||0||%p with ¢; constants depending on «, 0. Note that if
0 € ©4 then |0||F < 1 can be used as an upper bound. In practice the constants
¢; can be calibrated by Monte Carlo simulations (see the implementation section
below), or chosen based on concentration inequalities for U -statistics (see Ref. [14],
Theorem 4.4.8). This confidence set has expected diameter

~ C1+ Crd
EolCal S0 =01+~ 7,

and hence is compatible with any minimax recover rate 16 — 9||%, < kd/n
from (18.26), where k > 1 is now arbitrary. For suitable choices of ¢; we now

show that C,, also has non-asymptotic coverage.

Theorem 18.3 Assume Condition 18.1(a), and let C,, be as in (18.36). For every
a > 0 we can choose ¢j(a) = O(J/1/a),i = 1,2, large enough so that for every
n € N we have

Py(6 € Cy) > 1 —a.

Remark 18.8 (Dependence of the Confidence Set’s Diameter on o) As what was
noted in Remark 18.4, Theorem 18.3 does not make explicit the dependence on o,
which is assumed to be (bounded by) an universal constant. In order to talfe the
dependence on ¢ into account, we could replace z, , in Eq. (18.36) by € ”(ZGHF +
o? Cﬁd (where o2 could be replaced by twice the plug-in estimator of 2, using 6),
and we would get

s

~ Ci1 + Cud
EolCale S0 =017+

and Theorem 18.3 also holds by introducing minor changes in the proof.

18.3.3.2 Re-averaging Basis Elements When d < /n

Consider the setting of Condition 18.1(b) where we sample uniformly at random
from a (scaled) basis {dEj,...,dE;} of My(C). When d < ./n we are taking
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n>d 2 measurements, and there is no need to sample at random from the basis as we
can measure each individual coefficient, possibly even multiple times. Repeatedly
sampling a basis coefficient tr(Ey6) leads to a reduction of the variance of the
measurement by averaging. More precisely, when taking n = md?> measurements
for some (for simplicity integer) m > 1, and if (Yx; : [ = 1,...,m) are the
measurements Y; corresponding to the basis element Ex, k € {1,..., d2}, we can
form averaged measurements

1 & —
Zy = Yii = md{E,0)F + €k, € = &1~ N(0,0?).
i 2 i 2=

We can then define the new measurement vector Z = (Z Lyvnes Zdz)T (using also
m = n/d?)

Zy =2k — n(0. Ex) = Vn{E.0 —O)p + &, k=1,....d°
and the statistic

p= 12 =

which estimates || — @ ||%7 with precision

d? d?

. ~ 2 ~ 1

Ro= 10 =0l = S el =0+ 3~ Ee)
k=1 k=1

olo—0llr  o%d
=0 )
P( Jn * n

Hence, for z, the quantiles of a N (0, 1) distribution and &, as in (18.32) with d>
replacing n there, we can define a confidence set

202010 — 0| F | Suzad
n

én=!veHd<<c>:||v—é||%sﬁn+ n

} (18.37)

which has non-asymptotic coverage
Pe@ecCy)>1—a

for every n € N, by similar (in fact, since Lemma 18.1 is not needed, siml_)ler)
arguments as in the proof of Theorem 18.2 below. The expected diameter of C, is
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by construction

2
- ~ o“d
Eo|Cul3 S 16— 0113 + L (18.38)

now compatible with any rate of recovery kd/n, 1 <k <d.

18.3.4 A Confidence Set in Trace Norm Under Quantum
Shape Constraints

The confidence sets from the previous subsections are all valid in the sense that they
contain information about the recovery of 6 by 6 in Frobenius norm | - || . It is of
interest to obtain results in stronger norms, such as for instance the nuclear norm
Il - lls;, which is particularly meaningful for quantum tomography problems since
it then corresponds to the total variation distance on the set of ‘probability density
matrices’. In fact, since

1 . 3
16 —6lls, = sup tr (X(@ - 9)) , (18.39)
2 1Xlop=1

the nuclear norm has a clear interpretation in terms of the maximum probability
with which two quantum states can be distinguished by arbitrary measurements.

The absence of the ‘Hilbert space geometry’ induced by the relationship of the
Frobenius norm to the inner product (-, -) r makes this problem significantly harder,
both technically and from an information-theoretic point of view. In particular it
appears that the quantum shape constraint 6 € © is crucial to obtain any results
whatsoever, and for the theoretical results presented here it will be more convenient
to perform an asymptotic analysis where min(n, d) — oo (with o, O-notation to be
understood accordingly).

Instead of Condition 18.1 we shall now consider any design (X!, ..., X") in
model (18.3) that satisfies the matrix RIP (18.7) with

(k) = c\/ kd logn(d) . (18.40)

As discussed above, this covers in particular the designs from Condition 18.1. We
sh_all still use the conv_ention discussed before Condition 18.1 that & and the matrices
X' are such that tr (X' 0) is always real-valued.
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In contrast to the results from the previous section we shall now assume a
minimal low rank constraint on the parameter space:

Condition 18.2 6 € R™ (k) := R(k) N O for some k satisfying

1
k\/d ¢l _ o),
n

This in particular implies that the RIP holds with t, (k) = o(1). Given this minimal
rank constraint & € R™ (k), we now show that it is possible to construct a confidence
set C,, that adapts to any low rank 1 < ko < k. Here we may choose k = d but note
that this forces n > d? (for Condition 18.2 to hold with k = d).

We assume that there exists an estimator épilot that satisfies, uniformly in R(kq)
for any ko < k and for n large enough,

kod 2(k
po2kod . _ Tako) (18.41)
n

1Bpitor — 0113 < .

where D = D(§) depends on §, and where so-defined r,, will be used frequently
below. Such estimators exist as has already been discussed before (18.26). We shall
in fact require a little more, namely the following oracle inequality: for any k and
any matrix S of rank k < d, with high probability and for n large enough,

I1Bpitor — Ol F S 116 — Sl + rah), (18.42)

which in fact implies (18.41). Such inequalities exist assuming the RIP and
Condition 18.2, see, e.g., Theorem 2.8 in Ref. [6]. Starting from Opilot ONE can
construct (see Theorem 18.5 below) an estimator that recovers 8 € R(k) in nuclear
norm at rate k/d/n, which is again optimal from a minimax point of view, even
under the quantum constraint (as discussed, e.g., in Ref. [24]). We now construct an
adaptive confidence set for 6 centred at a suitable projection of éPi]ot onto O .

In the proof of Theorem 18.4 below we will construct estimated eigenvalues
()A» j»J =1,...,d) of 8 (see after Lemma 18.3). Given those eigenvalues and éPi]ot,
we choose & to equal the smallest integer < d such that there exists a rank k matrix
6’ for which

16" — Opinodll F < ra(k) and 1 =Y &) < 2ky/d/n
J<k

is satisfied. Such k exists with high probability (since the inequalities are satisfied for
the true 6 and A;’s, as our proofs imply). Define next ¥ to be the (-, -) p-projection

of épi]ot onto

RT(2k) .= R2k)N O,
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and note that, since 2%k > 12,
16pitor — D11 F = 1Fpitor — RT Q)| F < 116pitor — Ol F < ra(k). (18.43)

Finally define, for C a constant chosen below,
Cn=!v€®+JW—§h1§C/be}. (18.44)

Theorem 18.4 Assume Condition 18.2 for some 1 < k < d, andlet § > 0 be given.
Assume that with probability greater than 1 — 28/3, (a) the RIP (18.7) holds with
T (k) as in (18.40) and (b) there exists an estimator Bpilot for which (18.42) holds.
Then we can choose C = C(8) large enough so that, for C, as in the last display,

lim inf inf Pe(® €C,)>1-3.

min(n,d)—o00 0eR* (k)

Moreover, uniformly in R™ (ko), 1 < ko < k, and with Pg-probability greater than
1-3,

1Calsy < vkora (ko).

Theorem 18.4 should mainly serve the purpose of illustrating that the quantum
shape constraint allows for the construction of an optimal trace norm confidence
set that adapts to the unknown low rank structure. Implementation of C, is not
straightforward so Theorem 18.4 is mostly of theoretical interest. Let us also observe
that in full generality a result like Theorem 18.4 cannot be proved without the
quantum shape constraint. This follows from a careful study of certain hypothesis
testing problems (combined with lower bound techniques for confidence sets as in
Refs. [19, 30]). Precise results are subject of current research and will be reported
elsewhere.

18.4 Simulation Experiments

In order to illustrate the methods from this paper, we present some numerical
simulations. The setting of the experiments is as follows: A random matrix n €
My (C) of norm ||n||r = R'? is generated according to two distinct procedures that
we will specify later, and the observations are

Yi = tr(X'n) + &

where the ¢; are i.i.d. Gaussian of mean O and variance 1. The observations are
reparametrised so that n represents the ‘estimation error’ 6 — 6, and we investigate
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how well the statistics

7 - R 2 v.vi y.y/
o= IV =Tand Ry= 7SN R T X

i<j m,k

estimate the ‘accuracy of estimation’ ||17||%p = |6 — é||%,, conditional on the
value of 6. We will choose n in order to illustrate two extreme cases: a first one
where the nuclear norm [|n]|s, is ‘small’, corresponding to a situation where the
quantum constraint is fulfilled; and a second one where the nuclear norm is large,
corresponding to a situation where the quantum constraint is not fulfilled. More
precisely we generate the parameter 7 in two ways:

* ‘Random Dirac’ case: set a single entry (with position chosen at random on the
diagonal) of i to R'/2, and all the other coordinates equal to 0.

* ‘Random Pauli’ case: Set n equal to a Pauli basis element chosen uniformly at
random and then multiplied by R'/2.

The designs that we consider are the Gaussian design, and the Pauli design,
described in Condition 1. We perform experiments with d = 32, R € {0.1, 1} and

n € {100, 200, 500, 1000, 2000, 5000}.

Note that d> = 1024, so that the first four choices of n correspond to the important
regime n < d”. Our results are plotted as a function of the number 1 of samples in
Figs. 18.2, 18.3, 18.4, and 18.5. The solid red and blue curves are the median errors
of the normalised estimation errors

\/Rn - R’ ond Vin — R’
R1/2 R1/2

after 1000 iterations, and the dotted lines are respectively, the (two-sided) 90%
quantiles. We also report (see Tables 18.1, 18.2, 18.3, and 18.4) how well the
confidence sets based on these estimates of the norm perform in terms of coverage
probabilities, and of diameters. The diameters are computed as

~1/2 1/2
(Rn + CUStatd + C[/jStatRn ) ’
n Jn

for the U-Statistic approach and

172

c ol 2
7

fn‘i‘ RSS + RSS'n ’
Vn Vn
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Gaussian design, eta = Dirac, R*2 = 0.1 Gaussian design, eta = Dirac, R*2 =1
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Fig. 18.2 Gaussian design, and random Dirac (a single entry, chosen at random, is non-zero on
the diagonal) n, with R = 0.1 (left picture) and R = 1 (right picture)

Gaussian design, eta = Pauli, R*2 = 0.1 Gaussian design, eta = Pauli, R*2 =1
x @
= ™ = T
« . — U-Stat A — U-Stat
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Fig. 18.3 Gaussian design, and random Pauli 7, with R = 0.1 (left picture) and R = 1 (right
picture)

Pauli design, eta = Dirac, R*2 = 0.1 Pauli design, eta = Dirac, R*2 =1

14 114
. PV — U-Stat
s = Y7 —RSS
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Fig. 18.4 Pauli design, and random Dirac (a single entry, chosen at random, is non-zero on the
diagonal) n, with R = 0.1 (left picture) and R = 1 (right picture)

Pauli design, eta = Pauli, RA2 = 0.1 Pauli design, eta = Pauli, R"2 = 1

(RnA2 - RA2)M1/2)/R
(RMA2 - RA2)M1/2YR
1
Il
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1
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Fig. 18.5 Pauli design, and random Pauli n, with R = 0.1 (left picture) and R = 1 (right picture)
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Table 18.1 Gaussian design, and random Dirac (a single entry, chosen at random, is non-zero on
the diagonal) n, with R = 0.1 (left table) and R = 1 (right table)

R=0.1 R=1
n 100 200 500 1000 2000 5000 100 200 500 1000 2000 5000
Coverage U-Stat 0.97 0.98 0.99 1.00 1.00 1.00 093 0.96 0.97 098 0.98 0.98
Diameter U-Stat 1.10 0.64 0.34 0.24 0.18 0.14 243 1.84 144 127 1.17 1.10
Coverage RSS 097 0.97 098 098 0.98 0.98 0.99 0.99 0.99 0.99 0.99 0.99
Diameter RSS  0.38 0.31 0.23 0.19 0.16 0.14 1.69 149 1.32 122 1.16 1.10

Table 18.2 Gaussian design, and random Pauli 1, with R = 0.1 (left table) and R = 1 (right
table)
R=0.1 R=1

n 100 200 500 1000 2000 5000 100 200 500 1000 2000 5000
Coverage U-Stat 0.98 0.98 099 099 1.0 1.0 093 095 0.97 098 0.98 0.98

Diameter U-Stat 1.10 0.62 0.34 0.24 0.18 0.14 240 1.83 1.43 127 1.18 1.10

Coverage RSS 098 0.98 0.97 097 097 097 099 0.99 0.99 099 1.00 1.00

Diameter RSS  0.39 0.31 0.23 0.19 0.17 0.14 1.71 149 1.31 1.22 1.16 1.10

Table 18.3 Pauli design, and random Dirac (a single entry, chosen at random, is non-zero on the
diagonal) n, with R = 0.1 (left table) and R = 1 (right table)
R=0.1 R=1

n 100 200 500 1000 2000 5000 100 200 500 1000 2000 5000
Coverage U-Stat 0.97 0.98 0.98 099 098 098 0.85 0.54 0.69 0.69 0.70 0.71
Diameter U-Stat 1.10 0.63 0.34 0.24 0.18 0.14 228 1.87 143 1.26 1.18 1.10
Coverage RSS 096 0.96 096 096 0.97 0.97 0.88 0.89 0.88 0.88 0.88 0.88
Diameter RSS  0.39 0.29 0.23 0.19 0.16 0.14 1.70 1.50 1.30 1.21 1.16 1.10

Table 18.4 Pauli design, and random Pauli , with R = 0.1 (left table) and R = 1 (right table)
R=0.1 R=1

n 100 200 500 1000 2000 5000 100 200 500 1000 2000 5000

Coverage U-Stat 0.97 0.97 0.96 0.86 0.65 0.58 0.82 0.22 0.25 0.27 0.30 0.37

Diameter U-Stat 1.09 0.57 0.34 0.25 0.18 0.15 245 2.09 1.33 1.38 1.19 1.09

Coverage RSS 093 0.86 0.77 0.77 0.77 0.77 0.12 0.19 040 0.63 0.56 0.53

Diameter RSS  0.38 0.29 0.22 0.19 0.16 0.14 1.71 156 1.31 1.26 1.14 1.08
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for the RSS approach, where we have chosen Cysias = 2.5, Crss = 1 and C{Jsm =
Crss = 6 for all experiments—calibrated to a 95% coverage level.
From these numerical results, several observations can be made:

* In Gaussian random designs, the results are insensitive to the nature of 1 (see
Figs. 18.2 and 18.3 and Tables 18.1 and 18.2). This is not surprising since the
Gaussian design is ‘isotropic’.

* For Pauli designs with the quantum constraint (see Fig. 18.4 and Table 18.3) the
RSS method works quite well even for small sample sizes. But the U-Stat method
is not very reliable—indeed we see no empirical evidence that Theorem 18.3
should also hold true for Pauli design.

e For Pauli design and when the quantum shape constraint is not satisfied
our methods cease to provide reliable results (see Fig. 18.5 and in particular
Table 18.4). Indeed, when the matrix 7 is chosen itself as a random Pauli (which
is the hardest signal to detect under Pauli design) both the RSS and the U-Stat
approach perform poorly. The confidence set are not honest anymore, which is
in line with the theoretical limitations we observe in Theorem 18.2. Figure 18.5
illustrates that the methods do not detect the signal, since the norm of 5 is largely
under-evaluated for small sample sizes. These limitations are less pronounced
when 1 > d?. In this case one could use alternatively the re-averaging approach
from Sect. 18.3.3.2 (not investigated in the simulations) to obtain honest results
without the quantum shape constraint.

18.5 Proofs

18.5.1 Proof of Theorem 18.1

Proof Before we define the algorithm and prove the result, a few preparatory
remarks are required: Our sequential procedure will be implemented in m =
1,2,..., T potential steps, in each of which 2-2" = 2m+1 measurements are taken.
The arguments below will show that we can restrict the search to at most

T = O(log(d/e))

steps. We also note that from the discussion after (18.7)—in particular since ¢ =
c(8) from (18.8) is O(1/8%*)—a simple union bound over m < T implies that the
RIP holds with probability > 1 — &', some §’ > 0, simultaneously for everym < T
satisfying 2" > c’kdlogd, and with tom (k) < co, where ¢’ is a constant that depends
on &', co only. The maximum over T = O (log(d/¢€)) terms is absorbed in a slightly
enlarged poly-log term. Hence, simultaneously for all such sample sizes 2", m < T,
a nuclear norm regulariser exists that achieves the optimal rate from (18.26) with
n = 2™ and for every k < d, with probability greater than 1 — §/3. Projecting this
estimator onto ®_ changes the Frobenius error only by a universal multiplicative
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constant (arguing as in (18.43) below), and we denote by fn € O the resulting
estimator computed from a sample of size 2.

We now describe the algorithm at the m-th step: Split the 2"+ observations into
two halves and use the first subsample to construct Oyn € O satisfying (18.26)
with Pg-probability > 1 — §/3. Then use the other 2" observations to construct a
confidence set Com for 6 centred at ézm: if 2" < d? we take Com from (18.33) and
if 2 > d? we take Com from (18.37)—in both cases of non-asymptotic coverage
at least | — 0,0 = 6/(3T). If |Com|F < € we terminate the procedure (m =
A= 20t g = 52,h), but if |Com|p > € we repeat the above procedure with
2.2+ = pm+1+] pew measurements, etc., until the algorithm terminates, in which
case we have used

sz+152rh%ﬁ

m<m

measurements in total.

To analyse this algorithm, recall that the quantile constants z, z,, &, appearing in
the confidence sets (18.33) and (18.37) for our choice of « = §/(3T) grow at most
as O(log(1/a)) = O(logT) = o(logd). In particular in view of (18.26) and (18.34)
or (18.38) the algorithm necessarily stops at a ‘maximal sample size’ n = 27 +! in
which the squared Frobenius risk of the maximal model (k = d) is controlled at
level €. Such T € Nis O(log(d/€)) and depends on o, d, €, 8, hence can be chosen
by the experimenter.

To prove that this algorithms works we show that the event

) C($)kd(log d)Y
{||9—9||%>e2}u{ﬁ> ) e(zog ) }:A1UA2

has probability at most 25/3 for large enough C(8), y. By the union bound it suffices
to bound the probability of each event separately by §/3. For the first: Since 7 has
been selected we know |C;|F < € and since 6 = 6; the event A can only happen
when 0 ¢ C;. Therefore

Py(A]) <Pg(0 ¢ C <T]P>9 C <5T_‘3
0(A) <SP0 ¢ C) < ) Po(0 ¢ Com) <6, = ..

m=1

For A, whenever € R(k) and for all m < T for which 2" > ¢’kdlogd, we have,
as discussed above, from (18.34) or (18.38) and (18.26) that

,kdlogT

EolComlz < D' 0

where D’ is a constant. In the last inequality the expectation is taken under the
distribution of the sample used for the construction of Cp=, and it holds on the event
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on which ézm realises the risk bound (18.26). Then let C(§), y be large enough so
that C(8)kd(logd)? /€* > c'kdlogd and let mo € N be the smallest integer such
that

C(8)kd(logd)”
> .

2mo
€2

Then, for C(§) large enough and since T = O (log(d/¢),
. C(®kd(logd)” 5 oy EglComol% D'logT
o (" = ) =0 (100l > @) =57 = gy <

by Markov’s inequality, completing the proof. |

Remark 18.9 (Isotropic Sampling) The proof above works analogously for
isotropic designs as defined in Condition 18.1a). When 2" > d?, we replace
the confidence set (18.37) in the above proof by the confidence set from (18.36).
Assuming also that |0||r < M for some fixed constant M, we can construct a
similar upper bound for 7" and the above proof applies directly (with T of slighter
larger but still small enough order). Instead of assuming an upper bound on ||0| ¢
one can simply continue using the confidence set (18.33) also when 2" > 42, in
which case one has the slightly worse bound

R kdlogd 1
n < C(8) max

€2 et

for the number of measurements required.

18.5.2 Proof of Theorem 18.2

Proof By Lemma 18.1 below with # = § — 6 the IPy-probability of the complement

of the event
0 —0|>
Snmx(n Mizd>}
2 n

is bounded by the deviation terms 2¢ ™" and 2¢~C %) respectively (note z = 0 in
Case (a)). We restrict to this event in what follows. We can decompose

1 - -
6={Lﬂxw—ewﬁww—eﬁ

L1 2 ~ l &
Fa= 1XO—-0)1*+ (6. X0 —-0)+ > (6] —Eef)=A+B+C.
n n ni:l
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Since P(Y + Z < 0) < P(Y < 0) + P(Z < 0) for any random variables Y, Z we
can bound the probability

1 ~ d z
Po(0 ¢ Cu, €) = Py ({ 16 —61%>A+B+C+ " +Z+5“/3’“},5>
2 n Jn

by the sum of the following probabilities
1
n
1 ~ -
II::IP’g( - (e, X0 —0)) >z ,5),
Jn

1 n
111 =P, (— n Z(sf —Ee?) > Ea/3,a) )
i=1

The first probability 7 is bounded by

1 ~ ~ d
I =P <{2||9—9||% > IIX(9—9)|I2+ZH }5)

1 - ~ 1 ~ zd
Py ({—n||X<9—e)||2+ 16 —61% > 2||9—9||%+ i }5)

6 —0|% zd
>max<” ”F,Z )},5):0
2 n

About term 7 1: Conditional on X’ the variable jn (e, X(0 — 0)) is centred Gaussian

1 - -
<Py (Hnnw — O — 16 — 013

with variance (62/n)||X (0 — 6)||2. The standard Gaussian tail bound then gives by
definition of z, and conditional on X,

< exp{—22/2(c*/m X6 — 6)|I*}

e {_zw max(3[16 — 613, 4zd/n)

] —Za =u/3
211X 0 —6))12/n } < exp{—za/3} =/

since, on the event &,
max(3[10 — 6117, 4zd/n) = 2/m)| X6 — O)II*.
The overall bound for /1 follows from integrating the last but one inequality over

the distribution of X. Term /77 is bounded by «/3 by definition of &, ;. ]

Remark 18.10 (Modification of the Proof for Bernoulli Errors) 1If instead of Gaus-
sian errors we work with the error model from Sect. 18.2.2.2, we require a modified
treatment of the terms /7, I11 in the above proof. For the pure noise term /117
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we modify the quantile constants slightly to &, » = +/(1/«). If the number T of
preparations satisfies T > 4d? then Chebyshev’s inequality and (18.24) give

1 n
Py (‘ Jn ;(sf — E&?)

o add® «
< E Eet < < .
>§"‘/3*”)—3nl_:1 iS5 =3

For the ‘cross term’ we have likewise with z, = +/1/a and a; = (X' (0 — 5)),~ that,
on the event &,

n

2 ~
1 < . 1 u d |x® —6)|?
P, (:_Jn (e, X0 — 0)) > z} ,5) < nEQEs <;3iai1£> < T le <a/3,

just as at the end of the proof of Theorem 18.2, so that coverage follows from
integrating the last inequality w.r.t. the distribution of X. The scaling T ~ d? is
similar to the one discussed in Theorem 3 in Ref. [12].

Lemma 18.1

(a) For isotropic design from Condition 18.1(a) and any fixed matrix 9 € Hy(C)
we have, for everyn € N,
2
> 1917 <2e .
) =

In the standard Gaussian design case we can take c = 1/24.
(b) In the ‘Pauli basis’ case from Condition 18.1(b) we have for any fixed matrix
v € Hy(C) satisfying the Schatten-1-norm bound ||V||s, < 2 and everyn € N,

2
Pr( >max<”l92”F,Zj)) <2exp{—C(K)z}

where C(K) = 1/[(16 + 8/3)K?], and where K is the coherence constant of
the basis.

(c) In the ‘Pauli basis’ case from Condition 18.1(b) we have for any fixed matrix
V€ Hy(C) such that the rank of O is smaller than 2k and everyn € N,

17 d n
>max( 2 5y SzeXp’_Uszzd}'

Proof We first prove the isotropic case. From (18.5) we see
>n/ 2)

> ||z9||%/2> :Pr<

n
>z -EzZ)/I9 7
i=1

1
Pr (‘n X9 1 — 1913

1
. 191 — [191%

1
Pr (‘n x| — 1913

1
Pf(‘n X0 )% — 191%
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where the Z;/||¥||F are sub-Gaussian random variables. Then the Zi2 /||19||% are
sub-exponential and we can apply Bernstein’s inequality (Prop. 4.1.8 in Ref. [14])
to the last probability. We give the details for the Gaussian case and derive explicit
constants. In this case g; := Z;/||?||r ~ N(0, 1) so the last probability is bounded,
using Theorem 4.1.9 in Ref. [14], by

n 2
2 n n-/4
E -1 <2 — ,
l l(g’ )| > 2) - eXp{ 4n~|—2n}

(3

and the result follows.
Under Condition 18.1(b), if we write D = max(n||z?||%7/2, zd) we can reduce
likewise to bound the probability in question by
> D)

|

where the ¥; = |rr(X'9)|? are i.i.d. bounded random variables. Using || Eillop <

K/\/d from Condition 18.1(b) and the quantum constraint ||9||r < [|? s, < 2 we
can bound

> (v —Ex)

i=1

Y] < d® max | i[5, 1915, < 4Kd :=U

as well as

EY? < UE|Y;| < 4K2d|[9[% = 5.
Bernstein’s inequality for bounded variables (e.g., Theorem 4.1.7 in Ref. [14])
applies to give the bound

D2
2exp{— <2exp{—C(K)z},
p: 2ns2+§UD} P

after some basic computations, by distinguishing the two regimes of D =
n||®|%/2 > zd and D = zd > n||9|%/2.

Finally for (c), using the same reasoning as above and using || E;|lop < K/\d
from Condition 18.1(b) and the fact that the estimator is also of rank less than k, we
have |9 || < |95, < ~/2k||?]|F we can bound

Y| < d® max | EilI5, 12115, < 2K*kd[[9 1|7 = U
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as well as

EY? < UE|Y;| < 2K*dk*||9 ||} := 5%

1

Bernstein’s inequality for bounded variables (e.g., Theorem 4.1.7 in Ref. [14])
applies to give the bound

D2
2 (- .
“P1 " 2m2 4 200 exp 171<2k2d

after some basic computations. ]

18.5.3 Proof of Theorem 18.3
Proof Since Ey R, = 10 —6 ||%7 we have from Chebyshev’s inequality

By(© ¢ Cu) < Po (1Ry —ERy| > zan)

< Varg (R, — ER,,).

£

n

Now U, = Ién — Eg Ié,, is a centred U-statistic and has Hoeffding decomposition
U, = 2L, + D, where

n

1 : , ~
L= Z > (YiXh,  — EolYi X}, DOk — Opi)
i=1 m,k
is the linear part and

i (n ) 2o 20X~ BolYiX,, (DY) X, i — ELY; X, )

i<j mk

the degenerate part. We note that L, and D, are orthogonal in L*(Pg).
The linear part can be decomposed into

Ly=LY +1P
where

n

L = S X X Ok = Ot | Ok — B)
1 m,k

i= m’ k'
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and

1 ¢ : -
L’(lz) = n ZS[ Zx,ln’k(®m,k - ®m,k)-

i=1 m,k
Now by the i.i.d. assumption we have

516 — 01

Varg (L?) = .

Moreover, by transposing the indices m, k and m’, k" in an arbitrary way into single
indices M =1,....,d>, K =1,...,d% d*> = p, respectively, basic computations
given before eq. (28) in Ref. [30] imply that the variance of the second term is
bounded by

cllo —a1%1e1%

Varg (L{V) < .

where c is a constant that depends only on EX? | (which is finite since the X | are
sub-Gaussian in view of Condition 18.1(a)). Moreover, the degenerate term satisfies

Varg(Dy) < ¢ WW

in view of standard U-statistic computations leading to eq. (6.6) in Ref. [21], with
d? = p, and using the same transposition of indices as before. This proves coverage
by choosing the constants in the definition of z, , large enough. |

18.5.4 Proof of Theorem 18.4

We prove the result for symmetric matrices with real entries—the case of Hermitian
matrices requires only minor (mostly notational) adaptations.

Given the estimator Gpﬂot, we can easily transform it into another estimator 6 for
which the following is true.

Theorem 18.5 There exists an estimator 0 that satisfies, uniformly in 6 € R(k), for
any k < d and with Pg-probability greater than 1 — 2§/3,

10 = 6llF < ru(k),
as well as,

6 € R(k),
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and then also

16— 0lls, < ~/2kr (k).
Proof Let épi]ot and let & be the element of R(d) with smallest rank k’ such that

2/1/
- - r2(k')
1Bpitor — 0113 < "

Such @ exists and has rank < k, with probability > 1—26/ 3,~since 0 € R(k) satisfies
the above inequality in view of (18.41). The || - ||%,-loss of 0 is no larger than r, (k)
by the triangle inequality

16 —6llr < 110 — Opitotll F + 10pitor — 01l

and this completes the proof of the third claim in view of (18.2). ]

The rest of the proof consists of three steps: The first establishes some auxiliary
empirical process type results, which are then used in the second step to construct
a sufficiently good simultaneous estimate of the eigenvalues of 6. In Step III the
coverage of the confidence set is established.

18.5.4.1 StepI

Let € R (k) = R(k) N O and let 6 b~e the estimator from Theorem 18.5. Then
with probability > 1 — 2§/3, and if n = 6 — 6, we have

InllF < rik) V6 € R*(k), (18.45)
and that
n € R(2k).
For the rest of the proof we restrict in what follows to the event of probability greater
than or equal to 1 —2§/3 described by (a) and (b) in the hypothesis of the theorem.
Write Y/ = Y; — tr(X'0) for the ‘new observations’
Y/ =tr(X'm)+e, i=1,...,n.

For any d x d’ matrix V we set

l —
(V) =V’ (n ZX’Y{) 14
i=1
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which estimates
(V) =Vvigy.

Let now U be any unit vector in R?. Then in the above notation (d’ = 1) we can
write

Y (U)

n
Y UnlnXh, Y

i=1 mm'<d

¢ ; :
= YD UnUwX),, (tr(X'n) +e)

i=1 mm'<d

n
I Y vt [ X X+

i=1mm'<d k.k'<d

If U denotes the d x d matrix UUT, the last quantity can be written as
1 1
(XU, Xn) + (XU, ¢e).
n n

We can hence bound, for S = {U e R? : |U|, = 1}

sup [ (U) — vy (U)]
NERQK), InllF<ra(k),UeS
1 1
< sup (XU, Xn) — (U, n)‘ + sup | (XU, ¢)|.
NERQK),lInll F<ra(k),UeS |1 vesSin

Lemma 18.2 The right hand side on the last inequality is, with probability greater

than 1 — 6, of order
d
v, = 0 (r,,(k)rn(k) + \/n> .

Proof The first term in the bound corresponds to the first supremum on the right
hand side of the last inequality, and follows directly from the matrix RIP (and
Lemma 18.4). For the second term we argue conditionally on the values of X and
on the event for which the matrix RIP is satisfied. We bound the supremum of the
Gaussian process

! (XU, &) ~ N(O, |XU|%/n)

Ge(U) := i
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indexed by elements U of the unit sphere S of R?, which satisfies the metric entropy
bound

logN@, S, |- 1) < dlog(A/8)

by a standard covering argument. Moreover U = UU T e R(1) and hence for any
pair of vectors U, U € S we have that U — U € R(2). From the RIP we deduce for
every fixed U, U € S that

1 _ _ Hxw-D)? - U -1
XU = X0 = |U - DI (1 + "

IU - 0%
<(1+5)IU-0|3 <CIU-U|?
since 7,(2) = O(1) and since

”[U_[[_J”%‘ = 2:(UmUm/_Um[_]m’)2 = Z(UmUm/_UmUm""Um l_]m’_l_]ml_]m/)z =< 2”U_l_]”2

m,m’ m,m’

Hence any §-covering of S in || - || induces a §/C covering of S in the intrinsic
covariance dg, of the (conditional on X’) Gaussian process Gy, i.e.,

log N(8, S, dg,) < dlog(A'/8)

with constants independent of X. By Dudley’s metric entropy bound (e.g., Ref. [14])
applied to the conditional Gaussian process we have for d > 0 some constant

d
E sup |G, (V)] s/ VIog N8, S, dg,)ds < Vd
UeS 0

and hence we deduce that

1 1 d
Eesup (XU, e)| =B, , sup [Go(U)| < \/ (18.46)
UesSn VN yes n

with constants independent of X, so that the result follows from applying Markov’s
inequality. |

18.5.4.2 Step I1

Define the estimator

n
0 =6+ X'y =0+ p,(a).

1
n 4 i
i=1
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Then we can write, using U7 7, (1)U = 7,(U),

vt —uTou =uT @ + 7,(la))U —UT @ + U
=y (U) — yy(U),

and from the previous lemma we conclude, for any unit vector U that with
probability > 1 — 6,

[wro'v —uTou| < v,.
Let now 6 be any symmetric positive definite matrix such that
[UT6U —UTd'U| < v,.

Such a matrix exists, for instance & € R (k), and by the triangle inequality we also
have

lwréu —uTou| < 2v,. (18.47)

Lemma 18.3 Let M be a symmetric positive definite d x d matrix with eigenvalues
Aj’s ordered such that Ay > Ay > ... > Aq. For any j < d consider an arbitrary
collection of j orthonormal vectors V; = (V' : 1 <1 < j)in RY. Then we have

(@) Ajy1 < sup uv'mu,
UeS,ULspan(V))

and

b) D =y (VHTMV

1<j 1<j

Let R be the rotation that diagonalises 6 such that RTOR = diag(i jrJ=
1, ..., d) ordered such that A i = A j+1 Vj. Moreover let R be the rotation that does

the same for 6 and its eigenvalues A ;. We apply the previous lemma with M = 6 and
V equal to the column vectors r, : ¢ < — 1 of R to obtain, for any fixed ! < j < d,

% < sup uTéu, (18.48)
UeS,U Lspan(r,i<l—1)

and also that

k=) rlon. (18.49)

I<j I<j
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From (18.47) we deduce, that

A< sup UTOU +2v, =2 +2v, VI<j,
UeS,U Lspan(r,,i<j—1)

as well as

k=) rlon —2jv, =) —2jv,

I<j I<j I<j

with probability > 1 — §. Combining these bounds we obtain

A= | =2jva. j=d (18.50)

I<j I<j

18.5.4.3 Step III

We show that the confidence sets covers the true parameter on the event of
probability > 1 — 6 on which Steps I and II are valid, and for the constant C chosen
large enough.

Let IT =11, @b be the projection operator onto R™(2k). We have

19 —6lls, < 1% — 0|5, + ITI6 — O], .

We have, using (18.50) and Lemma 18.5 below
116 —6lls, = Y ry=1-Y 4,
J>2k J<2k

1— Z Ay + 4kv,
J<2k

IA

< 6unk < (C/2Vkra ()

for C large enough.
Moreover, using the oracle inequality (18.42) with S = T16 and (18.43),

19 — 10|15, < Vak|d — 6] 5
< Vak(I1d — 011 F + 1116 — 0] )
< VakID = Boitotll 7 + 18pitor — Ol F + IT10 — 6] )

< V@b + 116 - 0] ).
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We finally deal with the approximation error: Note

IO — 017 = Y A7 < max|ul Y nl.

A 1>2k "
[>2k 1>2k

By (18.50) we know that

Z}\l =1—ZAZ 51-21;+2vn1€54vn12.

I~k 1<k 1<k

Hence out of the A;’s with indices [ > k there have to be less than k coefficients
which exceed 4v,. Since the eigenvalues are ordered this implies that the A;’s with
indices [ > 2k are all less than or equal to 4v,, and hence the quantity in the last
but one display is bounded by (since k < 2k), using again (18.50) and the definition
of k,

oy [ 1= 10l | S (1= Y000 | + ko S 2k S Vb,
i<k i<k

Overall we get the bound

1B — T160lls, < kun < (€72 k()

for C large enough, which completes the proof of coverage of C,, by collecting the
above bounds. :Fhe diameter bound follows frorg k < k (in view of the defining
inequalities of k being satisfied, for instance, for 8’ = 6, whenever 6 € RT(ko).)

18.6 Auxiliary Results

18.6.1 Proof of Lemma 18.3

(a) Consider the subspaces E = span((V'),<;)* and F = span((e,)i<j+1) of RY,
where the e,’s are the eigenvectors of the d x d matrix M corresponding to
eigenvalues A ;. Since dim(E) +dim(F) = (d — j) + j + 1 =d + 1, we know
that E () F is not empty and there is a vectorial sub-space of dimension 1 in
the intersection. Take U € E () F such that |[U|| = 1. Since U € F, it can be
written as
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(b)
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for some coefficients u,. Since the e¢,’s are orthogonal eigenvectors of the
symmetric matrix M we necessarily have
Jj+1
MU = hue,
=1

and thus

j+1
UTMU =)l
=1

Since the A,’s are all non-negative and ordered in decreasing absolute value, one
has

j+l1 jH1
UTMU =) g = hjir )i = hjt IUIP = Ajr
=1 =1

Taking the supremum in U yields the result.
Foreach ¢ < j, let us write the decomposition of V* on the basis of eigenvectors
(e1:1 <d)of M as

V= Z vey.

I<d

Since the (e;) are the eigenvectors of M we have

d
DWHTMVE =" ),

1<) 1<j I=1

where Zle(v;)z =1 and Z¢</ (v;)2 < 1, since the V* are orthonormal. The
last expression is maximised in (vl‘) 1<j,1<i<4 and under these constraints, when
v, =1and vl‘ = 01if ¢ # [ (since the (X,) are in decreasing order), and this gives

Z(V‘)TMV‘ < Z}\L.

1<j 1<j
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18.6.2 Some Further Lemmas

Lemma 18.4 Under the RIP (18.7) we have for every 1 < k < d that, with
probability at least 1 — 6,

XA, XB) — (A, B)Fp

< 107, (k). (18.51)
IANFIIBIF "

A,BeR(k)
Proof The matrix RIP can be written as

—1 _
(XA, XA) _1‘2 (A, (n7 "M —DA)F| <1,k (18.52)

n(A, A)p (A, A)F

A€R(k)

for a suitable M € H2(C). The above bound then follows from applying the
Cauchy-Schwarz inequality to

rll(XA, XB)— (A, B)r = (A, (n"'M —T)B)p. (18.53)

The following lemma can be proved by basic linear algebra, and is left to the
reader.

Lemma 18.5 Let M > 0 with positive eigenvalues (X;); ordered in decreasing
order. Denote with I1g+(;_1y the projection onto RY(j—1) =R({G—-1NO6,L.
Then for any 2 < j < d we have

Y =M = Tge_yMlls,.
J'zJ
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Chapter 19 m)
Uniform in Bandwidth Estimation s
of the Gradient Lines of a Density

David Mason and Bruno Pelletier

Dedicated to the memory of Jorgen Hoffmann—Jgrgensen

Abstract Let Xy,..., X,, n > 1, be independent identically distributed (i.i.d.)
R? valued random variables with a smooth density function f. We discuss how
to use these X's to estimate the gradient flow line of f connecting a point xq to
a local maxima point (mode) based on an empirical version of the gradient ascent
algorithm using a kernel estimator based on a bandwidth 4 of the gradient V f of
f- Such gradient flow lines have been proposed to cluster data. We shall establish a
uniform in bandwidth & result for our estimator and describe its use in combination
with plug in estimators for /.

Keywords Gradient lines - Density estimation - Nonparametric clustering -
Uniform in bandwidth

19.1 Introduction

Let f be a differentiable density on R?. Assuming that f is known, consider the
following iterative scheme. Fix a > 0 and, starting at xo € R?, define iteratively the
gradient ascent method

xX¢ =x¢—1+aV f(xe—1), forl>1.
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When it exists, define xoo = limy_, « x¢. The rationale behind this iterative gradient
ascent scheme is to have the sequence (x; : £ > 0) converge to a local maxima point
(mode) of f—representing a cluster center.

In fact, one can use this scheme to cluster a set of data by assigning to each
observation the nearest mode along the direction of the gradient at the observation
point (Fukunaga and Hostetler [7]), where V f is replaced by an estimator Vfbased
on the data. This is close in spirit to Hartigan [9]. It would be interesting to compare
this clustering scheme to other clustering methods. However such a study is far
outside the scope the present paper.

In practice, the underlying density f is rarely known and has to be estimated
using a kernel density estimator. Let ® : RY — R be a kernel function—a non-
negative integrable function satisfying fRd @ (x)dx = 1—and for a bandwidth 0 <
h < 1,let ®,(u) = h~?®(u/ h). The corresponding kernel estimator of f based on
arandom sample X1, ..., X, i.i.d. with density f, is

. 1<
ORI ACES O} (19.1)

i=1

and if ® is differentiable, then we estimate the gradient of f by the kernel type
estimator

R 1 <&
OEN R LACES o)
i=1

We shall establish a general uniform in bandwidth 4 result in a sense to be soon
made precise in Sect. 19.2 for the sequence of estimators beginning with g = xo

%o = X1 +avV fupGeor), fore>1.

In our results, we are not interested in studying how to choose the starting point x.
Rather, given a starting point xp our aim is to consider the flow line of a function
with the property that it starts at xo and ends at an isolated local maxima point x*,
and estimate this flow line from a random sample.

Before we can do this we must first establish some notation and state two general
results.

19.1.1 Two General Results

Let g : R — R be differentiable. Starting at xo € R?, for fixed a > 0 we relate the
sequence

X¢ =x¢—1 +aVgxe—1), forl>1, (19.2)
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with the gradient ascent line of g starting at xo. We study convergence of this
sequence towards the gradient ascent line of g starting at x¢. In particular, we
characterize the limit xo,, providing a consistency result for the clustering algorithm
based on the local maxima point of g. Then, given another differentiable function g,
meant to approximate g, we compare the sequence (x¢) to (X¢), where

%0 =01 +aVEGe_y), fore>1, (19.3)

starting at the same point Xy = x¢. In particular, when estimating the gradient ascent
lines of a density f based on a sample X1, ..., X,, g can be taken to be some kernel
estimator fof f.

Recall that a critical point of g is a point x* at which the gradient of g vanishes,
that is, such that Vg(x*) = 0. A flow line or integral curve of the positive gradient
flow of g is a curve x such that its derivative x’(¢) satisfies the differential equation

x'(t) = Vg(x(@)). (19.4)

Note that, along any flow line, the value of g increases, that is, the function ¢ >
g(x(t)) isincreasing with ¢. By the theory of ordinary differential equations, through
any point xg € R? passes a unique flow line x(r) defined for t € [0, 1p), where
to > 0, such that x(0) = xq (see Section 7.2 of Hirsch et al. [10]); we say that x (¢)
is the flow line starting at x¢. Let x* be a critical point of g. We say that xg is in
the attraction basin of x* if the flow line x () starting at x¢ is defined for all # > 0
and lim,_, o, x(#) = x*. An accumulation point of a sequence of points through an
integral curve x(¢), i.e., a sequence of the form {x(#,) : 1 <tr < ...}, t, = 00,1s
called a limit point of x (¢). Any limit point of a gradient flow line of g is necessarily
a critical point of g.

We start by stating a general result by Arias-Castro et al. [1] (also see [2] and the
remark at the end of this section) who established the convergence of the gradient
ascent scheme (19.2) towards the flow lines of the underlying function g. Starting
from a point xg in the attraction basin of an isolated local maxima point x*, under
some conditions stated below, the iteration (19.2) converges to x*. By an isolated
local maxima point x* we mean that for all € > 0 small enough the open ball of
radius € around x*, B (x*, €), contains no local maxima point other than x*. We
will show that in fact, the polygonal line defined by the sequence (x;) is uniformly
close to the flow line starting at xo and ending at x*.

Theorem 19.1 (Convergence of Gradient Ascent Method) Ler g be a function of
class C3. Let (x(t) : t > 0) denote the flow line of g starting at xo and ending at
an isolated local maxima point x* of g. Let (x¢) be the sequence defined in (19.2)
starting at xo. Then there exists A = A(xq, g) > 0 such that, whenever a < A,

lim x; = x*. (19.5)

{——+00
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Denote by x,(t) the following polygonal line
Xqg@®) =x¢_1+@/a— L€+ 1)(xg —x¢—1), Vte[l—1a,la).

Assume Hg(x*), the Hessian of g evaluated at x*, has all eigenvalues in (—v, —v)
for some 0 < v < v. Then, there exists a Co = C(xo, g, v, v) > 0 such that, for any
O<a<A,

sup ||xq(®) —x(@®)|| < Coa‘s, with§ :=v/ (v + v) . (19.6)

>0

Next, we state a version of a stability result of [1] for flows of smooth functions.
Under some conditions, when g and g are close as C? functions, then their flow
lines are also close. First we need some notation.

For a function ¢ : RY — R, we let ¢'©(x), £ > 1, denote the differential
form of ¢ of order £ at a point x € R?, and let Hy(x) denote the Hessian matrix
of ¢ evaluated at x when they exist. The differential form ¢©) (x) of ¢ at x is the
multilinear map from R? x - .- x R (¢ times) to R defined for £ > 1 by

d

e (x)
{
O, ... ul = E Uiy -« Ugigs
= 0xi, ...0x;,
i1y ig=1
where, for each 1 <i < ¢, u; has components u; = (u; 1, ..., Ui qg). We write

Q) = p(x), x e RY.

Given a multilinear map L of order £ > 1 from RY x ... x R? to R, which we
write as

d
Lluy,...,ue] = Z Li, . igWiiy - U ip-
i1yeney ig=1

we denote by || L|| its operator norm defined by

ILIl = sup{[L[u1, ..., ull: urll =+ = lluel = 1}. (19.7)
Note that when £ = 1, ||L|| = \/Zflzl L?, and when £ =2

ILI= sup |v'Lu|= sup |Lul,
lul=[vlI=1 =1
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where L is the d x d matrix {L; j : 1 <i, j < d}, (cf. page 7 of Bhatia [3]), which
implies that for any x € R?

|Lx| < ILllx]l. (19.8)

When £ = 0weset |L|| = |L].
We denote by || L ||max the norm defined by

[ Lllmax = max{[L;, | : 1 <i1,..., 0 <d}. (19.9)
We note for future reference that easy calculations show that
L
[ Lllmax < ILIl < d2 || LlImax- (19.10)

Foraset S C Rd, we define

Kke(@, S) = sup

xeS

(so“)(x)H : (19.11)

Note that k¢ (¢, S) is well-defined and is finite when ¢ is of class C¢ and S is
compact.
The upper level set of a function ¢ : RY — R at b € R is defined as

L,(b) ={x € R : o(x) > b}. (19.12)

We suppress the dependence on ¢ whenever no confusion is possible. For any x €
R? and r > 0 denote the open ball

Bx,r)y={y:llx =yl <r}
and the closed ball
Bx,r)y={y:llx—yll<r}.

Here is our stability result. It is a version of Theorem 2 of [1] designed to prove our
uniform in bandwidth result stated as Theorem 19.3 in the next section.

Theorem 19.2 (Stability of Smooth Flows) Suppose g and g are of class C3. Let
(x(t) : t = 0) be a flow line of g starting at xo, with g(xo) > 0, and ending at an
isolated local maxima point x* where Hgy(x*) has all eigenvalues in (—v, —v) for
some 0 < v < v. Let X(t) be the flow line of g starting at xq. Let S = L(g(x0)/2) N
B(xo, 3rg), where

ro = max [lx () — xol, (19.13)
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and define

= sup g (x) — g™ ()]l
xeS

Then for all D > 0 there exists a constant C := C(g, xo,Vv,v,D) > 1 and a
function F(g, xo, v, v, 1/C, D) of D such that, whenever max{no, n1, n2} < 1/C
and n3 < D, x(t) is defined for all t > 0 and

sup [|lx (1) — £()|| < F(g. x0. v, 9, 1/C, D) max {/no. n}}. (19.14)

t>0

where § = v/ (v + v).

Combining Theorems 19.1 and 19.2, we arrive at the following bound for
approximating the flow lines of a function g with the polygonal line obtained from
the gradient ascent algorithm (19.3) based on an approximation g to g.

Corollary 19.1 In the context of Theorem 19.2, for a > 0, define
Xa(t) = Xe—1 + (t/a — L+ D)(E¢ — %e—1), V1 € [(€ — Da, La), (19.15)

where (x;) is defined in (19.3). Then for all D > 0 there exists a constant
C .= C(g, xo,Vv,v, D) > 1and a function F(g, xo, v, v, 1/C, D) of D such that,
whenever max{ng, n1, n2} < 1/C and n3 < D,

sup |4 (1) — x ()|l < F(g, xo0, v, v, 1/C, D) [a® + max {/no. n}}],  (19.16)

t>0

where § = v/ (v + v).
In applications, the requirement that g(xp) > 0 can be sidestepped.

Remark 19.1 In Claim C on page 3 of [2], recall that 7, is defined as t;, = a¥.
Therefore in the sentence “Let ¢ be such that |[x(z,,) — x*|| < €/2”, in fact £
depends on a. But since the conclusion is for any small enough a, the conclusion
lx¢. — x*|| < € is potentially incorrect.

The argument requires the following modification starting after the second
sentence in Claim C of [2]:

Since x(t) — x* ast — 00, there is f such that ||x(t) — x*|| < €/2 for all
t > t.. Witha < Ay, let £, , be the smallest integer such that af. , > .. Note that

aley <t + 1foralla < Aj. By equation (33) of [2], foralla < Aj, we have

Ix(@leq) — xe., || < [e“fevawd - 1] Kia < [eveﬂwd - 1] x1a.
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Let a. be such that
[e(tfﬂ)"z*/d — 1] Kiae = €/2.
Assume now that a < A A ac. Then, by the triangle inequality, we get
Ixee, — XN < llxee, — x(ale o)l + lIx(aleq) — x*|| < €.

The remainder of the proof remains unchanged with £, replaced by £, ,.

19.2 The Estimation of Gradient Lines of a Density

Let fn » be the kernel density estimator of f in (19.1) with kernel ® and bandwidth
h. Sharp almost-sure convergence rates in the uniform norm of kernel density
estimators have been obtained by several authors, for example Einmahl and Mason
[5], Giné and Guillou [8], Einmahl and Mason [6], Mason and Swanepoel [12] (also
see [13]) and Mason [11].

We first state a bias bound from [1].

Lemma 19.1 Assume ® is nonnegative, C> on R¢ with all partial derivatives up to
order 3 vanishing at infinity, and satisfies

/ O(x)dx =1, / x®(x)dx =0 and / ||x||2®(x)dx < 00.
R4 R4 R4
(19.17)

Then for any C3 density f on R? with bounded derivatives up to order 3, there is a
constant C > 0 such that forall0 < £ <3

sup HE[ﬁfﬁf(x)] - f<‘>(x)H < ChB-072, (19.18)

xeRd

Next, by applying the main result of [12] (also see [13] and Theorem 4.1 with
Remark 4.2 in [11]), [1] derive the following uniform in bandwidth result for f; »
and its derivatives.

Lemma 19.2 Suppose that ® is of the form ® : (x1,...,xq) — ]_[zzl ok (xx), and
that each ¢y, is nonnegative, integrates to 1, and is C> on R with derivatives up to
order 3 being of bounded variation and in L1 (R?). Then, for any bounded density
f on R4, there exists a0 < by < 1 such that almost surely

nhda+2¢
limsup  sup sup ‘

n—o0 logn <hd<b0 xeRd 10gn
n =" =

fO@ —E [f,ff,f(x)]u <00, VO<(<3

(19.19)
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It is straightforward to design a kernel that satisfies the conditions of Lem-
mas 19.1 and 19.2. In fact, the Gaussian kernel ®(x) = (27)~4/2 exp(—||x||2/2)
is such a kernel.

Theorem 19.3 Consider a density [ satisfying the conditions of Lemma 19.1.
Suppose fn,h is a kernel estimator of f of the form (19.1), where ® satisfies the
conditions of Lemmas 19.1 and 19.2. Let (x(¢t) : t > 0) be the flow line of f
starting at a point xo with f(xo) > 0, ending at an isolated local maxima point
x* where H¢(x*) has all eigenvalues in (—v, —v) for some 0 < v < v. For fixed
a>0,0<h<1landn > 1define (x,(t,n,h) : t > 0) asin (19.15) with f taken
as fn,h in (19.3). i.e. fort € [(£ — 1)a, La), £ > 1,

Ron () = Zo_1.0 (h) 4+ aV fonRe_1.0 (),
with X0, (h) = xo. Suppose that

1+6/d
ney

cp — 0, — oo and ¢;, < by, with b, — 0, (19.20)

logn

then there exists a constant C > 0 such that, with probability one, for all n large
enough, uniformly in ¢, < hd < by,

sup |24 (t,n, h) —x(1)]| < C (a‘3 + h”) , (19.21)
>0

where § = v/ (v + v) .

Remark 19.1 Let

~

hn = Hn(Xla ceey Xn)

be a bandwidth estimator so that with probability 1

nd
h, — Oand liminf " > 0,
n Cn
where ¢, satisfies the conditions in (19.20). Notice that under the assumptions and
notation of Theorem 19.3 we have, with probability 1, for the plug in estimator
Xq(t, n, hy), for all large enough n,

sup 124 (1, m, h) — x| < C (a‘3 n 23‘5> . (19.22)

>0

Note that in Theorem 3, a denotes the (fixed) step size of the gradient ascent scheme
while (c,) is the lower bound imposed on the bandwidth sequence.
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For a general treatment of bandwidth selection and data-driven bandwidths
consult Sections 2.3 and 2.4 of Deheuvels and Mason [4], as well as the references
therein.

Remark 19.2 This nonparametric approach to the estimation of the flow line will
converge no faster than the convergence rate of the estimators of third order
derivatives of the density function. So it may potentially suffer from some curse
of dimensionality for which the usual approaches could apply, e.g. structural
assumptions (that could allow efficient dimension reduction as suggested by the
AE), or smoothness assumptions.

19.3 Proofs of Theorems 19.2 and 19.3

To show the reader how all of these results fit together, we shall prove Theorem 19.3
first.

19.3.1 Proof of Theorem 19.3

As in the proof of Theorem 19.2 in the next subsection, we may assume without loss
of generality that L, (f (x0/2)) C B(xo, 3r0), with ro = sup,~ [lx(#) — xol|, which
implies that £( f (xo/2) is compact.

For any integer0 < ¢ <3,n>1and0 < h <1, let

e () = sup 10 = FEll.
xe

where the norm used is defined in (19.7). From (19.18) and (19.19), we see from the
triangle inequality that for some constant Ay > 0, uniformly in ¢, < h4 < b,, for
all large n

_ logn
Nen (h) < A (W 02 4 \/ nhdm)

logn

3-0)A2

SA[(b,(l " —i—\/ l+2€/d>‘
ney

It is easily checked using (19.20) that forany 0 < £ <2

sup 1, (h) = 0,as.,

Cn Shdfhn
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while

limsup sup 13, (h) < Az, as.

=00 ¢, Shdfbn

Also one finds that uniformly in ¢, < hd < b, for all large n for some constant
B >0

1
h(3—e>A2+\/ :i”ze < Bh%, for £ =0, 1.
n

Thus since 8 < 1/2, uniformly in ¢, < h¢ < b, for all n large enough,
max{y/non (h), n}, ()} < AR*,

with A = max{+/A¢B, (A1 B)’}. We finish the proof by applying Corollary 19.1. (]

19.3.2 Proof of Theorem 19.2

Our proof will follow that of Theorem 2 of [1], however with some major
modifications and clarifications needed to obtain the present result. We shall require
the following two lemmas, which we state here without proof. They are respectively
Lemma 5 and 6 of Theorem 2 of [1].

Lemma 19.3 Suppose that g is of class C3. Let x* be an isolated local maxima
point of g§ where Hqy(x*) has all eigenvalues in (—v, —v) with v > v > 0. For
€ > 0, let C(€) be the connected component of Lg(g(x*) — €) that contains x*. Then
there is a constant C3 = C3(g, x*) such that

B(x*, \/(2¢/v)) C C(e) C B(x*,/2¢/v), foralle < Cs, (19.23)

and

glx™) —gx) < ;Hx —x*|?,  forall x such that |x — x*|| < \/C3/v.
(19.24)

Lemma 19.4 Suppose that g is of class C3. Let (x(t) : t > 0) be the flow line of g
starting at xo and ending at x* where Hy(x*) has all its eigenvalues in (—oo, —v),
with v > 0. Then, there is C4 = C4(g, x0) such that, forallt > 0,

x (1) — x*|| < Cae™", (19.25)
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and
g(x*) — g(x(1)) < Cae " (19.26)
The following, adapted from Hirsch et al. [10, Section 17.5], is a stability result
for autonomous gradient flows.

Lemma 19.5 Suppose ¢ and  are of class C' and for a measurable subset
ScRr

IVo(x) —Vyx)| <e, Vxed.

Let K be a Lipschitz constant for Vo on S. Let (x(t) : t > tg) and (y(t) : t > tp)
with ty > 0, be the flow lines of ¢ and  starting at x1 and Yy, respectively, i.e.
x(tg) = x1 and y(ty) = y1, and

x' (1) = Vo(x@)) and y'(1) = Vi (y(1)), fort > 1.

Assume that the flow lines x(t) and y(t) are in S. Then,

Ix(t) — (&) — (1 — y)) || < f{[e"’ —1]. vz

For the convenience of the reader we state here the Weyl Perturbation Theorem
(see Corollary III1.2.6 of Bhatia [3]).

Weyl Perturbation Theorem Let M and H be n by n Hermitian matrices, where
M has eigenvalues @1 > --- > u, and H has eigenvalues vy > --- > p,. If
IM— HJ| <e,then |u; —vi| <efori=1,...,n.

Next is a result on the stability of local maxima points.

Lemma 19.6 Suppose f and g are of class C3, and have local maxima points at
x and y, respectively, with Hy(x) having all eigenvalues in (—o0, —v] for some
v > 0. Then forany 0 < b < 1 and k > max (K3(f, B (x, b)), k3(g, B (x, b))),

(1£ () — gl + 1 £ ) — gnl)/>.
(19.27)

. | 3v 2
lx — yll < min 4 b = Jx—=yl=
K

=

Proof Let Hy and H, be short for the Hessian matrices Hy(x) and Hg(y),
respectively. We develop f and g around x and y, respectively. Assuming ||x —y|| <

min { 43“'; , b}, which implies that y € B (x, b), we have

1
FO) = F@) + Hplx = y.x =yl + Ry(x.y), with |Rf(x,y>|sg||x—y||3;

1 . K
800 =80 + JHgle =y, x =¥+ Re(x,y),  with [Re(x, )| = lx = yI?.
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Summing these two equalities, we obtain

1
o Hy +Hp)lx =y, x =yl = f(y) —g() + 8(x) = f(x) = Ry(x. y) = Rg(x. y).

Let v > 0 be such that the largest eigenvalue of Hy is bounded by —v. By the
triangle inequality and the fact that Hy is negative semidefinite,

2k
vix=yl* < I(Hp +H)lx =y, x = VIl <21 f(0) = g +21f(y) — g+ 5 e = yI1*.
Thus, when v — || < min {37, b}, we have vilx =yl = % =y = Slv =y,
so that

4
lx — ylI* < ROIOEHOIEVIOESODE

and from this we conclude (19.27). [

It would help the reader to make his or her way through the intricate arguments
that follow to always keep in mind that no, n1, n2 and € > 0 are assumed to be
sufficiently small and t. > O sufficiently large as needed, and n3 < D, where
D > 0 is a pre-chosen constant.

Bound on || x* — x*||

Our first goal is to derive a bound on ||x*—x*||. Arguing as in the proof of Theorem 1
of [1], we may assume, without loss of generality [WLOG], that £,(g(x0)/2) C
B(xo, 3rp), where rg is as in (19.13). So from now on, we assume that £, (g(x0)/2)
is compact and we set

S = Lg(g(x0)/2). (19.28)
Note that since g (x (¢)) increases along r > 0, x () € S forallt > 0.

We also let k¢ be short for x¢(g, S), as defined in (19.11).
Claim 19.1 For ng sufficiently small, x(¢) € S, for all + > 0, with S as in (19.28).
Indeed, suppose there is > 0 such that x(¢) ¢ S. Fix 0 = g(xo)/2. Then, by
continuity, there is 0 < ¢’ < ¢ such that g(x(¢')) = g(xo) — 0. Since both x(¢") and
xo € S, we have
gE@E)) =g — gx () + g(& (1)
=no+gxo) —o
= 1o + g(xo) + g(x0) — g(x0) — 0
< 8(x0) +2n0 — o,
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by the triangle inequality, applied twice. Since g(x(z")) > g(xo), we see that this
situation does not arise when ng < @/2. This establishes Claim 19.1.

From now on we shall assume that 7 is sufficiently small, so that
x(@) €S, forallt > 0. (19.29)

Claim 19.2 For all ng, n1 and ny sufficiently small, x* = lim;_ o X(¢) is well
defined and is close to x*. Since g is of class C3 by assumption, the map x — Vg(x)
is C!, and since by Claim 19.1 for all 5o sufficiently small £(¢) stays in S and S is
compact, () is defined for all t > 0 by the first corollary to the first theorem in
[10, Section 17.5].

Applying Lemma 19.5 with 75 = 0 and x; = y; = x¢ we get

||)E(t)—x(t)||§\/z; Vit s, (19.30)
K2

For ¢ € (0,C3), where C3 is as in Lemma 19.3, let z. be such that x(t) €
B(x*, \/(2¢/v)) for all t > ., which is well-defined since x () — x* ast — 0.
Hence

[£(te) — x*II < [I£(te) — x| + [lx(te) — x*|l

m Vit \/26 _.
< e €+ =: 4. (19.31)
Vi v :

Assume that 1] and € are small enough so that §; < /C3/v. Letting C (¢) be as
in Lemma 19.3, by (19.23) we have

vV
B (x*,81) CC(e1), withe) = 25%,

noting that v/€;2/v = §; and €; < C3/2. Thus £(z.) belongs to C (¢1) and in
particular g(x(t.)) > g(x*) — €. Using this last inequality, we deduce from the
triangle inequality and the fact that # +— §()?(t)) is increasing that for r > ¢,

g(xX(1) = g(x(1) —no = g(x(te)) — no
> g(X(te)) —2no = g(x*) — e2,

where

€ = €1 + 2no. (19.32)
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Since £ (te) € C (1) C C (€2) and (X(7) : t > t) is connected and in L, (g(x*) —€2),
we necessarily have ()E(t) > tg) C C (e2). Assume that €, no and 1| are small
enough so that € < C3z. Then, by Lemma 19.3,C (e2) C B (x*, \/262/1)), and so

IX(@) —x*|| < e3:= \/262/1), forall r > ¢.. (19.33)

Assume €, 19, 1 are small enough so that B (x*,€3) C S. For any x and y in
B (x*, €3) we get by (19.10) that

| Hg (x) — Hg(W)l < d||Hg(x) — He(») llmax < d*/*k3llx — y|I. (19.34)
Using (19.34) and (19.33), for any x € B (x*, €3)

| Hz(x) — He (x|l < | Hg(x) — Hg ()|l + || Hg(x) — Hg(x™*)] (19.35)
< m +dislx — x| < 2+ d¥ e (19.36)

Let v > v, but close enough such that all the eigenvalues of H are still in (—oo, —v).
We then apply the Weyl Perturbation Theorem, cited above, to conclude that for all
n2 and €3 small enough and x € B (x*, €3) so that

m+d e <v—v (19.37)

the eigenvalues of Hg(x) are all in (—o0, —v). We shall assume that €, 0o, 11, 12 are
small enough so that this is the case. Using (19.33) and compactness of B (x*, €3),
we get by Cantor’s intersection theorem that

K = mtzte{f(lxl) u > t}

is nonempty. In addition K is composed of critical points of g. (See [10], Section
9.3, Proposition, p. 206 and Theorem p. 205). Therefore we conclude that K is a
singleton, which we denote x*. This is a critical point of g in B (x*, €3) and is the
limit of X (¢) as t — oo. Moreover, £* is a local maxima point of g. This proves
Claim 19.2.

We have just shown that for € > 0, 19, 1 and 71, sufficiently small

5% — x*|| < e3.
To summarize, the analysis from Eqs. (19.30) through (19.37) shows that for all € >

0, no, n1 and 1, small enough, B (x*,€3) C S, x* € B (x*,€3), nm2 + d32kze3 <
v — v and (19.33) holds, where

M Jdiot 2e L)
81 = e “-I—\/ , €1 = _07,€ =€+ 2no, (19.38)
«/d[(z V 2 l T’
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and

€3 = /26e2/v. (19.39)

Notice that €3 is a function of (e, ng, n1, n2) and

> —_—
d32ky  — v v

vov—m \/2(61—1—27]0):\/2(;5%4‘2770)

Letting k = k3 + n3 and b = €3 in Lemma 19.6 we see by (19.27) that whenever

Ak * . 3v
X" —x™|| < min {e€3, )
4 (k3 + 13)
then
22
IR — x*|| < V2. (19.40)
\/v

Clearly when n3 < D for some D > O and €3 < 2\1/ (k3 4+ D) then
. { 3v } . { 3v }
min § €3, > min | €3, = €3.
4 (k3 +13) 4 (k3 + D)

Putting everything together, we can conclude for every D > 0 there exists a constant

qo0 :==qo(g, x0,v,v, D) > 1

such that whenever max{e, 9, 1, 72} < 1/qo and n3 < D

e e 24210
[X* —x*| < ‘f/v" =: Qo/No- (19.41)

*Throughout the remainder of the proof, we shall assume max{e, no, n1, 12} < 1/qo
and 13 < D so that (19.41) holds.

Bound on ||x(¢) — x(¢)| for Large ¢ R

Next we obtain a bound on ||x(¢) — x(¢)|| for large > 0. Let H and H be short for
H,(x*) and Hg(xX*), respectively. We proceed with a linearization of the flows near
the critical points. Let v > v, but close enough such that all the eigenvalues of H
are still in (—oo, —v). By combining (19.36) and (19.41)

A 3
IH—HJ < n +d2k30Q0+/M0- (19.42)
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Choose v > v > v > v. Clearly the eigenvalues of H are also in (—oo, —1»).
Suppose that 19 and 7, are small enough that

3
m +d2k3Q04/m0 < v — v2.
Thus ||ﬁ — HJ| < v — vy and by Weyl’s inequality the eigenvalues of H are in
(=00, =v + (v —12)) = (—00, —12). (19.43)
Recall that WLOG we assume that § = L, (g(x0)/2). By the definition
of S, clearly there is an r > 0 such that B(x*,r;) C S. Note that
for any D > O fixed the constant g9 > 1 can be taken large enough so
that (19.29), (19.31), (19.33), (19.34), (19.36) and (19.41) hold simultaneously. Fix
an € > 0 small enough so that this is the case, and also such that \/e < (\/ v/2)r4 /2.
Recall the constants (19.38) and note that €; > €. Then recall by (19.33) there is a
tc (depending on € and the trajectory x(¢)) such that
%) — x*|| < /2€2/v, forall t > 7,
which in combination with (19.41) gives
|X(r) — x*|| < \/262/1) + Qo+/10, forall t > ¢. (19.44)
Also by (19.25) for all ¢ > ¢, where f. > 0 is large enough,
(@) — x*|| < ry/2. (19.45)
We see by (19.41) that when 79 and 5, are small enough we get B(x*,ry/2) C
B(x*, ry) and we see by (19.44) that when 19 and n; are small enough, ||X(¢) —
X*|| < r4/2 (note that this is possible since we have fixed /e < (\/ v/2)ry/2).
Setting ry = r4 /2 and
we get that
B(x*,rs) CS and B(*,r:) C S,
and

x(t) € B(x*,ry) and X(t) € B(F*,r3), forany t > t3, (19.47)

when 79, 11, and 1y are small enough and n3 < D, and also keeping (19.45) in
mind. (Note that #; depends only on g and the trajectory x (t)).
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Letting
x;(t) = x(t) —x*and X3(t) = X(t) — x¥,
by a Taylor expansion, for all # > #; we have

Vd

X(0) = V() = Haz() + R, with [ROI =57 )
(19.48)

Al roa ‘Y A - . A d N

(1) = VG@0) = Hig®) + R@), with RO < v (“32”3) 12 ()2 .
(19.49)

The difference gives
X} (1) — &4(t) = Hxy (1) — Hip() + R(t) — R(1)
= H(x;(1) — £:(1)) + H — )£ () + R(t) — R(1). (19.50)
Claim 19.3 We get after integrating (19.50),
13
xp(t) — %5(1) = —e™Mx* — 7% + f e MI(H — H)F1(s) + R(s) — R(s)]ds.
0
(19.51)

To check this note that x3(0) — X4+ (0) = x* — x*, and differentiating (19.51), we get
t

()=, = —HeM(x*—3*)+He ™ / e—sH [(H — H)%:(s) + R(s) — R(s)] ds
0

+ H—H):(1) + R(t) — R(1). (19.52)
From (19.51), e'H(x* — £*) may be expressed as
t
M — 2% = — (xf() — 2,(1)) + f eOMIH — H)F4(s) + R(s) — R(s)]ds.
0
(19.53)

Putting (19.53) in (19.52) we get (19.50). This verifies Claim 19.3.
Now since all of the eigenvalues of H are in (—oo, —v) we have

eaH

‘ <e ", foralla > 0.
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Using this fact with the triangle inequality along with (19.8), (19.42) and the
inequalities in (19.48) and (19.49) we get

lloez (1) — % @l

eVt -2+ fo ) [Anfi(s)n +d (”; @12 + ; " ||£i(s)||2)] ds,
(19.54)
where
A =1 + 23 Q04/m0.
Recall that by Lemma 19.4, for some C4 = Cy(g, x0),
lx:(2)]| < Cae™ " forallt > 0. (19.55)

Claim 19.4 For ¢ > 0, no, n1, and ny small enough and that n3 < D so
that (19.41), (19.43) and (19.47) hold, there is a constant C} := Cj(g, X0, v, v, €, D)
such that

[£: ()| < max Cye™™, forallt > 0. (19.56)
Proof We assume WLOG that S = L, (g (xo) /2) and is compact. Thus

sup |lx —yll =L < oo. (19.57)
x,yeS

Let 3 be short for «3(g, S). We have that,
k3 <k3+n3 <3+ D.

We assume that € > 0, 19, n1, and 1y are small enough and that n3 < D so
that (19.41) and (19.47) hold.

A Taylor expansion of Vg at x € B(X*, rg) gives
Vg(x) = H(x — %) + R(x,3*), (19.58)
with

IRGe, 7)1 <@ Y Ilx — =112
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Therefore by (19.58) and X7 (1) = Vé\(')? (1)), we have,

;t (@) — %) —H(F() =) = R F(0), 7)., (19.59)

and since x(0) = xo and X (¢) satisfies the differential Eq.(19.59) it is readily
checked that
~ t .
@) =3 = Mg — 39 + / MR (R(s),3%) ds
0

Since all the eigenvalues of H are in (—00, —vy) we have

o~

e*H

‘ <e ™% foralla > 0.

Then,
IR() — | < e R0 — 2 + 73 ¥ / e 20T (s) — X*2ds. (19.60)
0

Set
u(r) = e x@) — x|

and

Ut) = ||lxo — % ||+K3¢d/ " | (s) — %*||*ds. (19.61)
0

Thus by (19.60), @(t) < U(r) and U (1) = &3 ¥ e="27%(1), s0

[’Z(t) 753 Jd —Vzt’*(t) fi(t)
70 70
<& Yle a0 = & IR — =)
< sz (3 + D)2 (1) — 2] (19.62)

Recall that v, > v; > v. We can choose WLOG r; in (19.47) small enough so that

~1
d
ry < [\/2 (K3+D):| (v2 —v1).
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Assuming that this is the case, we get from (19.62)

lA{’(t) <wvy—vy, forallt>t;.
U
By integrating between #; and ¢, we deduce that
log U(1) <log U ) + (v —vi)(t — 1),
and so
I£() — 2| = e 70 (t) < e ' U (1) < cre™™, forallt > ts,
with
c1 = Ul(tg)e” 20k,
Fort < t;, we simply have
IX(1) = X*|| < cae™™,
where
Vit

¢ = max ||X(¢) — X*|e".
0<r<t;

Notice that by (19.57) and (19.61), keeping in mind that we always assume by Claim
19.1 that ng is sufficiently small so that x(¢) € S, forall 7 > 0,

~ &3 R
O (13) = o — 2| + 73 ¥ / e |R(s) — T*|%ds
0

< L+ (3 + D) V4L et
and thus
«/dL2 vi; —(vp—vpty __.
c1 < |\L+ 3+ D) 2y € € =
and
¢ < Le"'* =: ¢5.

Hence (19.56) holds with the constant C; = max(cy, ¢2), which proves Claim 19.4.
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This, in combination with (19.55), shows that for all r > 0
max([lx; (@), |£:()]) < Cpe™", (19.63)

where Cy = max(Cy, Cy).
We shall use (19.63) to bound the integral in (19.54). We have by (19.63) and

V>V >0V

s A K3 K3+ N3 .
[O o V—s) [A||x1(s)||+\/d<2 lxs ()11 + 2’7 ||x¢(s)||2>}ds,

t
< / efv(tfs) I:ACMeUIS + «/d (’(23 C12l4672v1s + K3 ‘; n3 C12we2v1x)i| ds
0

t
</ e*U(T*S) I:ACMe*UIS +\/d (K3 +773) C121/1872vs]ds
0

1— e—(vl—v)t

1 — —vt
< Cye™ [A +Vd (k3 4+ 13) Cy ve } .

v —V
Applying this bound in (19.54) we get
[l (1) — XD

1— ef(vlfv)t

<e x* —X*|| + Cye™ [A b — v

1—eVt
+Vdws+m)Cu ]
(19.64)
By the triangle inequality
lx@) —£@I < llx* = 2] + llx:(@) — £:@)]
and using (19.41) and (19.64) we deduce that for all ¢ > #;,
lx (@) = Xl

1— e*(”l —v)t

< +e ") Qoy/no+ Cue™ [A
vy —V

1_efvt
+«/d(/(3+173)CM ) .
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Keeping in mind that we assume that n3 < D, 19, n; and n2 < 1/q9 < 1, which
makes A < 1 4+ d3/%k3 Q. Therefore for t; = t. > 0 suitably large we get that for
some constant Q1 = Q1(g, xo, v, v, €, D) > 0,

lx(@) — X)) < Q1(/no+e "), forallr > . (19.65)

(Recall that in (19.46) we defined #; := f..)

Notice that since g is in C3, there is an € > 0 such that all the eigenvalues of
H,(x) exceed —v whenx € B(x*, €), € > 0, being fixed. Note that this implies that
Vg is Lipschitz on B(x*, €) with constant v. Let 7. be large enough such that for all
t > te, x(t) € B(x*, €/2). Assume that 7 is small enough so that ||x* —x*|| < €/2,
which is possible by (19.41). Moreover by (19.65) for a suitably large . > 0 and
small no > Owithn, <1/qo <landn3 <D

lx(0) =20 < Q1 (Vno+e7V") <e€/2, forallt >z, (19.66)

Then we also have X () € B (x*, €) for all t > .. We may now apply Lemma 19.5
with S = B(x*,¢€), tg = fc, x1 = x(t¢), y1 = X(f), keeping in mind that Vg is
Lipschitz on B(x*, €) with constant v, to get

() = 5) = (v(t) = 2@) | = e Vi =1, (19.67)

Bound on ||x(z) — x(¢)| for Small ¢
Since € is fixed, by (19.30) we also get by Lemma 19.5 the following bound on
lx(®) — x(¢)| for small z > 0

)«/dl(zfv te
Ix(t) — 2@ < [ eV < MC M, 0<t<t,. (19.68)

Vi N Jdic

Completion of the Proof of Theorem 19.2
Combining (19.67) and (19.68) we get

x(t) = 20|l < Qame™, Vi >0, (19.69)

for some constant Q2 = Q»(g, xo, v, v, €, D). Then from (19.65) and (19.69) we
arrive at

Ix(1) = @Il < @3 min [/no + e, me™], Vi =0, (19.70)
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for some constant Q3 = Q3(g, x0, v, Vv, €, D). Indeed, the curves ¢ >
01 (\/no + e’”’) and t — Qonpe” intersect at some point ¢ larger than 7, if

nlel)te

—Vte te
01 (Vno+e7V") = Oamie’™ — Q) > QZ\/no—i-e_”"

and this is guaranteed if we choose Q; large enough that O; > (0> loe(‘”“")’f.
(Recall the bounds in (19.41) and note that Q> does not depend on Q1.)

We are now ready to finish the proof of Theorem 19.2. We shall show that the
bound (19.14) follows from (19.70). To verify this, we start with

min[/no + eV, me”] <2B(t), B(t) := min [ max{/no, e}, nie"].

Settp = 211) log(1/no) and note that

e ""'whent <t
/M0, when t > t1g.

max{y/no. ¢V} = {

Suppose that ng is small enough so that o > #:.

* Whent > 1, then we simply observe that B(t) < n(l)/ 2.

e When ¢ < f9, we have B(f) = min [e’”’, me”’]. Lett = U}H) log(1/n1). Note

that the map defined on [0, 00) by ¢t > min [e"”, nie’’ ] is increasing over
[0, #1], decreasing [t1, 00) , and that

nie” whent < 1
e V' whent > 1.

min{y/no, ¢ "'} = {

v
v

* Whent; > tpandt < ty, we see that B(t) = n1e" < mn(;z )

e Whent <fpandt <tg, then B(r) < B(t;)) = e " <n,"".
Since f9 < 1t if and only if 17177(;;” < nfiv, we conclude that B() <
min {nfiv, 17177(;;”} forall t < 1.

Hence, we worked (19.70) into

§—1
sup [lx (1) — £(1) ]| = 203 max {/no, min [n, 5” m1]},

>0
v
where § = vty ‘We note that

1 11 51
Vo <nd =l <m= Yo <mng P &= Jno < ne” m
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and
s 52751 12755 s s
n<ny’> m<ny <n ° = Jn <ni.

Using these equivalences we deduce that

5—1
max { /7o, min (13, ny? n1]} = max {/no, n‘f}

Putting together our bounds on ||x(¢) — x(¢)|| for > 0 large and # > 0 small, we
can now conclude from (19.70) that for all € > 0 small enough and all D > 0 there
exists a constant C := C(g, xg, v, v, D) > 1 and a function F(g, xo, v, v, €, D) of
€ and D such that, whenever max{e, ng, n1, 12} < 1/C and n3 < D, x(¢) is defined
forall ¢+ > 0 and

sup |lx(1) — (1)l < F(g, xo, v, ¥, €, D) max {/no, n3}, (19.71)

t>0

holds, where § := v/ (v + v). We now take € = 1/C in (19.71). This completes the
proof of Theorem 19.2. ]
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